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Abstract

According to the Agenda 20@@inched by the United Natioins2015 to ensure access to
affordable, reliable, sustainaéhel modern energy for all is now recognised as a fundamental
goal to reach by 203®cusing on electrification, to ensure universal access to electricity, it is
estimated that 2.6 billion people will have to be electrified by 2030, highlighting the need and
the urgency to develop sustainable and appropriate approaches to electricibhptanding.

to this, this thesis deals with methods, apprqaatesnodks for formulating and designing
sustainabllengterm electrification plans for rural-gffd areas of the worlah. particulaythe

scientific literature highlights the lack of appropriate modetimgworksfor assessing,
projecting, and integratitige electricity demand within the rural energy planning endeavour. It
also reveals a weak understanding of the dynamic and multifaceted complexities that involve
electricity access and sestonomic development.

To fill these gapshis thesis seanowvel starting point for the research work on energy demand
models and their integration in electrification planning procdgseting the followinghree
specific objective€l) To investigate and discuss the challenge of electricityatehmandeilisgssment
forrural electrificafidris objective is pursued throubh developmerand analysisf specific
casestudiesan extensive synthesis and capitalisation idl#ted scientific litetae andthe
characterisation of the main modelling fundamentals of this researthdieklevance of
electricity demand in rural electricity planisingtroducedby discussing and demonstrating
that unreliable forecasts darprojections of shartand longterm electricity demanchn
negativelympact the techneconomic sizing of effrid power systemEhis implies aaisng
awareness die criticality oklectricity load assessment in rural electrification plamoing
advocates more research on this tofhie current methodologies adopted for projecting long
term energy demand along the planning hoamthen evaluated, finding thatost of the

rural energy planning literature neglects the aspecttrhoreyaluatin of electricity demand.

It is alsofound that modelling londgerm projections of energy demand needs to consider the
multifaceted aspects related,tavfitich have both a technical asdcieeconomic natur@his

leads tathe developmentf the mainimportantcausaloop diagrams that characterise the
technical and soegzonomic dimensionsthie electricitglevelopment nexysroving that the
evolution of rural electricity demand can be explained by endogenous .d¥hamiesult
advaaes the promotionof modelling techniques alite frame, understand, disquasd
guantitatively formulathe behaviour of complex systemgh asyStemDynamics

The second specific objectivg(d$To assess and modehttsmental dynamics, variables, and
exogenous policies that characterise-dbdeplaeiicitgxus and determine the evolution of electricity
demandihe chosen method to achieve this objective is systamickll the steps are based

on a real cas#tudy as reference, i.e. a hydroeleb&mged -electrification programme
implemented in the rural community of Ikondo, Tanzania, in 2005 by the Italian NGO named
CEFA Onlus The conceptualisatidhe modeleads to thanalys of thedynamic problem to

solve and the purpose achievethe model boundary and key variables, and their behaviour.

The formulatigpghase resulin the development ofreovelsimulatiormodel which ismulates

the impact of electricity access and use on the-emmomic development experienced in

| kondo, and the related feedbackThi®omsult he comn
provideghefirst importangoalin the research and modelling wamtmitted to develapore

general, flexible, and customizable energy demand moeleddibratiasf the model and the

analysis of the uncertainties through the Mantkawn MonteCarlo (MCMG contribuesto

build confidence in the model structure loifyieg its ability to replicate the observed historical
behaviour of the system, and by uncovering model flaws and hidden dyharca#ration

also confirmghe appropriateness of system dynamics in modelling the complexities behind the



evolution ofrural electricity demand, and it provit®smodelling insights on some presumed
dynamics and their impact on the electdeatelopment nexushetestingf the modeleads

to a novel assessmentid most relevant dynamics aniovides a novediscussionmmodel
resultsvhen its inputs take on different values, until the extremawones if the model were
tested for different contexts than lkondo. Policy testadgagerformed for exploring model
behaviour when subjected to differenicpsl and exogenous decigitaking processel
provides a list of complementary activities to couple with electrification programmes for
enhancing their positive impactraralcommunitiesThese results can support the definition

of useful guidelines@best practices for rural electrification, and they advocate an updating of
the traditionalmonitoring and evaluation frameworks commonly used for assessing energy
access projects.

The last objective {8) To integrate demangdahoedergptimisation models in a more comprehensive
electricity planning prothdiispursued by developingamputationasoftlink between the
systendynamics model, a stochastic load profilesaen and heuristicenergy optimisation

tool. Theresult is a more comprehensive modelling framework for investigating electrification
processed if compared with the traditional approaches and hypett@amonly adopted to

assesand integratelectricity demand in rural electricity planfiagdt providesan important
contribution towards the employmenttibé robustmultiyear energy optimisation thg
referringstandard for offyrid electricity planning.

Keywaords:rural electrificatigelectricitydevelopment nexusy/stem dynamienergylemand
modes;, stochastitoad assessmeanergy modellingnergy optimisation.

Vi



Table of contents

ABSTRACT ...ttt s s V..
TABLE OF CONTENIS........coiiiiimmee s e e VIL.
LIST OF ABBREVIATION..........cooiiietimmemrmerin s msmsmsn s e IX.

1. CHAPTER 1 INTRODUGON AND MOTIVATIQN........ociiieeieevmcemcem e rensennennens 11....
1.1, BACKGrOUNG......c.uiiiiiiiii et eeeceeet ettt eeeceenr etk eesmmeenss e e e s sbree e s s bmmmmmnnnseeeesnse el 20
1.2. Aim and Motivation of the reSEarch ... e eeeeee L2

1.3. Thesis outline and CONtHDULIONS .........uuiiiiieeeiiiieeimmeee e eeeee e s e v emmmseeseeee s e e s e sssmmnnnenedld

PART | LONGERM RBAL ELECTRICITY PNANG AND ELECTRICIDEMAND:
PRACTICES, MODELNPACOMPLEXITIES........ccuimiiimii s enenesnncnnns 21

2. CHAPTER 2 RELEVANGFEELECTRICITY DEENDAIN RURAL ELECTRIE®
PLANNING..... ...t ccrrrmce e rrr s rr s smmmmm s e e e e s s s mmnnnn s s s s rrrn s eerrmnnnmmn s 23
2.1, FOrEWOI .....ieiiiiiiiie ittt ecee et sttt ettt eemeeeeee e st e e s e e smmnneenmee s snneeesseneeemmmnnnnmeessnneeesses 280
2.2.  Short-term electricity load and techno -economic SiZiNg.........cccevivveeeiiieeeeecemnieeeennes 24..
23. J [c 4L o) HE I feld..NE.. Aoyl fod o 26
2.4.  Long-term electricity demand in rural CONEXIS .......cceeviviiiiiiiiceecmeenee e veeceeen 30

25. J fc fq o) HE N[ Ed NE.L LI SNy JN22y.e.33.0

3. CHAPTER 3 REVIEW ERERGY PLANNING GASTUDIES AND DEMAND
L 0 I 41

3.1.  Review of long-term energy planning StUdIes ...........cccccoviiieicmmeene e siececeeeeeee . 42
3.2.  Overview of energy demand models for rural energy planning ...........cccccoceeeveeeeee 49

3.3.  Observations from the literature and the way -forward .............cccoeiiiiimeeccnnenenenn 52..

4. CHAPTER £LECTRICITY DEMANEDASOCIGECONOMIC Q@PLEXITIES.....55
4.1.  Electricity access and rural development .............cccocveiiiemmeeeceinieee e scereeeee e 00
4.2, ECONOMIC AIMENSION ...coiiiiiiiiiiiie et ieeecerete et ieeecme et st esmme et e e s sene e e s eee D e

4.3. SOCIAl AIMENSION ...t eeeeeees et e e ettt emmeeeeesesesa s e s e sss s smessesmmsssenssessssessennennnnaDD

5. CHATER 5 MODELLINGSMNSHTS FOR DEALINGTW COMPLEXITIES.......... 11

5.1. Modelling endogenous COMPIEXILIES .......c.vvvivveeiiiiiiererceme e scmmereensceee e e e eneeees (B

52. J dic 1 ¢4 -RBNndqgqeyl ~Ha NEZAL TNz RNnBR.geyl T~ HA
5.3. Choosing SYStem dYNamICS.........cciiivriirieeicmmreeeieereeesesnsreensssemmmesssssseeeessssmmnnssssseseesss QO

5.4.  System dynamics and rural electrification ...........ccccccoeeiiieveeecccsescieeee e rceeeeeeeeeeeee. 90,

VI



PART Il MODELLIN® ACTION: SYSTEM DAMICS AND OPTIMIS®ON MODELS
FOR RURAL ELECTRAON........cetiiiiiiiiiiemeeieriin s sssmss s e 93

6. CHAPTER 6 MODEL CCBPTUALISATION ANDIRODUCTION TO TWEONDO

6.1.  Problem StatemMeENnt .........ooo i e rmme et e e nen e eeeees DD
6.2.  The IkoNdo CaSE-StUAY .........cceeiiiiiiiieiiereeeecerieee et reneesmesee e semeesmns e e sneneee QD0

6.3.  Boundary selection and dynamic hypothesis ............cccocviiiiimeeeccmnsie e sseeeeeeeen.. 99

7. CHAPTER 7 FORMULANIOF THE SIMULATIORODEL.............ccevveevvieenenns 105
7.1, Modelling frameWOorK ...........oocuiiiiiiieermmeeee et vieemseeereeeseree e s eesmmnesseeesenneee e OB

7.2. Structure fFOrmMUIALION .........iiiiii it eeeeee e eet i emmeeeemr e s e e s e b smnnennmmeenn e eeennnn . LB,

8. CHAPTER 8 MODEL CBIRATION.........cceeeeeerreenrrrmmmssssssseerrsnssssesssnnsnsn s s 121
8.1.  Calibration SEtHNGS .......eeiiiiiieiiiiiieccrreeee et e ettt eecsreeenee s sere e et e esmmneeeee s seneeesseneeeeae L 22
8.2,  ResuUlts and diSCUSSION........cocuiiiiiiiieicrreeae e siieeeesitee e sceeeesme e e e sibee s smmeessamessenee e e L2D
8.3.  Markov Chain Monte Carlo (MCMC) for payoff SenSitivity..........cccccorvrericemeeeace e 136

9. CHAPTER9 TESTIMGID EXPLORING THEMIEL..........coe i 139
9.1. Formal aspects of testing and validation ..............cccccovivieeeccenie e ieeeeeeeeene.2. 140
9.2.  DIirecCt SIIUCLUIE TESES ..ociiuviiiiiiiii et ieecreeeeee e setee e seesmmeeereeeseneeessnsnesmmnesreeeseneeeeenne WAL
SRS T 11 C=To | = 110 g I =T4 (o] OO P POPPP PPN I o7,
9.4.  Behaviours and policies testing: exploring the model for different contexts ......... 143
9.5, SenSitiVity ANAIYSIS .....ccoiiuiiiiiiiiieiitreeecerie ettt rereeeme et reneesame e e e e sneee e sneee e LOA

10. CHAPTER 10 SOEINKING DEMAND AND ORTSATION MODELS........ 167
10.1. Generation of stochastic long -term load profiles ...........cccoiiiiiimeecccmne e 168

10.2. Optimisation model for energy syst em planning ...........ccccceevvivieecceeeveeeviiee s 174

11. CHAPTER 11 CONCLDISS AND FUTURE WORK...........covvuiirmmceeeeeannnn. 181
11.1. Relevance and contributions ............cccoiiiiiiecmmeese e ceer e eeceeeeenee . L82
11.2.  Strengths and WeaKNESS........cocuuiiiiiiiiiicreeeae e scmreeeee e smeeeeece e 18D
11,3, FULUIFE WOTKS ...ttt smmeeeee e st smmneeeeme st s s scmneeeece o0 L O

APPENDICES.......cutinii s rmssnsss s e 189

= = IR 1] ¥ o I 219

VIlI



List of abbreviations

ABM
BRICS
DG
DP
EO
FAO
GDP
HH
IEA
IGA
IRES
LP
MCDM
MOP
NASA
NGO
NLP
NREL
OECD
0SeMOSYS
RES
SD
SDG
SME

Agent Based Modelling

Brazil, Russia, India, China and South Africa
Distributed Generation

Dynamic Programming

Enumerative Optimisation

Food and Agriculture Organization

Gross Domestic Product

Household

International Energy Agency

Income Generating Activity

Integrated Renewable Energgt&m

Linear Programming

Multi-Criteria Decision Making
Multi-Objective Programming

National Aeronautics and Space Administration
Non-Governmental Organization

Non- Linear Programming

National Renewable Enetgboratory
Organisation for Economic @gperation and Development
Open Source Energy Modeling System
Reference Energy System

System Dynamics

Sustainable Development Goal
SmalMedium Enterprises






Chapter

Introduction and Motivation

[ €] disons pl ut ! -tre pasle mandsas maineNUiH@s, quir mer on s
sommes aprées tout une petite partie du monde; que chacun de nous posséde plus de pouv
monde qudil ne sodi mag
(Marguerite Yourcena®8)

We need megawatts not megawords
(Zambian governmenfficial 2010)

Energy is at the heart of the sustainable development agenda to 2030
(Fatih Birol, 2018)

This chapteintroducsthe topic of the researchn t h e actebsdd etéctrigity 0
for sustainable developmet discusses the aim and motivation of the research, as
well as the thesis outline and the contributions.
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1.1. Background

When the wor | do unegR0l? a a mestmgkhasvn an thé Rid+20 Summit, the main
challenge was how to foster and support sustainable development. In the key conclusion of the
Summi t , the worldds governments called for a n
fifteenyear period from 2015 to 2030. With Rio+20, the UN started a process ca®€dFost
Development Agenda, began in May 2013 and ended in August 2015 with a final document adopted

at the UN Sustainable Development Summit in September 2015 in Newyy dikeGitocument,

called o0Transforming our worl d: the 2030 Agenc
launch of the 17 Sustainable Development G8BIEs) With thedGoal 7- Ensure access to

affordable, reliable, sustainable and modern eaedlly, the Agenda 2030 recognises the evident

and universally accepted nexus between energy and sustainable development in all it® dimensions
economic, social and environmental. By 2030, the goal aims at ensuring access to electricity and clean
fuels and cooking technology to all the global populataeed, about 1 billion people still live

without electricity with half of them living in se®aharan Africd, and more than 3 billion people

are still relying on biomass and unclean fuelsdkingin developing countries

In line with this global goal the Agendathis thesigleals with strategies and practicesustainable
access telectricitydeveloping countries, and it focusemattidisciplinangthods approachesnd
modes for formulating and designing appropriate, reliable and roburiangectrification plans
for ruraloffgrd areaef the world. Tireemain observatiorere worth to belone as preconditions to
the motivationsf this research:

A 0 ésusé aa chepbsding energper ses not a sufficient condition for fostering
sustainable development. On the contrary, inappropriate implementations of electrification
projects could lead to a negative or null impact, or even impede the roadmap to sustainable
devebpment(Bhattacharyya 2012a; Ahlborg and Hammar 2014; Tdpfaffoet al. 2014;

Ikejemba et aR017b, 2017alperiving insights for planning sustainable power systems in
developing countries is therefore a very cubeingdiscussed, armbmpellingopic.

A 0 é el e c:tthe dynamicsyoBdémand growth and planning analysed in this thesis refe
electricity as energy carriarther works would consider the extension of the method and
the results to captutee multic ar r i er concept of Oenergy acce
different energy formse satisfy a variety of neddsycooking,heatinglighting, smakcale
businesse¢iRamakumar 1996)

A démultidoéscipliharyeélatively new research f
still unsolved, and the investigation of potential solutions is currently involving
multidisciplinary anelxploratory research approaches. In this framework, this thesis tries to
set a starting point for the research work on energy demand models for rural settings, and it
is meant to contribute to the same effort of other researchers focused on this issue.

A orurgt i of:&hednsematianal Energy Agency (IES)firms that around 84%
of the population without electricity access lives in rural areas. In suoff-gr&hsystems
are forecast to deliver electritaity 0% of peopl@dEA 2016) due to financial (e.g. very high
cost) and technicabnstraintge.g. distanseand morphological issues) to grid extension
According tdMandellietaR016a) i n t hi s tilgesidd, rteiertsetrm &ao
that operate detached from the national grid. A particular focus is givegridmaitfrogrids
(i.e. conversion unit(s) coupled with a distribution grid).

1.2. Aim and Motivation of the res earch

To achieve the SDG7 and provide electricity for all by the 2@30ptld Bank estimates that 2.6
billion people should be electrifieddieveloping countrigdEA and World Bank 2015Rural
electrification is expected to largely contribute to the achievement of electricity access goals, since

1lEA & Energy Access Database. Retrieved from: https://www.iea.org/energyaccess/database/. Accessed: September 2018.
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Chapterl Introduction and Motivation

people still livingvithout electricity will live predominantly in rural gil€ss 2011; International

Energy Agency 2018) this framework, the need to develop sustainable and appropriate approaches

to electricity planning clearly emerljkseover, with progresses in expandingatoeelectricity,

the IEA estimatea rapid growth of energy demand in the next 25 years, especialfaimasait

Africa d based on its New Policies ScendBEé 2014) In the norROECD regions, it isndeed
expectedhatt he t ot al energy demand exceelS Enelgg OECD
Information Administration 201@&specially iBoutheast Asia, China and India. A largeilmation

to the regional and national growth of electricity demaahelv@toping countridgs given by the

expected evolution of electricity demand in rurgrioffareas.

In this frameworkthe general objective of my research is to contribute tddtmgand designg
sustainabllengtermrural electrification plans for -gffid areas of the world. This goal is pursued by
tackingthe following ireemain issues through the following specific objectives:

Problem 1.In ruralenergy planninghe assessment of letagm electricity demand is one of the

most critical and complicated steps. Indemxhgapojectionof electricity demarmbuld negatively

impact the local soegconomic development and cause an inappropriag Giziocal energy
solutions, leading to supply shortages or cost recovery failure, as argued by (Riva et all.
2018b)Cabral et alCabraal et al. 1996a, 199haisi(Kivaisi 2000From the literaturé,emerges

a lack of understanding and research on this issue, which entails a little attention and consideration of
the longterm evolutia of electricity demand within rural electrificadb@ased studieend models

One of the reasaris due the fact that the seeiconomic complexities behind the evolution of the
electricity demand in rural aragesfar from being completely analydixbissednd characterised.

Objective 1To investigate and discuss the challenge of electricity deahanddaedsessiomeint
electrificatidhis will set the starting point for solving the Problem 1, and iamggeéine following

research questiom$ow does electricity demand impact on the planning solutiorgafiaff/stems?

How does the current literature on rural electrification tackle the analysis and evaluation of electricity
demandWhich are thecomplexies behind the evolution of rural electricity demdfrdtn a

modelling point of view, which can be the potential way forward for assessing the evolution of rural
electricity demand?

Problem 2.A second reason which prevents a proper understandingeasthass of the lortgrm
dynamicghat determine the evolution of electricity demand in rural areas is the lack of appropriate
guantitativenodelsfor characterisingnd formulating the enerdgvelopment nexus.n d e e d , 0t he
dynamics of growth and eledatafion are complex, involving many underlying {sooimomic]
forceso6 ( Khandk eThe pesenca of thecompléxifieSuggegtsgthat sihplesb)ack

box regression modelspredefined sets of relations of cause and affewit appropiate to model

the energyglevelopment nexasd the dynamics behind the evolutions of electricity deéRadielr,

models for projecting and forecasting energy destandd involve detailed multidisciplinary
analysis, which takes a wide ranfgctdr into accour(Sterman 1988Jhus, being abte provide

an appropriatenodeling framework forformulating thedynamics behind such nexus between
electricity and delopment can lead to more reliabéetacitydemand projectienand reliable
planning strategies for rural electrification.

Objective 2 To assess and modiehdlaenental dynamics, variables, and exogenous policies that characteris
electricievepment nexus and determine the evolution of el&bigeiiyf dentabdte to solagthe

Problem2, and answargto the followingesearchuestiongdow to formulate the dynamics behind
electricitydevelopment nexus agenerate reasonable kbagn projections of electricity demand

rural areas®hy do not we see the same outcome in terms of electricity evolution patterns and rural
development everyrte we bring electricity?

Problem 3. As for the longerm electricity demand, alke estimation of the shdgrm dynamics
of electricity loadnd the integration ®izing methods aextremely important for planning rural
electricity networksand, acording to the literatureghey arecomplex modelling challesge
Hartvigsson et a(Hartvigsson and Ahigren 20®mpard load profiles for different types of

13



customers connectaad mirtgrid in rural Tanzania, and they found that intetvdeed load profiles
canfail to provide an accurate overall estimate. Nevertheless, Mand@iagidalli et al. 2016d)
remarked that when dealing withgiftl rural electrification, daily load profiles are generally derived
without proper modslor methodsMoreover, dspite the existence of a number of methodologies
and energy optimisatiomodels for the lonrterm planning of the energy supply (e.g. Homer,
EnergyPLAN, OSeMOSYS, MESSAGE, MARKAL, TIMES, LEAP, 0B, OnSSET,)the
integration of both sherand longtermvariabilities in theptimisatioris almost never explored and
includedor rural electricity planning purposes.

Objective 3. To integrate demangahokdergyptimisation models in a more comprehensive electricity plannir
procedurghis will cofribute to soling the ProblenB, and answirg to the following research
questionDoes the inclusion of shednd longterm electricity demand lead to a more appropriate

power capacity planning of mjnids and tariff definition mechanisms?

1.3. Thesis outline and contributions

131. - qq oqafbkyeyl nadayn‘ Ny @&aan3flAoe

In the system dynamics fiderninig also considered a feedback [&erman 1994and it often
requireamorethan one persorindeed, atable contribution to the development of this thesis ha

been provided by the research work of the colleaguddtiagssoriHartvigsso2015, 2016, 2018,

Hartvigsson et al. 2015, 2018#io set the basis for the use of the system dynamic theory in the field

of rural electrificatiomde focused on the analysis of the endogenous dynamics that affect the viability

of minkgrids through® model | i ng of feedbacks between el et
ability to increase generation capacity, and between the growth in electricity usage and electricity
availabilityHe used system dynamics especially as an approadefstangand improvthg system

under analysfsom the perspective of tlemergy utilart of this thesis stands on his main findings

and adds the following fad for the use of system dynamics

1. as an approach fonharactémighe electricitdemanedevelopment nexasd itanultifaceted
dynamics

2. for projectifmpngtermelectricity demarstenarias

3. from the perspective of teaergy planner

This thesis is therefore meant to contribute to the same effort akstiachers focusing on energy
demand models and rural electrification, with the final goal of investigating theosoanic
complexities of the rural electrigdgvelopment nexus, providing a more reliable approach for
modelling longerm projectionsf rural electricity demand, and planning more relialggdffower
systems

1.3.2. Outline

This thesis is organised in a specific structure which fahogtiodologicajutline divided in two
parts Fig.1).

- Part I The first part aims at pursuing the Objectivdliethesiswhich brings different elements
of originalitythe development and analysis of specifiestadies, an extensive synthedis an
capitalisation of the related scientific liiegatind the characterisation of the main modelling
fundamentals of this research fidlde relevance of electricity demand in rural electricity
planningis first introduced (Chapter ,2jollowed bya novel clarification, analysis, and
categorisation of the published energy planning studies in rural areas in order to track the
similaritiesyeaknesses and strengibavell as the current methodologies adémterojecting
longterm energy demand along the planning hai@wapter 3)rhishighlighs thatmodelling
longterm projections of energy demand needs to consider the multifaceted aspects related to it,
leading to the development afusal loop diagmsfor analysing the complex nexus between
electricity demand and rural developr{@hapter 4)A final comparison betwedhe system
dynamics and the agémisedmodelling approachés carried out fobuilding upon the

14



Chapterl Introduction and Motivation

quantitative modelling of the egénous complexities behind the electricity demand
development in rural aré&hapter 5)

- Part Il.The second part aims at pursuing the Objective 2 and Objecfitbe thesis, by
descriing the modelling effort and results achiev@&gbstendynamics ighe first method
employedor the conceptualisati¢@hapter §)YormulationChapter 7)calibratioffChapter 8)
and testingChapter 99f a novel simulation model which investigates the complex dynamics of
the electricitglevelopment nexus observed meal casgtudy in a rural community in Tanzania.

A novelcomputatioal softlink is then developg@€hapter 10§or integrating the simulation
model with a load profile generator and an energy optimisationimadigr to provide a more
comprehensive modelling frameworld®reloping more robust energy optimisation processes.

Part I. Long-term rural electricity planning and electricity demand: practices, models, and complexities
=20 0. ong-term rura’ electnaly planmng anc eecinaly cemand: prachces, Moces, g comp e _ _

Electricity demand in

rural electricity
planning Energy demand
Chapter 2 models and practices Technical and socio-

I
I
I
I
I
I
I
I
I
I
i I
Chapter 3 economic complexities }
I
I
I
I
I
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I
I
|

]

]

]

]

]

]

]

]
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I

: of electricity demand

i Chapter 4 Models for
! multifaceted and
I
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I
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CUIIIP].EX SyStE ms

Chapter 5

Model

conceptualisation
Chapter 6 Model formulation

Chapter 7
Model calibration

| I
| I
| I
| I
| I
| I
| I
| I
i I
" I
I
i |
: Chapter 8 }
I
I
i Model testing and }
.. |
i insights }
' I
' I
' I
' I
" I
' |
' |
' |
' |
| |
| |
| |
| |
| |
| |
| |
|

Chapter 9

Integrating simulation-
demand and
optimisation-supply
models
Chapter 10

Fig. 1 Methodological outline and summary of thesis contribution.
The contents of each chapeedetailed below:

Chapter 2 This chapter introduces the relevance of electricity demandefeatrigityplanning. In
particular, both the shertand longterm dimensions of electricity demand are discussed,
demonstratingow unreliable forecasts and projections can imptut teichneeconomic sizing of
off-gridmicrogridpower systems. Two case studies are introduced for supporting the discussion. The
first CASE 1reports and discusses anfiefd analysis carried out in rural Tanzania to assess the
electrigdy needs antb estimate reliable load curves for assessing the profitability of an eventual rural
electrification project considered by the NGO CEMAus The secon€ASE 2investigates the
combined effect of sherand longterm electricity demand on the electricapqhg solution of a

rural community in rural Indifhe chapteis the firstcontributon to achieing Objective 1, by
analysing how different methods and evaluations of electricity demand can differently impact on the
electricity planning solutiorhischapter is based on the followmudplicatios:
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Riva F., Berti L., Mandelli & al, On-field assessment of reliable electricity access scenarios through
a bottomup approach: The case of Ninga SHPP, Tanzania, i6t204& Conf. Clean Electr.,Power
Santa Margherita Ligure, Italy, 2017: pjd3340do0i:10.1109/ICCEP.2017.8004837.

Riva F, Gardumi F, Tognollo A, Colombo E. (2019}lia&fhg energy demand and optimisation
models for local lorggrm electricity planning: An application to rural |Eshargy166 32-46.doi:
10.1016/j.energy.2018.10.067.

Chapter 3.The chapter contributes to Objective linlgstigahgthe main demand models used in

the rural energy planning literatltreroposes a first clarification, analysis, and categorisation of the
publishedenergy planning studies. Indesederastudies wrecarried out on lonagerm rural energy
planningsile around the 680s, but the different foci,
to track the similaritieweaknessgand strengths, especially regarding the methodology adopted for
projecting longerm energy demand along the planning hoAsomnovelty, the analysis of both the
odemanddé and the Oosuppl ydé as pisecombinedstréssitgbthe r ur al
need to consider the two parts of the planning as linked and interdependent. For thig @irpose,
followed anapprach that classifies the studies firstly in accordance with specific subcategories
suggested by the literature (viz. spatial coverage, planning horizon, energy carrier, decision criteria
mathematical models and energy uses), and secondly in accordhraaetitbdology they employ

to forecast the evolution of the energy demd@hd final section of the chapter highlights that
modellingongterm projectionf energy demand in these areas is a complex issumgivediv

technical and soeezonomic dimnsionsThis chapter is based on the followiaflication

Riva, F., Tognollo, A., Gardumi, F., Colombo, E. (2018)-teongenergy planning and demand
forecast in remote areas of developing countries: Classification of case studies and insights from a
modelling perspectiienerg@rategieview80, 7189. doi: 10.1016/j.esr.2018.02.006.

Chapter 4.In order toinvestigate furthahe complexitiebehind the evolution of rural electricity
demand, his chapterundertakes a comprehensive and extensive analysis of tevigsed
literature on electricity access and its impact on ruratsogimmic development, and vice véirsa.
contributes toObjective 1by investigahg the socieeconomic and technical cdexyities which
involve thenexus betweeslectricity demand and developmastwell aby seting a basis for the
modelling of electricity demand in rural areas and, hence, the plaoffiggicmini-grids The
analysis is carried out by developinghgral caus&opdiagrams that allow to capture, visyaligk
discuss the complexity and feedback loops characterising the folloltirtg dimensions dhe
electricitydevelopmenhexusincome generating actigitied production and relrenselsold economy
local health and poputaticatioandhabits and social netwbikshapter is based on the following
publication

Riva, F., Ahlborg, H., Hartvigsson, E., Pachauri, S., & Colombo, E. (2018). Electricity access and rural
development: Review of complex secionomic dynamics and sduiagrams for more appropriate
energy modellingnergy for Sustainable Develifyrae&23. doi: 10.1016/j.esd.2018.02.003.

Chapter 5.This chapter sets the basis for building upamdigielling of the endogenous complexities

behind the electricityevelopment nexus from a quantitative point of wweh is the last result for
pursuingObjective 1To this aim, the interconnections of multiple factors, the high uncertainty level,

strorg nonlinear phenomena, and the presence of time delays and feedbackSysiggest

Dynamics (SDgsa potential appropriate systammdelling approach. On the other hand, the agent
based complexities behind diff wssogahinteraetionts,ani s ms
spatial constraints, and decisitaking processes suggest Agased Modelling (ABM) as a further

modelling tool. In order toompare the two methods aguide the final choidewards the most
appropriateapproachan aehoc cae-studyis developedThis chapter is based on the following
conference paper

Riva F, Colombo E, Piccardi C. Modelling social networks in innovation diffusion processes: the case
of electricity access in rural areas. B8omt. Conf. Syst. Dyn, Sambridge, USA: System Dynamics
Society; 2017.

Chapter 6.This is the first chapter of the part Il of the théisiaccordance with the issues emerged
in the analysis on the electridigéelopment nexus and the specific objectives of the thesis,
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Chapterl Introduction and Motivation

dynamigroblem to solve and the purpose of the SD naodelefinedA real casstudy is introduced

as reference fachieving these purposes and for going further in the conceptualisation and the next
stages of the modelling process, i.e. a hydroebasteit electrification programme implemented in

the rural community of Ikondo, Tanzania, in 2005 by the Italian M@@dCEFAOnlus It sets

the basis for achieving Objective 2, siraloivs to identify the model boundary and key variables,
describe thie behaviour and theelatedreference modes, and represent the feedback loops of the
system.

Chapter 7.This chaptereports thdormulatiaf thesimulation modeitsmathematicalpecification

of its structure and decision ruese. the conversion of the feedback diagrams to algebraic,
differential, and integral equatiorse simulation framework is based/emsim DSS ® software.

Its formulation followan iterative process based on the questionnaires implemented in the field, the
information shared with the local experts, and the analysiseahefirgtion of the structure by the
modeller. The final struce of the model is defined by the main dynamics highlighted in the
conceptualisation process, &eduntsl1l mairsubmodelsIGAs formation and Inddarket demand,
Market production and revenues, Agricultural revenues, Population, afiome [$2&s1gdedEdleity
connections, HHs electricity connections, Household appidEt=dridiffiuBioe;gy consunipion

model simulates the impact of electricity access and use on teecsmoiuc development
experienced in [kondo, arfd¢ r el ated feedback on t heThe ommuni t
contens of this chapteareincluded in the proceedings of the 36th International Conference of the
System Dynamics Society:

Riva F, Investigating and modelling endogenousesmriomicdynamics in lonterm electricity
demand forecasts for rural contexts of developing coud@tidist. Conf. Syst. Dyn., Raykjavik,
Iceland: System Dynamics Society; 2018.

Chapter 8.This chapter reports tisalibratiasf the simulation model, in ordertpverify the ability

of the model to replicate the observed historical behaviour of the @ysteoover model flaws and
hidden dynamics, and (ii i) i chastconsisteptithaclevasta s ona bl
the knowledge of the systeithe calibration is performed by relyinghtoricaldata on the

electricity consumption in the Ikondo village, and onimbealiewsgo define the search spacedibr

the calibrating parameteihe Powell atgithm is used to run the optimisation. The Madt@in

MonteCarlo (MCMC) is then used to explore the appropriateness of the calibration of the model, and

to assess potential good proxies of the confidence bounds of the calibrated patereinterd

of this chapteareincluded in the proceedingstioé 36th International Conference of the System
Dynamics Society

Riva F, Investigating and modelling endogenousesmriomic dynamics in lotegm electricity
demand forecasts for rural contexts ekltwing countrie€6h Int. Conf. Syst. Dyn., Raykjavik,
Iceland: System Dynamics Society; 2018.

Chapter 9.This chapter reports the main insights from modeidestd useby assessing the main
fundamental dynamics, variables, and exogenoigspbbt characterise the model, as stated in the
Objective 2After the discussion of some aspects related to the concept of model validat®ih in the
theory direct structure desperformed to check the coherence betwemmode structure with the

existing empirical and theoretical knowledge about the actual structure of the analySadisisem.
oriented behaviouatesten implemented for assessing the most relevant dynamics, and for discussing
the results of the model when its inpaketon different values, until the extreme ones and as if the
model were tested for different contexts than IkdPolicy testarg performed for exploring model
behaviour when subjected to different polices and exogenous-deadi&ngnprocesses, in order to
perform a kind ofvhatf analysis on the model coitne derive some useful insights on the polices
implemented by CEFAnd proposepotential improvements. Further tests are implemented for
evaluating the importance and the impact of electricity access on seeceogic dynamics, and

the reverse feedback. Finallystresitivity analygierformed to test the robaess of the conclusions

that can be derived from the main model output on varying the assumptions over a plausible range of
uncertainty

Chapter 10.This chapteaddresssthe Objective. It reportsand discusseéle modelling effort in
softlinking demadh, load, and energyptimisationmodelsfor more appropriate electrification
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planning procedure3o derive stochastiongterm load profiles, théoadProGdnol model is
modifiedand improvedh order to simulatend aggregatgenumber of daily profil@s line with the

duration of the desired scenaial the projections obtained with the SD madtelintegration with

the Poli.NRGenergymodel is implemented in order dptimise the size of the energy supply
technologies through a heuristic proceduderua number of constraints and inputs (e.g. the long

term electric load profiles, the availability of renewable resources, and the fraction of admissible unmet
load). A Hydrebatteriess considered, in order to investigate what would have been al gtemial

capacity to install for supiplythe projected electricity demand of Ikondo from 2005 to the end of
2017 The same optimisation is implemented by considerinpatteXes system for the planning of

the first 3 years of the horizon, givenfldadble nature of solar systems and the low variability in the
electricity demand in the first yebr®rder to highlight the benefits and challenges ebthknked

procedure, the results are compared with the traditional approaches and hypothesis commonly
adoptedin the literaturgo assessind introduceelectricity demand in rural electricity planning
processes

Chapter 11This chapter provides a summary of theistmntributiondmplicationsstrengths and
weaknesses of the waakdit discusses the potential future works and research activities.

1.3.3. Other contributions

In the framework of ik thesisother publicationaot mentioned abovead an influence ahe
contributions and the reseapetth followed during tldoctorahctivitieof the Author They allowed
to build confidencesn models, theories, and approacttkpted in this work, as welt@agxplore
and increagbe knowledge about the issue of adoesnergy in developing countriesthadelated
multidisciplinary and multifaceted complexities.

On Journal

Barbieri J, Parigi F, Riva F, Colombo E. Laboratory Testing of the Innovativedt dtewar Angithi
Insert for Improving Energy Efficiency of Cooking Tasks on Btmeee Fires in Critical Contexts.
Energies1(12), 3463: ddi0.3390/en11123463.

Lombard, F., Riva, F., & Colombo, E. (2018). Dealing with small sets of laboratory test replicates for
Improved Cooking Stoves (ICSs): insights for a robust statistical analysis dBiomsatis. and
Bioenerdyl 5 27-34.doi: 10.1016/j.biombioe.2018.04.004

Riva F, Rocco MV, Gardumi F, Bonamini G, Colombo E. Design and performance evaluation of solar
cookers for developing countries: The case of Mutoyi, BuntiddEnergy R€4.741: 220€220.
doi:10.1002/er.3783.

Barbieri J, Riva F, Colombo E. Cookimgdgfugee camps and informal settlements: A review of
available technologies and impacts on the-somimmic and environmental perspecBustain
Energy Technol Assesaiér2: 19407.doi:10.1016/j.seta.2017.02.007.

Aste N, Barbieri J, Berizzi Colombo E, del Pero C, Leonforte F, et al. Innovative energy solutions
for improving food preservation in humanitarian contexts: A case study from informal refugees
settlements in Lebanon.Sustain Energy Technol Asses@@iEnts 22: 177187.
doi:10.108/j.seta.2017.02.009.

Lombardi F, Riva F, Bonamini G, Barbieri J, Colombo E. Laboratory protocols for testing of
Improved Cooking Stoves (ICSs): A review ofafdtes-art and further developmerBsomass and
Bioenerg91798 321335.d0i:10.1016/j.lmmbioe.2017.02.005.

S. Mandelli, C. Brivio, M. Moncecchi, F. Riva, G. Bonamini, M. Merlo, Novel LoadProGen procedure
for micro-grid design in emerging country scenarios: Application to energy storage Bizangy in:
Procediglsevier, Dusseldorf, Gemmya2017: 36378. doi:10.1016/j.egypro.2017.09.528.

Riva F, Lombardi F, Pavarini C, Colombo E. Fuzzy interval propagation of uncertainties in
experimental analysis for improved and traditionaiBteee fire cookstovelustain Energy Technol
Assessntg?2016;18:5968. doi:10.1016/j.seta.2016.09.007.
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Conferencecontributions

Hartvigsson E, Riva F, Colombo E, Ehnberg J, The-geround of electrification programmes:
potential pitfalls when only using electricity access as indicator for electrfioater aB6th Int.
Conf. Syst. Dyn.,eykjavik, Iceland: System Dynamics Society; 2018.

Balderrama Subieta SL, Tarantino A, Sabatini S, Riva F, Bonamini G, Quoilin S. Feasibility Study of
PV & Li-lon Battery Based Micfrids for Bolivian OH#Grid Communities. ProtRES 2017 11th
Int. Renew. Energy Storag®Ussdldorf, Germany: 2017.

