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1 Introduction 

Road traffic safety remains a central concern in transportation engineering, particularly on 

arterial roads that serve both regional mobility and local access functions. These corridors often 

experience complex traffic dynamics due to mixed vehicle composition, frequent access points, 

and fluctuating demand patterns. Such conditions increase the difficulty of identifying hazardous 

locations using traditional crash analysis methods based solely on historical crash counts. The 

Rivoltana Road (SP 14) represents a typical example of a suburban arterial corridor exposed to 

these challenges. Located in the eastern metropolitan area of Milan, the Rivoltana connects the 

city to surrounding municipalities and supports a combination of commuter, commercial, and 

local traffic. Along its alignment, the road exhibits significant variability in geometric design, 

traffic flow levels, and operational conditions, resulting in non-uniform safety performance 

across segments. Conventional approaches to road safety assessment often rely on reactive 

identification of high crash locations. While effective in highlighting past problems, such 

methods do not fully capture the probabilistic nature of crash occurrence nor the influence of 

exposure and traffic saturation. As a result, there is growing interest in predictive and simulation-

based frameworks that integrate traffic conditions, roadway characteristics, and historical crash 

patterns to estimate crash likelihood more comprehensively. This thesis develops an original 

probabilistic crash prediction framework applied to the Rivoltana Road. The approach is based 

on segment-level analysis and combines traffic flow estimates, geometric characteristics, and 

historical crash data to simulate crash occurrence through Monte Carlo techniques. The 

framework utilizes two complementary methods: 

1. Length–Volume-to-Capacity (VC)-Based Model: This model incorporates segment 

length and traffic saturation to predict crash likelihood. It blends exposure-based risk 

(due to segment length) with congestion risk (due to high volume-to-capacity ratios). A 

Monte Carlo simulation is used to estimate crash probabilities across different road 

segments, with a tuning parameter that allows for flexibility in the model’s emphasis on 

geometry versus traffic flow conditions. 

2. Type–Segment–VC Matrix-Based Model: This method organizes road segments into a 

three-dimensional matrix based on segment type, VC class, and historical crash 

frequencies. It simulates crashes by selecting segment types, VC classes, and specific 

segments within these categories, reflecting the distribution of past crash events. This 

approach ensures that both the geometry and traffic flow patterns are captured in the 

prediction model. 

The proposed methodology aims to identify road segments that consistently exhibit elevated 

crash susceptibility rather than relying solely on raw crash frequencies. By focusing on statistical 

stability and likelihood distributions, the framework supports proactive safety planning and 

provides a quantitative basis for prioritizing interventions along the Rivoltana Road. 
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1.1 Objective 

The primary objective of this thesis is to develop a comprehensive probabilistic crash prediction 

framework for the Rivoltana Road (SP 14), a major arterial corridor in the eastern metropolitan 

area of Milan. The goal is to identify road segments with a high likelihood of crash occurrences 

by integrating traffic flow estimates, geometric characteristics, and historical crash data. This 

will enable a more data-driven and predictive approach to road safety analysis, moving beyond 

traditional reactive methods based solely on past crash records. 

The specific objectives of the study are: 

1. To apply two complementary probabilistic methods for crash prediction: 

o The Length–VC-Based Model, which estimates crash likelihood by combining 

segment length and traffic volume-to-capacity (VC) ratios, using Monte Carlo 

simulations to generate crash probability distributions. 

o The Type–Segment–VC Matrix-Based Model, which organizes road segments 

into a three-dimensional matrix of segment types and VC classes, and simulates 

crash occurrences based on historical crash frequencies and traffic patterns. 

2. To identify high-risk segments along Rivoltana Road based on crash likelihood 

estimations, considering both geometric exposure (segment length) and traffic saturation 

(VC ratios) as key risk factors. 

3. To compare the performance of both models in terms of their ability to predict actual 

crash occurrences along the road, using statistical metrics such as Root Mean Square 

Error (RMSE) . 

4. To provide a predictive tool for proactive safety planning, offering insights that can guide 

road safety interventions and resource allocation, with the potential for extending the 

approach to other arterial roads with similar traffic dynamics. 

By achieving these objectives, this thesis aims to contribute a novel approach to traffic safety 

analysis that incorporates both historical data and real-time traffic conditions, ultimately 

enhancing the accuracy of crash risk predictions and supporting safer road design and 

management. 
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1.2 Thesis Outline 

Apart from the Introduction, the thesis is organized into six more chapters as follows: 

• Chapter 2: Literature Review 

This chapter reviews the existing literature on traffic safety analysis and crash prediction 

modeling. Particular attention is given to the relationship between traffic flow, 

congestion, road geometry, and crash occurrence. Classical and modern modeling 

approaches—including volume-to-capacity–based indicators, probabilistic methods, and 

Monte Carlo simulation techniques—are discussed. The chapter identifies 

methodological gaps in existing studies and establishes the theoretical foundation upon 

which the proposed framework is developed. 

• Chapter 3: Study Area and Data Description 

This chapter describes the study corridors used in the thesis, with a primary focus on the 

Rivoltana Road and a secondary application to the Paullese Road. The geometric, 

operational, and traffic characteristics of the roads are presented, along with the rationale 

for their selection. The chapter also details the data sources, including crash records, 

traffic flow data, and geometric attributes, and describes the preprocessing procedures 

such as road segmentation, crash–segment association, and data quality filtering. 

• Chapter 4: Traffic Analysis 

This chapter focuses on the analysis of traffic conditions along the study corridors. 

Traffic demand, capacity estimation, and temporal variation in flow are examined for 

both weekdays and weekends. Volume-to-capacity (VC) ratios are computed and 

classified to characterize congestion levels at the time of crashes. This chapter establishes 

the operational traffic context that forms a key input to the crash prediction models 

developed later in the thesis. 

• Chapter 5: Crash Analysis 

This chapter presents the crash data analysis, including crash verification, spatial 

filtering, and descriptive statistics. The distribution of crashes is examined with respect to 

time, location, road geometry, traffic conditions, and environmental factors. Special 

attention is given to the spatial consistency between crash locations and road segments, 

ensuring that only reliably georeferenced crashes are used in the modeling phase. The 

chapter provides key insights into observed crash patterns along the corridors. 

• Chapter 6: Methodology and Crash Prediction Results 

This chapter introduces the probabilistic crash prediction framework and details the two 

modeling approaches developed in this thesis: 
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Method 1, based on a weighted combination of segment length and volume-to-capacity 

conditions, and 

Method 2, based on a hierarchical Type–VC–Segment probability structure. 

For each method, the theoretical formulation, implementation steps, and Monte Carlo 

simulation process are described. Model results are presented, including predicted crash 

counts, identification of statistically significant segments, and performance evaluation 

using metrics such as RMSE and coefficient of variation. Parameter tuning and 

sensitivity analysis are also discussed. 

• Chapter 7: Model Comparison, Validation, and Conclusions 

The final chapter provides a comparative assessment of the two crash prediction methods 

and validates their performance using both training and test datasets. Results obtained for 

the Rivoltana Road are compared with those from the Paullese Road to evaluate the 

robustness and transferability of the proposed framework. The strengths and limitations 

of each method are discussed, and the benefits of their complementary use are 

highlighted. The chapter concludes with a synthesis of the main findings, practical 

implications for road safety management, and recommendations for future research, 

including extensions to crash severity modeling and real-time applications. 
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2 Literature Review 

This chapter reviews the key theories and methods used in traffic safety analysis and crash 

prediction modeling. It explores the relationship between traffic flow and crash occurrence, as 

well as the role of road geometry and environmental factors in influencing crash risk. Existing 

probabilistic and simulation-based methods for crash prediction are also discussed, highlighting 

the strengths and limitations of each approach. 