Bonamini G, Riva F, Colombo E. Cost Allocation strategy for off grid system in rural area: a case study
on irrigation for rural agricultural lands in Irgéas 2016 29International Conference on Efficiency, Cost,
Optimization, Simulation and Environmental Impact of ERertyr S5est@0%6

Caniato M, Barbieri J, Riva F, Colombo E. Energy Technologies for Food Utilization for Displaced
People: from identification to evaluatibech4Dev 2016 Confdransanne: 2016

Under review and to be submitted

Lombardi, F., Riva, F., Sacchi, M., Cotgnih Enabling combined access to electricity and clean
cooking with Pvmicrogrids: new evidences from a-nggolution model of cooking loa8sibmitted
toan international sci¢mitifial

Riva, F., Colombelli, F., Sanvito, F. D., Tonini, F., Coldmpblodelling lonterm electricity load
demand for rural electrification plannBigbmitted to the international IEEE PES PowerTech Conference

Riva, F., Colombo, E., Piccardi, C. System dyramitagenbased paradigms for ruedéctricity
planning: modelling diffusion mechanisms and impact on the sizinggd g@ibwer systems.
Manuscript.
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Part |

Long-term rural electricity planning
and electricity demand : practices,
models, and complexities

This partaddresses the Obijieet 1 of the thesis. ihcludes a wide analysis of the

issue of electricity demand in rural electrification, the synthesis and the capitalisation
of the related scientific literature, the characterisation of the main modelling
fundamentals of this resdafield, and the proposal of useful guidelines for other
researchers.
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Chapter

Relevance of electricity demand in rural
electricity planning

No one wishes to have electricity for itself, but people want it for what it can dc
(Bastakoti 2006)

This chapter introduces the relevance of electricity demand ieleandtity
planning. In particular, both the shaxhd longerm dimensions of electricity
demand are discussddmonstratingpow unreliable forecasts and projections can
impact onthe techneeconomic sizing of effrid microgridpower systems. Two

case studies are introduced for supporting the discussion. TwSEsLreports

and discusses anfield analysis carried out in rural Tanzania to assess théelectric
needs antb estimate reliable load curves for assessing the profitability of an eventual
rural electrification project considered by the NGO CBiflAs The secon@ASE
2investigates the combined effect of slaord longterm electricity demand on the
electricity @nning solution of a rural community in rural Indhi&. chapteis the

first contributon to achieing Objective 1, by analysing how different methods and
evaluations of electricity demand can differently impact on the electricity planning
solution.Thischapter is based on the followindplicatios:

Riva F., Berti L., Mandelli & al, On-field assessment of reliable electricity access
scenarios through a bottam approach: The case of Ninga SHPP, Tanzania, in:
20176th Int. Conf. Clean Electr.,FRamés Margherita Ligure, Italy, 2017: p@. 340
346. doi:10.1109/ICCEP.2017.8004837.

Riva F, Gardumi F, Tognollo A, Colombo E. (2019)li8kfhg energy demand and
optimisation models for local leteym electricity planning: An application to rural
India Energy166 32-46.doi: 10.1016/j.energy.2018.10.067.
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2.1. Foreword

Different Authors definenergy planmingeveral ways, emphasizing multiple important aspects. In
general, the literature refers to energy planning as the process aimed at develepmgadlicigs

for supporting the development, implementatiod management of local, national, regional or even

global energy systems. Prasad @rakad et al. 201gl)ote somewdhors underling that any energy

planning needs to foster sustainable development. They considered energy @lamning @sa d ma p f
meeting the energy needs of a nation [which] is accomplished by considering multiple factors such as tec
emvironment, and t he s o ((FRrasadwgtalt2Bi)686)Hiemathcetal. t he na
(Hiremathet al. 200Apritethatthed e ner gy pl anning endeavour invol
in order to meet t hdp R Oesgmyukibshmleh2@lluggesthat o pt i ma
energy planning aims above all at developing an optimal plan for the allocation of energy resources,

by considering future energy requirements according to several technical, economic, social and
environmental criteria. Yusta &wjasZarpa(RojasZerpa and Yusta 201statethab e ner gy pl ann
implies finding a set of sources and conversion equipment thdt eptinealty satisfyy d(@@.mand of
67). In view of the above discussion and being aware of both thepdlagsigioriented concept

of energy planning, this thesis refeemtygy planning as that process aimed at (i) selecting (viz.

identifying, sizing and designing) conversion technologies (ii) by performing an optimisation

based on appropriate criteria (viz. either strictly mathematical programming or mudtriterial

analyses if dealing with less quantitative objectives) (iii) for atching a certain demand with

the available energy resourced.his definition emphasizes the importance of objective criteria in
order to confer a more scientific meaning and
that emerged from the litareg. This definition is also in line with the final goal of this thesis, which

mainly focuses on the development of appropriate models for supporting the design phase of rural
off-grid energy systems. In the framework of this thesis, since thecamnerggonsidered is

electricity, the terlectricity planisinged.

2.2. Short-term electricity load and techno -economic sizing

The assessment dedricity load demand one of the keglements when plannidgstributed
electricitysystems. In a shadrmp er specti v e, electricity use is ¢
contains two importaimformation necessary to size and design off grid systems:

M Energy neefii@dh). It is the area below the electricity profile, and it defines the quantity of
electicity consumed in the 24 hours.

M Peak powkW]. It is the maximum instantaneous electric power demand, whachuran
the 24hours.

The knowledge of these two information allows to properly size the power capacity of a power system,
as well as the tlaup and storage capagiparticularly where economic resources are sgsirce,
Kusakana discusg&s Kusakana 2012 ruraloff-grid sgtemsdue to the high unpredictability of

people behaviours and the lack of historicaltatastimation of electricity loadh very complex
modelling challendBlodgett et al. 2017; Hartvigsson and Ahlgren.2018% literature, modei$

a different kind are employed for computing the expected daily load profiles, as reviewed by Hong and
Fan(Hong and Fan 2018Yevertheless, as remarked by Mandelli(staaddelli et al. 2016dyhen

dealing with offjrid ruralelectrification, daily load profiles are generally derived without proper
modelling or methods: electric loads are estimated adapted from profiles that came from the literature
and/or similar contexts, as done by Nfah efNihh and Ngundam 200%hrakonkham et al.
(Phrakonkham et al. 201,2&8¢maoui et gSemaoui et al. 201%en and Bhattachary$en and
Bhattacharyya 2014ad Sigarchian et(@igarchian et al. 20idi)rural contexts in Africa and Asia

or by introducing assumptions on the functioning periods of elepti&megs or load factors, as

done byAl-Karaghouli and KazmergRil-Karaghouli and Kazmerski 20 Egkele et gBekele and

Tadesse 2012and Gupta et giGupta et al. 2011&)ften, thee approaches can represent the only
viable options in case of complete lack of quantitative data. In case of data availability, parameterized
models can be used, but their application is very limited to specific contexts with almost standardized
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Chapter Relevance of electricity demand in rural electricity planning

habits ad uses of energy, as Orosz €iCaiosz et al. 2018emonstrafor rural healtltentresn
subSaharan Africa. In this framework, Mandelli @lahdelli et al. 2016ayith the contribution of
the Author of this thes{#andelli et al. 201 Mtrodued a novel mathematical bottam stochastic
procedure, which they formalised in the softh@mdProGé¢hoad Profile Generator) implemented
in MATLAB®2. So far, applications of these methods seem limited &vélepent of sheterm
load profile® within one year at most.

The next sulsection reports a casteidy, whickaims at highlighting the importance of stesrh

electricity in rural electricity planniingpecifically regts the results of an-field analysis carried

out in rural Tazania to assess the electric needs and estimate reliable load curves for an eventual rural
electrification projects considered by CEFA NGO.

2The software and its updates can be downloadesf-fiearge fronthe Energy4Growivepsite
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CASE 1: 0The dase of Ninga SHPP

23. Clc L o) HE W fod Nné deyl f [ ~ ¢

In 2016 the Italian NGO called CEFA carried out a feasibility study for imipigraesthall hydro

power plant situated in the region of Njo
SHPP6 and consists of a 6 MW Small Hydr o
electricity to 13 rural villages and will predutexcess of electricity that can be sold to the natig
electric grid operator TANESCO. In this context, an appropriate forecast of the eventual ele
demand, once the villages will be provided with access to electricity, is mandatory &stionetet!

the sustainability of the projéshlborg and Sjostedt 2086 the possible cash flows derivable fror
selling he electricity surplus to TANESCO.

231. Jc ' -SHEHPyfdadibility analysis

This feasibility study was finalized in March.20%5proposed 6 MW capacity would exploit th
water of South Ruaha River, and it will supplgrea 010,000 krhsituated in Njmbe Region,
approximately 55 km norétast far from Njombe township, through an electric line (33kV) 82
long The plant will be a ruof-river and subject to variable seasonal river. fliMesnain technical
features of the proposed power plant arenstio (Tablel).

Table 1 Technical features of the NingaSHPP power plant.
Intake location | UTM 725.465 E; 9.001.1431897.50 m asl
Powerhouse location| UTM 725.167 E; 9.001.159 N 1322.24 m ¢
Penstock length | 177.5 m
Gross head| 76 m
Electrical power | 6.0 MW
Expected annual energy output | 26,410,000 kWh

Snce the project considers that the exceeding gedyced by the SHPP could be sold to th
TANESCO, any eventual surplus of energy
represent a source of economic revenues. This is the reason why an accurate load demand
of the 13 villages is tgred to calculate the excess of saleable energy produced by dimeltolant
estimate correctly the economic attractiveness of the project.

2.3.2. Load profile forecasting

Un-electrified rural areas are characterized by high uncertainty and low qualiiyhefsdétiaare
LoadProGen developed by Mandelli éMandelli et al. 2016das used given the possibibtyely
on simple input datdat can be easily collected by means of local surveys or assumed by pf
experience on similar context conditidosderive input data for running LoadProGen, since the
villages are not electrified, datae collectd from Nyombo and Kidegembye villagehjch are
locatedcaround 15 km north of Ninggig.2). The wo villages were electrified by TANESCO throug
grid extensiofn 2014.

— Nyombo and
3 — Kidegembye
Kidegembye  Matmbwe

Fig. 2 Gogle Ear villages o he study arffom (Riva et al. 2017)

CEFAGs t e ahatthese twd electrified villages are characterized by very similar featu
the 13 norelectrified villages on Ninga project: similar number of household members (on a
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CASE 1: 0The d®d6ase of Ninga SHPP

4/5 members per family), similar structure of the villagemé2n roads whemeost of productive
activities are located), same type of productive usages, similar economic conditions (viz.
income) of households, and similar size of the villages (i.e. on average around 400 house
village and 2,000 inhabitants).

Basedon these assumptions, data about electric appliances and habits adopted by people
electrified villages (Nyombo and Kydegembgs) collected angsedin LoadProGen to estimate
the load curve profile of the 13 relectrified villages. The popuwatwas divided into three
ocategoriesd which are Househol ds ( HHsThe
HHs were divided in 33 user classes that correspond to the number of HHs interviewed
electrified villages of Nyombo and Kydegge. Therefore, each HH user class (HH_1, HH_
HH_ 3, HH_4éetc.) represents 1/33 of the t
into 4 User Classes: Schools, Offices, Dispensaries, ChurdResvildre divided in 7 User Classes
Milling machines, Carpentries, Shops, Haircutters, Guest Houses, Garages, Pubs. Whel
interviewed were unable to describe the minimum continuous functioning time of appliance
turns on, values were hypothesized based on literature (@&eandw and Bergman 2004)

2.3.3. Results and discussion

Due to very high number of data analysed by LoadProGen and the extensive computational
the software, two Exebhsed input data flaverecreatedand two separated load curves wer
obtained: the first for the 33 user classes of HHs, supposing 1 family per user class, and th
accounting for all the users of the 11 user classes of PSs & PUs. Supposing then to electrify 3

average
holds per

in the 2

Publ
in the
D

ot al

' people
pnce it

time of
<]
e second
0%, 50%

and 70% of the 5607 families, the simulated HHs curve is multiplied accordingly to the nunmpber of

families of the corresponding scenario, and then added to the PSs & PUs curve. For each Loa

simulation,n stochastic load curves with the same inpatvaete createdbased on following

conditions:

aY(K), - V(K.
YK,

st ¥ R,]- std ¥ k...

[ std] w8, ]

Wherek refers to the profile time steps (viz. the minuié&s),is the average load value of n generate
profiles at the time step k, and ®Q is the averaggandarddeviation of the load value of n
generated profiles at the time step k. Giveeaaptable value of toleranEe 0 . ,n B Wdentified

when the two conditions have been verified for at least the 95% of the time steps. For th

¢ dfork 295%

@)

> —> ——>

¢ dfork 295%

scenariog)result equal to 254, 208 and 208 for respectively the Scenario 30%, 50% and 70%)|

Scenario 30%, 50% and 70%

For the three scenarios, 30%, 50% and 70% ofdf#Hsupposed t@spectively have access tq
electricity once the NingHPP project will be completed: 1,526 HHs for Scenario_30%, 2,803
for Scenario_50% and 4,065 HHSs for Saené0%. The total mean cumulative curves simulated w
LoadProGen for the three scenarios are reporkd.B

HProGen

ed

b three

HHs
ith
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1200 + Scenar!o 30% |
Scenario 50%
Scenario 70%
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Fig. 3. Mean load curves for the three different Scenariffsom (Riva et al. 2017)

In the Scenario_30%, the daily energy demand of the villages is equal to 9.7 MWh, while the Igad peak
value is equal to 0.87 MW. In the Scenario_70%, the daily energy demand is equal to 12.5 MWh and

load peak value is equal to 1.17 MW. In the middle of thieedawad curve of the different scenarios

roughly overlaps because energy contribution to the load curve in daytime is mainly due to Prpductive
Usages, that are the same in all the three scenarios. In all the scenarios, it can be observed thpat the peak

vale of the load curve is at sunset between 19:00 anavk@®pPeople come back home from work
and they turn on lights, radiasd televisions.

I n order to highlight the 0stochasisrepxeseety 0

in Fig.4 with the relative uncertainty bands that respectively represent the lowest and highest values

of electricity demand which can occur in each of thendiidfes (duration of a day in minutes
among the 208 simulated curves.

2500 [ pax
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Fig. 4. Load curve of the thirteen villages: Scenario_50%om (Riva et al. 2017)

As shown in the graph, uncertainty bands are very broad, especially due the application of LoafProGen

in contexts with a very high number of users: 2803 HHs, 96 PSs and 355 &dusifiar_50%.
Comparison between preliminary and LoadProGebased load profiles

In this subsection, the results obtained with LoadPragercomparedith the electricity demand
assessment carried duting thefeasibility studipy relying on a traditial deterministic approach
(Fig.5).
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SHPP

2000

—— LoadProGen avg
Fi Feasibility study

8

-
8 8

1200

1000 |

800

Electricity Demand [kW]

600 |

400 |

200

10

12 14
Time [hours]

18 20 22 24

Fig. 5. Comparison between feasibility and LoadProGebhased load curvdfrom (Riva et al. 2017)

By looking at the mean values of the profiles, the daily energy demand (viz. the gredaaatler
curve) evaluated by the company is 17.5 MWh, higher than the 12 MWh estimated by Load

This has a direct impact on the monthly and yearly excess of energy that can be sold to TANE
the two cases. Results Tiable 2 confirns that the saleable surplus of energy evaluated w

t hat
nce

LoadProGen is around 10% higher than
profitability ot he pr oj ect more attractive S
TANESCO and does not represent a loss, but a potential source of profit.

Table 2. Monthly and yearly energy produced and excess of energy [MWb} the two conducted studied
LoadProGen Traditional approach
Energy Energy
demand demand
[M Wh] [MWh]
46387 60391 20083¢

Further mor e, the oO0shapedé of the two | oad

central hours of the dayith the traditional approa¢between 10:00 and 13:00), while the profi
generated with LoadProGen is at sunset (betw®@nab® 19:00). The reason is due to the simplifi
hypotheses madering the prefeasibilitystydy as i ndi cated in the. o
It emergd that the feasibility study overestimated the electricity consumption of machinery u
PUs of the villages. Indeed, the functioning hours of some maglindry | | s 6 ( power
and oCarpenter, welding,

’

Energy
Produced

[MWh]

270623(

Energy Surplus
[MWh]

220847

Energy Surplus
[MWh]

Ann.

effective functioning time of working machines is much lower than respective functioning wi
duringdaytime (e.g.fui i oni ng ti me of OoOMi Il 6 is equal

windows is equal to 1@from 08:00 to 18:00). Consequently, this caused an overestimation ¢

energy contribution of PUs to the total load curve and a shifting of tvalpeak

2.3.4. Conclusion

The caseonfirms themportance of considering sht@tm uncertainties in planning ralaktricity
systems. ndeed, ¥ relying on th stochastic LoadProGen toohplemented to the Ninga
hydrcelectric power systethisanalysis suggests that such more reliable estimates might have
negligible impact on the evaluation of the eventual profitability of the plojeoter, such minute
and hourhybased estimations might revaskxtremelyimportant also when designing-afifl
microgridgpowered by higher intermittent and uncertain renewable reédikeasslar and windl

, in order to find the most appropriate and cheapest configuration of power plants able to s
certain electiity demand.

3 The energy produced taken from the feasibility study report provided by CEFA.

beaftthe mmostyconsumiag agpiliamapy
used during the dé@ywere consideregfual to their functioning windows. As a matter of fact, tl
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2.4. Long-term electricity demand in rural contexts

Inalongt erm perspective, el ect r iBasedtopy itsiNeve Policies e x pr e
Scenarid¢lEA 2014) the International Energy Agency (IEA) estisrmatapid growth of the energy

demand in suBaharan Africa and in India in the next 25 y&ak<2015)Fig.6 andFig.7). In the

norOECD regions, the total energy demand i s exp¢
in 204QU.S. Energy Information Administration 20&8pecially in Southeast Asia, China and India.

In developing countriesnergy accessiented policies and actions may contribute to the growth of
theglobal energgemandFig.8). Indeedfor achieving the total access to electricitytgealyorld

Bank estimates that 2.6 billion people should be electrified by @&afldping countri€lEA and

World Bank 2015)

£ 1400 % Demand from
o5 those gaining
1200 / ACCESS
B Demand from
1000 % those with
access in 2012
800 %
600 Z
400
200

2012 2015 2020 2025 2030 2035 2040

Fig. 6. Expected future electricity demad in sub-Saharan Africa [from(International Energy Agency 2019)
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Fig. 7. Electricity demand by sector in India according to the IEA2015 New Policies Scenario [friiEA 2015].
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Fig. 8. Electrification rate and population without access to electricity according to the IEA2017 New Policies
Scenario [from(International Energy Agency 201T)

2.4.1. Rural demand evolution outlook

As confirmed by the grey and scientific literature, a large contribution to the regional and national
growth of electricity demanddaveloping countriés given by the expected evolutibelectricity
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Chapter Relevance of electricity demand in rural electricity planning

demandin rural areasMustonen(Mustonen 2010yse&l LEAP model to investigate possible
developments and growth pathsdiarctricitydemand from 2006 to 2030 for a rural village in Lao
Popl eds Democr at (DaiogReg al. Rd1ahd Ruijv@faan Bujjveroetial. 2011)
modeled and investigatiethe growth of househoklectricitydemand irruralIndia, China, South

East Asia, South Africa and Brasérini (Fuso Nerini et al. 201ilentifiel 4 scenarios of energy
demand growth in the village of Suro Craic in Timor Leste, based on the ESMAP/World Bank multi
Tier framework for measuring energy acbhiéal.et al(Nfah et al. 200%epored annual data of
electricity demand for a Cameroonian household, indicating a clear positive festdcioy e
consumption over a period of 8 yelarsheir bottomup model, Debnath et éDebnath et al. 2015)
suggestd that electricity demand in rural households in Bangladesh will rise significantly by 2050.
Xiaohua et a{Wang et al. 200B)dicate that the rurahouseholds ithe Shouyang County in China
haveexperienced a growth electricityuseespecially due tocreased ownersHigvelsof electrical
appliances. Zomessiggestd that in the case of developing countries, rural electricity demand can
increase oOat mor e than (Zamers 2083) fpegw p7elr) 6c e nGu s
(Gustavsson 2007pjesered data from a cassudy of a photovoltaEnergy Service Company
(PVOESCO) project company in LundazialZambia, indicating thtte clientsof the systerhave
purchased andsed a growing number of applianoeer timeMufoz et al(Mufioz et al. 2007)

reported monthly data of electricity consumption in twerelift Moroccan villages, showing a
positive trend of electricity load from 2002 to 2d06ante and Zille@viorante and Zilles 200dnd

Reinders et gReinders et al. 1998poredthatin the village of Sukataim the Province of West

Java, Indonesia, househdhdse experiencedvas a large increment @éctricity consumption

between 1%and 199/7from 4.65 to 7.65 kWh/month. Habtetsion and Ts{gtadbtetsion and

Tsighe 2002pvestigaidthe electrification rate of 13 ruralagés in Eritrea, finding that an annual
growth of connections of 17%, and an annual consumption growth rate of 54%. Thegdthaggest

the reason can be attributable to the availability of eleetricily,c h supported peopl e
in new businesses that in turn required further elecinkglmanDinkelman 2014hdicaed that

in the electrified areas of South Africa, the percentage of households who cooked with electricity and
used electrical lightihgvemore than tripled between 1996 and 2001, respetiredyponPfaff et

al. (TerraporPfaff et al. 2014vievedthe sustainability of smatlale renewable energy projects in
developing countriemdicating that in 57% of the cadbe electricity demand increased over time
based on new devices used by people and new connections rédamsteicand Hasel{plazraki

and Haselip 2007¢poredthe experience of PERMER electrification project in the rural province
Jujuy and Tucuman, where people expressed their desire to double the capacity of their standalone PV
system in order to use more electrical apmiakicandker et gKhandker et al. 201@poreddata

of electrical appliances ownership between 2002 and 2005 in rural Vietham, andiat gnmethe

in ownershi@s people kept consuming electricity from the grid. Den HeetéDen deeten et al.

2017 mappedthe current domestic electricity needs in rural Cambodia, and thesdessigaificant

growth in the electricity consumption and power request for the future.

2.4.2. Long-term electricity demand and capacity planning

Besides confirming positive evolutiontquag of electricity demand in rural areas, the literature
confirms alsdo pay attention to the lostgrm electricity demand when desigpimger systems
wrong predictions could lead to an inappropriate sizing of energy s@ttiresn et al. 2012)
shortages or cost recovery failure for local utility due to unsustainah{ldaanftgssson et al. 2015)

and then negatively impact local prosperity. CabrdCattabal et al. 1996a, 1998bjaisi (Kivaisi

2000) Moksnes et gMoksnes et al. 201Reves et a(Neves et al. 2014nd Riva et gRiva et al.
2018b, 2018agtresed the need to pay attention to electricity load evolution when planning
electrification programmes, since the marginal costs of electricity services vary among supply
alternatived.¢.small photovoltaic (PV) systems when the load is lowvextgitsion when it is high).

In their scenarios for electricity planning in Senegal, £8aobh et al. 2012grified that
electrification strategiasd capital cos#se very sensitive to the expected defraal$Brivio et al.
(Brivio et al. 201 demonstratthat in Photovoltaibatteries baseadicrogridsystems, the optimal
size of the components is sensitive to the load evolution patternlyeipecapacity of the battery
systemFuso Nerini(Fuso Nerini et al. 2018¢monstrahow the cost of the energy system for
reaching different tiers of electricity acde=sdifferent levels of energy demand to satisfy) in the
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village of Suro Craic in the years 22080may varyrom few hundreds to 8000 UStrtvigsson et

al. (Hartvigsson et al. 201)ovedhow the power supply capacity of energy systems for rural areas
should be considered accurately based on thtetongrojectionsof electricity demand, since a
demand larger than the installed capacity can generate lack of power availabilityfdzattineay af
willingness of people to stay connected and the utility re\Rinoieda LeNai Jordédordan 2013)
investigat® how the longerm endogenous electricity demand dynamics can significantly impact on
the capacity planning of electricity systems in Tanitahigeta et al(Mulugetta et al. 200@pored

the experience of Phased electrification in a village in Ziomeg indicating that the main problems
havestarted to occur as soon as people realised that standalawe Pdallonedthem to use as

much electricity as they wanted. Jacqdssobson 2003)ggesidthe rural electrification in Kenya

must consider the implementation of large systenmsder to satisfy the present and future
households electricity neastherwise peopleave to constrain their energy choices due to the limited
capacity of the implemented power systems. In their comprehensive review, Bal@Baidwirakt

al. 2015)ndicate that after the implementation of power systems, rural consumers tend to increase
their electricity use by puasing and using more electrical appliances, and capacity constraints and
limitations ould become a serious issue over time. GustayGssitavsson 2007@pored the
experience of rural electrification through solaersystems in Zambia, suggesting that the design
of the systems must consider the consumersd pos
can exceed the capacity of the systems and then accelerate the deterioration of the batteries due to
long periods of low state of chargoramoorthy and Hgégoramoorthy and H2009gand Brass

et al.(Brass et al. 201@)nfirmedthat the undersize of power systems due the underestimation of
longterm electricity demand evolution is a frequent problemalrdistributed generation projects.
Ulsrud et akUlsrud et al. 201gporedthat the reliability of the power supply of the remote villages

in the Sunderban Islands, Indeyebeemegatively affected by the ursieing of the power systems

due to the unplanned growth of electricity use. Komatsykabrahtsu et al. 2018)rvegdthree

districts located in the inner regions of Bangladesh, reporting that in most of the icaskexjuate

load assessmerdusedo the implementation efndesizedsystem, leading to a continuous use of
kerosene rathénanelectricity by peopl€he mportance oprojecting thduture load demandas

stressed also Bandpal andobayakawéKobayakawa and Kandpal 20aap(Inversin 2000)

From the literatures, it emerges tmadel ad predict reliabléongterm evolution patterns of
electricity demand for rural areas is one of thechralangeis the rural electrification field. Taogl

this challenge would allow to set more reliable investments plans, which is also piredaktthim
involvement of the private sector (viz. utilities, social enterprises or cooperative) in rural electrification.
The next sulsection reports a casteidy, where loAgrm demand scenarios are tested in an
optimisation model for energy systemrptay. The goal i® put more emphasis on the techno
economic implications of shoand longterm load variability on rural electricity planning and set a
first-step towards more reliable rural electpoitjectionmodels
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25. J fc¢c [ g JIHE&THWNYd INM&3- ye = ©

Thisstudyreportsa case of electricity planning of a rural Indian community where both trenshort
longterm aspects of electricity demand are introduced, tested, and discussed.

2.5.1. Local context description: Katgaon community

Katgaons a small village of Osmanabad district, in the State of Maharashtra. It has a populd
7800 individualT he village is connected to the national electricity grid, but the supply is charac
by high level of unreliability, due to the infragtratweakness: scheduled blackouts occur, and
total daily supply of electricity is guaranteed for about 16 hours per day for households and
per day for agriculture activities. Even
is weakened by unscheduled blackouts that can last for several hours and by voltage ftuctu
this work, the focus is on a small community of twelve housefiudd®ly on agriculterbased
activities and are willing to be provided with a maoablesélectricity supply syst&ata about the
household monthly income and size were gathered tlocagBurveys carried out in 2014 by th
researchers working for the Sanjeevani Prdjabte3).

Table 3. Household size and income data gathered during local assessment
NeFamily 1 2 3 4 5 6 7 8 9 10 11 12
Household Size

[people]
Monthly household income
[USD 2000)

7 5 5 4 5 6 15 7 5 5 6 6

134 69 111 245 134 156 735 557 356 111 56 445

2.5.2. B-UPlong-term demand scenario
The first tested scenario, nanBytorap(B-UP),i s an adaptation and

ntion of
lerised
the

8 hours
Wi t hi
htions.

11%

appli

model(van Ruijven et al. 20Xby projecting the household electricity needs to the case study of

Katgaon village. Specifically, the mai(vanc
Ruijven et al. 201, 19cal surveys data and assumptions. Then, a MATLAB ® code is developed,
projects the ownership of the electrical appliances of each household of our ebsegshL@ly years
scenario, from 2014 to 203a#d then used to build the related yearly load piifidedifferent parts
of the model are described in detail in the followingestions.

Exogenous input parameters

Based on local surveys and the im&ion concerning thiecomeof the considered 12 families, they
are clustered in quintiles, and associated with an averageh@isetafld expenditrreapita per
year at time 0gfo@). The expenditures from the income values for each houaehalerived
according the ratio between the value of Household Final Consumption Expenditure and
National Income for India in 2014, derived from World Bank ddta values fdnouse floor spag
(ooQy for each quintile is as gvamireaiffenktals20ldheo n
values are reportedTabled.

Table 4. Household expenditures per capita per year (HHE® and house floor space (HHFS) for each quintile
input data for each quintile.

Q1 Q2 Q3 Q4 Q5
N° household 2,11 3,56, 10 1 7 4,8,9, 12
HHEX o [$/capitalyr] 174.8 2755 368.8 489.9 773.2
HHFS [m 2 40 45 50 60 70

The collected information about the electrical appliances the housetielityyown and their
profile of usare employed to allocate futappliances among the households and to create the fu
load curve profiles, as further discussed in the nesg¢clidns.

4 https://isf.polimi.it/sanjevanproject/

orr el
which

Gross

van

fure

5The World Bank datAvailableat: http://data.worldbank.org/country/indigAccessed®.6].
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CASE 2. 0The case of Katgaon

commu

Total appliances ownership

Given the input data on th@o® per quintile, the model projects those values along-ylear20
scenariokig.9) d based on correlations derived f(@an Ruijven et al. 201The values dfoor space
"0'0"0are assumed to not vary along thgedrs scenario: people do not vary significantly the lay
of their houses and the number of components per household is estimated to be the same

2000

1800
1600

01 2 3 4 5 6 ? B 9 1b 1‘1 1I2 1I3 1I4 1‘51‘6 1‘7 1I8 1I9 20

years
Fig. 9. Household Expenditures Projection (HHEX) for each quintile along the 2§/ears scenaridgfrom (Riva et
al. 2019).

Once the values @wfoOare projected alongthep@® ar s scenari o, the v
and S. K. S(bimgly 2068xre empldyed to predict yesryear the diffusion and the
ownership of electrical appliances among each households quintile. The choice of the

appliances is based on local surveys and on thisesfithctions and clusters considered by van

Ruijven et al(van Ruijven et al. 201 thiscasestudy 11 appliances are considered: Fan, Air Cool
Air Conditioner, Refrigerator, Washing Machine, Radio, Television (TV), Rasgnakr (PC),
Electric Iron, Mobile phone and Electric bulbs. The dynamics of the first nine appliances own
are simulated by following the mathematical description of V. Letschert and MLEtshledrt and
Mcneil 2007%hrough a Gomperieurve:

|
HHEX | )

1

where) & f is the percentage of households per quintile which own apfiliaroe are the
househol@xpenditures per capita per quintilis; the upper asymptote of the curve evaluated by \
Ruijven et alvan Ruijven et al. 201 Which depends on the type of applignhbestorical Indian

ownership values, and th&"ofin case of fan); andr are shapparameters, estimated by nhon
linear regression using historical data for each app(lagtseherand Mcneil 2007; van Ruijven et
al. 2011Fig.10reportsthe trend @f onfor refri gerators and
valuegreater than 1 mean that each household is forecast to own more than one device.
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Fig. 10 Projectedownership of refrigerator Ieft side) and fan ¢ight side )

(Riva et al. 2019)
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CASE 2. &ahgaoaseommunityod

Sigph 8 s G-oumvp is entplbyed to simulate the ownership of mobile phones among the
population at year(Singh 2008)
EX§ b EX® 11999 - HHEK ©)

mobile phone

1 .
HO @ mobile phone

where 1 andr equal respectively 120, 0.1639 and 16.4, estimate
nontlinear regression by Sir{&mngh 2008)

O — apmobile phone =

Household appliances ownership

Once the total appliances ownership among the entire populatibpyesaris determined, the
following step of our approach consistlliocating therojecteddiffusion of appliances among the
12 households; & & indicates the amount of devi@aat a household will own throughout the 20

years based scenario. For the first nine appliances, devices are randomly allocatezl ar

households of each quintile based on the valugsh@fgThe allocation of mobile phones is

performed among the entire population, without differences between the quintiles, since thq

experience of th&uthorin developing countries suggdbat mobile phones are often considered

basic commodity even in developing countries and ita@akpend strongly on the income. Finally

the diffusion of electric bula (p p for lighting is introduced for the 12 househodasidering that
after the electrification, at yearp, the first electrical appliance that people are willing to purcha
a device for lighting the house, as currently occurs in rural cantextslaping countri¢Prasad

and Dieden 200:8ig.11reports some of therojectedappliances of a household of the fifth quintilg

(Q5) along the 2@ears scenario:

—Fan
9 ---Radio

% Refrigerator
gt Mobile phone |
—+— Electric bulb

HHO

years

Fig. 11 Ownership of fan, radio, refrigerator, mobile phone and electric bulbs for a household of theduintile
[from (Riva et al. 2019)

Shortterm load profiles

The knowledge of the household appliances ownership alongydaes2fcenario allowtedderive
the ptal yearly load curved Q) for the entire community. The software LoadProGen, version
developed by Mandelli et(dandelli et al. 2016dpsused With LoadProGgm-250paossible daily
load curves for each year of our scemeie generate8ince the aim dhe studywasto test the
effect of shortand longterm variability of electricity demand within {tamm electricity planning,

the 3 mostignificative cases of load cunwes identified and used as input for the next stage of l're
I

electricity planning procedure: (i) ftattest ondMIN case), (ii) the mean among all the 250 hou
profiles (MEAN case), and (iii) thest fluctuatingne(MAX case)rig.12reports the MIN, MEAN,
and MAX daily hourly load curves for tki€léft-sidg and the 20(rightsidg yea Considering the
MEAN curve at the 1st and the 20th year of the scenario, there is sensible a growth of the en
between thestand the 20yearespeciallyaround the peak power

entire
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10000
MIN

~=MAX
---MEAN

MIN
~MAX

8000 ---MEAN

6000

4000

12 12 16
hours hours
Fig. 12 MIN, MAX, MEAN hourly load c urves generated for thesti(left) and the 20 (right) year of the scenario
[from (Riva et al. 2019)

24

20

24 0 4 8

2.5.3.

In order to test the impact of different largm electricity demand projections on the electrici
planning results, two further scenanieseassumed of electricity demand in addition to the lon
term bottomup B-UP) scenario created in the previatsssctions: theonsta@@ST)andhistorical
trendHT) scenarios.

CSTand HT long-term demand scenarios

- Constant (CST) scerfdris.scenarioid not take into account any evolution of electricit
demand along the planning horizon. For all the 20 years of the simulation, the MIN, MA
MEAN electricity load curves derived previously forsthedr of the BJP scenariavere
used.

- Historical tr@rn(HT) scenarithis scenario is derived by evaluating the historical trend
electricity power consumption per capita obtained from World Bank data on India from
to 2013(The World Bank GroupYhe historical data are interpolated in order tqpekdta
the trend through MATLAB © use pblyfiandpolyvdlnctions. An average value4d%
electricity demand growth per ywas obtained. The demand projected along the planni
horizonwasthen calculated starting from the MIN, MAX and MEAN loadilps derived

ty

X and

of
1971

ng

previously for thestlyear of th&-UP scenario and multiplying each hourly value of the profiles

for +4.5%from year to year.

In conclusion, 9 scenarios of electricity demaardobtained: 3 potential daily load curves for
different senarios of growtT ableb).

Table 5. Scenarios of electricity demand projections.

Long-term evolution
Bottompscenario Constant scenario Historical trend

Z B-UP_MIN CST_MIN HT_MIN
> = - - -
S z
g = B-UP_MEAN CST_MEAN HT_MEAN
2 =
‘S
o x

g B-UP_MAX CST_MAX HT_MAX

Fig.13reports the MEAN load curves for the'3@ar for the three scenarios, confirming that th

load demand is sensitive to the approach adopted to build the scenario.
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12000 —
——CST_MEAN

e HT_MEAN
- - -B-UP_MEAN

10000

8000
Z 6000 '
4000 ...,

2000 &

0 4 8 12 16 20 24
hours

Fig. 13 Daily load curves for the BUP_MEAN, CST_MEAN, HT_MEAN scenarios of the 20h year[from (Riva
etal. 2019)

2.5.4. Optimisation model for energy system planning

To test the effect of shednd longterm demand on the plannisgjutionthe least cost lorigrm
energy supply mix for the Katgaon commumétsidentified for each of the scenarios of electricity
demand summarised above. For this step, the Open Source Energy Modeling System (OSeMOSYS)
(Howells et al. 201®asemployed, a linear optimisation modelling framework ferdangnergy
planning.0SeMOSYS is selected as it is adeelimented, open source and free modelling
framework. Among the existing formulations of OSeMOB¥®ne in GNU MathProgasused
0SeMOSYS computes for each year of the planning horizon the electricity supply mix (in tgrms of
capacity and generation) which allows the demand to be met at the lowest cost, under copstraints
dictated by the techrazoromic characteristics of the supply technologies and the availabilify of
resourcesFor this application, the possible Reference Energy System (RES) for Katgaon
developed: the RES is a schematic and aggregated representation of the energy sfiipdy chlain o
system under study, from the primary resources to the end uses. In the RES oFipigpdnrée
different power generation technologies are considered: diesel generator (DG), wind micro(turbine
(MW) and solar photovoltaic panel (SPV). All of these three are fed by primagsrasdgenerate
electricity as output. The DUMMY represents a fictitious tank fuel for supplying DG with gagoline.
This chosen RES represents one of all the potential configurations for Katgaon.

Gasoline
Wind energy
Solar energy
Electricity
Electricity use

puMMmy DG

LOAD

WIND MW

SUN SPV

Fig. 14 The RES for Katgaon commauity [from (Riva et al. 2019)

The 9 scenarios of electricity demarce introduced imput to OSeMOSYS. In OSeMOSYS, the
electricity demand input is set through two parametespettited annual dewlaol is therojected
total annual electricity congotion, and thespecified demand, prbiidd specifies the fraction of
specified annual dematwdbe satisfied in each tisd e p , n asmeil cye 60.t ilnme ojlur s
24x12 timesliceswereconsidered, that is, 24 hourly tsliees of a typical day for each of the 1
months in one year. Every day of the waaassumed to have the same load curve described by 24
h timeslices in each of the 9 scenarios. However, the monthly discretasitimoduced in order
to consider the high variability of renewable resources across the year. For renewable technolpgies, the

NI
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capacity factors of solar and wind resowesxcomputed for each tingdicé, by using the NREL's
and NASA databases.

2.5.5. Results and discussion

The resultsvereobtained by using tli@SeMOSYS_ 2015 08veision of 0SeMOSY.S he results
of the 9 scenariagerecompared by focusing on thet present cost (lMRC)heotal capacity installgd
every year along the planning horizon
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Z 15000 Z 15000 £ 15000
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Fig. 15 Total capacity installed along the planning horizon for the 9 scenarios, divided by soufilem (Riva et
al. 2019)

The results ifrig.15show that DG is the technology installed with the largest capacity. Indeed, |n the
absence of batteries, DG satisfy the aligtioad during the peak hours and the time windows
characterised by very low or null solar capacity factor (i.e. cloudy days and night). MW technology is
never selected due to very low wind speeds (see the Supplemental Information): these are Igwer than
the cutin velocity of the selected power turbine (2.7 m/s) during most of the months, making it
unprofitable to invest in such technolddy.15corfirms also that both the daignd the longerm
variation of the electricity load impact the choice of the optimal electricity supply mix. The total
capacity installed by 2034 when the lowest daily variability index is assumed (MIN) and the ope when
the highest daily variability index is assumed (MAX) differ by 33%, 60% and 32% for tHERCST} B

and HT scenarios, respectively. This is even clearer by analysing the results disglay@d ip
concerning the new optimal yearly capacity to install every year. The MAX scenarios, which are the
ones with the highest daily variability indexes, consider the installation of much more DG capdcity, for
coveringhe peaks and guaranteeing more flexibility in power production. In turn, the MIN scemnarios
are characterised by a higher proportional installation of renewable SPV capacity. This fact highlights

6 The capacity factor represents the ratio between the useful energy generated and the potential energy output at
the maximum capacity of a technology in eactslioae

70SeMOSYS Open Source Energ@odelling Systerhttp://www.osemosys.org/
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New Capacity SPV [W]

New Capacity SPV [W]

W]

New Capacity SPV [

the importance of assessing the sieomi variability of # load in renewable electricity planning.

Moreover, according to Vishnupriya and Manoh@feshmnupriyan and Manoharan 20%kf)d
Chauhan and Sa{@hauhan and Saini 2Q16¥se results confirm that appropriate load control a
management measures can effectively contribute to better idigthisudaily load in rural miero
grids, and therefore increasertémewable fraction of miegoid generation.

CST_MIN CST_MEAN CST_MAX
600 8000 600 8000 o 600 8000 o
500 7000 = _ 500 7000 g _ 500 7000 o
6000 8 B 6000 2 z 6000 2
400 s000 Z z 400 5000 g z 400 5000 S
3 & 2 & 2
300 000 § < 300 4000 3 = 300 4000 %
o 5] =] o -
200 3000 o & 200 3000 & 2 200 3000 o
2000 = 3 2000 3 2000 £
k1 c
100 1000 2 E 100 1000 3 ; 100 1000
0 o i 0 0 z 0 oz
T W 0 O N ST W 0 0 NS g S W 0 O N S W W O NS T W W O N ST W W O NS
oo e AN NN AN M M m o AN NN m Mo M o o e NN N NN M mom
o o o o o O 0o 9o O C 0O 0O 0O O O o O 9O o 00 0O 00 00 0O 0O O
RSRRRESRRK/RLR SRRRRERSERLER SRERRERERER
SPY EMW ®DG SPY EMW ®DG SPY EMW ®DG
CST_MAX B-UP_MEAN B-UP_MAX
600 8000 600 8000 _ 600 8000 _
2 = 2
s00 7000 = _ so0 7000 2 _ se0 7000 2
6000 2 2 6000 & 2 6000 8
Fr = = - z
400 s000 G > 400 5000 £ z 400 5000 2
[-% wr o w ™
300 000 8 2 300 4000 2 300 1000 &
z 3 z &
< £ £
200 3000 £ 200 2000 3 2 200 3000 g
2000 2 S 2000 B [} 2000 &
g 3
100 1000 < § w0 1000 £ § 100 1000 £
0 0 0 0 H 0 0 z
G 0 WO NS LW O NS = T 0 WO N T W OO N T =z T W MO N T W @O N T =z
L B B e B B B O O SN2 B s B 5§ o NN NN NN MMM o NN NN NN M M M
SRRIRRRIIKRR SRERRERRRRSR SRERRERRRAER
SPY EMW ®DG SPY MW ®DG SPY MW ®DG
HT_MIN HT_MEAN CST_MAX
600 8000 __ 600 8000 600 8000 _
2 E B
00 7000 2 _ 500 7000 2 s 7000 2
6000 O z 6000 & E 6000 ©
> — — >
400 5000 2 z 400 s000 & z 400 5000 £
3 F
300 4000 § 2 300 avo0 & 2 300 a000 S
(8] 5 G o
200 3000 E R 200 3000 E 3 200 3000 E
2000 S 2000 & S 2000 3
Z g
100 1000 £ § 100 1000 £ ; 100 1000 £
z z
0 0 1] 0 0 o ] 0 @
regsNIeags = Tozsdzszsgz = Te2qRIsessss =
S2RARERIRERR SRESRRRR|RRR SRRERRRRERER
SPV mMW =DG SPY mMW ®DG SPY mMW ®DG

Fig. 16 New yearly capacity installed along the planning horizon for the 9 scenarios, divided by soujfcem
(Riva et al. 2019)

Thisdifference increases even more by considering tHerongariability of the electricity load: in
the MEAN cases, theBP and HT total capacities installed by 2034 are 41% and 144% highe
the CST scenario, respectiyely.17). Also Brivio et a(Brivio et al. 201,/\vho analysithe design

and sizig process of a Phatteries micrgrid in Uganda, find that different scenarios of load grow
impact considerably on the capacity of power system, but to a less®viex®s¥% of load growth
along 20 years, as in odUB scenario compared to theTC&use an expected increase of aboult
9% and 23% for the size of the PV and batteries capacities, respectively.

than
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Fig. 17 Comparison of the total capacity installed along the planning horizon for the MEAN scenariffsom
(Riva et d. 2019).

Such results have direct economic implications, as repdtigdléh The cost difference between
the solutions optimised with the &st/daily variability index (MIN) and the highest daily variabi
index (MAX) are respectively 7%, 8% and 6% for the G3F,ahd HT scenarios. The leegn

evolution of the electricity demand impacts considerably on the costs: considering the ¢dEAN
the NPCs of the BJP and HT optimal solutions are respectively 17% and 50% more expensive
the CST scenario. These results confirm thattéamgvariations of electricity demand have
considerably higher impact on the costs of the systemsetiuilttvariations of the load profiles.
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Fig. 18 Net Present Cost (NPC) of the final solution optimised by OSeMOSYS for the 9 scenaffosm (Riva et
al. 2019)

2.5.6. Conclusion

The results confirm that daifnd longterm variationsf electricity load impact the optimal electricity
supply mix considerably. These results have a significant impact also on fhesctiatiing
confirms that wrong pjectionsof the longterm evolution of the electricity demand have dire
implicatios on thecosts of energy systems, the process of tariff definition, the profitabilit
investments promoting the diffusion ofg@ffdmicrogridsn developing contexts, and the local sociq
economic sustainability of an energy prdjmeover, considering tBdUP case, the introduction
of socieeconomic indicators to make ldagn projections allowed to set a first step in th
identification and modelling of the determinants at the basis of the electricity demand. This 1
the lev e | of oOarbitrarinessd in the CSHEhdelT wereo r
totally arbitraryAt the same, th contribution highlighed the need to investigate further the
determinants of loAgrm electricity demand, since the projestiised in this caseidy depend on
exogenous econometric relations, whose application for local specific contexts is quest
Moreover, the resolution of the shiemm daily load and the letegm demand growth were limited
to 1 hour and 1 yeaespectively. This was due to the effective manageability of a limited num
timeslices in 0OSeMOSYS.
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Chapter

Review of energy planning case studies
and demand models

The dynamics of growth and el ectripcat
(Khandker et al. 2013)

Trend extrapolation seems naive to many observérgjuitecpoedtthst energy
demand forecasts are often theensive ctadies involving detailed, multidisciplinary
analysis and sophisticated models.

(Sterman 1988, 2000)

The chapter contributes to Objective linkgstigahgthe main demand models used in the

rural energy planning literatutg@roposes a first clarification, analysis, and categorisation of

the publisheenergy planning studies. Indesderastudies wrecarried out on lontgrm

rural energy planning sthc ar ound t he &680s, but the diffe
methodologies make it difficult to track the similanitesknesseand strengths, especially

regarding the methodology adopted for projectingtéong energy demand along the

planning horizodds a novelty, the analysis of both the
of the rural energy planning stu@éesombinedstressing the need to consider the two parts

of the planning as linked and interdependent. For this purmo&slowed aapprach that

classifies the studies firstly in accordance with specific subcategories suggested by the literature

(viz. spatial coverage, planning horizon, energy carrier, decision criteria mathematical models

and energy uses), and secondly in accordantieewitethodology they employ to forecast

the evolution of the energy demaHk final section of the chapter highlightsnivatelling

longterm projectionsof energy demand in these areas is a complex issuegiadhy

technical and soegconomic dimnsionsThis chapter is based on the follovgaglication

Riva, F., Tognollo, A., Gardumi, F., Colombo, E. (2018)-teongenergy planning and
demand forecast in remote areas of developing countries: Classification of case studies and
insights from amodelling perspectiveEnergy SrategyReviews20, 7189. doi:
10.1016/j.esr.2018.02.006.
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3.1. Review of long-term energy planning studies

3.1.1. Foreword

Although this thesis focuses on rural electrification, electricity is not the only energy carrier considered
in the review. This rationale behind this decision is based on two considerations:

i.  Some of the case studies consider both electricity and the other carriers in the planning;

ii.  Considering only electricity planning case studies would have limit the analysis of the demand
models, since some techniques are both applicable to the demartdoity eded the
demand of other energy carriers.

3.1.2. Rationale and methodology of the review

In order to comprehensively investigate energy planning methods and appkoatardir{g input

data processing, such as the load profile, and tivedintd), only relife case studies or potential
applications for real contexase analysedexcluding papers that present only the theoretical
methodologies. For example, BeAwlstin et alBernalAgustin and Dfe-Lopez 2009)ropose a
multi-objective evolutionary algorithm and a genetic algorithm to find the most appropriate hybrid
energy system to minimise the costs and the unmet demantiddhen a reference daily load
profile for implementing the optisation. However, thejddhot provide any details about the daily
demand or potential applications, therefore their gfastyot classified. Gupta et @upta et al.

2011a, 2011b, 201 4anklyse a hybrid energy system in order to determine its cost optimal operation.
In the first(Gupta et al. 2011ahd second pa(Gupta et al. 2011bf the work they develop the
mathematical model for the optimisation and the necdgsaitiim to control the dispatch of battery
storage systems. Only the third @upta et al. 2011@)asclassified because it descritie
application and simulation of the energy system for a real case study.

At a spatial level, only local rural energy plannindefgoping counes (and BRICS)vas
considered, whereby works referring to other contexts or to global and nationaksabes
included in the review. For example, Clark @latk and Isherwood 20@&#)d Wies et a\Wies et

al. 2005Jocus on a remote power system for a village in Alaskejrssiudiesvereincluded. The
same appliefor Bala(Bala 1997Who propose a bottomp approach to minimise CO2 emissions
for Bargladesh, but at national level.

On the contraryno restrictionwasput on the type of offnain grid system thtte case studies
propose: standalone systems, microgrids and distributed hybrid micwegmidsonsidered,
according to the classification given by Mandell{aaidelli et aR016a)

The papers were selected starting from a web resedclence Direct editorial piattbBeopus
databasmd from references mainly taken f(@mattacharyya 2012b; R&aspa and Yusta 2014,
Mandelliet al. 2016ait the end, 126 papewverestudied and 8dereselected for the analysis and
classificatiorEven if no range of publication date was fik&d,19 shows how, among the papers
selected in this study, the greatest number of publications is concentrated between 2004 and 2015.
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Fig. 19 Publication on localenergy planning over the yeargrom (Riva et al. 20188)
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Chapte3. Review of energy planning case studies and demand models

3.1.3. Classification and analysis of long -term energy planning case -studies

The classification of the catedies wasispired by other reviews on energgetiimg and planning.

Prasad et gPrasad et al. 20 ptesent the risks, uncertainties and errors involved in energy planning,
as well as a review of models for energy plamcimgofnetric mogéhisation modiemulation models

and the related computessisted tools), highlighting that energy prarsd foster sustainable
development, and should be tackled with appropriate tools and correctly Vadwatied) only on
decentralised energy planning, also Hiremath(ldtramath et al. 200Hinit their analysis to the
classification and description of the models that can be used for catasngppropriate planning
process.optimisation modidsentralised energy, ermdgls supply/demand drivenenerdglsand
environmentahping modetsource energy planningndodeels based on neural nBeabnkaik
(Deshmukh 201 Djiscuss how to develop an Integrated Renewable Energy System (IRES) to find the
optimal energy resource allocation in energy planning processes and suggests an alternative
classification based oamethodology adopted-(pattotopdow)) spatial coveragetoral coveaade
temporal coveragele al s o ¢ o n c atiandbembdels forartatching theeprojacteg énergy
demand with a mix of ener gy (Hirenmathetals200@) 749,ecent r a
highlighting the need to increase tsearch on this topic and the attention on the aspect of future
energy demanBocusing owleveloping countries, Nicole van B¢Beleck and van van Beeck 1999)
propo® nine criteria to classify models for energy planpinmgoses of energy, modelsstructure
analytical approach (lgtsntopdow); underling methodalagiyematical apprgeographical cqverage
sectoral covaiage horizatataequirementan Beeck concludeat an appropriate planning model

should at least include subdels for energy demand, energy supply, and impacts. YuRajasal.

Zerpa and Yusta 20liByestigate the most utilised mailtieria decision methods for electrification
planning inural areas and they reviewed approximately 120 publications related to energy planning
(RojasZerpa and Yusta 2014dcusing mainly on 50 cases etidif decentralised power supply

plans. They clagsthem according teeferring coymtrgthematical modethodolagylicatioadopted
criteriamplemented techrenholgeget population

It emergethat most of the current review studigslyapheir classifications especially tarbdels

used in the energy planning and the majority of them limits the analysis to electricity systems.
Nevertheless, energy planning is a wider process, which includes multiple considerations, decisions
and enggy carriers and it is not limited to the choice of the most appropriate mathematical model to
employ. An appropriate classification should rather be applied to the rural energy planning process as
a whole, in order to provide a comprehensive overview apphoaches used in the literature so far

and highlight the similarities, weaknesses and strengths. Based on-thensiboeeworks an

extended and more comprehensive classification was introduced with the following categories: (i)
spatial coveragsdi) (planning horizon, (iii) energy carrier, (iv) energy (uyegecision criteria
mathematical modebnd (vi) demand modédBategories (i), (ii) and (iv) were selected from Deshmuk
(Deshmukh 2011and Nicole van Bee¢Beeck and van van Beeck 1988jegory (v) is based on

Yusta et alRojasZerpa and Yusta 201#yhile category (iii) was introduced to understand the level

of attention paid by the existing energy planning literature to the differgptoarriers commonly
employed in rural settlemer@stegory (vi) refers to models and methodologies employed to project
energy demand along the planning horizon, and it is treated in a separate and dedicated section, given
the relevance in the framelwof this thesis.

Spatial coverage: local and regional coverage

The studiesverecategorised based on the extension of the geographical domain theylooakider:
coveragmnsideeda village, a community, and a group of small vi{lags et al. 1991; Malik et al.
1994; Kanaskatil et al. 2010y set of remote hous@Supta etl. 2011c; Semaoui et al. 2@t3ked

in the same region of the same natemipnal covenagedel remote islands or institutional divisions
according to linguistic boundaries or morphological constraints.

Authors identif and specjfthe spatiecoverage of their work in different ways. Lsicglies appear
to be the most precise studies, sometimes indicating even the geographic q@odinatezad et
al. 2014and the number of peogleing in the target aréidimri et al. 2008Jor example, Salehin
et al. (Salehin et al. 2016pmbine a KMER-based techneconomic optimisation with a
RETScreeibased energy scenario analysis for assesstijes&\and a WirDiesel power system

43



in a small locality of 1000 people in Kutubdia Island, Bangladesh. GU@agtbatt al. 2003)udy

a hybrid energy system for the Juanpur block in India, specifying even the extension of the location
and the number of heaholds. On the contrary, as the spatial coverage increases, the case studies tend
to be less precise, such as Silva(&ilah and Nakata 200@ho focuon the applicability of multi
objective met hods t o assess t he i nt Nenducti on
i nterconnaeécolenbia.Zoneso

From this first categorisation, about 79% of the cases analysedtarrgy planning, suggesting a

lack ofregionatudies. Moreover, in some cases the spatial coverage of thasstagiyely defined.

This might prevent the extension led¢ approach and the findings to other similar cases of energy
planning in analogous contekigally, it emergehat modelling frameworks for local planning (e.g.
HOMER ®) allow to analyse and take into account detailed technical aspects of thenptggned e
systems; on the other hand, regional planning mainly concerns the selection of the optimal energy
supply strategy, such as the identification of the energy mix and the solution -@brihgridff

dilemma.

Planning horizon: short, medium and long tem

The second category regelto the time scale considered for implementing the energy planning. Four
subcategoriesereidentified:shorterm(from one month to one yeamediutermfrom one to ten
years)ondernibeyond fifteen years) amspeifieterm. The distribution of the works between these
subcategories is reportedrig. 20

Fig. 20 Classification of case studies: Planning Horizoffrom (Riva et al. 20181)

Authors usually introduce the planning horizon in two different ways: some specify explicitly the
lifespan of the project or lifetimé&the energy system; others do not point out the planning period

but report the lifetime of the components such as PV, diesetgerwind turbine used to calculate

the net present value or the discounted costs of the system. For example, Ha(fkaukdt@issa

et al. 2009peciy three different lifetimes for the systems implemented, equal to 1D20%ears.

Similarly, Sen et §6en and Bhattacharyya 20lddiyata pr oj ect 6s | i feti me of
contrary, Silva et §Bilva and Nakata 20@#®) not point out the lifetime of the entire project bu

méke the lifetime of the technologies explicit, in order to calculate the net present cost of the renewable
energy system. Daud e{2hud and Ismail 201&gte clearly that the life cycle period of the system

is assumed to be theaximum lifetime of the main components of the system. In cases where the
project lifetimavasnot indicated, the maximum lifetime between all the system componegds defin

the planning horizon used to classify the stuglyArun et a{Arun et al. 2009)

Papers thado not specify any information for deriving the planning hasieocgaccounted for in

t he -sopneocti f i edd c at e g oPRatyet al(RanasePailxetam ROl Eppliedkhe n a s e
Integrated Renewable Energy Optimization Model (IREOM) for the electrification of dense forest
areas in India in order to minimise the cost of energy generation over an amortisationyesisd of
Again, Gupta et giGupta et al. 200vaguelynotethat the unit costs are calculated on the basis of
the lifetime of the plants, without indicating a precise value.
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Chapte3. Review of energy planning case studies and demand models

This analysis highlightithat about 70% of the studies refer todtmmm energy planning, while almost
onequarter does not specify enough information to derive the planning horizon. Only one paper
performs a shotterm regional analysis, considering a ptahoiizon of 1 yedbDevadas 200I0his

lack of information about the time horizon undermines the robustness of the planning results, since it
prevents their replicabilitg, \@ell as any uncertainty analysis on the evolution of the¢eohnmic

parameters (e.g. energy demand, costs, efficiency). The classification of the case studies based on their
planning horizon further providieseful insights about the details achievay each energy model:

shortterm energy models allow the analyst to consider more precisely short time steps (seconds or
minutes), specific operation constraints of the analysed energy systems and their response in case of
unexpected conditions and pbmena (e.g. fluctuations, changes in weather conditions, variabilities

of renewable resources). Loagn models usually rely on longer time resolutions (hours, days,
weeks). This could prevent the analysis oft&ortdynamics but allows the introduciof long

term variablese(g.future energydemand along the planning horizon, usefutiriie of the
technologies, discount rates) that are pivotal to a more comprehensive energyidanoieg (

complete economic analyses, more reliable choftggafd d systemsd component s

Energy carrier: electricity and thermal energy and oil products

I n general, the term Oenergy carrierod6 refers toc
various sectors of a society to perform tlaegbfunctions. In this work, this category classifies the

case studies based on the energy form of the energy produced by the power systems subject to the
planning. Three types of energy carrier are identified: electricity, thermal energy and .oil products

Electricity results as the most considered energy carrier in the cas€igtad)esgpecially within

those focusing on rurgectricity planning and employing HOMER ® software for the optimal sizing

of the oftgrid distributedsysten{Kamel and Dahl 2005; Agalgaonkar et al. 2006; Akella et al. 2007;

Himri et al. 2008; Nayar et al. 2008; Nfah et al. 2008; Nfah and Ngundam 2009; Setiawan et al. 2009;
Alzola et al. 2009; Kandatil et al. 2010; Lau et al. 2010; Nandi and Ghosh 28&0agthouli and

Kazmerski 2010; Bekele and Palm 2010; Demiroren and Yilmaz 2010; Turkay and Telli 2011; Bekele
and Tadesse 2012b; Sen and Bhattacharyya 2014a; Kolhe et al. 2015; Ramchandran et al. 2016; Salehin
et al. 2016; Amutha and Rajini 2016; Fulzelagdvane 2016; Haghighat Mamaghani et al. 2016)

The thermal energy carrier is the second most considered in the case studies, especially for the
residential sector. This stdtegory includes the case studies that carry out a planning of the optimal
energy systems that produce thermal energy for space heating an@ oftekirtzased on nen
commercial energy (e.g. biomass and agricultural residues for @tiddimighting the urgency to

address the issue of access to modern energy for coolnad) dneas of developing countries. For
example, Malik and SatsaiMialk and Satsangi 19%f)pl a mixed integer/linear programming

model for planning the most cestective energy system for cooking in the rural areas in Wardha
District, India. Joshi et &lloshi et al. 199ihivestigate the most appropriatergy systefmbased

on fuel wood, agriculture residues and animalddiangproducing thermal energy for cooking and

for space heating in three villages of different zones of rural Nepal.

Oil products are considered by only 4% of the case studeesfmie, Srinivasan and Balachandra
(Srinivasan and Balachandra 1888%ider diesel as a potential-remrewable energy carrier for
satisfying the energy demand in the transport and agricultural sector of Bangalore North galuk in Indi

Many case studies implemented energy planning by considering more than one energy carrier. For
example, Devad#&Pevadas 200present a linear programmiyased model toptimally allocate

energy resources and related conversion technologies to diffenesgsendch as household
consumption, agriculture and transport, considering electricity for irrigation and lighting, liquefied
petroleum gas for cooking, and kerosenéhéolamps of lower income consumers. When dealing

with householdsd energy needs, di f-iseapgiantescase s
and thermal energy for cook({&ginivasan and Balachandra 1993; Howells et al. 2005; Hiremath et al.
2010a; Fuso Nerini et al. 2015)

In accordance with Pachauri efRdchauri et al. 2018)is review indicates that rural energy planning
studies mainly concern electricity planning, revealing that little quantitgBise fanases on the
other energy carriers. More comprehensive approaches would be needed to tackle all the challenges
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concerning sustainable rural energy planning, including the study of options to supply energy for
cooking. This carrier is highly priegtl in the Sustainable Energy for All (SE4All) global Agenda
(United Nation and World Bank 201288 one of the lfars for achieving the SD@Jnited Nations

2015)

oil
products
3.9%

thermal
13.6%

electricity
82.5%

Fig. 21 Classification of case studies: Energy Carri¢girom (Riva et al. 20188)
Decision criteria mathematical models

In accordance with Yusta and R&espa (RojasZerpa and Yusta 28) the mathematical models
lying behind the planning procedwereclassified into seven stditegories (classes of models):
Linear Programngltf), MultiCriteria Decision MakMg@DM), MultiObjective Program(iMiog),
Non Linear ProgramniiMigP?), Dynamic Program(BiRy, Enumerative Optimisgiionandother

LP is used to analytically optimise a linear objective function subject to a set of linear constraints.
Compared to the other models, it is a computationally fastgtmsolve method. Nevertheless, in

a few cases it requires significant simplifications, for real physical phenomena to be represented by
linear relationshipin the analysed case studies, it is especially employed to minimise the cost of
matching sudp and deman(Balachandra and Chandru 2003; Akella et al. 2007; Zhang et al. 2013)
both in the local and regial planning studies. The category further includes models using Mixed
Integer Linear Programming (MILP). There are several modelling languages: LINGO is a modelling
software developed bindo Systems Inand it isused by Kanadeatil et alKanaséPatil et al. 2010)

to calculate the cost of energy for angitl system in India. Fuso Nerini e(fallso Nerini et al.
2015)use OSeMOSY@lowells et al. 20119 carry outhe energy planning of Suro Craic village in
Timor Leste.

MCDM solves problems involving more than one criterion of evaluation such as cost or price,
efficiency and emissions and social aspects. For example, Semrmebal. et al. 2018)y on

the (i) reliability and (ii) economic criterion for the optimisation for the optimal sizing cketand
photovoltaic system in Algeria. Cherni efCiderni et al. 200€pnsider physical, human, social,
natural and financial assets in their roriféria decisieaupport system (named SURE) used to
calculate the most appr@pe set of energy alternatives for supplying power to a rural Colombian
community. The most common MCE®sed techniques include Analytic Hierarchic Process (AHP),
Compromise Programming (CP), Goal Programming (GP), and Elimination and Choice Expressing
Rality (ELECTRE). MCDM is a more comprehensive method to use since it provides a more in
depth, accurate and robust decisiaking supporfTrotter et al. 2017p solve actual problems,
especially for local case studies, where the local dimension of energy use and supply is largely affected
by multidimensional techhegonomic and social aspects. Nevertheless, the procedures that are
commonly employed to weighefcriteria suffer a high level of subjectivity.

MOP is a method for solving optimisation problems with more than one objective function. For
example, Hiremath et @Hiremath et al. 201088t seven objective functions in tlitimisation

problem: minimisation of cost, maximisation daésyegfficiency, minimisation of use of petroleum
products, maximisation of use of locally available resources, maximisation of job creation,
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Chapte3. Review of energy planning case studies and demand models

minimisation of COx, NOx, and SOx emissions and maximisation of reliability. The Authors
demonstrate that MOPasednodels allow to represent more realistic problems, especially when they
are characterised by a large number of alternatives. Nevertheless, MOP suffers from high
computational costs since the number of optimisatitmincreases exponentially with thelb@um

of objectives.

NLP includes analytical optimisation problems whose variables and constraints are linked by non
linear relations, as usually occurs in most of theaddlproblems. For example, Asligkhok

2007use a Quabiewton algorithm to determine the optimal number of renewable energy units for

a typicatural community in India. The METMet economic modelling tool adopted by Nakata and
Kanagaw#@Kanagawa and Nakata 20@8analyse energy options in ruraldnsl based on a NLP

and partial equilibrium tool. Segurado €safjurado et al. 20tdly on H2RES software to plan the

future power generation for S. Vincent Island in Cape Verde; the rnasledlien a singbbjective
optimisation, i.e. the minimisation of the Levelised Cost of Energy (LCOE), subject to nonlinear
relations and constraints. Although NLP allows to model real physical phenomena through more
precise and realistic nlimear retdonships, the convergence of the model is usually highly dependent
on the initial guess used to initiate the optimisation. Indeed, the examples above confirm that one of
the main drawbacks of the NbRsed methods is the high level of complexity ofgidtlains, that

usually requires dwbc software.

DP is a technique for solving complex problems by splitting them into a sequence of smaller sub
problems, resolving and storing them in a data structure. Thus, DP does not identify a single
optimisation alg@hm: a variety of optimisation techniques can be employed to solve particular
aspects of the main pr obINenh,maans adodneBplwemnd\a hln9aOn7
DapkugBowe et al. 1990) is applicable to problems that require a sequence of interrelated decisions

to be made, but it is a method that requires a very high level of expertise before being appropriately
employed.

More recetly, EO stands out as a methodology of practical interest and straightforward application.
This approach calculates numerically the optimal solutions based on one or more objectives.
Differently from LP and NLP that consider an objective function (lineaondinear) to be
maximised or minimised analyticalthrough a mathematical analysis), EO is based on a numerical
and heuristic optimisation that usually follows these steps: (i) the definition of a problem space (which
is finite, discrete and indes all the potential solutions), (ii) the numerical evaluation at every, or
almost every, discrete point in the space of the value of the function to be optimised, (iii) the
enumeration of all the candidate solutions that respect the imposed comstdathen (iv) the
identification of the candidate solution(s) with the minimum or maximum value(s) of the function to
be optimised. It is especially used for local applications with electricity as the main analysed carrier,
and usually the objectiveasniinimise the cost function of electricity supply, by modifying the size

of the supply technologies under a number of constraints (e.g. the availability of renewable resources,
an imposed electricity load); in this case, the EO process starts withitioe déf searching space

of all the potential technological solutions (in terms of size, competgeittsalculates the value of

the investment cost function for all the discrete solutions that satisfy a certain energy demand, and
then it identies the final solution (viz. the final configuration of energy pant) with the lowest
investment cost. A clear example oftiEE3ed cost minimisation of-gfidmicrogrié is represented

by Mandelli et afMandelli et al. 2016andBrivio et al(Brivio et al. 2017)vho develogpda novel
methodology for sizing Phatteries power systems, which embraces uncertainty on load profiles.
They aplied it to electricity planning in a pgbian area of Uganda. HOMER ® software falls within

the EO category: given theerspecified constraints and lower and upper limits on the size of the
system, the tool simulates every possible system coafiguitéiin the search space. The HOMER
Pro6s Optimizer E facilitates this operation,
present cogLambert et al. 2006jor exampléolhe et al(Kolhe et al. 2013pdy HOMER ® for

optimally sizing an effriddistributedsystem for eledtying a rural community in Sri Lanka.

Case studies that do not fit any of the abwemtioned classes or do not provide enough information

are identified as 00Ot he r(Fh@konkifam et ale20l@ipimisesthe P hr a k ¢
annualised cost of energy for a remote village in Northern Laos with a genetic algorithm implemented

in MATLAB ®. Rana et alRana et al. 1998e an intuitive sizing method: they calculate andyidentif
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the system with the lowest total life cycle cost of six combinations of thrde pgsinlogy
alternatived.gé.standalone PV, biogas system, gasifier system) to optimally match the energy supply
and demand. Segurado €Ssgurado et al. 208dly on H.RES software to mawise the penetration

of renewable energy sources in the electricity system of S. Vicente Island in Cape Verde and they

7

describe it simply as a o0simulation tool 6.
Fig.22illustrates the distribution of the reviewed works across the described decision criteria methods.

Other
13.8%

MCDM
5.7%

35.6%

MOP
9.2%

Fig. 22 Classification of case studies: Decision criteria mathematical modgfsom (Riva et al. 20188)

EO resuls to be the most used mathematical method. It is adopted in 35.6% of the case studies,
especially thogkat rely on HOMER ®. LP follows, used in 27.6% of the case studies. LP is based
on analytical optimisation, requiring less computational time and effort than EO methods. On the
other hand, EO is not constrained by the need to set only linear equoatietisiesoverly simplistic

(Sinha and Chandel 2Qlibtherefore results in a better representation of the actual dynamics and
phenomena that characterise the operation of energy systems (ehlargedigcharge dynamics

inside the batteries).

This part of the review results suggests that the literature has been mainly limitediectivao

optimisation models so far. Considering the multifaceted issue of sustainable rural energy planning
(Trotter et al. 201 which includes important so@oonomic and environmental aspects, such as
technology appropriateness, indoor air pollution, localiowand capabiliti€s MCDM and MOP

models may provide more comprehensive frameworks for rural energy planning. Interesting options

can consider the sdiihking with behavioural approaches, in order to take into account complex social
aspects. As a pioneample in this field, Moresino et{fdagniére et al. P6)couple OSeMOSYS

with a share of choice in order to take into ac
they focus on the consumer 6s preferences regar

Energy service: residential, communit, agricultural, industrial, commercial and notspecified

The considereenergy users and the arsg of energyere residentiabmmuniggricultural, industrial
anccommer@abdnotspecified | N accor dan c eOBCDAEA 20L7Eshdh satedosidsi ni t i o
are the most comprehensive ones of all energy uses. The energy consumption for the residential sector
includes demand for lighting, cooking, air conditioning, food preseadigguwering domestic
appliances such as radios, televisionsefariBhe community use of energy refers to schools, medical
centres, radio stations, small shops, churches, and restaurants. An example is represented by Ferrer
Marti et al(Domenech et al. 2014yho design an electrification plan for a community in Peru,
considering houselsl and five institutions as direct beneficiaries, namely the church, the school, the
healthcentre, restaurants and shops. The agricultural sector includes energy for farming activities:
pumping water, ploughing, supplying tractors and other agricidasalTbe industrial sector
considers rural industries and income generating activities, such as grain mills, coal kilns, small vans
for products transportations, etc. The energy demand for the commercial sector refers to energy used
for all the activitiethat need roads, telecommunication infrastructure, water and irrigation networks,
bank and credits facilities; transportation (unless otherwise specified) is included as well, with the
hypothesis that few people use cars orvairs as private use in fu@ntexts.
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Very few case studies specify the sector covered by the hkaiiagt al. 2007; Amutha and Rajini
2016; Mandelli et al. 2016c, 2016b) they provide a description of the type of technalody
appliance to supp{Bujorianu 2012; Fuso Nerini et al. 2@t%he enelses of enerdyniyan et al.

1998; Howells et al. 20@3uch as lighting, cooking, pumping, heating, cooling and transportation.
Fig.23illustrates how case studies are distributed among the five demand sectors.

not specified
5.1%

communi
29 0% ;
22.0% sidential

34.5%

agricultural
15.3%

industrial

commercial 14.7%
8_5\)_?’

Fig. 23 Classification of case studies into the five Deman8lectors[from (Riva et al. 2018H)

It emerges that rural energy planning deals more with residential demand, in accordance with
Bhattacharyy@hatteharyya 2012b) who st ated that othe demand in
the use of domestic appliarices( p. Howaver8the literature concerning the nexus between energy

and rural developmesttows the need to increase the focus on the industrial use of energy, elsewhere
calledproductive use of.eBpegifically, it indicates that access to energy, when it is supported by
complementary activiti@se.g. educational activities, capacitdibgibind awareness campaéfyns

can be a pivotal driver in developing new bugBes®nder et al. 1985; Ravindranath and Chanakya

1986; Kumar Bose et al. 1991; Meadows et al. 2003; Cabraal et al. 2005; Bastakoti 2006; Mapako and
Prasad 2007; Gibson and Olivia 204id a consequent increase in the industeagly demand. It

emerges that load demand models that are able to diffecemtiatercial fromesidential demand

and to consider the potential growth of business activities and their future energy load would
contribute substantially to defining a ncoraprehensive and reliable energy planning model for rural
areas.This consideration supports the objectives of this tivdgisover, this interconnection

between access to energy, the development of new business and the consequent positive feedback on
future commercial energy load suggests that energy load simulation should be an endogenous feature
in rural energy planning models. According to that, J@ldiatan 2013nd Hartvigsson et al.
(Hartvigsson et al. 2018@monstratthat it is important to consider electricity demand endogenously

in electric power systems planning

3.2. Overview of energy demand mod els for rural energy planning

3.2.1. Traditional m odelling frameworks

The scientific literature has addressed the classification of forofleiscastinggenergy demand.

Suganthi et a{Suganthi and Samuel 20@@)senta comprehensive review of the various energy
demand models, as well as applications for both developing and developed counindgh@hey f
econometric models are the most used, especially to link energy demand with Gross National Products,
erergy price, gross output and population indicators. They propose new models, such as genetic
algorithms, fuzzy logic, and parigsd&arm optimisation, as emerging techniques able to link energy,
economy and environment for planning the future energy deémamdsustainable manner.
Nevertheless, they dot report any example of application of these metholix&bicontexts and

rural areas of developing countries. Focusing only on developing countries, Bhattacharyya and
Timilsina(Bhattacharyya and Timilsina 2009, 2bpose a literature review of existing energy
demand forecasting methods and highlight the methodological diversities among them. Their purpose
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isto investigate whether the existing energy demand aredsbgpropriate for capturing the specific
features of developing countriglsey ind that mainly two approaches are wssmhometric (or tep

down) and endse (bottorrup)accounting. The latter is able to produce more realistic projections as
comparedd the former, since it relies on detailed engineering representation of energy systems, it is
based on the identification of the services andsawdfor which demand is fore¢Bsiattacharyya

and Timilsina 20108.g. the appliance, the nominal power of the machines, the operation time) and it
allows a representation of complex@sgeich as innovation diffusion, income shifts and behavioural
changes. It suffers, however, from data defici€Btiadacharyya and Timilsina 204i@ce these

are very specific and contextual. On the contrary, econometric accounting is usually based on
macroeconomic and aggregate data that are easily available, espeicialy @t regtional level.

Table6 presents an abstract of the main features, strengths and weaknesses of these two most diffuse
approaches discussed by Bhattacharyya and TiamitsiBaan et §5wan and Ugursal 2009)

Table 6. Characteristicsof bottom-up and top-down models.

Bottom-up Top-down
Strength - detailed sectorial representation of energy dem: - identification of the relationship betwe
- realistic projections economic variable and aggregate der

local demand representation - reliance on aggregate data easy to ol
modelling of energy services and uses - reliability on histical trends able t
possible representation of complex aspects su drive the model
innovation diffusion, income shifts, and behavic
changes

Weakness - huge data deficiency especially dewveloping - inability to capture technologic
countries diversity and technical progress
not able to capture pribased policy and pric
signals

In the next section, the models and approaches fotelongrojectionsof the energy demand
employed in the case studies classifsedhsectior8.1.3are assessed the attempt to derive insights
and guidelines for supportitige development of appropriate demand models for rural energy
planning irdeveloping countries

3.2.2. Categorisation an d adoption of demand models used in rural energy planning

The case studieser classifiedased on the mathematical forecasting approach adosted,;
categories of loAgrm energy demanmojectingapproacheareidentified fixed demaradbitrary
trendextrapolati@ystem dyna(BiD3andinput/outpyt/O ).

Fixed demand

Thefixed demarategoryvasintroduced for those energy planning case studies that consider a fixed
value of energy demafde. no evolution of energy consumpdi along the planning horizdbase

studies that do not specify how they project the demand along the planningwessizdso
considered within the 6fi xed (dzhanget al. Q@EL8)asadre gor vy .
a fixed electricity demanddbghout the whole lifetime of the system (15 years) andeyameiain
weekly |l oad proples based on typical wvalues of
MOP-based planning of three mignads in rural Iran, Borhanad8ibrhanazad et al. 20tdhsider

a constant Ohourly | oa@®Borhmamapafl éthl.e201#)200) daived by pi c a |
local assesa&mts, without considering any evolution along the planning period. Almost all the case
studies that employ HOMER ® software to design electricity-grigsobelong to this category

(Kamel and Dahl 2005; Agalgaonkar et al. 2006; Akella et al. 2007; Himri et al. 2008; Nayar et al. 2008;
Nfah et al. 2008; Nfah and Ngundam 2009; Setiawan et al. 2009; Alzola gKaha@Patil et al.

2010; Lau et al. 2010; Nandi and Ghosh 20Karabhouli and Kazmerski 2010; Bekele and Palm

2010; Demiroren and Yilmaz 2010; Turkay and Telli 2011; Bekele and Tadesse 2012b; Sen and
Bhattacharyya 2014a; Kolhe et al. 2015; Ramehaatdal. 2016; Salehin et al. 2016; Amutha and

Rajini 2016; Fulzele and Daigavane 2016; Haghighat Mamaghani et ain@1bg¢ software

considers a fixed demand curve along the planning horizon and the only variability lies at a daily and
seasondével.