2.1 Ideal, Base, and Actual Capacity 

In traffic engineering, understanding the concepts of ideal, base, and actual capacity is essential 

for designing roads that are both efficient and safe. These capacities reflect the maximum 

volume of traffic that a road can handle, but they are affected by different factors like road 

geometry, traffic conditions, and external influences such as weather. These concepts are key 

when assessing the risk of congestion and crashes on roads like the Rivoltana Road. 

 Ideal Capacity 

 

Ideal capacity refers to the theoretical maximum number of vehicles that a road segment 

can accommodate under perfect operating conditions. It assumes optimal roadway and 

traffic characteristics, including ideal geometric design, homogeneous traffic 

composition, and the absence of external disturbances such as adverse weather or 

incidents (Transportation Research Board, 2016; Greenshields, 1935). Specifically, ideal 

capacity presumes: 

o Ideal road geometry (wide lanes, straight alignments, adequate sight distance) 

o Homogeneous traffic (uniform vehicle types and consistent driver behavior) 

o No external disruptions (no weather effects, no incidents, no work zones) 

• Significance: 

Ideal capacity serves as a benchmark for roadway design and planning, providing an 

upper theoretical bound of traffic performance under uninterrupted flow conditions. 

While it represents a useful reference in geometric design and theoretical modeling, ideal 

conditions are rarely achieved in practice. Consequently, ideal capacity is primarily 

employed for analytical and comparative purposes rather than for operational 

performance assessment (Transportation Research Board, 2016; Brilon et al., 2005). 

• Mathematical Representation: 

The ideal capacity can be derived from the fundamental relationship between speed and 

density described in classical traffic flow theory. Under the Greenshields linear speed–

density assumption, ideal flow may be expressed as: 
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𝑄ideal = 𝑣max × 𝑘max 

                    Equation 2-1 : fundamental equation of traffic flow 

 
 

where: 

o 𝑄ideal= ideal capacity (vehicles per hour), 

o 𝑣max= maximum speed (km/h), 

o 𝑘max= maximum density (vehicles per km). 

 

Base Capacity 

 

Base capacity represents an adjustment of ideal capacity to reflect typical real-world operating 

conditions, including standard driver behavior, roadway surface characteristics, and prevailing 

traffic patterns. Unlike ideal capacity, base capacity incorporates realistic operational influences 

while still assuming relatively stable flow conditions (Transportation Research Board, 2016; 

Brilon et al., 2005). It accounts for operational characteristics such as: 

o Regular traffic fluctuations (e.g., peak and off-peak variations) 

o Typical vehicle composition (passenger cars, heavy vehicles, buses) 

o Minor delays or operational disturbances 

• Significance: 

Base capacity provides a more realistic benchmark than ideal capacity and is widely used in 

roadway design and operational performance evaluation. It reflects expected performance under 

normal conditions rather than under theoretical optimal assumptions. Although less optimistic 

than ideal capacity, base capacity still assumes reasonably smooth traffic flow with manageable 

operational constraints (Transportation Research Board, 2016). 

• Adjustment Factors: 

Several factors influence base capacity, including geometric design and traffic composition 

characteristics. According to standardized procedures in the Highway Capacity Manual, 

adjustments typically consider: 

o Roadway design elements (lane width, shoulder width, curvature, intersection density) 

o Traffic composition (proportion of heavy vehicles and buses) 

o Driver behavior and operational variability 

These factors reduce theoretical capacity to more realistic base values and account for 

heterogeneity in traffic streams and geometric constraints (Transportation Research Board, 2016; 
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Mannering & Bhat, 2014). Consequently, base capacity is generally lower than ideal capacity 

due to these real-world influences. 

 

Actual Capacity 

 

Actual capacity represents the effective real-world capacity of a roadway under prevailing 

traffic, geometric, and environmental conditions. Unlike ideal or base capacity, actual capacity 

reflects real-time operational constraints such as congestion, weather, incidents, and traffic 

composition (Transportation Research Board, 2016; Brilon et al., 2005). 

It incorporates influences such as: 

• Traffic congestion: High demand levels may trigger flow instability and traffic 

breakdown, reducing effective discharge rates (Kerner, 2004). 

• Weather conditions: Adverse weather (rain, fog, snow) reduces speed, increases 

headways, and lowers roadway capacity (Transportation Research Board, 2016). 

• Construction or incidents: Lane blockages, work zones, and crashes reduce available 

lanes and disrupt flow continuity, thereby decreasing effective capacity. 

• Significance: 

Actual capacity is the most relevant measure for operational traffic management and safety 

assessment. It reflects real-time roadway performance and is directly associated with congestion 

formation and crash risk. When traffic demand exceeds actual capacity, traffic breakdown may 

occur, resulting in unstable flow conditions, speed variability, and elevated crash likelihood 

(Kerner, 2004; Golob et al., 2004). 

Thus, actual capacity plays a critical role in identifying segments prone to congestion-related 

crash clusters. 

• Calculation of Actual Capacity: 

Actual capacity is typically modeled as a multiplicative adjustment of base capacity through 

operational and geometric correction factors, as recommended in the Highway Capacity Manual: 

𝐶𝑎𝑐𝑡𝑢𝑎𝑙 = 𝐶𝑏𝑎𝑠𝑒 ⋅ 𝑓𝑤 ⋅ 𝑓𝐻𝑉 ⋅ 𝑓𝑔 ⋅ 𝑓𝑀 ⋅ 𝑓𝐷 
 

Equation 2-2 : Highway Capacity Manual (HCM) Capacity Adjustment Model 

 
 

 

where: 

𝐶𝑎𝑐𝑡𝑢𝑎𝑙= actual capacity (veh/h) 
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𝐶𝑏𝑎𝑠𝑒= base capacity 

𝑓𝑤= lane width adjustment factor 

𝑓𝐻𝑉= heavy vehicle factor 

𝑓𝑔= grade (slope) factor 

𝑓𝑀= merging influence factor 

𝑓𝐷= diverging influence factor 

These factors reflect reductions in capacity due to heavy vehicles, geometric constraints, and 

traffic turbulence near merging and diverging areas (Transportation Research Board, 2016; 

Brilon et al., 2005). Similar adjustment-based formulations have been adopted in capacity 

modeling research to represent operational degradation under non-ideal conditions. 

• Impact on Safety: 

Exceeding actual capacity often results in traffic breakdown, increased turbulence, and unstable 

car-following behavior. Such conditions are associated with higher crash probability, particularly 

rear-end and merging-related collisions (Golob et al., 2004; Lord & Mannering, 2010). 

Therefore, distinguishing between base and actual capacity is essential for safety-oriented traffic 

modeling, as crash risk is more closely related to effective operational capacity than to 

theoretical design capacity. 

 

2.2 Road Safety and Crash Analysis 

Road safety analysis aims to understand the mechanisms that lead to crash occurrence and 

severity on road networks. Rather than focusing solely on the total number of crashes, modern 

traffic safety research emphasizes identifying risk patterns, spatial concentration, and traffic 

conditions under which crashes are more likely to occur. This perspective forms the foundation 

for predictive crash modeling and the identification of hazardous road segments The interaction 

between traffic flow characteristics and crash occurrence is a central topic in road safety 

research. Traffic conditions influence driver behavior, vehicle interactions, and operational 

stability, all of which contribute to the likelihood and severity of crashes. Understanding this 

relationship requires examining the fundamental variables that govern traffic dynamics and how 

they evolve under different operating regimes. 

2.2.1 Fundamental Traffic Flow Variables 

Traffic flow is commonly described using three interdependent variables: speed, density, and 

flow. These variables form the basis of classical traffic flow theory and are typically represented 

through fundamental diagrams. 