50



Chapte3. Review of energy planning case studies and demand models

Arbitrary trends

Thearbitrary tremdsthodis characterised by the assumption that the energy demand would evolve at

a constant pace during each year of the planning; the trend is often taken from observation of national
pl ans and rgygeccess ar 6f growth tremmilse For example, for a case study focusing on
India, Nakata and Kanagaianagawa and Nakata 20&ume the total energy demand increases
linearly during the planning horizon according to the expected annual growth of population in the
country, which theyind to be 1.4%rom CIA data in 2015. Suelbitrary trends arfeequently

combined with multiple scenarios of energy demand, in order to include a set of descriptive pathways
that indicate how future events may occur. For example, Fuso Ner{Riusbadkerini et al. 2015)

set arbitrary trends of energy demand growth in the rural village of Suro Craic depending on the
differentTiersof electricity access defined by the World Bautk Banerjee et al. 20milarly,

Domenech et alDomenech et al. 20li#yestigate the current energy demand of a community of

Alto, Peru, with local surveys. They derive arbitrary trends of demand growth from considerations on

t he oOpdreevnet! oo f smal | productive activities and/
((Domenech edl. 2014p. 280). FerreMarti et al(FerrefMarti et al. 201p)r o po s € eanadmid@d w
scenario characterised by constant demand for energy for households, the school and a health centre
and a-de@rma mgdario te comsider a wider fulfilment of the basic needs and possible
production uses. On the one hand, these case studies confirm that relying on multiple scenarios based
on arbitrary trends is particularly suitable in contexts characterised by hahtynoerthe other,

it emerges that arbitrary scenarios do not provide a unique clear estimation of how the demand could
evolve in the future and their use in planning processes requires the employment of stochastic and/or
robust mathematical optimisatinndels, such as the Efased model used Byivio et al.(Brivio et

al. 2017)

SystemDynamics (SD)

Systemynamiqs§D) models are used to capture tioalineabehaviour oEomplex systenmver

time, by relying on the use of causal and feedback relationships. SD models are characterised by stocks,
which are the state variables of the dynsysiem, and their inflows anatfltows (rates), which

increase or decrease the value in the stock. Among the analysed castartigiésen et al.
(Hartvigsson et al. 201&@velop &D model coupled with DERAM energy optimisation tdol
simulatdongterm projections of electricity demandural Tanzania and test t@apacity expansion

strategies on rural migiid o0 p e r a-termredmsomit periognanddeir goal is to analytbe
feedback between electricity availability and i
between the growth in electricity usage and electricity avalakilgydy confirms the advantage

of using SD for modelling complex interactions between differeresoeamic aspects in rural

energy systems. Also Ztighen 19923ppya SD approach to model the complexities of rural energy
demand and develop a model to project the development of the energy supply and demand for a rural
village in the North China.

Extrapolation

The Extrapolatiaechnique corresponds to the method byedalik et akMalik et al. 1994; Malik

and Satsangi 1997n 6 90s to perform the rural energy pla
to 200. The authors provided very few details about the model they employed; they just mentioned

few sources through which they gathered data about demographic, agricultural and livestock
characteristics (call ed 0i tleanusestimates for 2600.Basedvi | | a
on these scattered data, they buiktaorobabilistic distribution for each item, through which they

then extrapolated an expected value of each item for the entireTdistiechniquesas not found

in other casesisties, probably due to the problem of data scarcity, which prevents the use of this
method for rural energy planning.

Input-output (I/0O)

Inpubutputnodels (I/0) have long been used for m@&o@nomic and tedown analysis, with scarce
application to rut@nergy planning, probably because they cannot be employed for modelling informal
activities and nemonetary transactions, due to the lack of reliable data. An example of use is given
by Subhash et §5ubhash and Satsangi 1988p carried out the energy planning for an Indian
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village cluster by developing an 1/0 model. The model adopisdoterial relations for projag
sector scenarios of the economy in the temg.

3.3. Observations from the literature and the way-forward

Fig. 24 summarises the distribution of the reviewed studies across the differentprejectiah
approaches. It clearly emerges that three quarters of the case studies do not consider tifie variation
demand over the planning horizon, weakening the reliability and robustness of the design phase of the
planning, especially for letegm approaches. Indeddk fack of data availability is the most critical

issue that prevents the totality of the shslies from using econometric techniques to fossuhst
projectenergy demand. For this reason, the largest part relies on the use of a fixed demand along the
planning horizon, which is a hwuel unrealistisimplification. This is the case of abaluthe

reviewed case studies that employ théo&k@d HOMER ® software or its improvements to carry

out the electricity planning. Among the case studies with-tarlanglanning horizon, our study

reveals that only 25% of them apply at least one of thmirentechniques for projecting energy
demand. Among these, the most used approach assumes a fixed growth earbitrargatrdind

justified by previous studies, historical trends or specific assumptions, that may fail in capturing the
complexities eénd the evolution of energy demand in rural contexts. Therefore, they are often
combined with acenasibased approachs done b{Subhash and Satsangi 1990; Hiremath et al.
2010b; Ferrearti et al. 2011; Fuso Nerini et al. 2015; Brivio et al. 2017; Mandelli et alhi2017)

is very useful to deal with uncertainties in the demand; nevertheless, theceisasibsed
approachemust be compatibié at reasonable computational effort and &méth the decision

criteria mathematical models employed for the energy planning.

80.0% 75%
70.0%
60.0%
50.0%
40.0%

30.0%
20%

20.0%
10.0% . 2% 2 1%
(]()H:" I I —

FIXED DEMAND  ARBITRARY  EXTRAPOLATION SYSTEM /O
TREND DYNAMICS
Fig. 24 Percentage of energy demand forecastj approaches adopted in the case studi¢ggom (Riva et al.
2018b).

In order toovercome the limitations of the current literatuenengy demand models developing

countries Urban et al(Urban et al. 2007ist the main characteristics of the energy system of
developing countries that should be captured by energy models: the supply shortages, the transition
from traditional to commercial fuels, the role of income digtribuhe urban/rural split, the
underdeveloped markets and informal activities, structural changes in the economy and subsidies.
Moreover especially in rural areas, energy access planning should firstly consider the structural change

in thesocieeconomic dynamics caused by the introduction of new energy technologies, such as the
leapfrogging of economiesghew income generating activities and opportufiglestacharyya and

Timilsina 2009, 201A\sKhandker et a(Khandker et al. 2018)t at e, o0t he dynami cs
el ectripcation are compl ex, i ol Yeedbacki nmechanisrasny  u n d
rural electrification is expected to positively impact new economic and educational opportunities,
which in turn might make electricity and appliances more affordable, increasing the local electricity
demand. Secondly, an appropriabdel for demangkojectionin rural areas must account for the

demand for endse functions and applian{®@aioglou et al. 2012y order to understand the user

value of electricity ugidirmer and Cruickshank 201dnalyse thdrivers behind their diffusion, the

operation and change in use and finally build reliable load profiles. This in turn depends on
acceptability, deepigoted consumer behaviours, social netwiaked diffusion mechanisms,
affordability, elasticitydfte demand, peopleds di sposabl e i ncome
of the stock of available appliances. This is why Sw#8whaland Ugursal 208&jte that bottom
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up enduse approaches are more suitable for contexts thiere is a rapid technological development
as indeveloping countrie this contexilable7 summarises and proposes the need to move towards
mahematical approaches and instruments able to capture both the technical ane toa@miio
related dimensions of energy demand evolution.

Table 7. Socieeconomieand energyelated dimensions of energy demand evolution ircoataxts.

Economic dimension

- Considering the informal activities/economies that may bias available aggregate datddrbarceirs.
2007)

- Considering income distribution and inequity among users, who may behave differently amon
socieeconomic class€slrban et al. 2007%ince energy transition is highly depengerihe financial
resources of people and their capability to mobilise#idlserg 2015)

- Modelling the new income generating activities and possibilities driven by more reliable acces
(Bhattacharyya and Timilsina 2009, 26a0¥idering that where the majority of people live below or
to the economic poverty line, the potential for beneficial dynamics between electricity access
business and industrial development is very lifAiddlstbrg and Hammar 2014)

Social dimension
- Modelling the urban and rural demand separately, since people have different needs andUrtvastr
et al. 2007; van Ruijven et al. 2011)
- Considering also nanonetary factors that may influence the users, such as past experience, so«
and trusthased information and perceptions of quality, satisfaction ahdetwaiak(Chakravorty et a
2014; Hartvigsson et al. 2019jrAé&t al. 2016; Rai and Henry 2016)

Energy dimension
- Modelling the demand for ende appliances followinga@ttomup approackDaioglou et al. 2012)
- Considering the oOouser choiced of fuels wersh
(Urban et al. 200@specially for energy for cooki@@meron et al. 2016)

All these aspects confirm that rural energy demand is deeply linked with {beosocic
development that electricity use can bring in a local context. Thee@igrable to understand and

model aspects and dynarbiekind suchexus betweeglectricityand aévelopmentan lead to more

robust energy planning and solutions in rural E@asver, while the relationship between electricity

use and development isolam from a macroscopic and macroeconomic point of view, the local
dimensions of the electriedgvelopment nexus fural contexts are not completely captured and
characterized. Indeedcarding to Matinga and Annegashen referring to local rural cenis,

0si mple deterministic relations between electr
r e a l(Matingadand Annegarn 20f8) 301)AlsoAhlborg(Ahlborg 2015¢onfims the presence

of multiple interfaces and feedbacks that shape outcomes in electrification processes. The literature
also suggests that the nexus between electricity use and ruegiosooic development has

dynamic components, meaning that the nexhaiacterized by complex feedbacks that can reinforce

or balance impacts over tirfidlsrud et al. 2011) K h a n(Kh&ndkerdes al. 2013judy of
Vietnamds rur al e«leanptlri ifp east ihorw pr dgrriamuous cir
as signipcant investments i n ot h\ezrwatersupply, i nfr a
roads, health and education) and rural electrification contributed to greater educational attainment,
more business opportunities, and higher income, which in turn improved the affordability of electricity
and appliances, leading to inorease of total electricity load and more investments in rural

el ectripcation. K(Kanagalva and Nakaaa208@pgdsthat elestrification,e r s

if supported by enabling complementary actions, can lead to positive feedbacks on future electricity
demand in a rural context.

For all these reasons, a first step towards the development of a more appropriate rural electricity

demand modelnan-depth understanding and conceptualisation of the eledeigtppment nexus
is advised, which is the aim of the @hpter
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Chapter

Electricity demand and socio-economic
complexities

We will make electricity so cheap that only the rich will burn candles
(Thomas Edison 1879)

| f | had a rich man in front of me , | WO |
wake upased on theligim
(Anonymous Namibian breeder)

Current subsidies to fossil fuel from governments are worth around half the funding needed tc
the global energy access gap, to double renewable energy and energy efficiency rates
(International Institute for Sustainable Development 2017)

In order toinvestigate furthethe complexitiesbehind the evolution of rural
electricity demandyis chapteundertakes a comprehensive and extensive analysis
of the peereviewed literature on electricity access and its impact on rufal socio
economic development, and vice vérsantributes tdbjective byinvestigahg

the socieeconomic and technical cdexities which involve theexus between
electricity demand and developienivell aby setinga basis for the modelling of
electricity demand in rural areas and, hence, the plarofiagriefmini-grids The
analysis is carried out by developinghggal causabop diagrams that allow to
capture, visualisgnd discuss the complexity and feedback loops characterising the
followingmultiple dimensions tifie electricitglevelopmenbexusincome generating
activitiesnarket production and revewsedold ecoriooay health and population
educatioand habits and social netvildriss chapter is based on the following
publication

Riva, F., Ahlborg, H., Hartvigsson, E., Pachauri, S., & Colombo, E. (2018). Electricity
access and rurdévelopment: Review of complex secionomic dynamics and
cawsal diagrams for more appropriate energy modeliimgrgy for Sustainable
Developmet8, 20223. doi: 10.1016/j.esd.2018.02.003.
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4.1. Bectricity access and rural development

41.1. State-of-the art

Reviews studies of the seemnomic impacts of rural electrification in developing economies started
emerging in the 1980s. Within the context of the InternatidrairL@ffice's World Employment
Programmeds research, Fl uitman published a worl
literature on rural electrification, its effects on rural industrialisation, and its impact on such socio
economic objectives @mployment and income generation. The paper concluded that the socio
economic benefits of providing people with access to electricity in rural areas seemed to be
overestimated. Al so, he saw a need f ofrurabmor e | i
electrification programmes (pg. v ) O -ofiented ma X i mi
investments. In more recent years, other review papers on thiavegeepublished both in the

grey and scientific literature. Among thelgjeegture, many courtryr region specific reports and

evaluations papers are from donor organizgttdodd Bank 2002; Khandker et al. 2009a, 2009Db,

2012; UNDP Asi#acific 2012)The first chapter inthe joint GES MAP st udy OProduct.i
Energydéd (PRODUSE) is a review of the (Atigghact of
and Mayeffasch 2013)Their main conclusion is that, despite a growing body of literature that
indicats positive impacts of electricity logalproductivity, the magnitude of stictpacts is highly

country and contexspecific.The Independent Evaluation Group (IE@)dependent Evaluation

Group (IEG) 2008)of the World Bank Group published a document, which reviews the
methodological advances made in measuring thecmo@nic benefitsf rural electrification on

local communities in leincome countries. They conclude that electrification can have positive
impacts on local communities, in terms of growth of local income generating activéemgnts)e

educational and health impements, but such results lack a quantitative scientific ebace

In the scientific literature, reviews examine the cumulative evidence base as well as the methodological
basis for measuring impacts. The survey by Q@atlrk 2010jocuses on the causahtinship

between electricity consumption and economic growth at eewstnby investigating papers that
employ econometric approaches to find relations between ratasabDomestic Product (GDP)

and electricity consumption indicators. C@dok 2011yeviews the literature on the role and
relation of electricity infrastructure in rural areas on economic growth and social development. Brass
et al.(Brass et al. 201&ffer a comprehensive review on the main outcévies short and long

term economic, educational and health implicaiohglistributed generatididG) projects and
programmes in developing countries. perr&faff et al(TerraporPfaff et al. 2014valuate the

impact and the sustainability of 23 satalle renewableergy projects in developing countries,
suggesting that the majority of the projects had positive effects on sustainable development.

The existing grey and scientific literature focus mainly on how rural electrification and electricity use
affect local sogieconomic development, while the reverse feedbacks are not systematically explored.
The aim of this chapter is therefore to boildhefindings of the previous revievy addingn

analysis dheconsequent feedbacks of saonomic developments electricity demanthdeed,

the electricitglevelopment nexus is characterized by complex dynamic interactions, feedbacks, and
behaviours. The understanding of such complex interactions requires therefore a more comprehensive
investigation, which aimsatal ysi ng #dlkee ed @lpanetnti cniexyus 6 as a sy
of possible unidirectional correlations between multiple dimehis@mredectricity use and access on

one side, and soegzonomic indicators on the other.

4.1.2. Rationale and methodolo gy of the analysis

78 peereviewed articlese reviewedsing Science Direct editorial platform and Scopus databases
Fig.25reports the main sources, highlightingntitidisciplinarityf the topic Only casestudies

(and reviews of them) that report and discus$sgth qualitative and quantitative findings about the
nexus between electricity consumption and -eoocitomicdevelopment at a local levake
consideredin accordance with Brass e(Bitass et al. 2012ey paperandreports produced by
intergovernmental organizations, NGOs, donors, amtrgoent agenciese excludedincetheir
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active role in electrification projects and programmes might have biased the reporting of results and
potential failures. The only ex(bleagowwvsiebah20033 r epr €
which covers an unusually wide range of case studies of rural electrification and reports quantitative
data.Sudies that only cite anecdotal evidence from other sources, as well as paperth#iat limit

focus to feasibility studies, ebehefit analyses, and prospective stadéesxcludedn terms of

technologies, the local electridityelopment nexus evaluately considering the implementation

phases (viz. material supply, constructantup) as a given.

= Annual Review of Environment and Resources
Energy
Energy Economics
Energy for Sustainable Development
Energy Policy
Renewable & Sustainable Energy Reviews

= Renewable Energy

= World Development
u Others

Fig. 25 Journals in which the reviewed papers were published [frofRiva et al. 20183)

The main findings are discussed and synthetizeepi®senting theomplex soci@conomic

dynamics through caukadp diagrams that highlight the reinforcing and balancing relations between

the main variables characterising the nexus. [Bapshhgrams are conceptual models to represent
complexsystemsand therefore they include variables thaheamingfol people(lLunaReyes and

Andersen 2003Jhe \ariables in each diagram represent the differeasegts of the electrieity
development nexus mentioned in the literature. The arrows indicate the causal relationships; the
positive 0+6 signs on the arr otwtbke caugedan m@ease t hat
in the variable at the tail of the arrow causes the variable at the arrowhead to rise above what it would
otherwise have been, in the absence ofddan i ncr
polarity of the arrowseans that if the cause increases then the effect decreases.

From the literature, only two main dimensions of the nexus emergedaciddryy are analysed
separately1) heeconomic dimeasib(R) thaocial dimengionthese two dimensions, swdxuses

are identified, each one analysed with a separatdocgusadusal loop diagrams are usually
developed through group modelling, or through the employment of already known systems archetypes
(e.g. theLimits to Growdinchetype), or through sabncepts found in the literature. In this analysis,

the causdbop diagrams for each soéxus are derived from the review on the eleetricity
development nexus, following thiéseativesteps:

a. Listingthe principalvariablesnentioned in the literaturelated tahe givensubnexus (e.g.
Freetime, Productivity, Income, Business, Electricity Use;Nseaalim Enterprise, Time for
working, Energy demand);

b. Groumgwords with the same or similar meaning in one variable with the same name (e.g.
Business, Smalledium Enterprise = Income Generating Activity);

c. Linkingthe variables through arrows with positive or negative polarity by extrapaating t
from direct quattions fromthe articlése . g. O Access to electricity
the use of electric tools and equipment, thus increasing productivity per(iarkeef al.
2009) p g . givis2Ele@rica appliance avail@ditibess to electriofy ..} Electricity
demardo el ectri c t ol Rrodactivltyo pgodpmenvd)y per wor
iterative processnce each quotation can suggest a new link or a new intermediate variable to
add until convergence to a final diagram that is coherent with all the information provided by
theliterature

4.2. Economic dimension

The nexus between electricity demand and |lacedneic development develops over time. In the
following, three main sutexues through which economic development might impact on the
structure of a local rural economy and future electricity demsaddscussedi) the nature and
amount ofincome gatieg activifiég production and reyande@ii) changes to theusehold economy
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4.2.1. Income generating activities

The term income generating activities (IG#$grs toall business activities and smaitium
enterprises (SMEs) that provide agrersith a regular or irregular célslv by selling goods and
services, regardless of the type of the business, the size or the location. The potentially positive
dynamics between electricity use and creation and spread of IGAs are reported andtexplained a
different analytical levels within the scientific literature. In théecidn, the analysis of these
dynamicdgs organiseéhto three different levels. Firdtjs reported oditerature that indicates a

positive linear impact of electricity useéhencreation of IGAs, but without explaining it. Second,
studies that report some causal reasons behind such potentiahriengesciussednd thirdthe

literature that cover nexus dynamics including feedbacks between creation of new IGAs and electricit
consumptions discussed A's
farm enterprises] 1income
subsectionthemechanisms that hinder a positive dynamithaisdggestions made by scholars on

expressed by Rao,

how to enhance the development of rural |I&#&discussed

The majority of papers simply state that access to electricity brings about an increase in local IGAs,
especially the electrigigtiant onesThis portion of the literature lacks description of the complexity

of the nexus, as summarizedaile8.

Table 8. Examples of impact of electricity

Reference

Mentioned impact of electricity use on new IGAs

Ravindranath et
(Ravindranath a
Chanakya 198

R. Kumar Bose e
(Kumar Bose et al. 1!

B. Bowonder el
(Bowonder et al. 1¢

Cabraal et @Cabraal €
al. 2005)

Gibson and Olig@&bsor
and Olivia 201(

Mapako and Pras
(Mapako and Pra:s
2007)

BastakofBastakot
2006)

Prasad and Diel
(Prasad and Dieden 2

Peters et(@eters et
2011)

Jacobs@acobson 20!

Adkins et alAdkins et
al. 2010)

Kooijmavan Dijk anc
Clanc{Kodmarvan
Dijk and Clancy 201

Access to electricity supported the creation of electric flour mills in Malanganj and |
Indian villages

Access to electricity led to a 20% increase in business activities in three villages in E¢
Pradesh

Access to electricity led to the creation of repair and serving shops and village ente
enterprises such as movie tents and community televisions (TVs) in eight rural coimn
India

25% of householdgith electricity operated a home business in Philippines, compared
15% of households without electricity

Households connected to electricity increas@dptirticipation in nefarming enterprises t
13.3% in rural Indonesia, with the percentage of enterprises operated by rural house
higher after access to electricity

Results of the surveys on 73 samabrprises in the south west of Zimbabwe are reportes
all the types and number of activities that were created after electrification; the total r
employees in these areas is reported to have been increased by 270%.

The Nepalese areas served by the Andhikhola Hydroelectric andeRuifeddEion Centre
(AHREC) experienced the creation of 54% more rural industries after electrification,
600 more employees to have an income.

Data from South African national surveys suggest that somewhere betwarah 38%% of
the increase in small, medium and nrenterprises uptake is attributable to the gridubll

The creation of electricitye | i ant prms in regions wit
positive eff ePetervetal BOUdg78%).r i pcati ono (

48% of the households interviewed in rural Kenya reported that the use of solar ¢
supported some workr incomerelated activities.

98.1% of adopters cfolar lanterns in Malawi reported that the use of solar ele
supported some workr incomerelated activities.

25% of households with electricity operated a home business in Philippines, compare
15% of households without electricity

At a second analytical level, some papers analyse the benefits of electrificatitoyraenémp
generation (related to construction, service provision and electricity use) in more detail by discussing
the causal relations between access to electricity and the operation of rural economies. First,
employment opportunities arise from the creaticew electrical infrastructures needed to satisfy

othe causal
i s(Rao 8013).I1585X Last,annttds b ot h

ef

on

local electricity demand and with the spread of new appliances and devices. In the causal diagram

representing the dynamics between electricity demand and-igs26),(this positive relation is

58



Chapterl Electricity demand and seeiconomic complexities

represented by the link betwéeh e c t r i ¢ i grig systeammedated orghiiz&tibris Btisdies

such as those by Kumar e(liumar et al. 2009nd Somashekhég@omashekhar et al. 20@port

the creation of organizations in charge of manufacture, installation, operation and maintenance of new
power generation infrastructures in India. Biswag@isahs et al. 200%uggest that the operation,
maintenance and administration activities of renewable energy technologies can bring positive impacts
on the rural employment rate in Bangladesh. Second, an effect of rural electrification is the freeing up
of time thanks to the use of electric appliances and services (instead of manual labour), especially for
women who can use more time for home produ@Borgan and Sadanand 2013; Khandker et al.
2013)and market activitig®inkelman 2011)The time savings allow for the establishment and
extension of IGAs as mentioned(Bastakoti 2006; Mulder and Tembe 2008; Kumar et al. 2009;
Gurung et al. 2011; Sovacool et al. 20h8 dynamics is represented through the pdsigieeicity

d e man dt id md r dginkd. Bnally, DinkelmgDinkelman 2014ihdicates that South African
electrification affected rural labour markets also by facilitating new activities for men and women, who
started producing market services and goods at home through the adoptiarezftrical appliances

(e.g.food preparation, services requiring electric applidmuesiiveE| ect r i ¢ al machi nes
IGAsIink.

At a third level of analysis, some literature deteamane depth and investigates the propensity to

establish new activities, invest in and extend IGAs, and the related feedbacks on electricity demand.
As already highlighted, the possibility to use electrical devices makes new activities possible and for
pele to invest in: telephone booths, shops that produce and sell yoghurt, fre@irdibinks al.

2009; Sovacool et al. 2QliBgcream(Bastakoti 2006pffice supporserviced e.g. faxing, word

processing, photocopying, printing shops, computer deemest al. 2013) energy stores, laundry

services, hair dressers, photo sty@iastakoti 2006; Shackleton et al. 2009; Peters et ak@011)

mills, welder@Peters et al. 201¢)llage entertainment enterprises such as movie tents and community
TVs(Bowonder et al. 1985; Bastakoti 2@@6) storefBastakoti 2006; Matinga and Annegarn 2013)

0 the positiveE|l ect ri c al appliances a\lirkiRelatdditol thist the ¢ Pr o
diffusion and use of new electrical appliances and machines both require and allow the establishment
of new small business activities that can offer regular maintenance and chargingleenodys (
demand ¢ L oendcksasmepdrtedtfoe miral iEritr@dabsetsion and Tsighe 200l

(Sovacool et al. 20XB)oharil and Kulkarni 200@)leadows et al. 200ahd IndigBowonder et al.

1985) The presence and availability of local maintenance, in turn, eagoemplgeto invest in

electrical machines for starting new income generating activities, because of the easy access to repair
servicegCook 20119 positivel GAs ¢ Loc al ma ipretnesn @ nyc et 0s eirnvvi ecsets
mac hi nes an deinfdréng iogpeThus,fcausalGdaionships are identified between the
generation of new IGAs, development of maintenance services, people's willingness to make
investments in electric devices arathines and further growth in electricity @hdGAs ¢ Loc al
mai ntenance services ¢ Propensity to invest ¢ I

What the literature also highlights is how the decision to set up a new business activity is highly
dependent on the financial resources of people and their capability to mobi(iziedideses et al.

2003; Ahlborg 201B}his is the reason why income increases from businesses or employment favour
especially rich and middle incomeskboldgJacobson 2007; Cook 2011; KooijwenDijk 2012;

Khandker et al. 2013; Matinga and Annegarn a@diJ)crease economic inequality. Investment

barriers often hinder poorer households from starting small busineSses( ¢ | ncome i negq
Access to financial L.afgtal consequence, income is a pivotal driver of the decision to invest in new

IGAs andnew electrical devices to support businé@besng and Evers 201Therefore, increasing

the income earning opportunities and reegnor reducing cosigor a larger part of the population

0 related to electricity use has a direct positive feedback on potential new investments in productive
electricity deman@Ahlborg and Sjéstedt 20ibjhe positivd GAs ¢ Average | ncome
financi al capital ¢ Pr o p e feasdbackyoklécwicity demaedst ¢ E | e

Importantly, a significant portion of the literature is sceptical of the positive effects of electrification

on the establishment and expansion of new (Stganovski et al. 201The main reason provided

by these studies is the high poverty and inequality level, which usually characterizes these contexts. As
stated by Ahlborg and Haran{Ahlborg and Hammar 2014} long as a majority of people live

below or close to the economic poverty linepdbential for beneficial dynamics between electricity
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access and local business and industrial development is very limited. Alazraki giidazce!lip

and Haselip 200m@port that only 3% of people interviewed in rural provinces of Jujuy and Tucuman,
Argentina, stated that access to electricity througiowdfed SHS allowed them to start a new
business. Kooijmaran Dijk and Clancstate that employment opportunities as a consequence of
access to electricity in Bolivian, Tanzanian and Vietnamese villages consist mainly of flexible and
ounpaid invol ve me KooijmarvanfDikrandIChancyn?@1i & Leazéet al.

(Lenz et al. 201Mdicate that the majority of rural Rwandan households they interviewed were still
farmers after electripcation, withicatonn@Gnegni fi c:
of the most recurrently identified obstacles to the expansion of rural business is the lack of a dynamic
local markefNeelsen and Peters 2011; Kooijveam Dijk 2012; Baldwin et al. 201&3ding to the
ocrowding out ef f e theaeatorof nevl&Asehatis foltowed by sthgnations , i
or economic losses amomgady existing IGAKooijmanvan Dijk and Clancy 2010; Peters et al.

2011) or a reduction of wages due to an abundance of labour supply over laboufDRiakeinthn

2011) This effectwas representetirough the positive link GAs ¢ ¢ wioick dagatively o u t
affect theAverge Incowariable. In some contexts, the lack of credit for investment in new electrical
equipment and grid connection represents a barrier totipeo$eiew activitigBhattacharyya 2006;

Grimm et al. 2013)For example, some entrepreneurs in rural Benin could not electrify their
manufacturing processes because of the high cost for changing to more moderndebestricity
technologie¢Peters et al. 201Bnd more than three quarters of entrepreneurs interviewed in two
rural communities near Lake Victoria in Uganda sagtithabnnection has too high a brea&n

point on the return on investménhteelsen and Peters 20Pgters et glPeters et al. 2009)ggest

that when there is a singlerson business, electric machinery may have an hourly cost higher than
human labour. This confirms that the lackaifess to financial aiiptalirages people in setting up

or modernizing their HRrapensityteimmbsconsequently thie tiffusiomd uc e s
of newElectrical machines and @ibeidesision to start a new activity and the consequent expansion

of IGAs is also sometimes limited by the low quality of electricity supply (the Pegyativareliability

® Pr op e n dinkt Gibsan and OlivigGebsoh and Olivia 2018@port that households in
Indonesian villages, which never suffer blackouts, have an average of 1.3faraneentrprises

than in villages with frequent blacks.

In order to overcome such barriers, several papers propose some complementary activities and actions

to enhance the positive impact of electrification on the development of new IGAs, especially where

no business 0stemmed (Matngarmandéhnegarh R0pF)209). Ahisio n i t s €
espedilly important in order to support women entrepreneurs who in many countries find it harder

than men to mobilise financial cafiilis et al. 2007These exogenous activities are represented

through dashed red arrows in the diagraRigoR6. Facilitating access to credit and finance is the

most common recommendati@iswas et al. 2001; Bastakoti 2006; Adkins et al. 2010; kgaijman

Dijk and Clancy 2010; Gurung et al. 2011; Peters et al. 2011, Brass et al. 2012; Baldwin et al. 2015)
since it allows peoplegetup new IGAs, and facilitates a regular-tagh which in turn helps build

financial capitgBastakoti 200@micre r edi t s ¢ A c c).eSeveral stadi¢Bastakoi n c i a | |
2006; Cook 2011; Kooijmaan Dijk 2012; Sovacool et al. 2013; Baldwin et al. 2@@thirage

stimulating the delopment of local markets and demand to decrease the crowding ootaftett (
stimulation ¢ Mankemddéemame ag ecpewpil emdsowt | | i n
opportunitiesrha r k e t stimulation ¢ M8, rakdedissendiratngneds ¢ Pr
technical skills through educational activities, business and manufacturing training for supporting the
start of new IGAsqapaci ty B Providihg access o adcezgilbde roadsf(r ast ruct ur
Market demarsl also rantioned as a complementary actjidisubi et al. 2009; Gibson and Olivia

2010; Kooijmaivan Dijk and Clancy 2010)

Fig. 26 represents the dynamics described above, highlighting the positive and negative feedbacks
among variables, as well as indicating the complementary activities and conditions that positively
erhance the dynamics. The diagram indicates that the propensity to inveaseat@yecting the

growth of future electricity demand and the creation of new IGAs. Further, the diagram shows that
peopl eds propensity ttheeirfinanviatadacithesavaifalolity oftelecrie | v af f
machines and a local reliable maintenance service, and the growth of local market demand for goods
and services. In particular, in case of investments in an eleslidoitypusiness, thep r o g®N s i t
invest 6 variable signif i es-IGAspasWwell ashnereasetl demdnd of n e
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from existing electricity consur@As that expand their business by investing in more appliances

and machinery.
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Fig. 26 Causalloop diagram representing the dynkamibgtween electricity demand and IGKsom (Riva et al.
2018a)

4.2.2.

The second sdhexus between access to electricity andreamimpacts is through local market
production by IGAs and local revenudee potentially positive dynamics of electricity demand and
market productioare discusseatrough different levels of analysis. Firs,reported o literature

that indicatea positive potential impact of electricity demand on the productivity in local markets.
Next, studies that analyse the impact of electricity use on the localaredistaissailviz.the

effect of electricity demand on madeanarahdsupplyn the case of literature reporting low or no
impacts, some complementary activities from the literature that might enhance the benefits of
electricity on the operation of local markeg¢shighlighted=inally the feedbacks identifidd the
literaturebetween local market production and electricity deararaiso reviewed

Thef i rst | evel of | iterature analysis
productivity, especially in new electrreliant businesses, as exemgplifidableO.

Market production and revenues

suggests

Table 9. Examples of impact of electricity use on market production and revenues.

Reference

Mentioned impact of electricity use on market production and revenues

Ranganathan ¢
RamanaygRanganathi
and Ramanayya 1¢

Meadows and K
(Meadows et al. 2C

Peters et(@®eters et
2011)

Kooijmavan Dijk
(Kooijmaran Dijk
2012)
Gustavss@Bustavsse
and Ellegard 20(
Gustavsson 200

Cabraal et @Cabraal €
al. 2005)

An extra kWh of electricityenerated an incremental surplus of agricultural producti
Indian farmers

In India, energintensive enterprises that obtained access to modegy @ckievec
enhanced income levels 04806 more than enterprises that did not gain access.

In villages located in Northern Benin, the profits of connected firms were considerabl
viz.73.8% higher (statistically significant at the 5% level), than thoseafmeeted firms
and this is especiallyérfor electricityeliant firms.

I't is found a positive relation betwe
income from enterprises in the Indian Himalayas, although electrigitgdasidered the
definitive solution to poverty reduction.

In Zambia, lighting in the evening could improavecth e r s 6 |
extra income by teaching in the evening.

ncome, en

Households managing small cottage industries in rural Indableeieincrease their da
income using electric lighting to extend their productive hours after nightfall.
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The studies that focus on the dynamics behind
revenues suggest that access to ele@nidityse may positively or negatively impact local markets by
affecting locaupplgnddemaraf goods and services.

Market demand

Focusing on local market demand, the number of consumers for a given business may increase thanks
to the increased usea@mmunication devices and advertisenf@éatebson 200{8lectricity demand

¢ Communicati on J €ommeneation@eviddae.g.Kves,tradiad andnphonds

may also introduce changes in aspirations and expenditures of rural hoietiodds and

Annegarn 2013pr goods and services, diversifying purchases and lesafiteytp shop locally

rather than elsewhgi@hackleton et al. 2008eelsen and Petdideelsen and Peters 20feort

that electric lighting and the consequent increase in perceived security attraciedysooeners

also during the evenings in rural Uganda. Kirubi (&iralbi et al. 20099nd Kooijmarvan Dijk
(KooijmanvanDijk2012s uggest that el ectric appliances all
El ectricity demand ¢)amdrpmductiontandbprusalling of new grodiMta r k e t
Electricity demand ¢ )Rvhichchuattract monercansumdrsiooincrease Mar k-
the demand parapita, with positive impacts on local production and the consequent rédamkees (
demand ¢ Goods/ segrvilmed hssl cdopttt ,r Pedreueass et
extent that | ocal consumer ds p ureliantraasdfantgersp ower i
existingnow el i ant manuf actur er s ar (Petersietiale2Dl). A778), s uf f er
increasing inequalitylultiple studies report that such increases in the demand for products and
services in turn causes an increageide, due to market equilibrium rydeadows et al. 2003;

Cabraal et al. 2005; Sovacool et al..20d®&ever, this conventional equilibrating market mechanis

does not always appear to apply in developing ecod@siBsinum and Sal{Barnum and Sabot

1977)report for Tanzanian rural markétsvhich raises questions about the actual impact of

i mprovements in products® quality on the price

Market supply

On the productiorside, tiere are four mechanisms whereby electricity use can have a positive impact:
(i) enhancing communication, (ii) enhancing work productivity, (iii) enabling longer work days, and
(iv) decreasing enemgyated costs. First, communication devices help imgeafficiency of

business activities and the related market revéhties ¢t r i ci ty demand ¢ Com
Product i on e fihcFRige2i).eCabrapl et@flCaNraal et al. 200®poruthaistheise of
telephones in rural Thailand enabled farmers to regularly check prices in Bangkok and significantly
increase their profits, while the use of the internet by Indian farmers allowed them to obtain current
information on market prices and good farngpregtices, and consequently order appropriate
agricultural inputs. Jacobs@acobson 2008lggests that Kenyan owners of business activities
benefited from receiving regular business information via television and radio, while the use of cell
phones helped retail shops and other sen@&ed businesses to place orders, make business deals,

be in contact with their clients, and finally increase sales. This positive outcome of electricity use for
productive purposes has been highlighted also by Khandkgttetradker et al. 201f8)y Vietnam.

Second, the use of electric machinery and appliances can help increase prodhetivitynber. of

products and services that anmamige can supply in a given time period, which in turn increases the
supply of goods to the local market. However, if the demand stays equal, it generates a drop in the
price of goods, which can be offset by an increase in the volume of sales maithg) (@te femtlype

of product/service), in turn increasing revendds é ct r i ci ty demand ¢ Produc
Goods / ser vi ¢ Kisubi st@ll(Kdubidet alN2009epore thatethe isrmadinedium
enterprises in a communditgsed electric miegrid in rural Kenya experienced a significant increase

in revenues in the order ofd80%. Kooijmarvan Dijk (Kooijmanvan Dijk and Clancy 2010;
Kooijmanvan Dijk 2012)ndicates that, when the marttemand is high, tailors that used electric
sewing machines were able to increase the productivity by two to three times more than the average,
while grai millers reported processing larger volumes of grains per day. The increase in demand for
higherquality products and services supplied by the use of electric machinery may enable sellers to
fetch higher prices and increase revéMezmdows et al. 2003; Kooijmem Dijk 2012Sovacool et

al. 2013)0n the other hand, an increase in productivity brought about by access to modern machines
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may decrease the need for human resources, causing a decrease in the employment rate and individual
revenues (the negatiler oducti vity ¢ Hu mafeedbdcldg:bMeadows ¢t alAv er ag
(Meadows et al. 20G8)port that in rural Indonesia, the introduction of a wind power pump reduced

human labour input by a factor of 10, from 1040 to 100 hours.

Third, access to electricity may improve sales and businesses by extending operating hours thanks to
lighting(Alazraki and Haselip 2007; Mishra and BeheraBd1l@& c t r i cH vteyn idnegmawodr kp t i
Market supplyMeadows et gMeadows et al. 20G3ate that the introduction of batteperated

lamps in rural Bangladesh allowed tailors to work for four more hdureaby increase their

revenue by 30%, while rice milling activities were performed during 7 to 9 p.m. in Hosahalli village
(India). Agoramoorthy and H§&dgoramoorthy and Hsu 200@port on the experience of some
households in India, who suggest ldnatierns provide opportunities to expand business and allow

more time to work at night when compared telfaséd lighting sources. Jacol§dacobson 2007)
suggest that |ighting in the evening can benef.i
in Kenya, enabling them tade papers, plan evening lessons at home and earn some extra money.
Similar increases in productive hours during evenings are reported by Kom@gsmetsl. et al.

2011) who report that households in the rural districGomilla, Kishoreganj, and Manikganj in
Bangladesh extended their working hours by about two or more hours in the evening, while 56% of
connected firms surveyed by Peters @Petlers et al. 200@) Coparg (Benin) declared working

longer thanks to lighting that extended their daily operating hours. The same effedigbfingght

was reported by Chakrab&@hakrabarti and Chakrabarti 2004%) Baldwin et alBaldwin et al.