• Speed–Density Relationship: 
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As traffic density increases, the available spacing between vehicles decreases, resulting in 

a progressive reduction in average speed. Under low-density conditions, drivers are 

generally able to maintain their desired speeds with minimal interaction. However, as 

density rises, vehicle interactions intensify and operational constraints emerge, forcing 

drivers to reduce speed and adjust their driving behavior. This inverse relationship 

between speed and density constitutes a fundamental principle of traffic flow theory and 

has been extensively documented in the literature (Greenshields, 1935; Transportation 

Research Board, 2016). 

• Flow–Density Relationship: 

Traffic flow increases with density up to a critical threshold corresponding to roadway 

capacity, beyond which additional vehicles lead to a decline in operational efficiency. At 

low and moderate densities, increases in density result in higher flow rates due to 

improved space utilization. However, once the critical density is exceeded, vehicle 

interactions intensify, speed decreases, and traffic flow becomes unstable, ultimately 

reducing throughput. This parabolic relationship between flow and density represents a 

fundamental component of classical traffic flow theory (Greenshields, 1935; 

Transportation Research Board, 2016). 

• Speed–Flow Relationship: 

At low flow levels, traffic operates under free-flow conditions, where speeds remain 

relatively high and stable due to minimal vehicle interactions. As flow increases toward 

roadway capacity, speed gradually declines as a result of intensified interactions, reduced 

maneuverability, and growing operational constraints. Near capacity, small disturbances 

may trigger instability and rapid speed reductions. This inverse relationship between 

speed and flow under congested conditions has been widely documented in empirical and 

theoretical traffic flow studies (Greenshields, 1935; Brilon et al., 2005; Transportation 

Research Board, 2016). 

 

These fundamental relationships provide the theoretical foundation for understanding how 

congestion develops and how traffic conditions transition between stable and unstable states. 
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Figure 2-1:  Speed–Density-flow relationships (after Greenshields, 1935). 

 

 

 

 

2.2.2 Traffic Volume and Crash Frequency 

Numerous studies have demonstrated that crash frequency does not increase linearly with traffic 

volume. At low traffic volumes, crash frequency generally rises with increasing flow due to 

greater exposure and a higher number of vehicle interactions. However, as traffic demand 

approaches roadway capacity, the relationship becomes nonlinear and more complex (Lord & 

Mannering, 2010; Washington et al., 2010). 

Under highly congested conditions, average speeds decrease significantly, which may reduce 

crash severity despite the persistence of elevated interaction rates. Empirical investigations have 

identified an inverted parabolic relationship between crash probability and traffic flow, where 

crash risk tends to peak at intermediate flow levels and decline under severe congestion due to 

reduced speeds and limited maneuverability (Abdel-Aty & Pande, 2005; Golob et al., 2004; 

Elvik, 2013). 
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This nonlinear behavior motivates the classification of traffic conditions into VC-based 

categories rather than relying solely on average daily traffic values. 

 

 

2.2.3 Spatial Distribution of Crashes and Segment-Based Analysis 

Crashes are not randomly distributed along road networks; rather, they tend to cluster spatially 

on specific roadway sections due to geometric design characteristics, traffic conditions, access 

density, and operational factors. This spatial concentration of crashes has been widely 

documented in traffic safety research and forms the basis for hotspot and segment-level safety 

analysis (Hauer, 1997; Persaud & Lyon, 2007; Elvik, 2009). 

This observation supports the use of segment-based crash analysis, in which roadways are 

divided into homogeneous segments and crash occurrence is evaluated at the segment level. Such 

an approach allows for a more accurate association between crash events and roadway 

characteristics, improving the identification of localized high-risk segments and enabling the 

integration of traffic, geometric, and operational variables within a consistent analytical 

framework (Lord & Mannering, 2010; Washington et al., 2010). 

Segment-based approaches allow for: 

• Better association between crashes and roadway characteristics 

• Identification of localized high-risk segments 

• Integration of traffic and geometric variables 

Figure 2-2 : Retallack, A. E., & Ostendorf, B. (2020). Relationship between traffic volume and crash risk. 
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2.2.4 Traffic Flow States and Crash Risk 

Traffic conditions can be categorized into distinct flow states, commonly described as free-flow, 

synchronized flow, and congested flow. Each state is associated with specific driving behaviors, 

vehicle interactions, and safety implications. The three-phase traffic theory and empirical traffic 

flow studies have extensively documented these operational regimes and their transition 

dynamics (Kerner, 2004; Transportation Research Board, 2016). 

• Free-flow conditions are characterized by high speeds and low vehicle interaction. Although 

crash frequency may be relatively low, the higher operating speeds often contribute to increased 

crash severity (Elvik, 2009). 

• Synchronized flow involves moderate speeds and increased vehicle interaction, where lane-

changing and car-following behavior intensify. This intermediate regime has frequently been 

associated with elevated crash probability due to unstable speed adjustments and interaction 

density (Golob et al., 2004; Abdel-Aty & Pande, 2005). 

• Congested flow features low speeds and high density. While crash frequency may remain 

significant due to close spacing, reduced speeds typically limit crash severity (Lord & 

Mannering, 2010). 

Transitions between these flow states are particularly critical from a safety perspective. Sudden 

changes in speed and spacing increase driver workload, reaction demands, and turbulence in 

traffic streams, thereby elevating crash likelihood during transitional phases (Kerner, 2004; 

Brilon et al., 2005). 
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Figure 2-4 :  Kerner, B. S. (2004). The physics of traffic. Springer. 
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2.2.5 Congestion and Crash Severity 

While congestion may contribute to an increase in total crash frequency due to intensified 

vehicle interactions, it does not necessarily correspond to higher crash severity. Under congested 

conditions, average travel speeds decline significantly, often resulting in lower-speed collisions 

that reduce the kinetic energy involved in impact. 

As congestion intensifies, crash severity generally decreases because impact energy is directly 

related to vehicle speed. Lower operating speeds limit the magnitude of forces generated during 

collisions, thereby reducing the likelihood of severe or fatal injuries (Elvik, 2009; Lord & 

Mannering, 2010). 

Empirical studies have shown that crashes occurring under free-flow conditions—where speeds 

are higher—are more likely to produce severe outcomes compared to crashes in congested 

environments (Abdel-Aty & Pande, 2005; Golob et al., 2004). This inverse relationship between 

congestion level and crash severity highlights the importance of distinguishing between crash 

frequency and crash severity when evaluating roadway safety performance. 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2-5: Impact of Congestion on Crash Severity (Xu, C., Liu, P., Wang, W., & Li, Z.:2012) 
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2.2.6 Implications for Predictive Crash Modeling 

The reviewed literature highlights three consistent findings: 

1. Crash risk is strongly influenced by traffic conditions, not only traffic volume. 

2. Road segmentation is essential for meaningful spatial crash analysis. 

3. Probabilistic approaches are well-suited for handling uncertainty and variability in crash 

data. 

These insights directly inform the methodological choices adopted in this research, particularly 

the use of VC-based classification, hourly flow estimation, and probabilistic simulation models 

for identifying high-risk segments. 

 

 

 

 

 

2.3 Traffic Flow, Congestion, and Capacity  

Traffic safety analysis cannot be separated from traffic operations. In particular, the concepts of 

road capacity, congestion, and volume-to-capacity (VC) ratio provide a structured way to 

interpret traffic conditions beyond simple traffic volume measures. This section reviews these 

concepts and explains their relevance to crash occurrence and prediction. 

 

2.3.1 Road Capacity and Level of Service 

Road capacity is defined as the maximum sustainable hourly flow rate at which vehicles can 

reasonably be expected to traverse a roadway segment under prevailing geometric, traffic, and 

environmental conditions. Capacity is typically expressed in vehicles per hour (veh/h) and 

depends on factors such as lane width, number of lanes, access density, traffic composition, and 

control conditions. This definition and its operational adjustments are formally established in the 

Highway Capacity Manual (Transportation Research Board, 2016). 