2015) who indicated that, in Sagar Dyviestand in West Bengal (India), shopkeepers and workers
engaged in handicrafts extended their working hours in the evening. The increase of daily working
hours is especially common for commercial activities located in residential areas, where ghe demand i
higher(Neelsen and Peters 20Kipps and barbe(Meadows et al. 2003; Kooijmeam Dijk and

Clancy 2010prnd restaurants, whose increasing in operating hours has a direct impact on revenues
(Kooijmanvan Dijk 2012)

Several papers are also sceptical about the positive effects of electrification on the extension of
operating hours. For example, Adkins éAdkins et al. 2016date that less than 10% of solar lantern

users experienced exgedh business opportunities by working more at night. In rural Indian
Himalayas, only half of entrepreneurs with access to light worked regularly in t{ evgmag

van Dijk 202), because of structural barriers, such as distance from main roads or time limitations of
workers. In some cases, evening light is considered merely a means of guaranteeing more flexibility at
work (Kooijmanvan Dijk and Clancy 2010; Kooijmem Dijk 2012)Moreover, for producing
enterprises, increasing working hours does not result in new consumers, but simply increases
production volume&ooijmanvan Dijk 2012)Sometimes, an increase in productivity as a result of

more efficient machines may even reduce working(Kawignanvan Dijk and Clancy 201@he

negativ r oduct i vi t yfealbagk) Ehese findingswsaggdst thiatitwm determining factors

for increasing night operation may be the availability and reliability of electricity during night hours
(Kooijmanvan Dijk and Clancy 2010; Obeng and Evers Zo#Ohegatv® ower unr el i abi
Evening work tiemdback) and market demavich(r k et demanting¢ Evening wor K

Fourth, there is evidence that the use of electricity for productive purposes may increase profit margins
by reducing the cost associated with other energy reg¢blatatessin and Tsighe 200@lectricity
demand ¢ Traditional sources of enhbBatgggand Energ
Annegarn(Matinga and Annegarn 2018port that some shopkeepers experienced a marginal
reduction of operational costs associated to refrigeration, sirfoeitidegyas more expensive than
electricity. Electricity may be cheaper than diesel for running machinery, as evidenced in Mawengi
(Tanzania), where electric milling machines si
in comparison to the prieus use of diespbwered machine@Ahlborg 2015)In Vietnam, milling

1 ton of rice with diesel costs at least four times more thaimdpelestricityviz.US$ 2.6 against

USS$ 0.6(Kooijmanvan Dijk and Clancy 2010) the Syangja District in the western region of Nepal,

an electric mill could reduce costs b®® with respect to diegaiwered onefBastakoti 2003)

Sometimes, savings are attributable to a shift from grid power supply-atostad microgrids

(Kumar et al. 200 owever, fuethifting may sometimes cause higkgenditures for the producer

(Power unreliabitityeaseEnergy gost
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As a matter of fact, energyst savings are extremely dependent on the quality of electricity supply,
since unreliable access to electddigyfrequent blackuts, high voltge fluctuations and frequency
instabilityd may negatively impact productivity and cause huge econom{Ktmsigaanvan Dijk

2012)and very low satisfaction with electrsugyply(Aklin et al. 2016as well as the need to pay for

backup energy options like diesel. In rural Indonesia, power supply unreliability reduced the number
of activities operated by each ktadd (Gibson and Olivia 2010¥omers(Zomers 2003and

Meadows et alMeadows et al. 200@)port unreliable energy service as one of the main problems

that entrepreneurs in rural areas encounter. Unreliable or expensive eledtiécibecarcrease the

cost of production leading to an increase in price and consequent decrease of market demand and
sales. Such drawbacks related to service quality and cost may deter entrepreneurs from gaining access,
as in the case of rural Ugaidaelsen and Peters 2011)

In light of thediscussion above, factors and feedbacks that explain how electricity use can either
positively boost, or have a little impact on, economic production at the locah lbgetentifiedn

order to enhance electrigigfated productivity, the literatundicates the need for complementary

activities and certain preconditions. First of all, reliable electricity supply is a key factor for enhancing
the productivity of smadlcale operators and rural enterp(iSkesdows et al. 2003; WeRigfael

2005) highlighting the importance of appropriate operation and management aapipitesigte

O&M of power systamreducBower unreliakalitgt in turn decrease the negative effect ofabilig/i

on ProductiVitySecond, access to favourable credit terms can support the decision of local
entrepreneurs to adopt new electrical devices, and therefore increase their (Badtekioth 2003;

Peters et al. 2009; Kooijmaan Dijk and Clancy 201fjicre r e di t s ¢ )EAsesmihablé ci ty d
increase in production requires an accompanying increase in markefRiararat al. 2009)so

in the evening&ooijmarvan Dijk 2012)To facilitate such a development, other infrastructures such

as roads and telecommunications need improvements, as these can reduce transactions costs and make
rur al I GAs 0 esoumipgeof hudinesg services andymid destined for the lucrative

ur ban rkdrubkeeal. 2009). 1219)i(nf rastructures ¢ MarFeret dema
example, Lenz et lenz et al. 2017@port that in rural Rwanda, only rural communities located next

to a main road and frequented by casual customers from outside experienced a net increase in income
through sales of improved services and goods. In this comgagitydauilding plays an important

role in supporting entrepreneur s@avaciialy Dhkiill Id:
Production effidieang technical skills to innovate and sell produasp(aci ty buil ding
innovatip(Basakoti 2006; Kooijmawan Dijk 2012)

Given the social, economic and geographical conditions of poor rural areas, the major impact of
electricity use on |l ocal economies occurs when
incomes. Improvedcaess to financial capital may result in a positive feedback on local electricity
demand, enhancing positive dynamics at defiigt) where net revenues can be invested in more
electrical machineljétr evenues ¢ Aver age tianl c opmeE | ¢pe)oftiorciecsist yt o
extending operating hours and business opportulNéés ¢ v e nu e s  ¢). AVpagitikee t SuUpCFf
feedback can develop also at housdéedd if more income allows people to increase their
expenditures, boosting the markehaled for (new) goods and services, which in turn provides
households with further opportunities to reduce costs and make (Koogyanrvan Dijk and

Clancy 201Q@}he reinforcing loop describedhy er age i ncome ¢ eMreskodt de mq
® Net r evenué $he hnankial status of Emmilies i€ sopimatal parameter to consider for
modelling their willingness to increase electricity load, especially in terms of appliance ownership. For
example, Aklin et §Aklin et al. 2015uggest a positive relation between income and electricity access

by deriving econometrically the rel aiifann bet we
household has access to electricity or not) and hours of electricity used per day (for Indian households
living in slums, urban and rural ardds).nexus between household economy and electricity demand
aremore thoroughlgddressenh the nextdedicated sufection of the paper.

Fig.27 presents the causabp diagram for electricity demand and market production and revenues.

It visualizes the dynamics above, highlighting the positive and negative feedback amoras variables,
well as indicating the complementary activities and conditions that may enhance the dynamics (the
dashed red |ines). The main feedback on growth
and access to financial capital.
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Fig. 27. Causalloop diagram representing the dynar\nig between electricity demand and local market production

4.2.3. Household

In the previous sections, a positivpla@s identifiedetween increasing electricity demand, an

[from (Riva et al. 20184)

economy

increase in net IGAs and their sales of goods and services, which in turn can increase market revenues.

Since the feedback of net revenues on electricity use involves domestic access apfinkhisal ¢
bet ween

subsection focuess

pecifically on the nexus

involve different dynamics than that related to business activities alone.

Table 10 Examples of impact ofelectricity use on household economy.

Reference

Shackleton et
(Shackleton et al. 2(

Sovacool e{&bvacool
al. 2013)

Gibson and Olif@Gibsor
and Olivia 201(

Balisacan et(Blalisaca
et al. 2003

RaqRao 2013

Bensch et(Blensch et
2011)

Khandker et @handke
etal. 2013

Mentioned impact of electricity use household economy
Entrepreneurs who invested in small (
benefited from extra monthly sources of income in South Africa.

It is described the effect of itlds mdl2l

horsepower diesel enginesunted on a chassis, to which various components ¢
attachedd (pg. 117), in rural Mal i . T
year Yiz.about $68 in additional revenue per year per family, considering that the
household livesn $1.37 per day).

Income shares of ngdarm enterprises (NFES) are higher for rural Indonesian househol
are connected to the public electricity netwarkbout 3.7% against 2.2%; it is indicated
the quality of power supply has a direct effect on incomeiffoolunctive activities, since tl
share of rural income from néarm enterprises is estimated to be 27% higher for hous
in villages that never suffer blackoBtewer unr el i apil ity ¢

Househol dsd income benef i tfanilies hemeniram G|
activities ) &lOtinpvareentiinraecess ta éldctticity raised income
the poor by only 2%.

Through a multivariate regression, it is estimated that at the village level, access to ¢
of electricity per day might be responsible for 18% higher ifarotnaenected Indian NFE
than nonconnected ones. The study further finds that the expected income for an e
household is 43% higher based on a propensity score matching model.

It is found a positive difference in income between connected atmhnected householc
in Rwandese electrified villages. It is also confirmed a difference in income also
connected haeholds in electrified villages and households-#ledrified villages that the
identity as o0likely to connect to a
significance of the results disappear when regional differences are accosmggeg$ong
caution regarding the finding of a positive effect of electricity on income.

In 42 Viethamese o mmu n e s , household electripca

29% in total and nefarm income, respectively. They found also a substantislespiknefit
to nonconnected households e ct r i c i t-over effestdbankdhatdredespconhe

inequality
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As a direct effect of the dynamics identified in the previous sections, the increase in market production
and empl oyment given by electricity use can boc
in financial inflo(Ranganathan and Ramanayya 1998; Cabraal et dER0O®X) t r i ci ty de mart
revenues ¢ | nc onmeg 28t Takeldrepodsisemeaexampleg fromithe Bterature,

which suggests that access to electricity benefits the household economy, sineeebtettticihg

are more productive than their unconnectaahterparts, in the range of 30% to 78% more,
depending on the context. However, few studies provide statistically reliable estimates with appropriate
intervals of confidence and clear definitions of the baseline used, reducing the reliability of data for
modelling purposes.

Electricity wuse i nipaacalostflowslespenditores. As discissseth io kthd s 0
previousss ect i on, this is mainly due to i mprovemen
new products and services)olwing the modernization of production and other technologies

El ectricity demand ¢ ProduandEl @ecalitctyty dAdemaad
i nnovation ¢ Av)dtrathagte moreacongumers andingreasedhefiameneaisd

for some products and servicdsv(er age mar ket e X p)e $edond, simce s () M
househol dsd expenditures depend on peopleds acc
income has a direct effect on boosting theaddrfor goods and servicAsier age i ncome ¢
financi al capital ¢ Aver pmdeednes Kdoignerandikmedn di t ur e
ClancyKooijmanvan Dijk and Clancy 20Kdate, there must be a willingness téopdlye expected

onewd goods and services p(@Khaddkeceta 20iBdicatedhat | GAs .
electrification in Indiamcreased household per capita food expenditure by 14fdode@xpenditure

by 30%, and total expenditure by more than 18%. Zhang and Samad andhang 201&)port

lower results, suggesting that gaining access to the grid in India is associated with an 8.4% increase in
househol dsd per capita food e xfpodaexgenditwe,anda a 14 .
12% increase in per captital expenditure. Again, these positive results are also dependent on the
reliability of access to electricity and the quality of power $empbr (nreliabilégreaseslarket

demahdzhang and Samad indicate that everpameincrease in powertages may decrease food

expenditures by 0.2% on average, which in turn
results indicate is that increase in househol d
demand,.e.the increase ih ami | i esd expenditures <can in turn

electrification of market production and the use of electric lighting for eveningcaesk {o financial
capital ¢ Average mar ket expendtytdemands ¢ Mar ket

El ectricity use causes changes in peopleds ex
lighting alone, the literature confirms that households experience a reduction in expenditures for
energy use, especially for purchasing keifienel et al. 2015; Grimm et al. 2Q&[Ectricity demand

has a negative feedbacKloaditional sources ofteaerause a reduction Bnergy cost expenyditures

Edwin et al(Adkins et al. 201@&port that in rural Malawi, after the introduction of LED lanterns,

lighting expenditesd all sources excluding the cost of the dévizal fallen from $1.06 per week

to $0.15 per week after lantern purchase. Similarly, Agoramoorthy gkgbkHsuoorthy and Hsu

2009)indicate that after the spread of solar lanterns in Indian Datoct,2éach household saved

on average $91.55 (N63.06, n=100) in energy CO:E
yearly income ranging from $150 to $250. Wijayatunga and Atgiageunga and Attalage 2005)

report that when the cost for grid expansion is borne by the government, households in Sri Lanka are
estimated to pay only $1 per month on average, which represents a relatively high cost saving if
compared to the about $5.4 of avoided cost for kerosene usage archbagiagy Lenz et dlenz

et al. 20D7report that households electrified by-grigknsion in 42 rural communities in Rwanda
experienced a reduction of @hid in their energy expenditures. A reduction of energy expenditures
therefore means an i ncr eiwlshatcan be aloeategfor m@emarket c e s s
or food expenditureE(ner gy expendi tures ¢ Access Yo finar
contributing to a positive feedback on local market production and electricity consumption.

However, the pture changes when the cost of power production technologies dightivan

appliances are considered, with households experiencing sometimes an increase in energy expenditures
after electrificatio(Davis 1998; Bensch et al. 2(Majtinot et al. 2002 | ect ri ci ty deman
cost expendijuv¥gayatunga andtalaggWijayatunga and Attalage 208pprt that for households
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that received a subsidy of about $100 for a solar home system (SHEankaSthe monthly
repayment of the system stood at $8.4 for a period of 5 years, that is, $3 higher than the cost of avoided
kerosene usage and battdrgrging i.e.a little over 15%f their income was spent on the SHS
repayment, whereas the expenditure on kerosene andcbattgirnyg before SHS installation was

only around 10% of their income. Komatsu éKamatsu et al. 201itdicate that househslavith

a SHS spent more in total on energy supply than before, because of the monthly payments for the
system, though the reduced costs of kerosene and rechargeable batteries acéd0% tirtRe

monthly payments. Moreover, kerosene saved by sorabdidsigan represent a source of income

if sold to norelectrified neighbou{Roy 2000Wamukonya and Da{i%amukonya and Davis 2001)

state that Namibian households experienced a marked increase in energy expenditure after
electrification. Indeed, whilst a shift from the use of candles and paraffin to electric lighting may
decrase direct energy costs, the adoption and use of other appliances like irons, refrigerators, TVs,
etg can substantially increase the final energy bill. If the increase of energy expenditures is not
supported by a proportional increase of income, inoge a decrease in market expenditures and in

turn a decrease in market supply and electricity use.

Income, therefore, plays an important role in defining the capacity of people to increase their electricity

use and their willingness to pay for electrigigbayakawa dnKandpal 2014; Alam and
Bhattacharyya 20{A)v er age i ncome ¢ Access) especiaflyinntsatwoci al ¢
main constituents:

- The installed load.The literature suggests that the willingness of people to be connected, and to
buy and own electrical household appliances, depends on their income. In their rural electrification
model, Hartvigsson et gHartvigsson et al. 2018#gfine the potential number of electrical
connections as a function of different secionomic parameters, including the average income
of people. Lenz et gLenz et al. 2018)ate that the wealthier or more modern a household is, the
more inclined it will be to get a connection. In their Residential Energy Model Global (REGM),
Ruijven et alfvan Ruijven et al. 201dnd Daioglou et alDaioglou et al. 201#present the
ownership of household electric appliances, through a logistbdpes) curve, as a function of
househol dds expenditures (considerlodvetan t heir
2008)suggest that the use of electricity byiloame Soutti\frican households is a cbsisd
decision based on income, especially regarding the ownership of electrical appliances, which
depends on prices of devices and peopl eds aff
relation to people affordability is also pointed out by Riaagidson et al. 2006)

- The kWh of electricity consumed.The quantity of electricity consumed is another aspect that
mi ght be influenced b®Woupe a.R00&8ddude thacfar Bauth L o u w
African households the demand for electricity shows edastaitging from between 0.24 and
0.53, depending on the model. Pachauri and Fililippini and Pachauri 200d3ed
disaggregate survey data for about 30,000 Indian households, and conclude that electricity is income
inelastic in the winter, monsoon and summer seasons. They estimate that elasticity ranges between
0.60.64 across the three seasons. T{Navari 2000y erive similar results by analysing the
income elasticity to electricity demand for the city of Bombay, estimating values ranging from 0.28
to 0.40 based on income group. Moharil and Kul@dotiaril and Kulkarni 2008)ggest that
despite the higher cost of electricity, [geliying on Sagardeep Island in West Bengal demanded
more power for entertainment, comfort and developing job opportunities irrespective of their
income level, suggesting very low levels of demand elasticity. Aléikenadt al. 2016)se
nationally representative household data findia, 19832010, and suggest that household
income is not a primary determinant for willingness to pay fayualtity modern energy. Hence,
the literature seems to suggest that electricity is income ingdbgcgluantity of electricity
demande increase less than proportional to an increase in income), since it is often considered a

80El asticity is a measure of a variable's sensitivit
elasticity refers to the degree to which individuals, consumers or producers change theirtide muzuad ot

supplied in response to price or income changes. It is predominantly used to assess the change in consumer
demand as a result of a c ha(mgsgopdada, Ll 2@d)od or service'
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basic need. However, the relatively high positive values estimated (between 0.24 and 0.64,
depending on the context) suggest that an eventual increase in thie stainsmf people would
lead to a rise in electricity consumption of households, although less than proportionally.

To enhance a positive feedback of household economy on electricity demand, the literature suggests

some complementary activitiestoirtcrea househol dsd willingness to b
the recommendations, scholars suggest that electrification projects must be accompanied by
sustainabl e o0cost of connectiono6 po l-shaiinge s , S uc

mechaisms(Sovacool et al. 20X8) covering initial investmeriBmers 2003; Baldwin et al. 2015)

(cost of connectiprcpels ¢ A c ¢ e s)sThetimporfaricen & appropadte tacifs fdilttingol
sustainable payment plankke the prepaid mechanisrtMoharil and Kulkarni 200®)at allow

people to pay up front, sometimes via their mobile phones, which reduces trg@lstagsson

2004 is also highlighted in the literature. Such plans can favour tf@hattacharyya 2006, 2013)

In this context, energy needs of rural comtiiegrshould be considered top of the agenda of national
energy policy making procesé¢sbtetsion and Tsighe 2Q02pthrough a proper regulation on

energy pricing, taxes, $aand product standards on enéBigwas et al. 200Eurther, the literature

advise actors to create awareness among benefcirigs (e ness act i ybytfistes ¢ EI
creating demand for the 0 ses rathérthendor thetechnblabg d by
itself (Mulugetta et al. 200@nd second, involving the local commguanitd consumers, especially
women(Sovacool et al. 2018) managing and operating energy sys&eh#tosi and Pillay 2005;

Adkins et al. 2010; Sovacool et al. 2013; TerRdpfiret al. 2014 omplementary activities, thus,

involve: (a) customer educational progran{®esgacool et al. 2013p) the introduction and
integration of some energy ars® services (e.g. lighting, pumping) into daily routines and practices
(Somashekhar et al. 200@) the implementation of demonstration initiatives designed to create
knowledge regarding electricity (WWamukonya and Davis 20ahj to boost demand for energy
technologie¢Baldwin et al. 20153nd; (d) the support for the widespread ownership of mobile
telephones and accessibility of TVs @éidinga and Annegarn 20{®presented through the
positivesocie conomi ¢ grants ¢ Ac cemangedback). Lastly,anproving ! c ap |
capacity building and access to information ¢kioewy on mechanical and technical matters at the
household levée.g. the basic understanding of the capacity of the Egstavsson and Ellegard

20040 (capacity buil diaswgl ap organizng reliaklecandt cgmpeateatroastorder
servicdAlazraki and Haselip 20@nd ensuring an appropriate O&M of the sysippr@priate O&M

of power syst paresongideddropartamt drivensifoedroiwth of eléctridityydemand.
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4.3. Social dimension

In this section, the complex causalities between electricity demand and social dimensions of local
development are discussed on three main aspects: (i) the dyniacatpoputatand health(ii)
educaticand (iidhabits, living standards and social networks

4.3.1. Local health and population

The | iterature suggests that increasiWolge el ectri
Rufael 2005; Mulder and Tembe 2008; Sovacool et ala2®X3)n impact on local population
dynamicsThese dynamiese discussdxy investigating the health dimension at the household, work

and hospital level, and also by analysing the impact of electricity on local population growth and related
feedbacks.

At ahousehdddel, access to electricity is reported to be an important driver for improved health of
household members. For example, Wamukonya and\Warisikonya and Davis 200iticate that
respectively 49% and 35% of surveyeeetgadrified and solatectrified rural Namibian households
reported an improvement in health since getting electigtgiffusion of electrical appliances can
contribute toimpromgpeopl eds heal th status through:

- the use of electric refrigerators, which bring benefits by preserving food and drinks from
external contamination and sustaining the qualities of food(Kingjaret al. 2009[lectricity
demandpdpebBFeodati on idEig28ces ¢ Peopleds health

- electric lighting that can reduce household air pollution and associated lung disease and eye
problems, as well as and burns and poisonings caused by the use of(kkEmsdmend
Haselip 2007; Gurung et al. 2011; Brass et al. 2012; Aklin et al. 2015; Grimm et al. 2017)
Electricity demand ¢ Tragditional sources of

- access to clean andesgfoundwater, which can help reduce health diseases (e.g. typhoid,
diarrhoea, parasitic infectigitgorld Health Organization 20Pp&3sociateditln contaminated
sources of watee.gsurface wate{somashekhar et al. 2000; Cabraal et al. 2005; Bastakoti
2006; Sovacooletal.20B3) ectri city demand ¢ Water pumpin

Secondly, asconsequence of more income and free time following electricity use, people are reported
to care more for their healiBovacool et al. 201®leat i ci ty dteimaeadd ¢P¥o mlee 6 s
Indirectly linked to electricity, complementary activities that support the realization of sanitary facilities
reduce the risk of infective and bacterial di@@asgng etal. 201 ani t ary fac) | i ti es

At worllevel, BastakofBastakoti 200@¢ports that electrification of energy intensive IGAs led to a

cleaner and more healthy operagimgronment in rural Nepalese villages, especially by reducing the

health effects caused by the operation of diesel generators, including polluting fumes and irritation
caused by grease and fuel onthe iodlyd c t r i ci t y de man dalthh Sivilarly,k s ecur
Kooijmanvan Dijk and Cland¥Kooijmanvan Dijk and Clancy 20lfjlicate that the use of electric

machines are characterized by lower noise levels, dust and smoke and contributed to guaranteeing a
healthier and lessedsful working environment in rural Bolivia, Tanzania and Vietnam.

At hospitééveld viz.local dispensaries, health centres and ho8taless to electricity is reported

to considerably improve the quality and quantity of medical services offeadghempleH]ectricity
demand ¢ Health centres el ectr i)dirstyersfrigeragiecn ¢ Med
facilities allow for storing medications, vaccines and(blabtitsion and Tsighe 2002; Cabraal et al.

2005; Brass et al. 2012; Aglina et al. 2016; Lenz et ahrtDidern machines are used in a variety

of medical examinations and treatments, asitdboratory examinationstay analyse8astakoti

2006)and surgical machin@rass et al. 2012joreover, when egrid or offgrid electricibaccess

replaces or reduce the use of diesel, kerosene and LPG for running appliances and machineries,
hospitals might experience high energy cost s@wemgset al. 2017n this context, the literature

specifies that the diffusion and installation of new electric equipment is highly dependent on the
possibility of local health centres to afford tifEeters et al. 200os pi t al financi al
Electricity demamdi the reliability of power supfyass et al. 20l ower unr el i abil it
demaipdsuggesting the importance of givingncial supgoriocal hospitals and guaranteeing an
appropriate O&M of power s@seomslly, electric lighting can highly contribute to imgrogdical
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services by extending operating hours at(@gktavsson 2007b; Moharid Kulkarni 2009; Aglina

et al. 201&nd increasing security during surgeries and chil{atiaal et al. 20@&)ectric demand

¢ Health centres el ectr i c) Thidly, impreved commBrachtient vy ¢ Q
increases the possibility for health centres to provide people with mortiofcebout healttare,

prevention of diseases, and to retrieve clients infornf@abnaal et al. 2005; Aglina et al. 2016)

(El ectricity demand ¢ Healet hr ecleantterde sk)ned welbetdrgiec ¢d
as attract more qualified and trained &aftbraal et al. 2005; Lenz et al. 2017)

The i mprovements of peopleds health status and
electricity use. An improved health status reduces the need to frequently spend time being sick and
money for health service, therefore it preservesbolséls 6 f i nanci al dmgpacity

to dedicate to other activitiedB€ o pl| e 6 s -timeandPtelo pd e & s e bcaratelatédd ¢ He
expenditurdsut at the same time it reducesPtheple turnout at local healthOsetiteesthehand,

the potenti al i mprovement of | ocal medi cal ser
financial capital and time as well, as in rural Bgusthkoti 2006yhere people experienced lower
cost and need to travel to cities nearby for healthrara( i ty of medi cal servic

health ¢ezghat reducekong travels for medical traatiibah increagee¢imeandQuality of medical
service ¢ Peopl e thatuedutakeny tramets fol noedicall treathhégaltcaren cent r
related expendjtuféss in turn aabenefit local hospitals that experience a higher patient turnover

and larger financial inflows (that can be invested in new machines and installed eldegaplead) (

turnout at | ocal heal th centr e ElecticitHdegghd t a | re\
explained in subectionst.2.1and4.2.3 an i ncrease in peopleds acce
reduced cds for health care can have a positive feedback on electricity demand (a rddeatibn in

care related expenditppests the positvec cess t o f i nan c ifeedback),avpilet al ¢

more time being healthy can increase the timespeconomically productive activities, sometimes
the creation of new IGAs, and subsequently an increase in electricity Besmarpl ( e 6 s - heal t h
time ¢ El gctricity demand

The literature suggests that improvements in local-ter@tban have &ett positive impact on

some dynamics that influence levels of population growth. Cabré@bbrahl et al. 2008fer to

a study carried out in rural Bangladesh in 2003, which reports an infant mortality rate of 4.27% in

el ectriped househol ds, coempactdi feod 5h BBMe haonldd st
vilagesandnem| ectr i ped vi | | ag(Brass et al.2@R)ggest thacimpyoved Br a s s
medical centres can reduce maternal mortalitySaaes € t vy ¢ Mo caltpaplladoApartr at e ¢
from having a positive impact on the health of mothers and children, electricity can positively impact

on population growth locally by changing thand outmigration to areafqratcurban migration

rat e ¢ L o:cNeelsen pral PetdfSedlsenoand Peters 2Pfoint out that electrification

contributed to the expansion of a southern Ugandan village, which in turn boosted market demand

and profits for local IGAd4.(o ¢ a | popul at)iSoiarlypothsfKandgana and Hakadan d

2008; Gurung et al. 20téport a business-migration of people who moved in to electrified villages

d in Nepal and India respectivélyn order to ahieve higher levels of income, while Jacobson
(Jacobson 2003)iggests a lostgrm reduction in rurab-urban migration when rural electrification

is followed by local economic growth and positive effects on education. Di(Relkeiman 201)

suggests that rural electrification in South Africa impacted rural labour markets by reducing the outflow

of individuals from rural areas. On the other hand, improvements hecgommic conditions

attributable to electrification might reduce &baolsl size, as Ranganathan and Ramanayya report for
electrified households in rural Uttar PragBsimganathan and Ramanayya ,1898ducing the
fertility-rate El ectri city demand ¢ Access tp financial ¢

As a direct feedback on electricity consumption, an incrdasal population is followed by an

increase in the number of electricity connections and total electricity demand ( popul at i
El ectricity coni&econdly ih@n apuseEd petentiat incoease wn lochlemar&en d
demand witka positive impact on creation of IGAs and business productivity, which in turn generate

a growth in electricity demand (seesaation4.2.2 (Loa | popul ation ¢ Market
financial <cap).tal ¢ Electricity demand

Fig.29shows these nexus causalities between electricity demand and local health and population.
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Fig. 29 Causalloop diagram representing the dynamics between electriciltemand and local health and
population [from (Riva et al. 20183)

4.3.2. Education

The impact of access to electricity on education is addelysed topic in the literatdfeom a
general point of viethe use of electricity seems to be associated with improved educational standards
of peoplg(Alam et al. 1998also in poor countri€g/oldeRufael 205) as reported ihablell

At schadhe use of electric lighting might benefit students by extending stu¢édimaret al. 2016)

El ectricity denraig.80 andb$ dllowing evéni@astavsadn 200 @)easly |

morning classd€slazraki and Haselip 20Q€)l ect ri ci ty demand.Pdiersietv eni ng
al. (Peters et al. 200@)d that in rural Benin, electric lighting and the provision ohgvelasses

allow students to work on family business and do housework during the day, contributing to the
household econom¥ef e ni ng and motrinmen gf ocrl avwearegkEledlricigovad rl ayg e
availability allows the use of new devicesdikputergBastakoti 2006; Alazraki and Haselip 2007)
audietapes(Bastakoti 2006)TVs and radiogAlazaki and Haselip 2007; Brass et al. Zot2)

educational purposes, and fans for creating a more comfortable environment for all students, finally
enhancing the teaching and learning q(sliizraki and Haselip 200&9 well as the recruitment and

hiring of teacherAglinaetal. 201@ | ect ri ci ty de mandEl efc tQu acliittyy doefn
Teacher Qualty of @dudatimathis cantext, the availability of funds for schools is pivotal

for improving equipment and installed load, as confirmed by BéBadtatkoti 2008)ho reported

the diffusion of modern devices especially in private schools. In this regard, electricity might support
schools in generating new income to allocate to educational improvements. In Zimbabwe, a rural
school started a milling service andrgéea new incom@apako and Prasad 2007 generates
thereinforcingel ectri city demand ¢ school | Glep.T¢ school
summari ze, these effects c onsthodl énwlfregtendammce af ncr e a s
classes and grades achieven{Bingelman 2011; Gurung et al. 2011; Sovacool et al. i2013)

Education attainments
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Table 11 Examples of impat of electricity use on education.

Reference

Mentioned impact of electricity use on education

Nakata and Kanagav
(Kanagawa and Naka
2008)

Aglina et alAglina et
al. 2016)

Ranganathan an

Ramanayy:
(Ranganathan ar
Ramanayya 199

Grogan and Sadanat
(Grogan and Sadanal
2013)

Sovacool et al
(Sovacool et al. 201

Dinkelman(Dinkelman
2011)

Gurung et alGurung
et al. 2011,

Khandker et al
(Khandker et al. 201

In rural areas of Assam, India, datiicate that a-fioint increase in the percentage
househol ds el e gointimrevement ia the: petcentage of Gterdte7pe
older than 6 years. Also, it is suggested that domestic electricity consumption per c
positive cordation with educational attainment, indicating that those households w
low initial levels of electricity consumption can achieve high educational benel
increasing their consumption of electricity. Further, the literacy rate of Assaestitastéc
to rise from 63.3% to 74.4% if all the rural areas were to be electrified, other factt
equal.

An increase in electricity access is correlated with an improved literacy rate in the
Community of West African States (ECOWAS), though countries with low n
electrification rates, such as Cote d
scores higher in both urban and rural electrification rate, indicating theendfuether
factors.

The increase in literacy rate that oeduim Uttar Pradesh and Madhya Pradesh durin
period 199411997 is, respectively, nearly half anethirads attributable to electrification.

Rural Nicaraguan men and women are more than twice as likely to have complete
education if they live in households with access to electricity.

The communities that embraced the Multifunctional Platform (MFP) energy hirolytaiin
revealed lower dregut rates, higher test scores, and higher proportionssoémiting
school. A possible reason might be the time-fnedy electricity use (see-Sdutiord.2.}
(Mulder and Tembe 2008)hich contributes to decreased irregular atten@lsgite et al.
2016)and improved marks at sch@@lstavsson 2007a)

Electrified rural areas in South Africa have higher fractions of adults with a higtegcbe;
compared to noelectrified communities

Increase in informal education among women in the electrified Tangting village, Net

An econometric model applied to 42 Viethamese communes indicates that h
electricity connection is correlated with a 9% higher ssirothent rates for girls and 6.:
for boys.

Since electricity use has been found to enhanceesmamnic status of rural households, there is

al so an i

ndirect ef fect of

el ectri f {Hasman o n

on

and Smits 2008emongate, through a multilevel logistic regression analysis applied to 30 developing

countries

, t hat an increase in the | evel

of

and education has a positive impact on primary school enrdirokitdren Electricity deménd

Average i

ncome ).@mBdyyAZbabuon aa@izoamné mtnd

NeaclLu

interviewed more than 2000 principals and directors of public schools in Jordan, and found that a lack
of opportunities, low economic level of households, low quality of educational infrastructures, and low
cultural level of parents were pivotal factors affecting themoliment of children in primary

schools. This suggests that complementary activities to support community awareness of educational
benefits might enhance enrolmemugational benefits asvaranesmp ai gns ). & reSut ho o |
that contradicts these findings, is from Lenz ¢étextz et al. 201Who indicate, based on both
econometric models and qualitative interviews with teachetise thatbability of rural Rwandan
households sending their children to school does not increase as an effetecitifadtion.

At homemany studies mention the increase in evening study hours as the main benefit of electricity on
educationBaldwin 1987; Somashekhar et al. 2000; Wamukonya and Davis 2001; Wiatunga a
Attalage 2005; Alazraki and Haselip 2007; Moharil and Kulkarni 2009; Kumar et al. 2009; Gurung et
al. 2011; Aklin et al. 2015; Baldwin et al. 2015; Aglina et al. 2016; Mishra and Behera 2016; Grimm et

al. 2017; Lenz et al.

20EV eni ng

Bducatibry attainmefimce @lectricity allows replacing

hou

e |

or decreasing fuels use (e.g. kerosene, paraffin, candles) and the related environmental and economic

9 da government managedultilaterally sponsored energy program that distributed a small diesel engine attached
to a variety of endse equipmeat(Sévacool et al. 2048). 115).
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drawbackgCabraal et al. 2008ustavsson and Ellegéd@Llistavsson and Ellegard 2Gegprt that

children study at night in 89% of households with a solar home system, compared to 42% of non
electrified households, where children complain about smeasjngckyef candles or paraffin and
tooweak light§ | ect ri ci ty d edeaeasEbraflitioial seurcesrof eceagly's dravizpdks i n g
then increasdsvening study ti@erung et akGurung et al. 201indicate an increase of reading

hours for students after electrification of Tangting village, Nepal, due to a redtiotiarse of
hazardous traditional lamps. Komatsu éfaimatsu et al. 2018port that the introduction of SHS

in Comilla, Kishoreganj, and Manikganj districts in rural Bangladesh allowed children to study in a
better envonment and to extend their stdohge from &9 pm until 1611 pm. Similarly positive

results for solar PV based lighting were seen in Ludanzi, Zaomigvsson 2007bhd Gujarat

State, IndigAgoramoorthy and Hsu 2009

A part of the literature reports limited or very little positive impact of electricity use on educational
attainment. Jacobs@lacobson 200ifdicates that despite nearly 80% of rural Kenyan households
surveyed by the author having school age children, solar lighting was usgith@oinstaty 47% of

these homes. Gustavsg@ustavsson 2007#&pots no evidence of actual improvements of school

chil drends marks as a consequence of access to
Zambia(Gustavsson 2007 &astakotiBastakoti 200@nhd KomatsiiKomatsu et al. 201find that

in rural western Nepal and Bangladesh respectively, children reported an overindulgence in watching

TV that limited their willingness to complete their homework irBimee(c t r i ci ty demand ¢
devi ces ¢ Eluthinadntexd, the davailabiity and qguadity of power supply are two crucial
factorsPower unr el i ab . InanalysinghtheBocial nhianges in Kenyadchievied withe

solar electrification, Jacobgdacobson 2003)uggests that children in households with a larger PV

system are muchore likely to have access to electric light for studying than children in households

with smaller systems. Gustavsson and Ell¢Gaistavsson and Ellegard 208kp report that

children complained about blaks and restrictions in the use of the power as crucial limiting factors

for evening study.

Improving educational attainment can generatitvpdeedbacks on electricity demand in the long

term. Louw et alLouw etal. 2008)luggest t hat education is one of
fuel choices, as wel | as the Osubsequent ener
(Urpelainen and Yoon 20t8nducted a survey amoi§ Tespondents in rural Uttar Pradesh, India,

and found that high levels of education increased the willingness to pay for a SHS. @iimet al.

et al. 2015)erive e onomet ri cally the rel ati oniz.éveragveen ho
years of education) and both electrification stani$ 4 household has access to electricity or not)

and daily hours of electricity for Indian households living in sitras,and rural areas. They find

that more educated households have more need for electric assets and may be more willing to pay for
aconnectonHducation attainments ¢) Shdlarly, Bensch etral. r at e
(Bensch et al. 201é¥timate a probite gr essi on model to determine
education of household headd i s pooredtidnistatesl v cor
in Rwanda. On the contrary, Kandpal and KobaydKalayakawa and Kdpal 2014find that in

Kaylapara village, Sagar Island of West Bengal (India), the mean class completed by the family head
does not show significant difference between households with and without connection te the micro

grid. Rao and Ummg@Rao and Ummel 2018Yaluate the marginal change in thbalnility to own

a refrigerator, a washing machine and a TV in India, South Africa and Brazil in relatiarf-to head
househol dds years of schooling, suggesting tha:
new technologieE@ucation attainmgentaVi | | i ngness t 0).CaldaalptCalpraaE| ect r i
et al. 2005)eport empirical evidence from rural India and Peru, where the combined provision of
electricity and education has been found to ger
variable taken separately. As a matter of faalj iiral(Kirubi et al. 2009¥port the experience of

Mpeketoni Polytechnic educational institution in Kenya, which after connection to the grid became an
important source of technical knbew andskills for youths who then found employment in local

IGAs, generating a tintelayed feedback betwdstucational attainraadiAverage incgmarked

with two dashes iRig. 30). Khandker et a(Khandker et al. 2018)ggest that higher educational

benefits achieved by rural Viethamese children as an effect of electrification might have resulted in
higher ad more productive employment levels. In his econometric studiraB&D13pund that

the years of education of hfohcosefor mdiath NFEb Siacd i s a

73



householdsd income and financi al availability |
all these studies confirm that I mproving peopl e
electricity consaptonEducat i on attainments Y Average incorm

Fig.30reports the diagram of nexus causalities between electricity demadunchéinda attainment.

The mark on the causal link, which conreshisational attainametgverage ingonacates a time

delay in the occurrence of the represented feedback as evident from theltiisratodighlighted

the importance of conrbng electrification activities with awareness campaigns regarding the benefits

of education, programmes of financial support to local schoolm@nc i al support ¢
availability and correct O&M of the power systemgpfopriate O&M ofvmor system ¢ P
unreliabiljty
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Fig. 30 Causalloop diagram representing the dynamics between electricity demand and educatiérom (Riva
et al. 20183)

4.3.3. Habits and social networks

I n terms of changes in peoplebds daily habits an
can contribute to extendEhgcthecieggdemahdpéop
Dailytime extensioririg. 31). Matinga and AnnagaMatinga and Annegarn 20i&)ort that the

provision of access to electricity in Tsilitwa villsgeh Africa, allowed household members to wake

up earlier, about hdibur before sunise, and go to bed abou8 hours later. Similarly, R&®oy

2000)indicates that the lighting hours in households provided with solar lanterns in a rural Indian
village went up from 2 hours to 4 on average (and up to 6 hours in some cases).(Lenz et al.

al. 2017 at e t hat in rur al Rwanda, Ot he avail abili
signi pcant effect on the daily routine of all |
50 minutes on average. On the contrary, Grimm (&rathm et al. 201did not find statistically

significant changes in the time spent on daily and edemegtic labour between electrified and
non-electrified rural households in Rwanda. In addition to this daily time extension, the literature
reports that access to electricity can facilitate household activities by decreasing the burden of work
and timeKumar(Kumar et al. 2008¢ports that in 5 cemds in Sagar Dweep Island in India, 38% of
households stated a benefit from time savings forcogéking(ct r i ci ty demand ¢ Eff
of housewor k ¢ )Dvehilell? indicated having mdre timefor foeiselmid work at
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nghtEvening housewor k) ¢ Dai ¢ yt bme deawnaiofalhloe sfeaovio r:
at night has been reported also by ofdgrsramoorthy and Hsu 2009; Moharil and Kulkarni .2009)
Obviously, the diffusion of TVs and entertainment devices might reduce time dedicated to housework
(Electricitydemdh ¢ Ent er t ai n me nt). Bdstako(Bastkoti 2D06}licagesthab g hous
the use of electric water pumps in rural Nepal allowed people to reduce time for collecting water from

7-8 hours per day initially to 1/2 hour per family, increasing available time for farming and leisure
activities. Also Grogan and Sash(Grogan and Sadanand 20ERort a decrease in time for

fetching water (and firewood) in Nicaragua. Komatsu @foahatsu et al. 201Igport that

households owning a SHS in rural Balegh spend less time for recharging car batteries at recharge
stations, experiencing less burdg@nséavy weights to carry), and more free time (saving at least 40
minutes for the round trip on average plus the recharging time for batteries).

Accordng to Grogan and Sadangi@fogan and Sadanand 2003 Ni car agua, oel ec
particularly for poor people, may be more about the extension of the working day than about labour
saving appl i an ontestdimdfreedp ¥ Bl&tyicity canrbe devoiedsto productive
activities and it has been found to have a pos
with a consequent feedback on electricity demarskidid.2.1and4.2.2 (Daily burden of housework

¢ Ft+t eme ¢i Avema g E) @ayanandSadangGiayanmared $atlanand 2013)
suggest that the daily time spent by rural Ni c 8
work can be three times as much agirtie spent by women living in unelectrified households.

Similarly, they report that men living in households with access to electricity decreased by half their
time spent in family agriculture and doubled the time spent-agmecuitural activities. Ohet

contrary, Lenz et 4l.enz et al. 201dp not observe a change in income generation patterns as an

effect of fredime in electrified Rwandan households. More availabien@es=ems to increase time

dedicated to reading and cultural actii@estavsson 2004; Bastakoti 2006; Gurung et al. 2011)

whi ch may potentially benefit peoplebds educati
has on electricityuder¢e i meudaEdon att ai nmeélowever, Spvadodl etalt r i ci t
(Sovacool et al. 2018yhlight that people are sometimes unable to capitetimefoee time created,

suggesting the need to implement parallel educational activities and capacityeduiatiioga(
awareness activiandcapagi Eqqu bati il.adn nat tba iIAwrme mtge |

The evolution of electricity demand can impact the social structure and network of electrified
communitiegBaldwin et al. 201.9n Tsilitwa village, South Africa, Matinga and Annegam report that
differences in household electrical appliances intensified the feelings of exclusion and inequality,
highlighting that o0el ectri caltoffragpesgentiaworidfeomm di s pl
which they [ poor e s(Matingaamd Annegasm RQIR). €95}, pushingppeapld e d 6  (
into changes in aspirations and spendiigé ct r i city demand ¢ Peopl e
expenditureslowever, this reinforcing feedback is sometimes hindered by [tlsed@tahabits,

traditions, gender relations and culture that
investment decisions, such as people in Zanzibar having food preferences for traditionally prepared
food over use of electric cookstoves, drma cont r ol over money and tec

abilities to purchase household equipivEimther 2008 Rahman and Ahm@dahman and Ahmad
2013)observe that the diffusion of SHS in rural Bangladesh broagty recreational and leisure
benept s .(Bagakati R0@®dicatas that the possession of a television is considered a luxury

and status symbol in rural South Africa. On the other hand, the same author suggests that families
without cable frequently go to their aolidgdh@&r ne
meetings and time togethBrl(ect ri city demand ¢ En)tkKomdtsai nment
(Komatsu et al. 201and Lenz et a(Lenz et al. 2017¢port the same dynamics also for rural
Bangladeshi and Rwandan households respectively. Similarly, Gustavsson a(@usSiagssadn

and Ellegard 2004¢port that children living in villages located in the district of Nyimba, Zambia,
gathered together in one of the houses with a SHS to study. Lighting and the related perceived
improved security, as well as exgemnarket operation, seem to increase outdoor and/or indoor

evening meetings and chats, and connectivity among(femiéarsson 2004; Alazraki and Haselip

2007; Shackleton at 2009; Kooijmawman Dijk and Clancy 2010; Matinga and Annegarn 2013)

El ectricity demand ¢ )Evenwithinthecsare hduselgpld, Wijayagunglh S o c i
et al.(Wijayatunga and Attalage 208pprt that 68% of surveyed households in Badulla district, Sri
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Lanka, claimed to benefit from havingrentime together through activities such as watching
television while having dinner.

Electrification allowed enhanced access to inform@imoijmanvan Dijk and Clancy 2010)
communication and connectivity even outside local comea(Béldwin et al. 201%lectricity
demand ¢ Co mmlacolhsafiratobsonn200@povt that eusal electrification in Kenya
facilitated rurdurban communication through the diffusion of television, radio, and cellular telephone
charging, increasing rdaban connectivity, especially for the rural elite and middle class. Similarly,
Rwandan households interviewed by Lenz (&eakz et al. 201 Hdicated that mobile phones are
especially used for calling people who live outside the province. Gu$@Gwstswsson 2007a)

suggests that children and adults in rural Zambia experienced more access to news and events taking
place outside the rural community through rsadioTV broadcasts.

In accordance to the theory of innovation diffugi®ass 1969; Peres et al. 20&06hancing

connectivity and social networks increase the process of word of mouth, acceptability of new products,

and related probability to become an adoptdancing the diffusion of electrical products and its

feedback on the evolution of electricity dem@ra ¢ i a | connectivity ¢ Word c
Electricity demahdthis context, local government officials or heads of the \Ghagelsy the role

of 0 i n f(Van dem Bultadnd Xoshi 2007; Goldenberg et al. 2009; Urmee and Anisuzzaman
2016)in bringing electricity to their communities and enhancing the diffusion of electrical devices
(Kooijmanvan Dijk and Clancy 2018jnce the use of television and radio might facilitate the ability

of business advertisers to reach anegiddienc@lacobson 200ahd incrase local demand for goods

and services, local shops and retailers can experience higher trades and revenues, with related feedbacks
on electricity use, as discussed irseatiord.2.1and4.2.2Co mmuni cati on devi ces {
Mar ket demand)¢ Electricity demand

Fig.31reports the diagram of nexus causalities between electricity demand, habits and social networks.
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Fig. 31 Causalloop diagramrepresenting the dynamics between electricity demand, habits, and social networks
[from (Riva et al. 20183)
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Chapter

Modelling i nsights for dealing with
complexities

Give me a place to stand on, and | will move the Earth

&] QODKEHW llod KFo U DD
(Archimedes of Syracus@®&70 c.212BC)

All models are wrong
(George Box 1976)

This chapter sets the basis for building upommibaelling of the endogenous
complexities behind the electridigvelopment nexus from a quantitative point of
view which is the last result fqursuing Objective 1.To this aim, the
interconnections of multiple factors, the high uncertainty levety styolinear
phenomena, and the presence of time delays and feedbackSysiggeBlynamics
(SD)as a potential appropriate systamsdelling approach. On the other hand, the
agetb as ed compl exities behind di ffusion
behaviar, social interactions, spatial constraints, and devikory processes
suggest Ageittased Modelling (ABM) as a further modelling tool. In order to
compare the two methods aguide the final choidewards the most appropriate
approachan aehoc cas-studyis developedThis chapter is based on the following
conference paper

Riva F, Colombo E, Piccardi C. Modelling social networks in innovation diffusion
processes: the case of electricity access in rural are&8hRrocConf. Syst. Dyn.
So¢Cambridge, USA: System Dynamics Society; 2017.
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5.1. Modelling endogenous complexities

511 kN3 §-fae  f e & INYI&d «~fae’ f eny|

The previous analysis on the electitdtyelopment nexus confirms thias a complexsystemAs

such, the behaviour/outcome of the nexus cannot be intuitively undéfstoester 1971 order

to improve understanding of complex systems, a number of computeroaiedidg methods have

been developed over the last decades, e.ghagetimodellimgndsystem dynamics. With the usage

of these tools and methods, complex problems can be analysed and tested in computer environments
in order to improve understandirfghee studied systems.

Through the use of causal diagrams, the analysis presented a conceptualization of factors and processes
found in the energgevelopment nexus (deig. 26 to Fig.31). Causal diagrams are similar to the
causaloop diagrams used in system dynaf8id¥modelling method$D isa systemmodelling

approach first developed by Prof. J.W. Forrester, Massachusetts Institute of Technology (MIT), in
1950s and formalised in his famous book enftiitecstrial Dynangfesrreser 1961)It is used for
understanding, describing, tackling and modellinglefied endogenous problems concerning
existing systems that are suitable to be formulated as interaction between elements through causal
relationshipdn SD, causdbop diagrams are commonly used for formulating a problem through a
dynamic hypothesis, for communicating a niptbekcroft 1982)and for making qualitative analysis

of complex systenfg/olstenholme and Coyle 19&)en though conceptual models are often used

as intermediate steps towards kitimn model¢Robinson 2008)mportant insights can be drawn

from qualitatively analysing conceptual m@déitstenholme and Coyle 1984jew of the factors

in the energygevelopment nexus were identified to lngenous, but the main part of the diagram

depicts the relationship of the factors through closed sl The causkdop diagrams show

how factors identified in the enedgvelopment nexus literature are interconnected, thereby
improving our understanding of the enelgyelopment nexus. This results invaminsights:

i. As factors are largely interconnected, it is not suitable to use reductionist methods to analyse
the energylevelopment nexus: e.g. the relationship cannot be sufficiently studied using only
a limited set of factors without having knowledge of the fu#xtoal setting. Instead a
systertsnking appro#wdt includes the full complexity is needed and advised.

i.  Many of the identified factors are connected through feedback loops. In order to identify the
systemds behavi our a reeénetgpgevelopment nekussimuldtien d y n a mi
approathat takes feedbacks into account is needed.

512, |"N f-fy e  f modds ‘ez- qf eNy

The initial procedure in developing many models consists of a process of identifying factors and
processes that are importémt the considered problem, as elamthe analysis of the nexus. A

process of formulation of amulation mddébws. This part consists of formulating factors into
variables and formulating the explicit mathematical relationships between vartehies. ofn

modelling complex systems, the identification of factors and processes is a substantial part of the
modelling work load. Even though there are severa(ltanEReyes and Andersen 200&ilable

to help modellers and scientists to identify and assign variables and parameters in models, the process
of quantification is inherently problematic when deulithg social science problems. Indeed,
Bhattacharyya and Timils{Bdattacharyya afidmilsina 201Qjriticised most global energy models

that forecast future residential energy demand based on relatively simple relationships between energy
consumption and income oOfr GDP per -ecanpmict a, sin
dynamis of developing countries and use aggregate-gadgrdn line witlthe findings of Chapter

3, subsection3.3 the use of bottorap modelsfor assessing afdojectingenergy demand seems

the most suitable option filentifyinghe socieeconomieand energyelated dimensions of energy

demand evolution in rural contexts. Ruijven dvah Ruijven et al. 2014nd Daioglou et al.

(Daioglou et al. 201tegrate some of the typical features of energy systevalaping countries

mentioned by Urban et fUrban et al. 200%) their bottoraup Residential Energy Model Global

(REMG) applied to India, China, South East Asia, South Africa and Brazil. The model adopts
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deterministicarrelations derived from econometric studies and regression analysis on national data
to project the energy use of househddspite being an interesting approduoh,use of such
approaches for local applications might however be preardtadt genatised due tde lack of

local longterm quantitative data, as frequently happens in ruraMamess/er, it adopts exogenous
correlations for some so@oonomic variables, which contradicts the endogenous nature of such
dynamics, as emerged from thalsis of the electriciigvelopment nexuSystemdynamics
represents an appropriate candidate approaamoielling a problem characterised my many
feedbacks and endogenous dynatmicthis regards, Hartvigsseh al.(Hartvigsson et al. 2015;
Hartvigsson 201@)ghlighthow SD can be a valuable methodological approach to capture the long
term dynamics behind the exmn of energy demand in developing contexts, since the latter are
affected by high uncertainty, strong-liear phenomena, complex diffusion mechanisms, time
adjustments of technology perceptitinge delays, and feedbacks

Despite the advantage oingsSD for modelling complex dynamics, these models can present some
limitations when modelling the social interactions that ensue within social networks and impact on
consumer s® en e rShhased mdddaling assunresindividualsitabe atatbysxed

and in many cases the interactions between compartments to occur (aaddiehgon 2017Rai

and HennfRai and Henry 201dicate, therefore, that agbased modelling (ABM) can represent

a power ful tool for representing the complexit
social interactions and spatial constraints. Indeed, ABMs can be used for represemsngssy
collections of individual or ¢ o |-nhaking tporocesses,e nt i t i

actions and interactions are simulated in order to assess the effects on the system over time.

ABMs andsD seem promising approaches for formulating simulation models able limngtakm
projectiors of rural electricity demand. In order to guidériakchoice the next sulsection reports

a casetudy, which aims edmparing the two approaches employed for simulating a simple problem:
the diffusion of electricity connecsain fictious rural villagerhich is an important variable of the
electricity demand
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The aim of this castudy is to compare the ABM and SD approaches for modelling the process of

diffusion of electcity connections in fictious rural villaghich is an important at the basis of the

electricity demandh particular, 3 different casesnoiovation diffusiomodelsaremodelled with a
SD-approacland compared withe same cases modelledugh a discrete AB&pproachFor the

sake of brevity clarity, just one case is reported here, that is the most significant and meaningful from

a modelling point of view. The others are reported iAppendiA. The ABMapproach is

implementetby rejecting thelassical SAssumption that individuals reveal the same behaviours
respect to their social contakttao d e | | i n g a forebd amd lgy éntmoeuringshe hodelling
of social networks in the procésmo d e | | i n g tre®afdthk forestThegtitleeof this case

study isinspiredfrom the work of Schieritz and MilliMpdeling the Forest or Modeling the T
Comparisorsgbtem Dynamics andBegaat Simulati®chieritz and Milling 2003)

5.2.1. SD and ABM gproaches for innovation diffusion

vith

fees A

In rural unelectrified contexts, the growth of electricity connections can be interpreted as the diffusion

of an innovationSince the 1960s, a body of literatergthe marketingriented one, has been
focusing the research on modelling innovation diff(di@inajan and Bass 2QEEpecially in recent
years since the spread of innovations of new products and services has become inc

multifaceted and compl@Xeres et al. 2010) this context, the research has put effort in exploripg

the implication that different diffusion hypotheses may have in targeting new product prospe
developing marketing strategies to attract poteswaldopters and ceomers. The result has been
the development of analytical models for describing and forecasting the diffusion of innovati
sccial system.

In 1969, Frank Bass set up the framework whereon many diffusion models have been basg
following yearsnl his welknown work(Bass 1969Bass modelled the spread of innovations in
socidsystem through the representation of two main dynamics:

- The timeinvariant tendency to adopt through external influepcé® (gadvertising and
other communications independent from the social network.

- The social contagiog) ¢hat results from intactions among the agents of the social systs
d viz.adopters and potential adopters of an innovation.

With his model, by assuming that potential adopters become aware of the innovation also
time-invariant external inpudsviz.p 8, 0Bass solvetthe starup problem((Sterman 2000) p g .
typical of previous classical logistic drawbdels €.gVerhulst mode({Verhulst 1838)Richards
model(Richards 1950)hat were unable to explain the genesis of the initial adopters of an innov
From a mathematical point of view, the Bass model describes the diffustsragrimmws:

O -[p 4a woll1 "4 @

whereF(t)is the proportionviz.the fraction of the adopters compared to the total population)
ultimate adopters that have already adopted at. tifhe analytical solution of this differential
eguation leads to the following expression:

F(t):ﬂ
éq o! p 4 t

g &
&b *

©)

Multiplying F(t) timesN, i.e.the total population of ultimate adopters, gives the total humber
adopterd\(t) at timet.
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As it emergefom the above mathematical representation, theasmimptioat the basis of the

Bass model is that the social network where the spread of an innovation takes place is assumed to be

fully connected and homogenous. Indeed, the parajoeterbe interpted as the product of a
0 c o nt aat.ethe aumieedof people that a person come into contact with in a fixed time
dand an 0 ad oipiethe probdbitityatitat aipersordbecomes adopter after a contact
an alreadgdopter. Thd i f f usi on process based on this
is suitable to be formulated and simulated with the classical stock and flow diagrams of
dynamics (SD), as confirmed by a number of studies and books coming-frasedSterature:
Stermar(Sterman 2000¢preserstthe timeinvariant tendency to adopt and the social contagion
the Bass model as two positive feedbacks, respectively interpreted as the effect of advertisin
mechanism of word of mouth. The same Author rmadeldom variations in the adoption
mechanism by introducing some adoption noise in the model desdRadriandad and Sterman
2012) Milling(Milling 1986adopt the Bass model from a SD perspective to describe the innov
diffusion process of a generic class of products, introducing relevant managerial variables
market development and technological substituijooagital investment, production volume ang
cost, and (iii) product price and operating result. MooyMbal et al. 2004pmbine the classical
Bass model with the SIR modékpidemic spreadimiscussed ifSterman 2000and model the
conscious choice to become a-ononsumer by relying on the sociological theargmkticklore
recently, Park et dPark et al. 201&evelop a forecasting model for Hydrogen Fuel Cell Vehig
based on the Bass diffusion model and they siditiledisng SD. De SarEulalia et a{SanteEulalia

et al. 2011)ely on a SD perspective to combine the Bass model Rificr@éte Choice Model and
Conjoint Anal ysi s, determining the relat
describing products as a finite set of perfectly substitutable attributes. Chen(@iteGled Chen
2007)study product diffusion mechanisms from a SD perspective due to the enormous carhple
micro level factors; in addition to the classical Bass coefficients of innovation andpiarit@gjon
their model i ncorporated the oOpriced6 deci
brand. Based on the general framework of/atiom dif usion for monopolistic markets described
by Milling(Milling 1996)Maier(Maier 1998)ses SD to extend traditional innovation models in ordg
to incorporate competition effects among firms and to map the process of substitution
successive product generations. Kumar @uethar et al. 201%)troduce greliminary integrated
diffusion model to show the complexity of the mobile diffusion phenomenon, which often dog
reflect the Shape trend typical of Bass innovation diffusion: they suggest to model adoption
of five phase changes of the difim processviz. persuasion, adoption, implementation
confirmation, abandonment). tBeer(Ulli-Beer et al. 2016yercome the inability of Bass model tq
capture acceptance and rejection dynamics by proposing a genesicutindelfor the simulation
of acceptanerejection behaviour.

A

g

As reported above, many Authors focused their research on proposing improvements and s
to the main limitations of Baasd SBbasednodes. They suggest how Siased models may reveal

step
vith
o f ul
system

|y

of
g and the

htion
5 like (i)
I

les

mong

S not
AsS one

plutions

some limitations in modelling the complexity of consumer energy behaviours, referring mainly to a

lack of representation of social interactions that ensue within social networks. Indeed, netwo|
an important r ol e i n fosmat@rpandpgrceptiond of @nergyueahnaodis
d their costs and possible benéfjtand their willingness to adopt new patterns of behéidienny
and Vollan 2014; Rai and Henry 20A8)suggested by Rahmahdad Sterma(Rahmandad and
Sterman 2008network topology and individual heterogeneity affect the diffusion dynamic
epidemics, productefd, generatingose behaviours that deterministic SD models, contrary
ABMs, cannot reproduce. Moreover, when the homogeneity and perfect mixing assumption:s
classical SD models are not respected, the gap between the SD model and the mean behavi
stochast agenbased models is statistically significant. To encourage the research on this top
finally suggest examining further dimensions of heterogeneity and other networks, as well as
the percentage and distribution of initially infectieagle, i.e. initially adopters.

Trying to pursue the same final modelling goal and to contribute to the same effort of
researcherthiswor k i nvestigates and
non-adopters within innovatiodiffusion mechanism&nd it introduces an extra complexity i
innovation diffusion models, i.e. the modelling of social netwasculative approaishused by
relyingon an ideal case of innovation diffusion in a rural communigsigdingome gperiments.
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Networkbased diffusion scenarios are developed through discreteaagdninodelling (ABM)
approached modelling thétreasd, and results are then compared to classical continuous diffu
models simulated through a systgmamics (SDparoachd modelling théforeét

5.2.2. Network models

For modelling social networks in diffusion processes, representing an ideal rural comm
represented through 3 types of networks: (i) Random, (ii) Barabasi & Albert, and (iii) Social.

Random (RND) networks

A random graph can be generated by starting from aNsetadéited vertices and then adding link
between them at randai.e with uniform probabilitp, where 0 < 1 8 as introduced by Erdds
and Rényi in 198&rdods and Rényi 1958) RND networks, the probability that any given node h
exactlyk links,i.ethe node has degriegis given by the following binomial expression:

aN - 1 ¢ N-1 %
e, B (1- P

¢
For largeN and smalp, this binomial expression can be approximated by a Poisson distrib
(Jackson 20Q8hhen the degree distribution has the following expression:

-k
e

_ 0
p(K S @)

wherekag(N-1)Pis the average degrSice they are based on a completely random wiring, R
networks are often used as "null models" to describe the absence of any structure or patterr]
in contrast with most realorld observed networks, whergthe social, biological, or techigital
pressure shapes structures which are far from being purely random.

©)

avgx

BarabastAlbert (BA) networks

5ion

unity is

172}

Ltion

ND
. This is

Whilst in RND graphs nodes pick their partner nodes to link to uniformly at random, in a large number

of different social networks, especially relatedhoological, biological, or social interdependenci
new nodespick nodes in proportion to the current degrees of the existing(dadkson 2008)g.
168¥. Such process of network construction has been introduced by Barabasi aiizhvslbasi
and Albert 1999) based on the principle of oprefe
No of arbitrarily connected nesl a new nodavith mlinks is added at each sjtepNo + 1, No +

2 , &l,Each one of thealinks is connected frojto an existing nodevith probability proportional
to the current degrde of nodei. The final structure of such network, hereafter named BA,
characterized by some 0ol derdé nodes typic
smaHmedium number of connections, leading, for Myde a power law degree distributid the
network of the form:

p(Kk)° Kk 9 ®

In realworld networksg turns out to rangbetween 2 and 3 as experimentdderved by some
authorgBarrat et al. 2008; Newman 2010; Barabasj\®hiléy=3 in the case of BA networks.

Social (SC) networks
The two above described network models (RND and BA networks) lack many of the features
of social networkgge networks of acquaintances among individuals, which are characterized by
peculiaries (Newman et al. 2002; Newman and Park 2003; Bogufia et alb2@@4degree
distribution, high clusteringe(when individuals tend to create tightly knit groups with a relativ
high dengy of connections), small average distance, and assortative degree digtibighin (
connected nodes are more frequently connected with other highly connected nodes).
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Toivonen et alToivonen et al. 2006joposed a model to generate artificial graphs able to capture
such peculiarities of o0social networkso6é. [Based
numbem,of nodes (as in BA networks) and it grows through a mechanism encouraging the cfeation

of triangles and, as a consequence, of high clustering:

- anew nodgis added to the network at each step of the progedide+ 1,No+ 2 Ng ,

- firstly, the nodgs connected to} nodes randomly selected, wine@ 1 i s a r aljndom i
number extracteat each stefrom a given distribution. After this step, npdeconnected
tothenodes= 1, m2, é,

- secondlymneighbour nodes of eaghdei are randomly selected and connectgastavell,
wheremO 0 is a random integer number. Thlis st
groups and thugelddarge clustering.

Following this algorithm, N is large, the final network showswaerage degreg= 2@ ams avg
1), while the probability that any given nodekhiisks is given by the following povew
distribution:

p(K=a [k 4 3 ©)

5.2.3. Modelling diffusion scenarios

The diffusion mechanism here refers to the diffusion of elembncectionsn a rural community
of N = 1000 people, which Hagpotheticallyeceived potential access to electricity at tn@eThe

simulation horizon has been set equBH®@40 months, that is 20 years, which roughly corresponds
to the lifetime of a typical aeffid microgridsystem composed by photovoltaic panels andidmtter
The simulated diffusion model includaselement of originality, which made it different and mdre
meaningful than the classical Bass mitdekffect of splitting the entire population among twp
different classes of potential adoptersinfiwerdisand theimitatorsAs stated by Goldenberg et al.
(Goldenberg et al. 2006n social systems, growth processes are believed to be strongly ianU{nced

by people who have a | arge number of tie to o
opinion leaders, mavews,hubs( p g , whd may have the potential to accelerate or block fhe
adoption of a product. From a modelling point of view, Van den Bulte an¥dostén Bulte and
Josk 2007)describe influentials as people who are digpesed tmew developmentsd.affected
by external influences as advertising), who in turn affect both other influentials and the imitatgrs. On
the other hand, imitators have a timariant tendency to adopt through external inflypageal
to 0 and the social contagion parantgtepends on the agents they come in contact with. Moreoyer,
the adoption process of imitators does not affect the choice of influentials. The mathematics| of this
type of diffusion mechanism is the following:

_ o dR(Y o
|nfluent|als.T=é|ol o R )fg :g FC (10
- dR,(1) e .
imitators: T ={ P 4, & EQ) (14 5 (t}gb ¥ G (t (11
with the sbscripts 1 and 2 referring respectively to influentials and imitatensites the relative
i mportance that imitators attach wOol)i.ndWhueennt i al

equal toGd with Gthe proportion of influentials in thetal populationN)d, t he i nflfluent i ¢
i mitators® behavi aaawe ilgeht® tome tshameo tenfefr@ cifmi(t at
imitators care much about the decision to adopt taken by influentials, Ghikaws: that imitators
are morefaf ected by the decision wundertaken by t h
proportion of influentials is nateterministically selected among\itegents, but they are selecteq
with higher probability among people.iural households) with threghest degree. A stochastic
process is introduced by supposingedadt nods= 1 N oféhe network is classified as influential
with probabilityp; equal to:
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Obviously, in the correspondent SD model, where the homogeneity and perfect mixing hyp,
stands, such modelling choice simply ¢smsidefining two different stocks of adopters: one with
d G) iMitators andhe othewith G Nnfluentials.

In the simulated cagés 0.15, and 6 scenarios are simulatetlaf@quals to 4 and @yaries equal
to onefifth of G G and five time&d viz.respectivelw= 0.03,w= 0.15w= 0.75. The adoption
fraction is set= 0.02 for imitators and= 0.1 for influentials, and the tinmvariant tendency to
adoptp= 0.01 for influentials and O for the imitators. Such diffusion procetestgdsfor all the
three types of networki. RND BA, SQ describetiefore while the hypothesis at the basis of eag
simulated mechanismasalso modelled in the equivalent i8Bdel. Eaclone of the Gcenaris
accounts for 20 simulations per type of network, for a total of 61 simulations per scenario:
RND, 20 for BA, 20 for SC and 1 for the deterministic Bass model simulated throtlggsadSD
approach. In this way, osimulations statistically embrace the stochasticity due to the proce
networks creation and discrete diffusion.

5.2.4. Software environment
The simulationsvere implementeidh the MATLAB-Simulink © computing environment. For SD

simulationghe stockandflows modelvas creatdaly using Simulink, while specific MATLAB script$

for the agenbased diffusion models and for generating the netwerkslevelopedhescripts for
network formatiorwere firstly rain order to generate pools of graphs towitdethe agenbased
diffusion models. For each type of netwbRND, BA and S®@ 2 pools of graph®r kagequal to

4 and8 were generatetbr a total of 3% pools of networks. Each pool containg@bhs, like the
number of simulations per each scendribeothree cases. Exangé RND, BA and SC graphs
createdn MATLAB arerepresented ifrig. 32 Caygis the computed mean clustering coefficien
(Newman 201Q)which gantifies the density of triangles in the graph, representative of tig
connected subnetworks. It is worth to note that RND graph presented some isolated nodes d(
random process adopted to generate it, @hief the SC network is by far thghest one, as
expected.

Erdos-Renyi network

Kmax=11
Kmin=0
Kavg,e=4.000
Gv=0.003

Barabasi & Albert network

Kma=63
Kmin=2

Kavg e=3.994
G=0.0153
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"Social networks™ network

Kmax=31
Kmin=1

— Kavger=3.94
Gv=05607

Fig. 32 Plots of RND, BA and SC graphs foka,,=4 and N=1000.
Fig.33report the sketch of the SD models employethéosimulated case

Fig. 33 Stock and flows diagram developed in Simulink © for Case 3.

5.2.5. Results and discussion

In this section, the results of the simulations performed in thecéisee are reported. For each
simul ation of each scenari o, the oelectri
of electricatonnectiong\(t) at timet are plotted. The blue curves represent the SD model, while
green and yellogurves represent respectively the result of the diffusion process on RND, BA a
networks. For the AMB simulations with the three types of network, the dashed lines represen
simulations per scenario, and the bold line highlights the avdhagsimiilations. The results are
then discussed by comparing the stochastickagatt adoption curves with the related SD mod
for each scenario of the three casesitidmaxtime interval needed by the ageaged stochastic
curves to reach 50&hd 95% of diffusion are compared, together with the values obtained wit
SD modelThetime history of the fraction of the population adopting ovet iBradso reported, to
highlight some particular patterns due to the subdivision of the poputati@nfluentiandimitator
households.

Results fokavg= 4 andw= 0.03, 0.15, 0.75 are plotteéFig. 34, leftcolumn while results fdtavg& 8
are on the rightolumn
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Fig. 34 Diffusion curves for Case 3results forka,=4 (left) and 8 (right). From top to bottom,=0.03, 0.15, 0.75.

The figure confirms that the ABM of the Van den Bld#hi process shows high variability an
stochastic uncertainty. Indeed, the model highly depends on the stochastic process ado
tas si gni n gniluentinoongrthéNlagentoir a given network. &er 0.03, the BA process
reveals the highest variability; indeed, a veny togans a low relative importance that imitatol
attach to infl uent i ddursTherefoeerwhareby tleete Are many nadestw
very high degrees and the stochastic process assigns thenflhientéb the nodes with the
maximum degrees, such nodes have low influence on the neighbours marked as imitators, de
high contacts. On the contrary, whereby the stochastic process assigns tlieflugetiatlso to
lowly-connected nodes and the preferential attachment mechanism generates-tesséaybdy
nodes, some imitators result to be highly connected, spgedimg diffusion process. This
consideration is valid also for SC networks, even if with less intensity, since the highest degre
networks are lower than the BA ones.

Whenw =0.15 {e. w= G the proportion of influential on the whglepulation, the relative

i mportance that imitators attach to influ
Therefore, the path of the diffusion process is similar to a classical diffusion model, with RN
SC processes showing aersiretched behaviour.
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Whenw =0.75, the RND and the SC (only wkegr 4) processes show an extremely high variabilify.

For RND processes, this is because the stochastic pracfgerdfadle distribution may assign the
role ofinfluenti& same isolated nodes or to nodes with very low degrees. When this situation o
i mitators may be mainly, or even only, co
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influence on them, and the diffusion process get considerably lowemé& meagaoccur for SC
processes, because wkegr 4 the role ofnfluentimhay be assigned to lowbynnected nodes.

The nextFig. 35 represents thigaction of the population adopting over tinfier the 4 diffusion
processes wheaygs equals to 4, to highlight some particular patterns due to the subdivision ¢f the
population among influential and imitator households.
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Fig. 35 Adoption fraction over timefwhen ka,=4. From top to bottom: SD model, ABM on RND, BA, SC
networks, andw=0.03 (left), w=0.15 (centre)w=0.75 (right).

The trend of the curves f or ubldwea vBRasis pma d elr nc ogref
by Van den Bulte and JoshiMftan den Bulte and Joshi2007)They ref |l ect t hel 0i nt
visible in the diffusion curves Big. 34 This pattern is due to a different adoption rate whigh
characterizes the influentials and the imitatorsv E@:.75, the imitators are so mutffuenced by
influential s behaviour that a | sbasedtnioéels,rthe ¢ i f f us
generati owawvwésd®dpathdt ern i s not evident dule to
have been simulated in discrete timegwial SD model is in continuous time. The rate of adoptipn

of the agenbased models reflects what showkigri34and discussed above.

The comparisons between the min and max time interval needed by-theesadestbchastic curves
to reach 50% and 95% of diffusion, and the values of the SD model are repaititel 29 the
values in brackets represent the difference with respect to the Bass model.
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CASE 3. OModelling the Forest o
Table 12 Results
50% 95%
Scenario kvg=4, w=0.03 min max min max
RND 56 (+6) 81 (+31) 147 (+59)  239(+151)
BA 42 (8) 121 (+71) |128 (+40) Not reached
SC 56 (+6) 81 (+31) 156 (+68)  Not reached
SD 50 88
Scenario kvg—4, w=0.15 min max min max
RND 56 (+25) 75 (+44) 139 (+71) 211 (+143)
BA 24 (7) 35 (+4) 83 (+15) 94 (+26)
SC 35 (+4) 67 (+36) 131(+63) 203 (+135)
SD 31 68
Scenario kvg=4, w=0.75 min max min max
RND 19 (+1) 177 (+159) |54 (+5) Not reached
BA 9(9) 26 (+6) 21 ¢28) 54 (+5)
SC 15¢3) 140 (+122) | 36 €13) Not reached
SD 18 49
Scenario kvy=8, w=0.03 min max min max
RND 31(+5) 42 (+16) 53 (+8) 117 (+72)
BA 22 (4) 52 (+26) 64 (+19) 187 (+142)
SC 23¢3) 63 (+37) 73 (+28) Not reached
SD 26 45
Scenario kg8, w=0.15 min max min max
RND 25 (+8) 43 (+26) 48 (+13) 143 (+108)
BA 13 ¢4) 19 (+2) 39 (+4) 46 (+11)
SC 19(+2) 27 (+10) 62 (+27) 87 (+52)
SD 17 35
Scenario kyg=8, w=0.75 min max min max
RND 29 (+18) 105 (+94) |47 (+21) 209 (+183)
BA 6 (5) 16 (+5) 11 €15) 35 (+9)
SC 9(2) 19 (+8) 20 ¢6) 163 (+137)
SD 11 26

The results reflect the trend visible from the diffusion curves described abowe.2/0L@3) the
variability is very high for all the three agaséd processes, especialkxfgr 4 and the BA curves.
The time interval between the min and the mases is wider than 2 years when approaching 5
of the adoption for RND and SC procesk.at 4, while it reaches%years for BA process. When

D%

approaching 95% of adoption, the interval increases a lot for all the processes, from 7 to 9 yeays. Apart

from the minimum value of BA, the curves are all stretched to the right with respect to the SD
and some processes do not even reach 95% of adoptikagF@&; the interval between the min
and the max values for the agwmged process is fromd 3 years when approaching 50% o
adoption, while it increases till about 5 and 10 years when approaching 95% for respectively t
and BA, while the max SC process never reach it.

The scenario witly =0.15 is the least variable one. Apart from thienomim value of BA, the curves
are all stretched to the right with respect to the SD model, especially for the RND and SC mog
approach 95% of adoption respectively about 12 and 11 years later than the Bas&gedg| for
and about 9 and 4 yekater forkavg—= 8.

Whenw= 0.75, the RND process is always stretched to the right with respect to the Bass m
curves approach 95% of adoption from 5 to 192 months later bothwwitd andka..,= 8 d and
presents the highest variability. Whegr 4, the time interval tveeen the min and the max curves
is wider than 13 and 15 years when approaching respectively 50% and 95% of the adogtign.

imodel,

|
he RND

els that

odel

\Vhen

= 8, such time interval is wider than 6 and 13 years when approaching respectively 50% ang 95% of

the adoption. The SC mogeésents a high variability as well, especidtlyfod: the time interval
between the min and the max curves is wider than 8 when approaching 50% of adoption angd
when approaching 95%. Whan~= 8, such time interval becomes considedal@almost 12 years
d only when approaching 95% of the adoption.

infinite
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CASE 3. oOoO0Modelling the Forest o

In many simulations, the agbased processes do not reach 100% of adoptikngfo”d, and the
relative portion of population is numerically relevant in the cases restiai#eli® While RND

r Mo d

networks present some isolated nodes that prevent complete adoption, the lacking adoption py some

agents in case of BA andr&Bwvork processes due to the too short simulation horizon.
Table 13 Percentage of adoption at t=241 months for RND, BA and SC processegai-4

max adoption
w=0.03 w=0.15 w=0.75
RND 93.208.0 95.797.9 71.697.8
BA  79.099.9 - -
SC 91.399.5 97.299.6  75.2100

In case okawg= 8, the maximum adoption fraction is less than 100% in 16 simulation of SC m
and the final adopters range from 909 to 1000.

odel,
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5.3. Choosing system dynamics

The literature debate between SD and ABMs and the previous casd siuittysléundamental
consideration: considering the composition of the social structure and behaviosirgjleadent
through ABMs can lead to significantly different results. On the other hand -shedggseinted
out thatthe results obtained WiABMs are affected also by large variablligspite beingra
interesting resultdma 0 s p e and Istachaistipointof view, the practicality of having tens,
hundreds, or even thousandsighificantly differerscenarioss questionabler evenuseles the
final aim is to build more reliable electricity demand scenarios and energy plans. Model calibration can
be a solution, bittwould encounter three complications:

- availability of a huge amount of data for the calibration of theesonnic network, and

the parameters characterising each single agent;
- knowledge o$pecific sociacience competences for the definition of the social structure of
ruralcommunites

- questionable applicability and possibility to extend the results to diffietexis.
Moreover, these considerations refer only to the simulations of the innovation diffusion process
analysed in castdy, which is just one of the multiple dynamamck multifaced complexities
observedh the electricitgevelopment nexus.g. he increase in population would require the ability
to investigate and model the dynamics of growth of social networks, with the introduction of further
parameters, logics, and hypothesis difficult to assess with few data. The lack oeaoogss to
reliable data when working in rural areas in developing countries adds further difficulties to the agent
based modelling process.

Given these potential drawbacks of using ABM multiplicity of causdfect relations and

feedbacks, and tirgelays characteing the nexus between electricity demand aneksooiomic
development, the modelling framework based on SD seems a more appropriatel aajoiditioh.

to this, SD theory offers a modelling process which contributemtel@listic understanding af

system and its relevant causalAiss. the literature in the field of energy and development supports

the suitability of SD for modellimpmplex issues. AlagAlam 1997develog a SDmodel for

representing and simulating an integrated rural energy system for rural Bangladesh, suggesting that
0 S gnsdiynamic methodology appears to be the most appropriate technique for handling complex
systems (pg. 593)6, due to the preseMusaegoof man:
et al.(Musango et al. 201andBrent et al(Brent et al. 201Etate that SD has the potential for

assessing the sustainability of renewable energy technology in developing countries by accounting the
economic, social, wronmental and other factors that might influence the process of energy
technology developmeHiartvigsson et al. suggest that SD allows to make a holistic analysis of energy
systems in rural contexts 0wh e rakarrdangemenisodateso duct i
new interfaces between technology, people and their societal and natural sur(Blaniggsdn

etal.2015) pg. 2) 6.