The concept of Level of Service (LOS) is commonly used to qualitatively describe operating 

conditions, ranging from free-flow conditions (LOS A) to heavily congested conditions (LOS F). 

LOS provides a descriptive classification of user experience based on performance measures 

such as speed, density, and delay. However, despite its usefulness in planning and operational 

assessment, LOS lacks the numerical precision required for quantitative crash modeling, 

particularly when traffic conditions vary temporally and dynamically. For this reason, continuous 

indicators such as volume-to-capacity (V/C) ratio are often preferred in safety-oriented analyses 

(Brilon et al., 2005; Transportation Research Board, 2016). 
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Figure 2-6 : Capacity and Level of Service classification based on traffic flow (veh/h)Transportation Research Board (2016). 

Highway Capacity Manual (HCM). Washington, D.C. 
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2.3.2 Volume-to-Capacity Ratio (VC) as an Operational Indicator 

The Volume-to-Capacity ratio (V/C) is defined as the ratio between traffic demand (volume) and 

roadway capacity: 

𝑉𝐶 = 𝑄/𝐶 
where: 

𝑄represents traffic flow (veh/h), and 

𝐶represents roadway capacity (veh/h). 

The V/C ratio provides a dimensionless indicator of congestion intensity, allowing traffic 

conditions to be compared across roadway segments with different geometric and operational 

characteristics. As a normalized measure, it facilitates safety and performance evaluations 

independent of absolute capacity values (Transportation Research Board, 2016; Brilon et al., 

2005). 

Typical interpretations of V/C values are consistent with capacity analysis guidelines and 

operational stability theory: 

• V/C < 0.25: Uncongested, free-flow conditions 

• 0.25 ≤ V/C < 0.50: Light to moderate traffic 

• 0.50 ≤ V/C < 0.75: Near-capacity operation with increasing instability 

• V/C ≥ 0.75: Congested or unstable flow conditions 

As V/C approaches or exceeds critical thresholds, traffic flow becomes increasingly unstable, 

with higher variability in speed and spacing, conditions that are often associated with elevated 

crash probability (Golob et al., 2004; Lord & Mannering, 2010). 

 

  

  
 

 
 

 

 

 

 

 

Figure 2-7 volume to capavity ratio (vc) 
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2.3.3 Temporal Variability of Traffic Demand 

Traffic demand varies significantly throughout the day, between weekdays and weekends, and 

across seasons. Consequently, using average daily traffic (ADT or TGM) alone may mask 

critical short-term traffic conditions that are directly related to crash occurrence. Several studies 

have shown that aggregated daily indicators are insufficient to capture dynamic traffic states 

influencing crash probability (Lee et al., 2003; Abdel-Aty & Pande, 2005). 

To address this limitation, traffic demand can be distributed into hourly flow profiles, allowing 

estimation of traffic flow at the exact time a crash occurs. Hourly flow estimation improves the 

temporal resolution of crash analysis and supports the calculation of time-specific V/C ratios. 

The use of temporally disaggregated traffic variables has been widely applied in real-time crash 

prediction and short-term safety modeling (Oh et al., 2005; Golob et al., 2004). 

 

 

2.3.4 VC-Based Traffic Classification and Safety Implications 

Several studies have demonstrated that crash likelihood and injury severity vary significantly 

across different V/C levels and operating conditions. Crashes occurring under near-capacity 

conditions are often associated with increased interaction rates and speed variability, while 

highly congested conditions may reduce crash severity due to lower operating speeds (Golob et 

al., 2004; Lord & Mannering, 2010). 

By categorizing traffic conditions into discrete V/C classes, it becomes possible to: 

• Compare crash behavior across consistent traffic states 

• Reduce noise caused by continuous flow variability 

• Integrate traffic conditions into probabilistic crash models 

The relationship between vehicle impact speed and injury severity has been extensively 

investigated in traffic safety research. Empirical studies have shown that injury probability 

follows a nonlinear, sigmoidal pattern as impact speed increases (Elvik, 2009; Rosén & Sander, 

2009; Nilsson, 2004). 

 

 

 

 

 

 

 

 

 

 

 

 



25 

 

Relationship Between Impact Speed and Injury Probability 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2-8 illustrates the relationship between vehicle impact speed and the probability of severe 

injury for different crash types, namely pedestrian/cyclist collisions, side-impact collisions, and 

head-on collisions. The curves follow a sigmoidal (S-shaped) pattern, highlighting the nonlinear 

escalation of injury risk as impact speed increases (Rosén & Sander, 2009). 

At low impact speeds (below approximately 30–40 km/h), the probability of severe injury 

remains relatively low across all crash types. In this regime, kinetic energy levels are limited, and 

vehicle safety systems combined with human tolerance thresholds are generally sufficient to 

prevent life-threatening injuries (Nilsson, 2004). 

As impact speed increases beyond this threshold, injury probability rises sharply. Pedestrian and 

cyclist collisions exhibit the earliest and steepest increase, reflecting the vulnerability of 

unprotected road users (Rosén & Sander, 2009). Side-impact collisions display a pronounced 

increase due to limited lateral structural protection. 

Head-on collisions show greater tolerance at moderate speeds due to vehicle frontal energy-

absorbing design; however, at high speeds, injury probability approaches unity for all crash 

types, indicating that safety systems become insufficient to counteract extreme kinetic energy 

levels (Elvik, 2009). 

Figure 2-8 : relationship between vehicle impact speed and the probability of severe injury for different 

crash types 
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Overall, the figure emphasizes that crash severity is not linearly related to speed. Even small 

reductions in impact speed can produce disproportionately large safety benefits. This nonlinear 

relationship provides strong conceptual justification for incorporating traffic operating 

conditions—such as the V/C ratio and congestion state—into crash risk modeling frameworks, 

since traffic flow directly influences prevailing speeds and, consequently, injury outcomes. 

 

2.4 Effect of Road Geometry on Crash Risk 

Road geometry plays a critical role in determining crash likelihood, particularly when interacting 

with traffic volume and environmental conditions. Numerous empirical studies have confirmed 

that geometric design characteristics significantly influence crash frequency and severity (Hauer, 

1997; Elvik, 2009; Lord & Mannering, 2010). 

Key geometric factors include: 

• Curvature and Road Alignment: 

Horizontal curves, irregular alignment, limited sight distance, and complex geometric transitions 

are consistently associated with elevated crash risk. Sharp curves and reduced visibility increase 

driver workload and error probability, especially under high-speed conditions (AASHTO, 2018; 

Elvik, 2009). Crash modification factor (CMF) studies have demonstrated higher crash 

frequencies on curved segments compared to tangent sections. 

• Lane Width and Shoulder Presence: 

Wider lanes and paved shoulders are generally associated with lower crash rates, while narrow 

lanes increase the likelihood of sideswipe and head-on collisions, particularly at higher traffic 

volumes. Empirical studies indicate that reductions in lane width correlate with increased crash 

frequency, especially on arterial and rural highways (HSM, 2010; Lord & Mannering, 2010). 

• Intersection Design and Traffic Flow: 

Intersection type and layout significantly influence crash occurrence. Signalized, unsignalized, 

and roundabout intersections exhibit distinct safety performance profiles. Locations where high-

volume roads intersect with lower-volume roads, or where complex merge and weaving 

movements occur, tend to experience elevated crash risk (Persaud et al., 2001; Washington et al., 

2010). 