Moreover, the usef SD allows to significantly reduce the amounquahtitativedata needed for

building a modeDf course, as for ABMs, also-8&sed modelling requires kegn time series

both in model development and validation. On the other hanglittegion process 8D models

offers a more structured and codified procedidnieh give much emphasisalsoto qualitative

information Especially in rural areligh-quality qualitative data can often be obtained through case
studies and structured interviewstuhalresidents often have a plethora of practical knowledge and
&nowh o wo , even though they |l ack precision, t hey
reference modes and historical trends.

5.4. System dynamics and rural electrification

Application of system dynamicsthe energy sector counts hundreds of daeptiblications. A
research oBcoplsi mi t ed t o OEnergydé as subjecdoenttd ar ea a
362 papers from 1985 to 2018, whose 350 from 2000 to 2018. According to ti&pEotdpterest
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Chaptels Modelling insights for dealing with complexities

GroufgSIG) of the Systeynamics Socigfydevelopmesiand applicatiaof system dynamics in
the field of energy are relatedBoergy systems technology development llimgd&echnology
assessmenEnergy impact on sustainable developnigrdrgy economicgnvestment analigs
Energy market modellingnergy regulations and policiEsvironmental impact assessment and
strategic environmental assessmBenewable energy technology and econofEitargy
environmental policy design and assesshestitiutional questions redd to Energy, Sustainable
Development and Environment Protection

Although these studies mainly focus on developed cowqpésations of SD for analysing the
electricity sector leveloping countries amainlyrepresented by the research worksaafc Dyner

on the electricity market and penetration of renewable energy téesinobmombia (e.gDyner

et al. 1995; Bunn and Dyner 1996; Castaneld2@17; Redondo et al. 2018; Zapata et al) 204.8)

Hassan Qudratlllah on electricity policiem Pakistan (e.giHuang and Chen 2005; Quedddah

2005; Qudratlllah and Seong 201®lectricity production and use in developing countries are also
analysed in théhreshold 2hdiSDG models, two simulation tools based on SD developed by the
Millennium Instituté to support comprehensive, integrated -tenm national development

plannng, and to investigate the interconnections between the 17/ApI&Estions of SDnithe

field of rural electrificatiois very limitedSteel(Steel 2008)Jevelog a SD model to simulate the
decisiormaking process of electricity consumers in rural Kenlgacadosing between grid and off

grid power optionat national levebhe identifigthatlow electrical reliability generat@gious loop
whichcauses losses of economic resources and reduces the reliability eleadan@eardan 2013)

use SD to compute the elgicity demand in a losigrm power capacity expansion model for
Tanzania, demonstrating that electricity demand should be treated as an endogenous factor in energy
planning processes, rather than exogenous. Zhang gatéé&apand Cao 201&)alysethe future

energy supply mix for a rural Chinese region by using SD to simulate the nexus between rural economic
development, social developmevit. growth in population) and energynsamption Notable
contributions have been doneHartvigsson in investigating the main dynamics affecting the success

of failure of micregrid projects in rural Tanzafigartvigsson 2015, 2016, 2018, Hartvigdsain e

2015, 2018alke focused on the analysis of the endogenous dynamics that affect the viability of mini
grids through the modelling of feedbacks betwe
increase generation capacity, and bethvegnowth in electricity usage and electricity availability. He

used system dynamics especially as an appraaatefstanding and imphevéygtem under analysis

from the perspective of tlemergy utilBart of this thesis stands on his maidifigs and adds the

following foci as for the use of system dynamics:

1. as an approach foharacterighmelectricity demasttbvelopment nexus and its multifaceted
dynamics;

2. for projectifmpgterm electricity demand scenarios;

3. from the perspective di¢energy planner

This thesis is therefore meant to contribute to the same effort of other researchers focusing on energy
demand models and rural electrification, with the final goal of investigating theosoanic
complexities of the rura&lectricitydevelopment nexus, providing a more reliable approach for
modelling longerm projections of rural electricity demand, and planning more relighitkmdfver

systems

10 https://www.systemdynamics.org/energy

1 https://www.millenniurainstitute.org/integrateglanning
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Part ||

Modelling In action :
system dynamics and optimisation
models for rural electrification

This part addresses the Objective 2 and Objective 3 of the troessriltes the
main steps of thesysterdynamicsmodelling procesgi.e. conceptualisation,
formulation, calibration, testing aradidation)as well as the use and integration of
the model with an optimisatibased approach for ajfid micro-gridsystems.
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Chapter

Model Conceptualisation and introduction
to the /kondo case

A map is not the territory
(Alfred Korzybski 1931)

Develop a model to solve a particular problem, not to model the system
(Sterman 2000)

This is the first chapter of the part Il of the thdesisccordance with the issues
emerged in the analysis on the electdeitglopment nexus and the specific
objectives of the thesthe dynamigoroblem to solve and the purpose of the SD
modelare definedA real casstudy is introduced as referenceafdrieving these
purposes and for going further in the conceptualisation and the next stages of the
modelling process, i.e. a hydroelebtrsed electrification programme implemented

in the rural community of Ikondo, Tanzania, in 2005 by the Italian M@@&dn

CEFA Onlus It sets the basis for achieving Objective 2, sialtevis to identify

the model boundary and key variables, describéde¢haviour and theelated
reference modes, and represent the feedback loops of the system.
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6.1. Problem statement

Definingthe appropriate problem to solve through a model is the first pivotal step of the modelling
process. This allows tnclude only the relevant dynamics and factors, and finally contribute to
improvingthe knowledge of the system and the systemitg&dfrent problems do emengben
electrifingrural communities (viz. tegstg§gn as def i ned i n the OProbl em

1. electricity demand evolves following unexpected pathklow to formulate the dynamics
behind electricitgevelopment nexus agenerate reasonable lbegn projections of
electricity demand rural areas?

2. electricity access does not always bring rural developme¥thy do not we see the
same outcome in terms of electricity evolution patterns and rural developmemeevery ti
we bring electricity?

These issues are obviously linked and subjected to many complexities:

M low understanding of tls®cieeconomic structure of local rural communiseadtural
uncertaity

M multifaced and multidimensional factors characterise the systeturél uncerfginty

M unknownimpact and relevance of such factors on the electricity consumptiégce and
versafarameter unceitainty

In turn,and inrline withtheé O b | e cof thethesis Lsdkectiorl.?, the statement of the problems
allows to define the twibld specifiqourpose of the model:

0 (ta apsess the fundamental dynamics, variables, and exogenous policies that characterise the ele
development remxdigiigenerate farg projections of electricity useuo auppore | ect r i f i cat

In this work, the attempt to achieve this puri@gersued by developing and testiagnalation
modelbased on a real case staaiyl soflinking it with a model for generating electricity load profile
and sizing an offrid microgrid

6.2. The Ikondo case-study

6.2.1. Analysis of the context

CEFAOnluswas founded in 1972 by a group of agricultural cooperatives based in Bologna, Italy. It
promotes initiatives of development, cooperation and international volunteer service. CEFA supports
projects in rural regions of the Mediterranean, East Africa andibatica to establish sustainable

and durable development proesss local communitids Tanzania, it promotes interventions in

the fields of water supply, agricultagegprocessing and rural electrification $in8elh ¢his period

the NGO hagealised three mini hydetectric power plants in the rural areas of Iringa and Njombe
regions, which currently seaveund 1@illagesonnected to the migrids. Themain characteristics

of the thregorojects are listed Tablel4.

The village of Ikondo is the target context ofttigisis According to the latest 26d#ta gathered by

CEFA, lkondo has a population of around 4000 people, dinidggroximately 820 households

(HHs). The village is characterised by an agricodtseed livelihood, with around 1&D Income
Generating Activities (IGAs) started after the electrification of the community in 2005. The power
plant is managed by a logglity, namely Matembwe Village Company (MVC), founded by CEFA
and now independent. It is in charge of managing and operating the plant and the line, defining the
tariff, maintaining the relations with the national utility TANESCO and the Tanzanilan Rura
Electrification Agency (REA). CEFA founded also a local-onaxld utility, namely SACCOS, which

is also in charge of recording and collecting the monthly electrigityzNdlage.
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Chaptei6 ModelConceptualisaticand introduction to thikond@ase

Table 14 Hydroelectric plants implemented by CEFA in Tanzania[adapted from (Riva et al. 2017)

Matembwe

The first power plant wasalised in the village of Matembwe |
the District of Njombe, in 1984. The hydropower plant
nominal power of 120 kW and suggélectricity to 2 village
serving about 700 connections through a 19 km of me
voltage (MV) distribution network, darit is connected t
TANESCO.

Bomal angdombe

The second powerplast n t he vill age

the District of Kilolo. The hydropower plant has a non
power of 250 kW and sujgselectricity to 3 villages servi
about 400 connections through a 17.3 km of MV distribi &
network. The plant is not connected TANESCO. The
availability of electric power determined a rapid developm
the village of Bomal angdo
population grow from 5,000 to more than 12,500 inhabital

lkondo

The third power plant was realized in thagé of lkondo, ir
the District of Njombe. The hydropower plasisbuiltin 2005 £S5
with a nominal power o8&W in order tosuppy electricity to
the village of Ikondo, through 8 km of MV distribution netw
Ikondo is a rurof-river plant, which usesetiwater provided b
the river Kyepa. The project intendettiggerthe developmen
to the village of Ikondo, a very isolated settlement in the D
of Njombe.ln 2016, CEFA completed the upgrade of the pc
facility with an additional 350 kW turbdnechieving an overe
generation capacity of 433 BVéind the realization of 47 km &
MV distribution network that reached other 4 villages i
immediate suoundings,the Matembwe micsgrid and the
national grid.

6.2.2. Data collection campaign

Data collection on the field was carried out in threestohdy the auttroof this work, other
colleagues at Politecnico, and the current Project Energy manager 0&BEE3veports the main
information regarding tltata collection campaigns
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Table 15 Main information concerningthe on-field interviews.

Period Target Villages Aim
June 2016 33Electrified HHs and 8IGAs in electrified areas Electrified villages of (D;e:': mg rqn?es oft_lnconl;e, te?hpenldlttzrg Si[ sad t f i tion ti
Nyombo and Kidegemby: ~ athering information about the electricity o aifd type of appliances, operation tir
windows, power
September 2017 38Electrified HHs and51GAs in electrified areas Electrified villages of Be?n!ng Langes ?f mckq me,fexpgndlturzs%; h ”
Ikondo and Ukalawa efining hours of working, farming, and for housework;
Defining ranges aonnection cost
Gathering information about the electricity n%auifd type of appliances, operation tir
windows, power
January 2018 - 6experts: (1) the Country Director of CEFA ir Electrified villages of Understanding thastory of development of Matemblkendg;

Tanzania; (2) The Manager Director of MVC;
the Manager Director of SACCOS; (4)
(Ex)Manager Director of MVC; (5) MVC
accountant; (6) The Manager director of the
Bomal angbombe Villag
head 6the electricians in Ikondo;

- 3IGAs: (1) one grocery; (2) one garage; (3) ¢

carpentry;

- 2farmers: (1) a land owner; (2) a poor farmer
- 2women: (1) MVC accountant; (2) House ket

for CEFA and clothes seller;

- Zteachers: (1) Head of Matembwe primary

school ; Head of

(2)

- Iphysician at Matembwe dispensary.

Ikondo and Matembwe

Conceptualising (i.e. idiéying the main variables and dynamieslectricity
development nexus for Ikondo;

Discussing the structure of the model

Gathering quantitative data about the variables and parameters formulated in the
(see model calibrationQinaptei8);

Collecting the data ofonthly electricity consumption for lkondo consumers from 2C
to 2017 included.

- The interviews were based on questionnaires composed by both open andhuigémeestions;

- The interviews to the Country Director of CEFA, The Manager Director ofadfThe Manager director of the BVC were in Italian;
- The interviews to the other experts, the teachers, and the physician were in English;
- The interviews to the local people, HHs, and IGAs were in English and translated in Swahili by a local Eapdaran int




Chaptet6 Model Conceptualisation and introduction to the lkondo case

6.3. Boundary selection and dynamic hypothesis

Defining the appropriate variables of a model ®titaiinclusion of the fundamental endogenous
dynamics and the exdhrsof the negligible ones. Since model conceptualisation does not involve
simulation, thiendeavour will be completed with the formulation and testing of thedtbeel
modelling process is iteratéyebutat this stag# allows to simplify the struce and enhance the
knowledge of the analysed system.

6.3.1. Reference modes

ChapterS3confirms the i mporttaemrcm tolii mlslinygith gvwaloenn ad
electrification. The electricitgvelopment nexus is affected by delays of years or even decades. Given
the availability of data from the implementation of the Ikondo back in 2005,-tigritioreis set to
13yearsln this time horizo, data and surveys help to define potential reference modes of the system,
viz. set of graphs and other descriptive data showing the development of the problem over time
((Sterman 2000)

Table 16 Reference modes and insights.

12000 Monthly data of the total electric
10000 consumption of the Ikondo community.
“ + « .. " |Electricity consumptionseyfrom 2005 tc
8000 Lt ” ..+ . |2017.Moreover, the growthidinot occur
= Wt TS e e o L at a constant ratdong all the horizomand
2 6000 s o it shows a high level of sheetm
% 4000 . L "':'- - ’ \_/ariability, onfirming the presence of nc
= LYY linear dynamics.
2000
0 =
gen-05 gen-08 gen-11 gen-14 gen-17

Time

Reference modes of the growth of busir
activities with electrification. The lo

‘ experts stated that lkondo had at mo:
business in 2005, while it now cou
around 100/120 at the®t$ear. According
to this, one expert suggestedaponentic
growthrate, while data related to t
electrical connections of the local busir

-
-
-

)
o
o
o

[N° businesses]
o
=
(=]
o

—  —Expgrowth suggest &oal seekimghaviour
20.00 ‘_,-”' Linear
----- Goalseeking
0.00
1.00 3.00 5.00 7.00 9.00 11.00 13.00
Time [years]

Orespect to t he comeioftthe millages This indicates an expecteibstantial
thantripledthe manager director of the M4C) growth of income from the beginning
2005 to the present days.

oPeople work more in the evening, while farmers can c¢ This suggests an expected growth in
during the nigtite manager director of the MVICBVC / | time spent for doing business and farn
SACCOS /local workers / local farmerg activities during the night hours.

OBefore electricity, 50% of students usually passed the € This indicates an expected increase i
the primary school, nogv&&a n of Kani kel educational attainments for the commu
after electrification.
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6.3.2. Mapping key variables and dynamics

The identification of the key variables and dynamics for the lkondo village are based on the causal
loop diagrams drawn in Chaptdor the electricitgevelopment nexuandmodified according to

the local survey®@ne dimension of the nexus is not conceptualised, thatHealtle and population
dimensionAs a matter of factlespite the clear positive impdcglectricity on health, it did not

emerge any significant feedback on electricity ddroemthe on-field interviewsMoreoverthe

complete absence of quantitative information prevented the attempt to include this dimension in the
model structure. As eonsequencehe population dynamics are considered and formulated as
exogenous.

Tablel7r epor t s t he |oomdiagranisifoelkondo,@ara the r@lated explanation.
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Table 17 Causal loopdiagrams of the main variables and dynamics of the system.

Access to
electricity

£
_ — Propensity
- to invest
~ 4 |

infrastructures

crowding
out

- \R2)

Rl Propensitytmvest ¢ El ectrical demand ¢

Given the possibility to exploit electrickgdess to electrigitgd roadsr(frastructyre
andaccess to affordable loamsofareditsspeople can invest in electricatmreeries
and appliances, agt a business, increase their income and bewilimgto invest
again.

RIPropensity to invest ¢ | GAimilagas Rlvbe
concerning all the IGAs that do not require electhaityhat weregenerated as
result of the increase in community welfare.

R3: El ectri ctiitoge deemh @As ¢ FAeer age
Electricity use at home and at work allows teufpetéme to use for setting up ne
business, increasimgome that can reinvest again in more appliances at horr
work.

B1: | GAs ¢ crowdi ng o uThegrpwthmrthe puenbes of
businesses increases also the competition and the saturation of the market fc
product or srvice, reducing the propensity to invest in such activity

B2: | GAs ¢ Avewage gi maud me ¢ GEIseavding
out and the competition balance the sales and market turnover, decreasing thu
per person, anBalancing the use and conception of electricity at home a
productive purposes.
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\Average
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RlaMar ket supply ¢ Mar ket de mahhdincpeas
of market supply per effect of electrigtgvious loop) hastaréeimportant feedback
on market demand: (1) people can find locally most of the goods and services
were used to buy outside before electrification, decreasituptthend therefor
increasing their purchasing power;th{g) external demand for goods and sen
increases, especially from the villages in the immediate surroundings and (8)t
the market supply of some businesses satisfies the demaad foaterials an
services for some other IGAEBhe increase of market demand reduces the n
competition, which in turn encourages more production.

R1b: Market supply ¢ Net revenues ¢
¢ Mar k e The margage lofymarket supply increases the revenues, ant
average income that can be spent for more demand of goods and isergasis¢
the market supply.

B1: Mar ket supply ¢ MarThie is the tumlpneemt
balancing loop, which controls the market equilibyatmeen supply and demand

R2a: El ectricity demand ¢ Product
competitipn Ne t revenues ¢ Av er Bhg ese of alectoiait
causes an increase of market demand as a result of product innovaticiitsu
improvement, increasing the sales, the revenues, and the income that can be
in more edctricity consumption at work or at home.

R2b: El ectricity demand ¢ Evening
i ncome ¢ E ITeewdeofielectritity for dvenimg liglting allowed local
to work more and increase their salles revenues, and the income that ca
reinvested in more electricity consumption at work or at home.

R2c¢c: Electricity demand ¢ Product i
Electricity demadimelectrification of local production @result of electricity use (¢
electrical milling machines, carpentries, garages) increases the productivity, th
revenues, and the income that can be reinvested in more electricity consur
work or at home.

R3: Averagetiinnadme ¢ MArrkecud supplThe
increase in income is partially reinvested in the local business, incree
productivitythesales, the revenues, and the income that can be reiagastéd the
activity

In all the reinforcingloopsR2, capacity building emerged to be an important factc

improving local productivity.
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Market

@ demand
Traditional /

sources of energy

R1: Electricity demand ¢ Farming p
Electricity deméiiectrical lighting allows people to continue farming activities
night (e.g. shelling), increasing their production tarsttihe income that can |
reinvested again in the activity.

R2: Market supply ¢ | nc o mage marketraxpénd
¢ Mar ket d e ma n dTheincrédser ok raarket suppypabk @ rest
electrification (see the loops before) generates a positiogespéffect also fo
farmers becaugee development of local market of good and serattracts more
external consumers who purchase also local food products. Thissithereaszage
income, the expenditures, the market demand, and then supply.

R3: Electricity demand ¢ Tradition
Aveage i ncome ¢Th&dsed dlectiicityireduties deednia purdhas
and consume the expensive kerosene. This isctease hous e hol
power, the demand for other goods and services in the local market, the loci
and then the income that can be reinvested in more electricity consumption a
at home.

Bl: Electricity deesmapn dA vde rEangeer gnya rckoe
demand ¢ Mar ket supply ¢ TAivg katariggeloo
prevents the unlimited growth of electricity use. Increasing the electricity dietr
connections and consumption), the exiparess for electricity increase, decreasin
househol dsd purchasing power, the
market, the local supply, and then the income that can be reinvested in more
consumption at work or at home.
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R1: Electricity demainme ¢e ¥Etbdacteinse dirfe
¢ Aver ag €lectricitg demmdgldctéical lighting allows peopleetdend the
day,continue farming activitiasd working in the night, and potdhtiacrease th
income that can be reinvested in more electricity consumption at work or at F

R2aEl ectricity demand ¢ Electrical |
¢ Productiwme s Avefr afgree é Elecvicaldighting d&low
local womerno postpone some housework during the eveaimtythen expiting
more daily time farontinungfarmingand workingwhich in turn allows tpotentially
increase the income that can be reinvested in more electricity consumption a
at home.

R2b: Electricity demand ¢ Efficien
¢ Productiivme us éAvefr afgree @ iElectrioitg at fomeech
facilitate and speegb some daily housework (e.g. the electeicoicker decreas
time for cooking), allowing local women to exploit more daily time for cont
farming and working, which in turn allows to potentially increase the income
be reinvested in more electricity consumption at work or at home.

Rla/R1b: El ectricity deSmdynirde atyscHioidyetiene at ho
¢ Educati onPragadwad tnimeinttys ¢ Aver alWith
electricity at schoolsat home evening studyirtgne allows the pupils to continut
studying after the sunset, increasing their educational attainment. This conti
enhance peopl édwsnthe longérmhdthe detay is kankedwvith tl
two dashes on the causal liélkwhich is an important de for increasing
productivity, and then income that can be reinvested in more electricity cons
at work, at home, or at school as well.

R2: El ectr iQuatlyi tdye no#fd decdéutci aotni oant tda i
Aver age i nydenmdeedriciti at schobls allosvs to install and use a
pump, preventing the students to lose a lot of time for gathering the water
wells in the villages, increasing their educational attainment.

R3:AverageincomeEduc atniosn @&t RPrad chunet ilLocalexperts
confirmed that the percentage of income spent for education is a significant
of the total amount. According to the literature (Huisman and Smits 2009), the
level can be considered a stismidu increasing the local educational téwelildren,
which has a lorgrm feedback on their future income.




Chapter

Formulati on of the simulation model

Specification of the mathematical structure and
decision rules

A point of view, or a model, is realistic to the extent that it can be adequately interprete
understood, and accepted by other points of view
(Churchman 1973)

Constructing models, hence, is a process in which expert consensus regarding the feedback
is essential to the credibility of any given model

(Scholl 2001)

This chapte reports theformulatioof the simulation modelits mathematical

specification of its structure and decision &iles the conversion of the feedback

diagrams to algebraic, differential, and integral equBtiersémulation framework

is based oWensim DSS ® softwarks formulation follow an iterative process

based on the questionnaires implemented in the field, the information shared with

the local experts, and the analysis aradiedinition of the structure by the modeller.

The final struetre of the model is defined by the main dynamics highlighted in the
conceptualisation process, @ndountsll mainsubmodels IGAs formation and

IncomMarket demand, Market production and revenues, Agricultural revenues, Population, Tin
savings, Edtion, IGAs electricity connections, HHs electricity connections, Household applianc
diffusioandElectrical Energy consurpéanodel simulates the impact of electricity

access and use on the secionomic development experienced in Ikondohand t

related feedback on t he dlemnmieddfthiy6s el ect
chapterareincluded in the proceedings of the 36th International Conference of the

System Dynamics Society:

Riva F, Investigating and modelling endogenousesaiomialynamics in lorg
term electricity demand forecasts for rural contexts of developing c@@htimes.
Conf. Syst. Dyn.,Seykjavik, Iceland: System Dynamics Society; 2018.
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7.1. Modelling framework

According tqSterman 2000the formulation of a simulation model considers the specification of
structure and decision ruéegiz. the conversion of the feedback diagramlgébraic, differential,
and integradquation®, as wel | as the estimation of the pa

In this studythe simulation framework is basedvVensim DS® softwaredeveloped by Ventana
Systemd-or eacldiscretdime-stepdt the software solves all #gpiations that describe the dynamic
behaviour of the modelled system. Ththestime bounds,andthe integration methokpresent
fundamental settings.

Table 18 Time bounds, and integration method set in Vensim DS®.

Time unit « Week
Time step <« 0.25
Initial time (Week) 1
Final time (Week) 679.25
Integration method Euler

t+dt

Yieat = ﬁX @ % x+ t
t

The initialand finakime correspontb theJanuary 200&nd the last month of available data at the
end ofDecember 2017.

7.2. Structure formulation

The structure of the model is baseddgnamicsdescribed irthe previous chaptethrough the
conceptualisedausal loop diagramiss formulation followd an iterative process based on the
guestionnaires implemented in the field and the information shared with the localf &BEAS

The formulationof the finalstructure of the model is based danrkin modelling blocksr sub
model3. IGAs formatioma Incomdarket demand, Market production andAgri@riuga) revenues,
Population, Time savings, Ed@Aatidegctricity connedtibtsselectricity conneklausghold appliances
diffusioandElectric&inerggonsumption

The model § composed bground80 levels ¥iz.integral equations260 auxiliary variables (viz.

algebraic and differential equatid@)parameterand8looku p t abl es. For for mul a
behaviour, to deal with the classicah@ithesis of perfect mixing and homogeneity within the

levels, the agents of the moalel representeab households divided in two classes: low income
household¢Ll HHs) (i.ewhorely only on agriculturhhsed activities) ahijhrincomehouseholds

(HI HHs) (i.e.whorely both on agriculturabsed activities amgrk inan IGA). Thisassumption

di scussed and reasoned with | ercsnbl fratioR &fdhe ex per
populationyiz.the very poor people who live on alms, and very rich traders-taridrgeners.

The model simulates the impact of electricity access andthsesonieeconomic development
experienced i n.lIithkeo evdlai@dssthe deedivanktiamn iet yc o mefeatricityt y 6 s
consumption by generatioggtermevolutiors of thedectricity loaaf the entire community along
thesimulated time horizoihe next susections are devoted to the definition ohtamequations
formulated forthe most relevant 7 modelling blocks out of the total 11 Tdmesemaining sub
models are reported AppendiB. The timedependent auxiliary variables are explained for each
equation; unless otherwise specified;itidependentariablesire all calibran parameters.

7.2.1. IGAs formation and Income

The d/namics of IGAs formatiols composed by a cascéaleaging chairgf two 1storder delays
(Fig. 36). One delay occurs during thettingup of the GAs 8 e.g. material procurement and
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Chapter7 Formulation of the simulation model

authorizatiord, and the second is due to the tie&ay requiretbr dismissing fraction ofsuch
activities that go bankruptcy.

Time to dismiss

Initial number of IGAs activity
financing IGAs y.
o P Financed IGAs : - IGAs “/ -
setting-up of bankruptcy rate of ’
AN new IGAs IGAs ‘\
\\\ P « * ~. — . 4 \
— \ — - o \

N ) fraction of
Time for failing IGAs

setting-up the
IGA
Fig. 36 Cascade of twdst-order delaysrepresenting the IGAs formation process.

EIGAs(t)= f( setting-up of new IGAs(t) ufitapkate of IGAS(tX

t

] N Financed IGAs(t)

| setting-up of new IGAs(t} _ (13
Time for setting-up the IGA

PR

—) —)

Financed |GAsg)ﬁ( financing IGAs(t) -usettfiiew IGA}(t)C

The settingp of new IGAsntains also a positive inflow diGAS, respectively a tailor shop and a
carpentryjmplemented by CEFA January 2017 (information based on data on IGAs electricity
connections).ocal surveys suggested that the dynamics of financing IGAs takbsaopiglivo
different mechanisngq.(14):

(1) by emulatigreople ask for a loavithout a propemarket analysis, but just emulating their
peersvho open a business
(2) by markénspectiopeople do a proper market analysis before opening a new Bagvit

analysis concerns the investigatidghedyp@andnumbef activities potentially neededhe
local market.

gfinancing IGAs(t)=IGAs by emulatiGi($)bly market inspection(t)

I .

| IGAs by emulation(t)=setting-up@hs@W fraction of IGAs started kipimite (149
|‘ IGAs by market inspecton(t)  Peeckideut@As( t) OFraction of feasible I¢

The variabl®erceived needed newd&#es{t)s on the operation of the local market and the level of

local demand unsatisfied by twal supplysubsectiorn/.2.3, while the variabkraction of feasible new

IGAs represents the fraction of potential IGAs to be financed bagmbpl® s | ag i n per cé
electricity benefit§electricity accesssprovided in February 2005, one month after the initial time

set in the simulatiad) their available tinfer dedicating themselvesa new businegsnodelled as

a logsticfunctiond, and their financial megiisy. (15).

gFraction of feasible IGAs(t)=Fraaffondaible IGASHt) Time-based (ftpEesitycity availability e
7
1

1 Time-based propensity(t) .
prop 1’+\é- [k-time © T-sigmoid- Total weekly avagible i

_Electricity availability®) (19
ime to perceive electricity benefits

Electdity availability effect“;[)
t

o a0 if t<1 month
Electricity avallablhtyﬁ) . ] .
i Tr of potentially affordable IGASocEnngéct 1 month

—_——) =) =) =) = ) —)

Where thdr of potentially affordable IGAs casreectidibsation parameter that reflects the fact that
some IGAs could be unable to pay the electrical connectido, tdwemain reasons: (1) distance

from the electrical junction boxes, and (2) unaffordability. These IGAs could potentially benefit form
electricity through spilver effects caused by a more buoyant market situation. Indeed, as stated by a
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localexper s ome | GAs are not connected, but | ocate t
to attract more clients and exploiting sdiffiesel i gTkrsigmoahdk-timere calibration parameters

of the logsticfunction. The variabléraction of affoleld@Asrepresents the fraction of IGAs that

people caafford based on two financing mechanisnag@ss tmicro-credit, and (ii) selinancing.

In Ikondo, micrecredit is managed by the same electricity (it8inSACCOSRaNd supported by

CEFA. The financing through micaedit is the product between the fractiopewiple who ask for

a loanand the amant of income they are willing to spend to pay the debt back, divithed by
investmenthe interest..2%according to SACCQ%nd the payback peridtheremainingpeople

who seHfinance their activigresupposed to pay all the investment at.once

Peopleds income is directly affected by the <co
i ncome variabl e r femanciaagaiabiliygthirnedcke time onlit¢viz.1 wéek) s 6

It increaseor decreasdhased on the changaghe financial inflows that people experience every

week and it follows the dynamics ofseorder negative feedback with explicit ¢&@rman 2000)

(Fig.37).

external LI income external LI income
HI farming income | L1 far o |
’f farming mcome /
" ’/,/ ] ;
AN / Tnitial HT income ™S / Initial L1 income
\ S .
< \Z‘/ = HI Income o o m
Change in HI v Change in LI P
income / income T
. S v )
- - v 4
; T ,/ '\‘_
/ y / AN
/ \\\ ' ™ ~
Net HI profit [TME STEP LI savings TIME STEP

Fig. 37 Stockand-flow diagrams for HI Income and LI Income variables.

For both the household categories, i ngaame depe
revenues and f r oml HHeHawalsovaaet ilcomeaniidwtgitvea hymbéits .

from their business activ{Gross Hprofitsubsection/.2.3 minus their dat that they incurred with

the micro-credit utility LI HHs do not havea business but tend to save part of their financial
availabilitheeded to seffnance thénvestmentfor opening an IGAEQ. (16)).

D

&, dHI Income(t) »
N : =~ Jh
bhange in HI Income(t)

external HI income(t)+Net HI revehil ing income-(t HI Inco
Change in HI Incomc((t) ® o éaiting k()

(16

~

dLl Income(t) _
bhange in LI Income(t)

-

-

. external LI income(t) +LI farmingipheobiesavings- LI Income(t)
Change in letnme(t)(— - Q]

B i e e e e R e

7.2.2. Market demand

Local demand fayoodsand services is the main driver for the operation of a rural (Riwkest al.
2018a)Demand i s based on the househldlndddareex pendi t
with local surveyshe household expenditures on a weekly basis are equal, in absolute value, to the
InconfgvariableThis hypothesis stands on these two considerations:

1. People living in rural and poor areas do not have the propensigyrmaayconfirmed also
by the local experts)

2. Potential savings are already accountedNeth¢! profiandLI savingsariables of E|16).

Ho u s e hegpenditur@sm the local marketpresent &action of the total weekly expenditures.
TheFraction of market expendithereforehe difference between 100% and the fraction of income

108



Chapter7 Formulation of the simulation model

spent for the followingnain local assefsod,healthcare, education, and electri€kyenditures for
healthcare and education are exogemmssantinputs, while food and electricity expenditures are
endogenous and tirdependant variables. The review of the eleethisilopment nexus highlight

that electricityise in local shopsay introduce changes in rural housefiolds x p efardoodsu r e s
and serviceslue toimprovements in products' quality amtbvation, whiclncreasethe demand
percapitaThis dynamics formulatedor both LI andHI householdss a decreasethe fraction

of expenditures for food, in favour of an increase in the percentage of income spent for local goods
and servicanodelled as B-order negative feedbagkh explicit goglEq(17).

e. dElectricity effect on expenditures(t) e ,
1N - —— - = n;t(){ease of market expendu
. Inax increase of week expendituregy eflectron expenditures(t)

| increase of market expendituresgpsefmincket expeditires Trend in costtred IG 17
i

A Electricity effect dit t
! Fr income for foed(t) _initial fr orciome- = coric effect on expendityges(t
i X Time to adapt market expenditures

TheFr income for foaahot decrease below a certain minimum such that the total expenditures for
food within each time urit is not lower than the initial expenditures for food atttithé i.e.the

fraction of income spent for foatecreasesas long as households incrébs& incomewithout
decreasinthe absolute value of expenditures for fabe Trend in connected epgreserstthe
fractional rate of IGAs that get connected to the rgiido(sib-section?.2.4.

The household expenditures in the local mamkkiplied by the number of households dinitled
by the average price of goods give the total household demand, of which just a parcéetage c
potentially satisfied locally due to lack of resources (e.g. specific building Bta{é8al)

Fr of market expenditure©HI(t) Hi{thcome
Average price of goods(t)
Fr of market expenditure®LI(t) Li(thcome
Average price of goods(t) (18
Total potential HHs demand(t) &hHd{@nHI households(t) LI dematd(tehblus
i HHs demand{t) fraction of feasiblekétisuppl®) Total market demandi(t)

?HI demandé)

—_— -

i LI demandé)

—_—) =) —) —

The Average price of goadsnedependent variable because it highly depends on the level of local
supply of goods and serviffeg.38 Eq.(19). Local interviews confirmed thiagtavailability of local

products as a consequence of the opening of new IGAs allows people to spend less money and time
for travelling towards other markets outside Ikondo.

T ocal i <Unsolved market

- demand>
external/local »

rices factor . . /
P : External price | 1 4
. \ |
-~ 7\ ) fr unsolved demand
' ‘ >
] Potential .
T dVerage price e

iti ; \ <Market demand=>
Initial average price of goods J

Average price of goods 4—2—’—@
change in
average price

k

<TIME STEP>
Fig. 38 Stockand-flow diagram for the Average price ofjoodsvariable.
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~dAverage price of goodg(l)
change in average)prige 't

change in avera Qe)pr.fStFntlal average [:I;rtlce(t) Aveddgp ptisk)

Potential average price(t) fr unsnidégQiexternatpr+(1-  fr unsolved denja@(t) Lc (19

fr unsolved demargpsolved market demand(t)
" Total market demand(t)

External price  Local pice extermalfiesdhctor

—_— ) =) =) =) =) ——) —> — ==

The fr unsolved denvanidble represents the fraction of the total market demand that cannot be
satisfied locally (si#ection/.2.3. The local market does not suppst the households demand, but
alsothreeother classes of customers:

1. Thelocal electricity utility MadCording to its charter, MVC has to reinvest almost 50% of its
revenues within the local communiitye model captures thigactice as a market demand of
the utility for local supply and goddslity demand

2. ThelGAs some IGAs supply themselves with raw materials from other local Buginess
the market costs of some activities represent refenothers. This dyndas is constrained
by the lack of some specific raw materials, and modéHemt@dar negative feedback with the
calibration parametarax fr of internal IGAs ssppls upper limiEq(20).

Market ts(t
IGAs demand(t)Lcoss()O fr of internal IGA$tsupply
Specific supply cost(t)

d(fr of internal IGAs supply(t)) = cffnge in internal v (20
lmax fr of internal IGAs supply  frral ilE&\s supply(t}

¢ f new IGAs(t
change in internal IGAs sufﬂ;ng uis‘zt)”ew SO

The Market costad theSpecific supplyvedisibles represent the sum of all the costs and the
average specific cost of the local IGAs atttiraspectively. These variables are time dependent
because the size of the market changes with time and because the specdifadesarad
services change#th the electrification of the village.

3. The external costumecal surveys suggest that the electrification of the village and the
consequent expansion of the local marketdggen pivotal drivefor the attraction of exteal
costumers living in the villages nearby Ikorte.dynamicis modelleds alstorder positive
feedbackEq(21)).

d External market expenditures
e ( P Sﬁgnge in external den@nd(t dt
! External market expend|ture§(t

|change in external demand(t) fr extangal imarket denand perceifedatieztcsopy)l (21
%External market demand(t) Externakexpekeitureslt) Local price(t)

~

[

Theperceivieend of market supfitg smoothedrendof the variable representing the market
supgy at time perceived by peoplsubsection7.2.3.

TheTotal marketdenafd t he vi |l |l age i s t hdélHsdenm)dbefdemahde h o us €
of the utility Utility demanthe demand of the local IGASAs demanand the deand of external
costumersExternal demand

& iimanézxmal IGAs supply

— =) =) = ——) —) =) (P
14
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Chapter7 Formulation of the simulation model

7.2.3. Market supply

The dynamics behind the supply of goods and services in the locanedtiken by the number

of local IGAs (already described insettion/.2.}, the productivity of each single business, and the

time of operationn thefield of economigshe representation of the production of goods and services
reliesonthesoal | ed Opr oduct i osthephysicat duipu®oféa,produdtionc h  r e | &
process to quantities of inpMtsX,, X,

Q= (X, X,. (22

Different forns of production function exidtom the classical linear functiwith application to

low income rural aregSchmitz 19659, to more complicated model$eTCobbDouglas is a
particular functional form of the production function, widely used to represent the teahnologic
relationship between two or more inputs antbtagutput that can be produced by those infiuts.
takes the name from the worlGifarles Cobb and Paul Douglksost one century affoharles W.

Cobb and Paul H. Douglas 1928jts generalised form, the Cdbbuglass functiois proportional

to the product ofi terms representing the inputs of the production, each one to the power of their
output elasticities (E3).

2
Q=AQ X/ (23

i=1
wherek is theoutput elasticity of inpi¢i, which measures the responsiveness of the Qutput
change itXi. A is the total factor productivity, which meastine portion of outpu® not explained
by the input quantitiesi. An applicatiorof CobbDouglaslow-income contextgs proposed by
McArthur and Sach®icArthur and Sachs 201@ho adopt it to represent the agriculibasled
production of rual African economies as a function of physical capital, labour, and land area as
production inputs.

In this studya formulation based on Ceblouglags usedo express thmarketproduction ofocal
IGAs as the product between the working time and thdugtivity of each IGAThe latter is
expressedhiterms of units of goods produced by each IGA in the unit of time (hours), based on the
following productiotimevaryingnputs:

- HI Incomas a proxy of the physicapital.

- Primary education level

The total factor productivifymareiS Not constant as well, liwis a function tthe electrification rate

of the business activities and the effect of ¢
According to local surveys, changesraayztivities do not immediately follow changes in the
production inputs, but after a time | ag due to
time to adapt their business to increase in the available capital and new kriegvi@dybslow

reports the mathematical formulation of the market production.