These geometric characteristics justify the explicit inclusion of segment length, functional 

classification, and geometric attributes in crash prediction models. When combined with traffic 

saturation indicators such as the V/C ratio, geometric variables enhance the explanatory power 

and stability of probabilistic crash models. 
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2.5 Probabilistic Modeling Approaches in Traffic Safety 

Several probabilistic models have been developed to estimate crash risk based on traffic flow and 

roadway geometry. These models aim to predict crash likelihood by analyzing the interaction 

between traffic exposure, operational conditions, and geometric characteristics (Lord & 

Mannering, 2010; Washington et al., 2010). The most widely applied modeling approaches 

include count-data models, simulation-based techniques, and probabilistic graphical models. 

• Poisson and Negative Binomial Models 

Poisson regression models are commonly used to analyze crash frequency data under the 

assumption that crashes are rare and independent events following a Poisson distribution. 

However, crash data often exhibit overdispersion, meaning that the variance exceeds the mean. 

In such cases, the Negative Binomial model is generally preferred, as it introduces an additional 

dispersion parameter to account for unobserved heterogeneity (Lord et al., 2005; Mannering & 

Bhat, 2014). These models form the foundation of modern crash frequency analysis. 

• Monte Carlo Simulations 

Monte Carlo simulation methods involve repeated random sampling of input variables to 

estimate the distribution of possible crash outcomes. These techniques are particularly effective 

when dealing with uncertainty and variability inherent in traffic flow, capacity, and exposure 

measures. By performing multiple simulations, it becomes possible to estimate not only expected 

crash frequency but also variability and confidence intervals across roadway segments 

(Rubinstein & Kroese, 2017; Brilon et al., 2005). 

 

Monte Carlo simulation is especially suitable when the objective extends beyond point 

estimation to include stability assessment and probabilistic variability in predicted crash 

frequencies. 

• Bayesian Networks 

Bayesian networks have been increasingly applied in traffic safety research to model 

probabilistic relationships among multiple risk factors and crash occurrence. These graphical 

models are capable of representing conditional dependencies between geometric, operational, 

and environmental variables. Bayesian approaches are particularly valuable when dealing with 

complex, multidimensional datasets and when incorporating expert knowledge into predictive 

modeling (Sun & Sun, 2006; De Oña et al., 2011). 
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2.6 Crash Prediction Models Based on Traffic Flow and Road 

Segmentation 

Crash prediction models frequently rely on traffic flow indicators and roadway segmentation to 

estimate crash risk across a network of road segments. By dividing roadways into homogeneous 

segments, researchers can develop models that account for spatial variations in traffic conditions, 

geometric design, and environmental factors. Segment-based modeling has been widely adopted 

in highway safety research as it improves the association between crashes and roadway 

characteristics (Hauer, 1997; Lord & Mannering, 2010; Persaud & Lyon, 2007). 

• Segment-Level Crash Prediction Models 

Segment-level crash prediction models divide a roadway into sections based on geometric 

features such as curvature, intersection density, lane configuration, and functional classification. 

Crash risk is estimated for each segment using statistical or probabilistic models, and segment-

level predictions may subsequently be aggregated to evaluate overall corridor safety 

performance. This approach allows for localized identification of high-risk segments and 

supports targeted safety interventions (Washington et al., 2010; Elvik, 2009). 

• Volume-to-Capacity (V/C) Based Models 

Volume-to-capacity (V/C) ratios are commonly used to represent congestion intensity and 

operational stability. In V/C-based crash models, crash risk is estimated by combining roadway 

geometric characteristics with traffic demand relative to capacity, thereby capturing the influence 

of traffic saturation on safety outcomes (Transportation Research Board, 2016; Golob et al., 

2004). 

By integrating operational conditions with structural roadway characteristics, V/C-based models 

provide an operationally meaningful link between traffic demand, roadway capacity, and safety 

performance. Such models are particularly suitable for arterial corridors where congestion 

patterns vary temporally and spatially, as in the case of the Rivoltana (SP14). 

2.7 Methodological Gaps and Contributions 

Despite the progress made in crash prediction modeling, several gaps remain. Traditional 

methods often fail to incorporate real-time traffic conditions, heavy vehicle influence, and 

weather factors in their predictions. Additionally, many models focus on aggregate data, 

overlooking the spatial and temporal distribution of crashes along a road. 

This thesis aims to bridge these gaps by developing a comprehensive probabilistic crash 

prediction framework for the Rivoltana Road (SP 14). The framework incorporates both 

segment-level geometry and traffic saturation factors and applies Monte Carlo simulation to 

estimate crash likelihood across various segments, improving the accuracy of predictions and 

allowing for targeted safety interventions. 
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2.8 Summary and Link to Methodology 

The concepts reviewed in this section demonstrate that traffic safety is strongly influenced by 

capacity constraints, congestion dynamics, and temporal variability in traffic demand. The VC 

ratio emerges as a robust and interpretable indicator that captures these effects in a unified 

manner. 

These findings directly motivate the methodological choices adopted in this research, 

particularly: 

1. The estimation of hourly traffic flows, 

2. The classification of traffic conditions using VC levels, 

3. The integration of VC classes into probabilistic crash prediction models. 

These elements are formally introduced and implemented in the following chapters. 
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3 Road And Data Preparation  

3.1 Study Area :  SP.14 ( Rivoltana) 

The SP14 Rivoltana is a provincial road located in the Lombardy region, serving as a key 

transportation corridor between the eastern metropolitan area of Milan and the town of Rivolta 

d’Adda in the province of Cremona. The road extends for approximately 18 km and plays an 

important role in regional mobility by connecting urban, suburban, and semi-rural areas within 

the southeastern part of the region. 

Along its alignment, the Rivoltana crosses several municipalities, including Segrate, Pioltello, 

and Melzo, and provides a strategic link between the metropolitan area of Milan and the southern 

part of Lombardy. Additionally, the road’s proximity to Linate Airport adds to its significance, 

as it supports both local and regional traffic demand related to air travel. 

As a result, the road accommodates a combination of commuter traffic, local access movements, 

and interprovincial travel demand. 

The multifunctional role of the SP14 Rivoltana results in consistently high traffic volumes and a 

heterogeneous road environment. The presence of varying geometric configurations, 

intersections, and access points leads to complex traffic conditions that may influence safety 

performance. These characteristics make the Rivoltana Road a suitable and representative case 

study for segment-level safety analysis and probabilistic crash prediction. 

 

 

 

 

 

 

 

 

 

Source: Google Maps, 

https://www.google.com/maps/d/edit?mid=1oBlsZyuzThpS7vrml58fii9TEySzPuc&usp=sharing                    

Figure 3-1: sp 14 -Rivoltana Strada visualization on map 

https://www.google.com/maps/d/edit?mid=1oBlsZyuzThpS7vrml58fii9TEySzPuc&usp=sharing
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3.1.1 : Overall methodological framework for Crash Prediction 

  

Figure 3-2: Overall methodological framework for Crash Prediction 
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Traffic Characteristics and Analysis 

Traffic conditions along the Rivoltana Road were analyzed using traffic flow data derived from 

the official traffic monitoring system of Regione Lombardia. The dataset, covering the period 

from 2018 to 2024, includes Average Daily Traffic (ADT) values and hourly traffic volumes 

obtained from permanent automatic count stations located along the SP14 corridor. 

The traffic dataset was provided for academic research purposes by the course instructor and 

originates from the Regione Lombardia traffic monitoring database. These data were used to 

estimate traffic demand and identify peak and off-peak operating conditions, enabling the 

reconstruction of hourly flow profiles for subsequent safety analysis. 

 

 Traffic Volume and Temporal Distribution 

Traffic volumes on the Rivoltana Road exhibit pronounced temporal variation. Peak traffic 

conditions are typically observed during morning and evening commuting hours, reflecting the 

road’s role as a commuter corridor. Off-peak periods are characterized by lower and more stable 

traffic flows. 

The temporal distribution of traffic was analyzed to capture daily and weekly variability. This 

analysis is essential for understanding the exposure of each segment to traffic demand and for 

estimating volume-to-capacity (VC) ratios used in crash prediction modeling. 

 

3.2 Data Preparation and Segmentation Methodology 

This section describes the data sources used in the study and the procedures adopted for data 

preparation and road segmentation. Proper preprocessing and segmentation are essential to 

ensure consistency between traffic, geometric, and crash data and to support reliable crash 

prediction modeling. 

 

Data Sources 

The analysis is based on three primary data sources: roadway geometry data, traffic flow data, 

and historical crash records. 

Road geometry information was obtained from the official databases of Regione Lombardia and 

the provincial road authority responsible for the SP14 Rivoltana corridor. The dataset includes 

detailed information on road alignment, lane configuration, intersection layout, and access points 

along the study corridor. 
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Traffic flow data were derived from the official traffic monitoring system of Regione Lombardia 

and cover the period from 2018 to 2024. The dataset includes Average Daily Traffic (ADT) 

values and hourly traffic volumes recorded at permanent automatic counting stations located 

along the SP14 corridor. Where continuous measurements were not available for specific 

segments, traffic volumes were spatially interpolated using standard traffic engineering 

procedures to ensure consistent coverage across the entire roadway. 

Crash data were obtained from official accident records maintained by the competent regional 

authority and cover the same multi-year observation period (2018–2024). The dataset includes 

the geographic location of each crash as well as descriptive attributes such as date, time, and 

crash type. Only crashes occurring on the mainline of the SP14 Rivoltana were considered in 

order to ensure consistency with the adopted segmentation framework. 

 

 

Data Cleaning and Preprocessing 

Prior to analysis, all datasets underwent a systematic preprocessing phase. Records with missing 

or inconsistent spatial references were excluded or corrected when possible. Traffic and crash 

data were checked for temporal consistency to ensure that the observation periods aligned across 

datasets. 

Crash locations were georeferenced and mapped onto the Rivoltana Road alignment. Each crash 

was then assigned to a specific road segment based on its spatial position. Traffic volumes were 

normalized to a common reference period to allow for comparison between segments and 

operating conditions. 

 

3.2.1 Road Segmentation 

To capture spatial variability in traffic operations and safety performance, the SP14 Rivoltana 

was divided into homogeneous roadway segments. The segmentation was performed manually 

using high-resolution satellite imagery (Google Earth Pro), through detailed visual inspection of 

the corridor. The objective was to identify locations where significant changes in geometric or 

operational characteristics occurred, ensuring that each segment maintained internal 

homogeneity. 

 Segmentation Criteria 

Segments were defined based on roadway attributes known to influence traffic behavior and 

crash risk. The adopted criteria included: 

• Horizontal alignment (distinguishing between straight and curved sections) 

• Presence and type of intersections 

• Lane configuration and cross-sectional changes 



34 

 

• Access point density 

• Traffic control characteristics 

Segment boundaries were established at locations where one or more of these attributes changed 

significantly. 

Segmentation Implementation 

The segmentation process consisted of systematically reviewing the entire corridor and 

identifying transition points between different roadway configurations. Boundaries were 

assigned at changes in the number of lanes, intersection layout, introduction of auxiliary lanes 

(e.g., acceleration or deceleration lanes), and variations in horizontal alignment. 

Each resulting segment was classified according to its dominant geometric and operational 

characteristics. This structured classification ensures consistency between geometric, traffic, and 

crash datasets and provides a reliable spatial framework for the probabilistic crash prediction 

models developed in subsequent chapters. 

Illustration of the Segmentation Process for One-Way and Two-Way Road Sections 

The following figures illustrate the segmentation approach adopted for the SP14 Rivoltana, 

highlighting the distinction between two-way divided carriageway sections and one-way traffic 

sections at intersections. 

In two-way divided sections , the roadway consists of two physically separated carriageways, 

each serving a single traffic direction. In these cases, segmentation was performed independently 

for each direction of travel, treating each carriageway as a separate analytical entity. This 

approach allows directional traffic volumes, crash occurrences, and capacity-related parameters 

to be assigned accurately to each segment. Segment boundaries were defined based on geometric 

continuity and changes in alignment, and each segment was associated with its own spatial 

coordinates and traffic attributes. 

In contrast, one-way traffic sections, typically located at intersections or complex junctions , 

were segmented considering the operational characteristics of the traffic flow within the 

intersection influence area. These segments represent areas where traffic movements are 

governed by turning maneuvers, lane merging or diverging, and signal or priority control. In 

such cases, segmentation boundaries were defined to capture changes in traffic behavior and 

conflict points rather than purely geometric continuity. 

The segmentation strategy ensures that both linear roadway segments and intersection-influenced 

sections are represented consistently within the dataset. By distinguishing between one-way and 

two-way configurations, the adopted approach improves the accuracy of traffic assignment, crash 

localization, and capacity estimation, thereby providing a reliable basis for the probabilistic crash 

prediction models developed in subsequent chapters. 
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Figure 3-3 : oneway road segmentation 

Figure 3-4 : twoways road segmentation 
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 Segment Length and Homogeneity 

Segment length was determined as a balance between spatial resolution and statistical 

robustness. Very short segments may lead to unstable crash rate estimates, while excessively 

long segments may mask local safety issues. Therefore, segment lengths were selected to 

preserve homogeneity while ensuring sufficient exposure for meaningful analysis. 

 Each segment was assigned a unique identifier and associated with corresponding traffic, 

geometric, and crash attributes. Segment length was explicitly included as a modeling variable, 

as it directly influences exposure and crash probability. 

 

 

3.3 Creation of the ‘Rivoltana40.mat’ Dataset 

Following data preprocessing and road segmentation, all segment-level information was 

consolidated into a MATLAB-compatible dataset named Rivoltana40.mat. This dataset 

represents the main input for the subsequent analytical stages of the thesis, including the 

implementation of crash prediction models and the comparative evaluation of methodological 

performance. 

Each road segment was described through a comprehensive set of attributes, resulting in a total 

of 40 variables per segment. These attributes include spatial, geometric, traffic, and safety-

related information. Segment geometry was defined using geographic coordinates, where four 

points representing the segment boundaries (longitude and latitude) were extracted from Google 

Earth following the segmentation process. In addition, the dataset includes the identifiers of the 

points forming each segment, the number of recorded crashes within the segment boundaries, 

travel direction, number of lanes, posted speed limit, segment type, and all parameters required 

for capacity estimation. 
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 Adjusted Capacity Estimation 

The estimation of adjusted roadway capacity follows the formulation introduced in Equation 

(2.2), where actual capacity is expressed as a multiplicative adjustment of base capacity through 

geometric and operational correction factors. 

𝐶actual = 𝐶base × 𝑓𝑤 × 𝑓𝐻𝑉 × 𝑓𝑔 × 𝑓𝑀 × 𝑓𝐷 

 

where: 

• 𝐶actual: adjusted (actual) capacity of the roadway segment (veh/h/lane) 

• 𝐶base: base capacity under ideal conditions assigned to each segment type (veh/h/lane) 

• 𝑓𝑤: lane width and lateral clearance adjustment factor 

• 𝑓𝐻𝑉: heavy vehicle adjustment factor 

• 𝑓𝑔: grade adjustment factor accounting for uphill segments 

• 𝑓𝑀: merging influence factor, accounting for the effect of on-ramps  

• 𝑓𝐷: diverging influence factor, accounting for the effect of off-ramps  

 

 

 

 

 
Table 3-1 : Segment classification used for the segmentation process with their base capacity 

 

 

 

 

 

 

 

Type  segment base capacity 

1 Rectilinear 2 ways 1900 

2 Rectilinear 1 way 2000 

3 Curve 2 way 1700 

4 Curve 1 way 1800 

5 Crossroad (give way) 1200 

6 Signalized crossroad 760 

7 Roundabout 1400 

8 Driveway 400 

9 Acc/deceleration lane 1500 
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Capacity Calculation Procedure 

The capacity estimation process was conducted in two main stages. First, an ideal base capacity 

was assigned to each segment according to its geometric characteristics and segment type. This 

value represents the capacity under idealized conditions and serves as the reference capacity for 

subsequent adjustments. 