HI Income(t e,JGAsmcome
HI capital eﬁect(%—() 0
ClInitial HI Income-

| educational Ievef’ﬁs)

| education effec%
nltlal educational Ievel

A, db) = Reference factor prod(ittivity ficatileatffestd)  -capacity butidity
electrification effect(t) fractiorlEHEESAS(tH -el (24
Potential productivity(),.i& O() HI effigica(t) @ education effect(t)

~ Actual prodiivity(t) _

Iﬂ'PotentlaI productivity(t) Actual \ptyJ(ai)JctTlme to adapt produgtl\ny

Actual production per IGA(t) Actuattipity@)OActual operating hours(t)

— == = = = (D

—_—— =) =) =) =) =) =) —»—»
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Thefraction of Eteliant IGAgariable represents the percentage of IGAs that are highly dependent on
electricity use (st#ection/.2.4, while the variables related to the educational level &sqiritre
educational attainment of primary education in the village, whigteddrah access to electricity
(s=eAppendiB). The expression dfctual production perfiis&ach timeis indeedomparable ta
CobbDouglagormulation(Eqg. (25) with increasing returns of scale (i.e. the sum of the exponents is
greater than oneyhich means that tloeitput increases by more than proporti@sglect tehangse

in its inputs

Actual production perlGA  Actual openata® HI Incofl&* """ & | educatign@l! (25

The product between tiestual production per &Bd the total number ¢GAs gives the value of
Total market supplach timewhile itdhackwardliscretelerivatérepresented with timablgymbol

n) represents the trend of the market supply at fimeseived by people used in the previous sub
section for defining thexternal demgdy. (26). The backvarddiscretederivate is evaluated along
the time unit= 1 wand kotalongthe timestep! t, in order to make the model more robust to
potential integration errgtsut at the expense of the accuracy of the derivate.

&Total market suppty@ctual production per IGA@®sIG

% . D, (Perceived totatket supply(t)
preceived trend of market supphy{t)

I tu (26

(Perceived total market s)upply(t) d tBeEiceiads®ipply(t)- elteived total market supply

—_>

Dt
A d( Perceived total market Jupply(t) © 1 d
r'éﬁ'otal market supply(t) Perceive&mtahpﬁy(tg Time to perceive nzarkes @

—_— =) =) —) —

The variableActual operating hameserstithe working time of each IGA, which is based on the
mar ket demand, t la #me,handuthe extendiod of @verdng wdrking thme made
available by electricity use for lighfligs variablés modelledis a ®-orderinformationdelay due

to:

1. The time needed to form expectations about potential changes in market dynamics. When the
market supply is not balanced by market demand, local lessideps their production
accordingly. This dynamics requires a certain amount of time to be perceived by people
working in local activities.

2. The time needed to change operating h@srsoon local businesperceive a potential
change in the working time, they need tinimpéement it. rect observation in the field
suggestthat their response to potential changes in the working time varies depending on
weather it is a potential increasa pecessary reduction in their operating hours. Indeed,
people are more willing to increase their working time, and reluctant td.reduce

<Available operation time>

\

Feasible change in
/ operating hours

/ \

\ <Initial actpal operating hours>

Perceived potential change m Q% Actual operating honrs

operating hours change in

operating hours

<Time for perceiving

market dynamics>

<

Time to perceive decrease

Time to percerve increase ., h
in operating hours

<Potential change in = :
bt in operating hours

operating hours>

Fig. 39 Stockand-flow diagram for the Actual operating hours
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Chapter7 Formulation of the simulation model

d( Perceived potential change mnomes@mog
change in perceiving op. t|me(t) =

df

change in perceiving op. Fiefgﬂyal change in operatlng haees{ted petential changatimgpours

!
Ne
t G

Time to perceive market dynamics

,,ad( Actual operating h@ure(t)
. C change in operation tlmeegt)

change in operation fmef) Feasible change in operating hours
¢ P glie to perceivageche operating hiburs Feasihile @baraging hours

@7

i T|me to perceive decrease inapsifatirgegasible change in operatifig
F1 if Perceived potential change imopes@jifig
Feasible change in operating ﬁours t)
i F2 other\lee
F1= MIN (Perceived potential chang@nio logan@), Available operation-tkoa(al operating ho)Jrs

F2= MAX (Perceived poteftaige in operating heurs(t),  dvetirag durs(t)

——) =) =) =) =) =) =) =) =) =) ey} =) =) =) =) —> — = = :

The variabl@vailable operationrépresents themaximum number of hours that people can spend
for working $éeeAppendiB). The Potential change in opkoatisgrelated to the weekly balancing
between local supply and demand.dy ttiffer,the Unbalanced market deyenathtes a potential
changén the IGAs production (Eq28)).

D:

Unbalanced market derrand(t) Totademekeft) Total market st
d ket t
| Potential change in IGAs prodsc Wmand() (28
IGAs(t)
Potential changlGAs production(t)

i Potential change in operating hetstt
“Actual productivity(t)

—_ =) =) ——) —) —)

When the value of thgnbalanced market désnaositive, it represents an unsolved market demand
(Eq. (29), which represents the main driverci@ating new expectation abiiet creation of new
IGASs.

D:

Unsolved market demand(t) (MAX Unbaiaketede mandl))

1

I

%Theoretlcal needed new #C,EQ’?‘Olved market demand(t) (29
i Actual production per IGA(t)

1 ~ d( Perceived needed new IGAs(t)) 1

I

T tnTheoretlcaI needed neft)1GPeyceived needed new IGAs(t) efirigetonarket dyqar%

The limiting factor between the market supply and demand gives the quantity of goods and services
sold in the |l ocal market, thepbfibtal market r1 eve
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e
%Selling rateft) MIN Total market sugfoyél) market demayr
1 Market revenues(t) Selling Gate(t)ice@gal p
‘: Market costs{t) Total market supptifit) sBpply cost(t) (30
TMarket profitst) Marestenues(t) Market costs(t)
Market profits(t)

AGross HI profithy———
P tétHI households(t)

The Specific supplyvenistble represerthe mixedaveraggroductioncost faced by all the IGAs.
Direct observation in the field sugg#stt the local costs changed afiestefication, especially for
electricityreliant (EEreliant)IGAs, that can now save money by using electeaity electricity
driven milling machines instead of dieaséd mills)The variable ithe weighted average between
(i) an ideal mean casipposing no electricity use, anth@ijdeal mean cost of the EEliant IGAs
The mean cost of the EEliant IGAs is expressedthe productioncostwithout electricity use
multiplied by a decreasing faetbich consider$é effect oklectricity use on production costs.

a@Specific supply cost(t) supplyutdsE@jthaupply cost with EE(t)

}supply cost without EE(t)  produetitmed<EED 1 - fraction of EE-reliantt){s
}supply cost with EE(t)  productidgh EBSDivaction of EE-reliant IGAs(t)

f production cost witk EE  productithoabgEECFractional decrease iencogttg

3D

ThelLocal pricethe product between t8pecific supplyandst onstant calibration parameter, namely
priceo cosactorwhich represents the mauk ratio. This is of course a simplification, useful to set
price is a quick and easy {&grman 2000)evertheless, tleveloping local marketise dynamics

of behind the equilibrium, or mardetaring, price (viz. when supply exceeds demandfgilices
does not always woiks Barnum and SalfBarnum and Sabot 19730nd out for urban Tanzania.

7.2.4. 1GAs electricity connections

According tothe CASE 3. OModel | i ng t hthe difesiorecf electocal Mo d e |
connectior can begotentiallyexplained as an innovation diffusiodeed, as suggested by Sterman,
oThe spread aofumoursand new ideas, the adoption of new technologies, and the growth of new
products an all be viewed as epidemics spreading by positive feedback as those who have adopted
the innovati on 0i n(Stermanao00pdc &%) eocalduveysdwated two ot (
important supporting factors of the diffusion of dledtconnections for both IGAs and HHs:
1. The peerand theawarenedtect, which are the same drivers considered inBess
formulation(Bass 1969; Sterman 2000)
2. The financial availahilitshichis a constraint for people who cannot afford electrical
connections
In particular, the affordability of the electrical connection represents (i) fobarsins living
far from thenearestlectrical junction box, €i) e timedelay for getting the connection. Given these
considerations, the formulation of the IGAs connections dynaffécts @ ¢ o r r Basstmedtld
in order to consider the income efigat. (32).
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Chapter7 Formulation of the simulation model

gUnconnected IGAs(t) IGA§(t) Connedidd K&AS to be connedted(t)

% Potential IGAs to be conpedtaaonnected IGAEHction of potentially affordableot®aston
TIGAs decision to ectate(tr |IGAs awareness(t) 1GAs sogiah¢dnta

IGAs awareness(t) Potential IGAnteted® awareness effect IGAs

) ) IGAs to be connected(t)+Connecte
IGAs social contagien(t) Potential i@A®hnectddl(t) social coAmGionts
IGAs

———) =) =) —) —)

d(IGAs to be connegted(t)

I r"IGAs decision to connect rate(t) heéoomteft) bankruptcy of IGesrmdm@d(t

1
| bankruptcy of IGAs tcobeected(t) bankruptcy rate of @GAEBEAS to be connected(t)

| IGAs connection rate(t) 1GAs to bedfdimémrdable connections by IGAs(t)
d(Connected IGAs(t -
( As() s

} r"IGAs connection rate(t) Ipamkaf connected I)3A§(t

[ bankruptcy connected I6As(t) baateuptt@As(tD fr of connected IGAs(t)

) =) —) —

= dfy (32

The variableaffordable connections by iEGaAgifledependent variable, and represents the average
percentage of connections that each ¢@ affordat timet. It is expressed as a fraction ofHhe

Incomat all the households composing an #8\villing to invest in the connection (E30)).

&HI Income /((} )
. IGAs per HH
affordable connections by4GAs{t) P QD
IGA connection cost(tB
¢

The IGA connection cost(d timedependent variable due ttte changes in the tariff scheme
implemented by CEF@verthe years. Inddeboth data and interviews with the experts confirmed

ne¥¥ililngay for connection (33

that before 2008007, the cost of connection was much lower and based ofpadxeadechanism.
After that period, the tariifasincreased and customised for each household based on the proximity

to the nearest electrical junction tiexx. (34)).

@IGA connection cost in period TIME < Duration of period | for |

IGA connection css}(é (34
A connection cost in periodvherelse
fr of IGAS to be connected bankruptcy rate of IGAs “fr of connected
IGAs to be / IGA
connected Connected N / ~ /
[GAs IGAs N\ (o9 / affordable J /
\ AN - A g connections by IGAs ye ‘
/ e S / - yankrupicy rate
\‘\._‘Uum{nlecled a -~ /’ :,_7_ of IGAs
l(]!AS N /
Potential IGAs to be ﬁgzh
\ connected 1GAs decision to ’ IGAs cémleclion Connected [GAs
/,sf | connect rate y N rate )
/./ “\‘ ; S ’f \_\id/.
i of IGAs closed to the \\ / 4 \\\ c f
wid \\ ~ | /
\ IGAs awareness 1GAs so_cml . . /f
\ CO;TRWEEI‘OL}V social contagion IGAs /
AN f // \ U - ) /
. \_ awareness effect \ S e
. ~  IGAs P | N f
L - \ —— o
IGAs
Fig. 40 Stockand-flow diagram for the IGAs connections process.
Notably, thdnitial number of IG&s0 i nantoovr s 6 of t he di ffusion

to be connectednd set agitial valuan the IGAs to be connesttesk. The product between the

proce

Connected IGasiable and the calibration paranfeaetion of Efeliant IGAS respect to connected IGAs
provides the number @onnected E#iant IGAand Connected notrEkant IGAsto identify the
large energgonsuming IGAs (e.g. milling machines, carpentries, garages) from the others,
respectivgl Another hypothesis is that the connection rate does not account for the time needed for
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physically extending and installing the connection, since it is negligible if compared to the time delay
due to affordability reasons.

7.2.5.

The formulation of the electricity connections diffusiohdaseholdss based on a taevel chain,

one for each HHs class. Each level contains the same equations formulated for IGAs connections
Two are thanain difference

HHSs electricity connections

i. The proximity of the HHs tthe grid is not a fixed parameter, but it is adependent
variable. Indeed, contrary to the IGAs, which were almostugil aer electrification, the
village planningf the housedatesback to yars before electrification. Although local surveys
suggest that some families decided to move and rebuild their house closeHgritemany
households are still waiting for the extension of the network to their neighbodrhisdsls.
formulatedas alstorder negative feedback with explicit goal theTotal access to electricity =
1), and theliscreteTrend in HH connectiarisplied by the effect of internal migratioasia
proxy of the network expansion

e

1 d( fr of HHs close to the)glid%h
n -

Tt
T hetwork expansier((t)

network expansion(t)

Total acdessyte dteaf HHs close to th@ grid(&holtbaproa

f—

P, (Total connected

oft)

|'%é(t)

Trend in HH connection

—> =) =) —> —!

S\

Total households(t)

i household approach(t) Trend in Hbhsg@naternal migration effect

(39

{Total connected HHs(t) Connected }Ht Bbisftected LI HHs(t)

i. The oOoinnovatorsoé, viz. t
of the initial HHs, not alhe initial populatian

h e hous pdtadractos

al read

As for the formulation of the IGA®nnectios, the affordable connections by HI and LI HHs are
fractions of thedl IncomandLl Incomthat theHl andLlI HHs to be conneteavilling to invesh
the connection

- affordable connections

‘ connecte by HI HHs
L P fraction of initial HI HHs /
/ to be connccted /’
Poteatial HI HHs to be ¢ HI HH to be Connected HI HHs
o cometed HI HHs decision to | comcsted HI HHs
S ~ X ction Ta
// . cc::necl;a\re AN com:moume (
/ k / . - p
/ S \ - P
/ - \ p /
/ 4 - . 7 ~
/ \ HI HHs adoption " HI HHs adoption g -
/ \ per awarencss # per social - o
/ contagion 7
N / A o > —
N awareness effect  social S/ \
connectio \ s contagion HI /
\ initial f of HHs close to the grid . e :
— ~ k\\\ ///‘ s
. . f of HHs close to the grid — ac waction of 11 H fr of somnzctedlL
network © conmecte . =
AN
expansion /’ ‘i \
i
- -
i A AR / ™
Total access to \ .
electricty ‘ H .
\  <Commectes . LI HH
X .
\ \ / / ot :
\ / action of initial LI HHs ) y
\ N ‘ to be conneeted .
.
“~_a Potential L] HHs to & < L1 HH to be = Connccted LI HHs
be connected L1 HHs decision ‘ connected LI HHs
1 ~» to conmect rate i tvc //
N ~ - N
\ b A L e \v// Al 7
\ P . S P
% LIHHsadoption ™ LI HHs adoption - //\’
\\ per awareness /v per social - o
\ - y confagion e _—
N awareness social A — affordable connections
S cffcct LIHHy  contagionLl, \ by LI HHs

- e Tot
S~ . s,
— -

Fig. 41 Two-level chain of the HHs connections.
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Chapter7 Formulation of the simulation model

7.2.6. Household appliances diffusion

The local surveyand the literatureonfirm that the financial availability is kbg factorfor the

decision to buy new electrical appliances, followee by p | iagdesso imitalteltheir peers. E.g.,

in their Residential Engréylodel Global (REGM) applied to India, China, South East Asia, South

Africa and Brazil, Ruijven et @an Ruijven et al. 2018)d Daioglou et alDaioglou et al. 2012)

represent the diffusion and ownership of household electric appliances through a legiietjme@y S

cur ve, as a function of househol ddiiscome}As®e ndi t ur e
Louw et al(Louw et al. 2008uggest that the use electricity by lovincome SoutAfrican

households is a cdstised decision based on income, especially regarding the ownership of electrical
appliances, which depends on prices of devices

With this preconditionthe submodel oncerning the diffusion of electrical appliances among
households basedn Hartvigsson et gHartvigsson et al. 201.8ahorepresenthe diffusion of an
electrical applianéén a Tanzanian rural village as the product between the average income and a
paramet er , namdaiclyrepestnt thd expedted ownarsaip of appligecenit of

incomeln accordance with this, tt#fusion of eachppliancés formulatecsa ¥torder delayvith

a saturationlimit, which represerst the maximmm number of appliancethat each family can
realistically owfEq.(36)). Fig.42represents an example for the diffusion of lights for HI households.

d( Appliance Xt) 4R
appliance purchasing rqten)

-]

-

& Potential li Appli t
= er_w < appAnte pp_ |anci? (F)’otential appljance  satur
purchasing rate (’(): Time to purchase appliances (39

b elsewhere

Potential appliarce  Incdne(t) diéfusion ra

——) =) =) ) ) =) =) =) ()

time to purchase

“
oy P HI Lights
- Purchasing rate 7
HI Lights Fillel

Potential HI Lights » ) ey ' AN _saturation limit
v S LIGHTs
diffusion rate LIGHTS HI Income
Fig. 42 Stockand-flow diagrams for the diffusion process of HI Lights.

Theclassesf appliancemodelled in this woeke based on two survey$7 households with access
to electricitycarried out i electrified villages in thk®ndo-Matembwe area May 2016 (Nyombo
and Kidegembye) and September 2017 (Ikondo and UKHhevagin 6 classes of appliances owned
by at leas?% of the survey householit® resumed ifiablel9below.

Table 19 Main classes of electrical appliances owned by the interviewed people in Ikorbiatembwe area.
Electrical appliance class  Ownership
Lights (indooand/or outdoor)  100%

Phone charger 84%

Stereos 67%

TVs 48%

Irons 24%

Decoders 4%

7.2.7. Electrical energy consumption

This submodel contains the formulation of the endsgganadf the entire lkondo communitihe
totalelectricity consumptiaf the entire communitg given by the sum of the electricity deménd o
households and IGAs.

Total electricigmal(t)=Total HHs electricity démand t TotaletBikityeded(ey (37
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Household electricity demand

For HHSs, theTotal HHs electricity demagakchdt (Eq. (38) is the summationfdhe electricity
consumption othe two income groups (viz. HI and LI HH&hich isin turn defined as the
summation of theproduct between the number afnnectedusers within each income group
(Connected Hthe number appliances owned for each @agiangetheir nominal powdElectric
Powgr their functioning time witheachdt(Functioning time for applemténe power plant reliability
(El Reliability

2
IeTotaI HHs electridigpand)= & Connected HHsO(t) HHs electricity ioog§umpt
i : @9
1IHHS el. load#)g  Appliande (t) Electric Rietioning time fdiaapp(t) El QReliaki
i=1
With Connected HiHdAppliangdefined in suisectiong.2.5and7.2.6 respectivel§Electric Povier
all the 6 classes of applianseacalibration parametesindthe El Reliabilitis a parameter that
consides theunmet load due to unexpected outafes-unctioning time for apgidimoedependent
variable which depends atle elasticity of household electricity demiied, lhe electricity
development nexus and the model conceptualisation suggesteleatribity loadh thedtis an
aspect that might be influenced by people's inendhelectricity cad®eople adjust their electricity
consumption by limiting tHfenctioring time (i.e. the time of use) of their appliances, especially the
most energy consuming onege formulation of this dynamics followsstabder delayapplied to
both connectedHl and LI HHs since the hypothesis is that peaple potentialladjust tieir
electricity consumptions once received the bill every nionttng sake of clarity, EQR9 is
formulated for households in general, but the saméeaguaith apply fadl and LI HHS).
éfr change in time to use eletriity(tyityHncome elaflicity chimegenia fior el. use(t)
change in r income for @I.'f;rsler]{f?me for el. use(t) _ Fr inconmee{pr ¢éime to ad&tricity
Fr income for el. use(t)

| Er income for el useH(lt_gs electricity bill(t) (39
Income(t)
. d( Functioning time for applance(t) _ 1

}FFunctioning time for applance(iye fincirae to use'céiyﬁ)? time to adapt electriqci%?/ use

—_) —) —) —!

—_ = = —.

Wherethetime to adapt electrigitsrasgeterepresents a lag aifleastt.25 weeks (i.e. 1 month), and

the Electricijpcome elastisigc al i br ati on par ameter representin
changes in the electricity cost respect their inetiisedectricity bl the variabl representing the

cost of electricity in thenit of timet, for the connected HH4dt is calculated as thenthly fixed

electricity fe¢converted to a weekly basis in accordance witf) fthes theproduct between the

electricity consumption of each household in the timg (Hii{s el. lodénd the variable electricity

fee. The two components of the feedmgvedromMVCd s dat a and -uprablespoduced
apart from thenissingvalues frm 2005 to 201€etas calibration parametéfgy.43).

Variable electricity fee RESIDENTIAL Fixed electricity fee RESIDENTIAL

02 1000
[TZS/Wh]

[TZS/Week] |
1
|

0 0 !
1 [Weeks] 675 1 [Weeks] 675
Fig. 43 Look-up tablesfor the two components ofelectricity fee inlocal currency(TZS) for domestic customers.
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Chapter7 Formulation of the simulation model

Productive electricity demand

For IGAs, theTotal IGAs electricity demaadhdtis the summation of the electricity consumption
of the two types of IGAviz. EErelianiGAs and the others), which is in turn defined as the product
between the number of users of each type of (GAsnected I§Athe related electrenergy
consumptionn thet, (IGAs electricity defjpamdi the power plant reliabi(i Reliability

2
Total IGAs electricity dema@ @onnected IGASO(t) IGAs electricity; @@rE@meliabilit (40
j=1

With Connected IGdefined in suisection7.2.41GAs electricity depmadimedependent variahle

which depends othe elasticity gproductiveelectricity demand. Indeeslectricity consumption

represerga significant share of the total production esgisciallfor EE-reliant IGAs. Local IGAs

adjust their electricity consumptimsed orchanges in the electricity tafiffie formulation ofhis

dynamics follows atbder delay applied to boBEE- and notEEconnected IGA#h the same

hypothesis thdbcal businessan potentiallgdjust their electricity consumptions every ménth (

the sake of claritEq.4)i s f or mul ated for o0l GAsd6 in general
for EE- and notEEconnected IGAs The Variable el. fee for IG&ser i ved from MVCGOGs
introduced as loekp table.

fr change in IGA el. deman ,5 ange in IGAs electricit®) feetiiitiEleee elasticity for IGAs

time to adapt electricity use
V le el. fee for IGA V for IGA:
fr change in IGAs el. te\,?tslabee ee for IGAs(t) Vaelalide for IGAs(t time to adaptyelse
Variable el.fee for IGAs(t) 41

—) == =) = (D:

d(Time of productive electr|()|_y use(t)
change in electricity use for IGfAs(t)

GAs el. loadft) El Power IGA Timedoigtive electricity use(t)

f
t
I

—_— =) —>

The parameteEl.Power IGAs different between the two types of IGAs and thegaibration
parameters. Alsbé variablehange in electricity use forisGkftent betweemotEEreliantGAs
andEE-reliantGAs. FornotEEreliant IGAst is modelled as a-itow of the working hours (viz. the
Actual Operating holiE. (27)), with the hypothesis that the utilisation of electricihesetiGAs
increases proportional to the working hbutslecreasgproportional tdhe change in the electricity
fee(Eq.(42). ForEE-reliant IGAghe utiisation time of electricity is much lower than the working
hoursd they are characterised by very low coincidence fatadrdgsson and Ahlgren 20&8and

it changes based only on variations in the electricifizde@s).

gchange in el.use for not EE-religit|@Ax operating time with eléhtrigty of el. utilisa

%change of el. utilisatign(t) ~ changoin tipeft) fr change in IGAm(flema (42

change in el.use for EE-relianHGA$@ngd in EE-reliant IGA el. de 43

The calibration parameferof operating time with elidtiteitgs the fraction of the working hours
during which electricity is us@étie sum betweethefixed electricity fee for productive use and the
product between tH&As el. loahdthe vaiable electricity fegves théGAs electricity faifithe two
types of IGAs. As for the HHs electricity féhe two components of thariff are derived from
MVC&s dat a and-uptables, apartdronetde missing Values krom 2005 toh2010
are introduced as calibration parameters.

Local utility revenues

The sum of the expenditures for electricity consungoitbthe new connectidias bothhouseholds
and business activitigxy. (44) givesthe totalEl. utility revenwelsichwasintroduced in subection
7.2.2or defining the market demand.
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@HI HHs el. use expenditures(t) HI latdsigldill (D Connected HI HHs(t)
}LI HHs el. use expenditures(t) LI Hdtfisigiebill() Connected LI HHs(t)
T HHs connections expenditures(t) thcosl@c LI HHs connection rate(t) Hohtdston ra)e(l

44

—_ =) ——)

EE-reliant IGAs el. use expenditurds(@liagt IGAs electricity bii(t) ®onBEEereliant IGAs(t)
T notEE-reliant IGAs el. use exps{titunotEE-reliant IGAs electritjtyaitinected notEE-reliant It
{ IGAs connections expend#ures(t) neémeaosft) IGAs connection rate(t)

el
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Chapter

Model Calibration

Assessing behaviour reproduction and uncovering
hidden flaws and dynamics

Sherl ock Holmes: oIt is a capital
(Arthur Conan Doyl&887)

In God we trust. All others must bring data
(Edwards Demin§9003%

As for the future, your task is not to foresee, but to enable it
(Pour ce qui est de l'avenir, il ne s'agit pas de le prévoir, mais de le rendre possib
(Antoine de SaitExupéry 1948)

This chapter reports tlwalibratiasf the simulation model, in order(tpverify the

ability of the model to replicate the observed historical behaviour of the(8ystem
uncover model flaws and hidden dynamics, and (iii) identify a reasonable set of
par amet emost donsistantitla relevant the knowledge of the systEne
calibration is performed by relyinghistoricaldata on the electricity consumption

in the Ikondo village, and on logdkrviewdo define the search spacedibrthe
calibrating parameteiBhe Powell atgithm is used to run the optimisation. The
Markowvchain MonteCarlo (MCMC) is then used to explore the appropriateness of
the calibration of the model, and to assess potential good proxies of the confidence
bounds of the calibrated parametfgns. conterdof this chapteareincluded in the
proceedings dhe 36th International Conference of the System Dynamics:Society

Riva F, Investigating and modelling endogenousesaeiomic dynamics in leng
term electricity demand forecasts for rural contexty@bgeng countrie86" Int.
Conf. Syst. Dyn.,$eykjavik, Iceland: System Dynamics Society; 2018.
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8.1. Calibration settings

Model calibration is a fundamental step of the formulation ofnao8&l. According to Sterman
(Sterman 2000nodel calibration should not be used to assess the validity or confirming the model
but for building confidenda it. Accordinglyit is hereemployedor assessing tistructure and the
uncertainty of the model, since it aims at:
(i) verifying the ability of the model to replicate the observed historical behaviour of the system;
(i) uncovering model flaws and hidden dynamics;
(ii) identifying a reasonable s o f parametersd values most (
knowledge of the system, that could be employed for further applications of the model.
The model calibration needs appropriate and reliable data. According to Jay W(Fomestear
1980) three types of data are necessary to develop the structure imomodelsgd.g. time series),
writterfe.g. operating proceds, archival materials), amehtal datae . g . peopl eds i mpr e
perception of the system). In this study, numerical data are used for comparing model behaviour, while
mentaland writterdata are employed to set the segpelse of the optimigar.

8.1.1. Historical time -series

The lack of reliable and available data is one of the most critical challenges for tracking the progress
and supporting the research and new investments in rural electrification. In this context, CEFA has
beenmplementing a data recording system of electricity use information from the beginning of 2005,
when the lkondo plant started producing electricity. For accounting purposes, 2 main types of time
series data have been tracking:

(1) Number of metered electricitgnnections

(2) Monthly electricity consumptions of all the connected users
Each data point contains the TabeR®d Thendlagesooh (vi z.
Isoliwaya, Kanikelele, Nyave, and Ukalawa were electrified through the extension of the transmission
line implemented in 2016, and they are not considered in this work since they are outside the boundary
of the system. Similarly, aB& FAds facilitates and cooparatives
different accounting mechanism of electricity use, and because their ®genatipcope with the
dynamics of market supply described irseatiori7.2.3 Schools, churches, administrative offices are
excluded as well since they are outside the boundaries of the analysis.

Table 20 Data items forC E F A 8 s-selies dai@

g}HousehoId

Consumer type !| IGAs

}(Public grvices

élkondo
1 (Isoliwaya)
(Kanikelele
(Nyave)
(

Ukalawp

Villages

—_— ) =) ——

Raw data were processed to fix some issues observedadimtiaeabasé Table21reports the main

problems and the implemented solutidhe. final panel database contains 524 data pagéd
andFig.45report the timeseries data of monthly electricity consumptions andrtiieenof metered

electricity connections for both the HHs and the IGAs. The solid black lines, whose values vary from
0 to 100% (the holes in the lines indicate 0% of data availability), represent the percentage of data
available each month after the gat@essing.
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Chaptei8 Model Calibration

Table 21 Dat a

processing

rul es of CEFAOGs dat abacs

Issue Condition

Solution

> 1 consecutive missing datum ¢

Missing data poisit

REMOVAL of the datum
MEAN VALUE between the first

= 1 isolated missing datum ¢ (two) preceding and the first (two
consecutive value(s)
Aggregated records data referring to 2 different montt 0 The aggregated reco®RLITTED

recorded all in 1 month

IN HALF in two monthly values

the valueadéctricity demand for a
differs more than 75% from the fi

REMOVAL of that montly

Monthly outlier : . )
preceding and the first consecuti datum
available value
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Fig. 44 Dataon monthly electricity demand forHHs
[129 data poinjs(top) and on the number of HHs
connected to the minigrid [ 131 data poinfs(bottom).

8.1.2. Optimisation Controls

Fig. 45 Data an monthly electricity demand for IGAs
[131 data pointstop) and on the number of IGAs
connected to the minigrid [133 datapoints] (bottom).

Model calibration is a mathematical optimisation, which finds the combination of the parameters,
which minimises the difference between model outphisiodcadata. Two are the main controls
to set in order to perform an appropriate optimisatio®plienisend theSearespace

Optimiser

The settings of the optimiser define the mathematical procedure to employ in Vensim DSS ® in order

to search the optimalo| ut i on. The

Powel |

6s algorithm is

proposed by Michael J. D. Poyletiwell 1964]t consists in an iterative algorithm, which starts from
an initial point (i.e. an initial set of vafoesll the parameters to optimise) through a set of initial
searchvectors, and proceeds towardditgctional minimisations along each vector and their linear

combinations until final convergence.

Searchspace

The definition of the searsipace for th@ptimisation guarantees that the final solution is found
within feasible values of each parameter to calibrate. The model counts 139 constant p&ameters, 12
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of which are calibrated through the definition of an appropriate-Searehbased on the litarat

| ocal interview, mo del | er @able&dinadheAppendiKiepaorts e ac h ¢ &
the searcldpace and the related source and reference. The adtBrgmidJBs t and f or oOLow
Boundd6 and oOUpper Boundo6é, respectively.

8.1.3. Payoff Definition

In the calibration process of a dyramodel, the payoff is a number that summarizes the goodness

of a simulation respect to the available dataslosnsider the optimisation of a model through the
calibration on one variable respect to the corresponding singgerieaéor each iteratiork
performed by the optimiser, the model i s simul
corresponding to that iteratidn During each simulatidg the difference between the historical

datum and the simulated value of treesponding model variable is computed for each tioag

with any possible likelihood teanthen squared and divided thg scale paramet&reightThe

opposite of the sum of all such differences computed along the entire Thgiiamthe payofif

the simulatiok (Eq.(45). The final iteration performed by the optimiser is the one with the minimum

value of the payofhat determines the end of ttadibration.

T &(model vaue(t) daf)fm(t
payaf= -4 & e()_daim(),
t=1, dt@ weight

(49

The scale parameteeighis a fundamental element to choose ifofiténisation of a model is
performed on mores variables and correspondingéiies that have different ostgrmagnitude.
E.g., performing an optimisation on a variable which varies betivaaed 0n another one which
varies betweenrI®000 means tha small change in thel0000 variable will far outweigh thke 0
variable. So, a weight of the order of 10000 will bringl®@00 variable into the same range as the
0-1 one. The scale parameter allows therefore to define the following formulegipayaff in case

of calibration on multiple variables él,y and corresponding tinseries (E|46)):

T V. & model vaue (t) dat)m (t
payafts - Aamedelvaue O detyn @) )
t=1,dt v @ weight

Theweigtand the likelihood teracan be express arbitrarily and in differerg Wathis study, they
are formulated in the way described in(4&4)}. which makes it possible to estimate the weight as a
calibratiorparameter.

1 (47)

ta, =In( StdDey

Where th&stdDeis standard deviation of the measurement error for the variabieh is estimated
by the model itself during the iopisation process.

In accordance with the 4 historical tseges data introduced in s@otion8.1.1 4 model variables
are employed for caldirg the minimum payoff, as reportedable22

Table 22 Data and variables used for the definition of the calibration paffo

Data used compared tdlodel variable

Metered IGAs electricity demand [ Since the availability of IGAs electricity demand data is not al

(Fig.45top) 100%, data are compared to the-ti@gendent variabiRartial
IGAs electricity derohtained by the product betwebeTotal
IGAs electricity demaridble (subection/.2.7 Eq(40)) with the
time-seriedAvailability IGAs demand DA@A clearly visible fig.
45top) containing the values of datailability for electricity
demand of local businesses.
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Metered connected IGAs DATA  Local surveys pointed out the presence of shared meters for

(Fig.45bottom) business. Thigletered connected IGAs DifiEAeries is therefore
compared to the tirsgependent variabMetered IGAbtained by
multiplying the variableotal connected IGAlsection 10.2.9, Eq
(32) with the calibration parameferction of sharing.meter

Metered HHigetricity demand DAT Since the availability of HHs electricity demand data is not alv

(Fig.44-+top) 100%, the data are compared to the-diependent variabRartial
HHs electricity dernatained by the product between Toal
HHs electricity deraaridble (subection/.2.7 Eq(38)) with the
time-serieAvailability HHs dem&®irA (as clearly visible frig.
44+top) containing the values of data availability for electricity
demand of local households.

Metered connectedARA Local surveys did not point out the presence of shared meter:
(Fig.44bottom) residential connections. Data are compared Twthéconnected
HHSs (subsection 10.2.9, EY)) variable.

8.2. Results and discussion

Fig.46 reports the calibrated output of thetalelectricity demaniible, which represgttie total
monthly consumption of electricity by the lkondo community. From the result, differestitiigter
considerations about thedel behaviour and dynanias be reported

1. First,the initial months show the trend typical ofsd&pe diffusion curve, but with a sleaty
stagef adoption. This suggests that electricity accesspieroeived as an actual innovation by
people, but something that they already kiesire and are willing to pay farhis conclusion is
supported also by the relatively high calibrated valearehess ¢ff@#ameters, as discussed in
Table26.

2. Secondthe change in the trend after the first 20/25 mocdlased by the change of the tariff
scheme of the electrical connections has a signifipact on the electricity consumption. This
indicates the importance of connection cost on the diffusion of the connections.

3. Third,also the electricity tariff emerges to be a definitively significant determinant of the electricity
demand, as clearly vigiblithstepchange the figure. In accordance w(ithartvigsson 20138)
this confirms the importance of affordability when planning rural electrification strategies.
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(=] o
o o

1500

Total electricity demand [kWh/Month]
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Time [Months]
Fig. 46 Main output of the model: Total electricity demand.

The next sulsections ainat assessing the ability of the mealejualitatively and quantitatively
reprodue the actual behaviour of the systenorder to build confidende the modetesults and
uncover hidden dynamics and model fl&vs.SDbased literaturgSterman 1984, 2000; Bala et al.
2017)yroposs various statistical measures for assessing the correspondence between model and data
of the calibration. In this work, two approaches were followed:

i. Descriptive statistiassess the poiby-point fit;

i. Experts and data assedgnoamhparing the édtime values of some simel@yariables with

the expertsd opinion and dat a.
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8.2.1. Behaviour consistency with data

Many common metrics exist for measuring the error between a data sefiseations and the
model output over the relevant time horiZz@ble23reports the ones employed in this study.

Table 23 Metrics used for assessing the fit between model output and data

Metrics Formulation and meaning
. . R 0 - - 2
Coefficient of determination R2 :F;‘l éa(xd’i -X d) (X@n i-X rr) g
2 3 ]
R g a0 % X
This measure represents the ability of a regression to explain the v

of data.

- 0% indicates that the model explains none of the variability
response data around its mean;

- 100% indicates that the model explains aWahability of the
response data around its mean.

This parametarannot be used fwredict the error, since it does not as:
the causality between dependent and independent variables
goodness of fit.

Mean Absolute Percent Erro n - X
1 | m, i q i|

X
MAPE=- §
MAPE
N iz Xd

S

This measure is a proxy of the accuracy of a forecast. It presen
drawbacks due to the fact that its interpretation is undefined for
closed to Kim and Kim2016) it gives more penalty on positive eri
than on negative errofdyndman and Koehler 20p0@nd assumes th
percentages of variablenake sense.

Theil 6s | nequ The Theil statistics is an elegant decomposition of the Mean Squa
UM US LS (MSE), which is an absolute measure ohtbeage of the squares of -
T errors:
10 2
MSE== @ (X, Xq)

i=1
As for the variance, the MSE has the disadvantage of put more pe
large errors much than small ones and, being an absolute value, it

provide an immediate perception of therefitheT h e i | & provides
an easily interpreted breakdown of the MSE by dividing it in 3
components:

()?2 -X 2) Itis a measure of théaghat occurs whet
gM=Aom d the model output and the data series |

MSE different mean.

( 2 2) It is a measure of thamequal variatiost

us = % occurs when the model output and

MSE data series have different trends.

. J—z .. It is a measure of thmequal covaridlian
c 2C€1 R ) $vO%  occurs when the model output and
u-= data series are imperfectly correlated
MSE they differ point by point

The previous statistics were calculated for the 4 variables used for defining the payoff and discussed
in Table22 indicating a good statistical fit between model and data, increasing the confidence
model output
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Table 24. Statistics applied to calibration results

Graphical fit

Statistics

Comment

Metered IGAs

30

Tlislorical a7 coa=reancan=nsan=acs

3 244 305 366

427 488 549 610 671
Time [Week]

Simulated

Rz2=0.99

The model explains almost all the variability of the response data around its mean.

MAPE = 4.4%

The model presents a high level of accuracy, since the variability of data around the mean of the ma
very low.

Um =0.00

NO bias
The model output and the data series have the same mean.

Us=0.00

NO unequal variation
The modebutput and the data series have the same trend.

uc=1

ONLY unequal covariation

The error term is exclusively attributable to an error term with zero mean, which makes the model out
data series to differ pointby pointn  par ti cul ar, the modetlr e rsd othat
in this case is probaldlyeto the process of IGAs formation that is not continilotisne

Itis an UNSYSTEMATIC error since the purpose is not to study cycles in.the data

Rz=0.61

The model explains matrenhalf of the variability of the response data around its mean.

MAPE = 21.2%

The model presents a quite low level of accuracy, since the variability of data around the mean of the 1
is notnegligible. This means that the model is not able to capture the variability of data. This issue c¢
by (i) introducing and calibrating a random error term, or (2) by formulating the dynamics that can e
variability. Potential reasorighos variability can be:

- Intraseason variabilities to the dependency of people financial availability with the harvesting
- Daily load variahiity due to the wunpredictability of
hours.
This high level of variability is not a systemeatir, since the purpose is not to study such variabilities
longterm forecast, and because idags uncertainties are specifically modelled through a stochastic loe
generator ilChapterlO

Uv=0.00

NO bias
The model output and the data series have the same mean.

Us=0.04

NO unequal variation
The model output and the datxies have quite the same trend.

Uc=0.%e 18Us

ONLY unequal covariation
The error term is exclusively attributable to an error term with zero mean, which makes the model out
data series to differ point by point.

Itis anUNSYSTEMATIC error since the purpose is not to study cycles in the data.
























































































































































































































































