In the second stage, the heavy vehicle adjustment factor was computed using traffic flow data 

and heavy vehicle percentages available for the study period (2018–2024). Heavy vehicle 

percentages were not uniformly available along the entire corridor; therefore, a segment-specific 

estimation approach was adopted. 

For each segment, the percentage of heavy vehicles was estimated through a linear interpolation 

between the two closest traffic count sections for which heavy vehicle data were available. Both 

inflow and outflow directions were considered in the interpolation process to account for 

directional traffic variations. This approach allowed the assignment of a unique heavy vehicle 

percentage to each segment, depending on its spatial location along the corridor. 

 

 

 

 

 

 

Heavy Vehicle Adjustment Factor 

Once the heavy vehicle percentage was determined for each segment and year, the heavy vehicle 

adjustment factor was calculated using the following expression: 

𝐻𝑉 = 1/(1 + 𝑃𝐻 ⋅ (𝐸𝐻 − 1)) 
 

where: 

• 𝑃𝐻: proportion of heavy vehicles expressed as a decimal 

• 𝐸𝐻: passenger car equivalent (PCE) for heavy vehicles 

In this study, a PCE value of 2 was adopted for heavy vehicles, consistent with the characteristics 

of the Rivoltana Road segments. 
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Figure 3-5 : Structure of the Excel dataset containing segment geometry, functional characteristics, and base capacity values used for the creation of the Rivoltana40.mat file. 

Figure 3-6 : Structure of the Excel dataset containing segment-level traffic data (2020–2022) used for the creation of the Rivoltana40.mat file. 
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Explanation of Traffic and Geometric Input Tables 

 

Figure 3-5 : Segment Geometry, Functional Characteristics, and Base Capacity 

This table summarizes the geometric and functional attributes of each road segment, which form 

the structural basis for capacity estimation and segmentation. The variables include: 

• Segment length, number of lanes, lane width, and roadway direction (one-way or two-

way); 

• Design speed and longitudinal slope; 

• Segment type classification, used consistently across the modeling framework; 

• Base capacity, derived from standard values and subsequently adjusted; 

• Correction factors accounting for heavy vehicles, lane width, and roadway configuration. 

These geometric descriptors are used to compute a segment-specific capacity, which is later 

combined with traffic demand to obtain the VC ratio. The explicit inclusion of geometric 

parameters ensures that differences in roadway design such as acceleration/deceleration lanes, 

lane drops, or transitions between cross-sections—are reflected in the safety analysis. 

By structuring the road into homogeneous segments, this table enables segment-level crash 

prediction rather than relying on aggregated corridor-level averages. This segmentation is critical 

for identifying localized safety issues that may be masked when using coarser spatial units. 

Figure 3-6 :  Segment-Level Traffic Data by Year (2020-2022) 

This table reports the temporal evolution of traffic conditions for each road segment along the 

Rivoltana Road over the period 2020–2022. 

 For every segment and year, the dataset includes: 

• Average Daily Traffic (ADT / TGM), disaggregated into weekday and weekend values; 

• Heavy vehicle percentage (%HV) and the corresponding heavy-vehicle adjustment factor 

(fHV); 

• Segment capacity, computed after accounting for geometric characteristics and traffic 

composition. 

The separation between weekday and weekend traffic is essential, as demand patterns differ 

substantially between working days and non-working days. This distinction allows the traffic 

conditions at the time of each crash to be represented more realistically when computing hourly 

flows and Volume-to-Capacity (VC) ratios. 

This table constitutes the primary traffic input for the VC computation and directly supports the 

hourly flow estimation used in the probabilistic crash models 
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4 Traffic Analysis  

 

4.1 Introduction 

Traffic conditions play a fundamental role in shaping crash occurrence and severity, as they 

directly influence vehicle interactions, speed variability, and driver behavior. For this reason, a 

detailed and time-resolved analysis of traffic flow is a necessary prerequisite for any robust crash 

prediction framework. This chapter focuses on the characterization of traffic demand and 

capacity along the Rivoltana Road (SP 14), providing the operational basis for the Volume-to-

Capacity (VC) analysis adopted in the subsequent modeling phase. 

Unlike traditional safety studies that rely on static or annual average traffic values, this work 

explicitly accounts for temporal variability in traffic conditions. Traffic volumes are analyzed by 

year, by day type (weekday and weekend), and by hour of the day using representative flow 

profiles. This approach allows traffic exposure to be aligned with the exact timing of crash 

events, thereby reducing aggregation bias and improving the interpretability of the resulting 

safety indicators. 

The chapter first describes the available traffic datasets and the procedures used to estimate 

average daily traffic and segment capacities over multiple years. Particular attention is given to 

the influence of heavy vehicles and roadway geometry on effective capacity. Subsequently, 

hourly traffic flows are derived from daily volumes using standardized diurnal profiles, enabling 

the computation of VC ratios that reflect realistic operating conditions at the time of each crash. 

By transforming raw traffic data into segment-specific, time-dependent VC indicators, this 

chapter establishes the quantitative link between traffic conditions and crash occurrence. The 

outputs of this analysis serve as direct inputs to the probabilistic crash prediction models 

developed in Chapter 5, ensuring methodological consistency between traffic analysis and safety 

modeling. 

 

 

4.2 Handling of Missing Data 

During the data preparation phase, instances of missing or incomplete data were identified across 

the traffic and crash datasets. Missing data mainly concerned traffic flow measurements and 

heavy vehicle percentages, particularly in road sections where permanent counting stations were 

not available or where records were incomplete for specific years. 
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To ensure consistency and avoid bias in the analysis, a structured approach was adopted for 

handling missing data. Segments with missing spatial information or unclear geometric 

definition were excluded from the analysis, as accurate spatial representation is essential for 

reliable crash assignment and capacity estimation. In contrast, missing traffic-related variables 

were treated using estimation procedures based on nearby available data. 

For traffic volumes and heavy vehicle percentages, missing values were estimated using spatial 

interpolation between the closest upstream and downstream traffic counting sections. This 

approach assumes a gradual variation of traffic characteristics along the corridor and allows the 

assignment of representative values to intermediate segments. When both inflow and outflow 

measurements were available, they were jointly considered to improve estimation accuracy. 

In cases where data were missing for isolated time periods within the study horizon, values were 

reconstructed using averages from adjacent years with similar traffic conditions. This method 

preserves temporal consistency while minimizing distortion of long-term traffic trends. 

The adopted strategy ensures that missing data do not compromise the continuity of the dataset 

while maintaining transparency and methodological rigor. All estimated values were used 

consistently across segments and years and were incorporated into the final Rivoltana40.mat 

dataset used for subsequent modeling and analysis. 

 

 

 

 

 

 

 

Figure 3.1: Rivoltana Strada traffic flow sections visualization on map 

 

 

 

 

 

Figure 4-1: section where data was collected along the studied road 
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4.3  Estimation Process 

Traffic flow data were not continuously available for all road sections and all years of analysis. 

In particular, some sections presented partial monthly records, with missing values for specific 

months or years. To ensure temporal continuity and consistency across the dataset, an estimation 

procedure was applied based on the observed seasonal behavior of traffic flows along the 

corridor. 

The estimation approach relies on the assumption that traffic patterns between consecutive 

months follow similar seasonal trends across different years for the same section and direction of 

travel. This method allows missing values to be reconstructed using ratios derived from years 

with complete datasets, while preserving the characteristic monthly variability of traffic demand. 

4.3.1 Section 1 (Milano) – Estimation of Missing Traffic Data 

 

4.3.1.1 Stage A: Completing Missing Months Within the Same Year (2023 and 2024) 

1. Identify the available data window: 

For the analyzed section, monthly traffic data were available only for the months May–

November in the years 2023 and 2024. The months January–April and December were 

missing. 

2. Select a complete reference section: 

Section 2 – Milano direction was selected as the reference section because it provides 

complete monthly traffic data and shares similar directional demand characteristics with 

the analyzed section. 

3. Compute the mid-year baseline for the analyzed section: 

For each year (2023 and 2024), the average traffic value of the available period April–

November was computed. This value represents the mid-year traffic level for that year 

and section. 

4. Extract seasonal relationships from the reference section: 

Using Section 2 (Milano direction), the typical relationship between  

• January–April and May–November, and 

• December and May–November, 

was computed for the same year(s). These relationships describe how traffic in the 

missing months compares to the available mid-year period. 

5. Estimate the missing months for each year: 

The seasonal relationships obtained from the reference section were applied to the mid-

year baseline (April–November average) of the analyzed section to estimate: 

• traffic values for January–March, and 

• traffic value for December, 

separately for 2023 and 2024. 
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6. Rebuild the full monthly series for 2023 and 2024: 

The estimated months (Jan–March and Dec) were combined with the observed months 

(Apr–Nov) to generate complete monthly datasets for 2023 and 2024. 

 

4.3.1.2 Stage B: Reconstructing Fully Missing Years 

7. Define a representative monthly profile from completed years: 

After completing 2023 and 2024, these two years were used to define a representative 

monthly traffic pattern for the analyzed section (i.e., how traffic is typically distributed 

across months). 

8. Transfer inter-annual traffic variation from the reference section: 

Section 2 (Milano direction) was used to capture how total traffic levels change from year 

to year along the corridor. These year-to-year changes were used as scaling information 

to estimate the annual traffic level of the analyzed section in years with missing data. 

9. Generate monthly values for the missing years: 

For each missing year, the representative monthly profile was scaled according to the 

inter-annual variation extracted from the reference section, producing a complete set of 

monthly traffic values. 

10. Integrate final traffic dataset: 

The reconstructed monthly traffic series (completed years + reconstructed years) were 

included in the final dataset used for capacity estimation, VC classification, and crash 

prediction modeling. 

Tables 4-1 and 4-2 show the available traffic records and the reconstructed monthly values, 

illustrating the two-stage estimation procedure. 

 

 

 

 

 

 

 

 

 Table 4-1: available data for sec 1 milan direction 
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4.3.2   Section 1 (Rivolta Direction) – Estimation of Missing Traffic Data 

 

For Section 1  Rivolta direction, monthly traffic data were not fully available for all months 

within the study period. As illustrated in the tables, for the year 2023 traffic data were available 

only for the months June to December, while data for January to May were missing. For the year 

2024, traffic data were available for January and for the period June to December, whereas the 

months February to May were missing. 

To reconstruct complete and consistent monthly traffic datasets, a structured estimation 

procedure was applied. The process was carried out in two main stages: first, missing months 

were estimated within the same year, and subsequently, once complete yearly profiles were 

available, the methodology was extended to years with more extensive data gaps. 

For the extraction of seasonal traffic patterns, Section 2 – Rivolta direction was selected as the 

reference section, as it provides complete monthly traffic data and exhibits similar directional 

and operational characteristics. 

 

4.3.2.1 Stage A: Completion of Missing Months Within the Same Year (2023–2024) 

1. Identification of available and missing data: 

• 2023: observed traffic values were available for June–December, while January–May 

were missing. 

• 2024: observed traffic values were available for January and June–December, while 

February–May were missing. 

Table 4-2 Estimated data for sec 1 milan direction 
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2. Selection of the reference section: 

Section 2 – Rivolta direction was used as the reference section because it provides 

complete monthly traffic data and reflects the typical seasonal traffic behavior along the 

Rivoltana corridor in the same travel direction. 

3. Computation of a yearly baseline from available months: 

For each year, the average traffic volume of the available months (June–December) was 

calculated for Section 1. This value represents the mid-to-late-year traffic level for that 

year and was used as the baseline for estimating missing months. 

4. Derivation of seasonal relationships from the reference section: 

Using Section 2 – Rivolta direction, the relationship between traffic volumes in the 

missing months and those in the available period was identified for the same year. In 

particular, the relative differences between: 

• early-year traffic (January–May) and 

• mid-to-late-year traffic (June–December) 

were used to describe seasonal behavior. 

5. Estimation of missing months for 2023: 

For 2023, the seasonal relationships derived from the reference section were applied to 

the June–December 2023 baseline of Section 1 to estimate traffic volumes for January–

May 2023. 

6. Estimation of missing months for 2024 (January preserved): 

For 2024, the observed traffic value for January was retained without modification. The 

seasonal relationships from the reference section were then applied to the June–

December 2024 baseline to estimate traffic volumes for February–May 2024. 

7. Reconstruction of complete yearly datasets: 

The estimated values were combined with the observed data, resulting in complete 

monthly traffic series for: 

• 2023: estimated January–May + observed June–December 

• 2024: observed January + estimated February–May + observed June–December 

 

4.3.2.2 Stage B: Reconstruction of Years with Larger Data Gaps 

 

8. Definition of a representative seasonal profile: 

Once the datasets for 2023 and 2024 were completed, these years were used to define a 

representative monthly traffic profile for Section 1 – Rivolta direction, capturing the 

typical seasonal distribution of traffic for this section. 

9. Adjustment for inter-annual variation: 

Inter-annual changes in traffic demand were inferred from Section 2 – Rivolta direction, 

which provides continuous traffic data over multiple years. These variations were used to 

scale the representative seasonal profile of Section 1 for years with missing or incomplete 

data. 

10. Generation of monthly traffic values for missing years: 

For each year with missing data, monthly traffic values were reconstructed by combining: 

• the seasonal profile derived from the completed years of Section 1, and 

• the annual scaling factors obtained from the reference section. 
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11. Integration into the final dataset: 

All reconstructed monthly traffic values were integrated into the final dataset used for 

capacity estimation, volume-to-capacity analysis, and crash prediction modeling. 

 

 

Interpretation of the following tables 

It presents the available and reconstructed monthly traffic values for Section 1 – Rivolta 

direction. The figure highlights the two-stage estimation procedure, showing first the completion 

of missing months within 2023 and 2024 and subsequently the reconstruction of traffic data for 

years with more extensive gaps. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 4-3Available data for section 1 rivolta di adda Direction 

Table 4-4 : Estimated Data for section 1 Milan Direction 
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4.3.3 Application of the Estimation Procedure to Section 3 

The estimation methodology described above was not limited to Section 1 but was consistently 

applied to Section 3 in both travel directions in order to obtain complete monthly traffic datasets. 

As for Section 1, Section 3 presented partial traffic records for several months and years, which 

required reconstruction to ensure temporal continuity. 

For each direction of travel, a reference section with complete monthly data in the same direction 

was identified, and the same two-stage procedure was followed. First, missing months within 

partially observed years were estimated using seasonal relationships derived from the 

corresponding reference section. Subsequently, once complete yearly traffic profiles were 

obtained, the methodology was extended to reconstruct traffic data for years with larger data 

gaps by transferring inter-annual trends from the reference section. 

By applying the same estimation logic to Section 3 in both directions, a consistent and 

homogeneous traffic dataset was obtained across all analyzed sections of the Rivoltana Road. 

This ensures comparability between sections and directions and provides a reliable basis for 

subsequent capacity calculations, volume-to-capacity analysis, and crash prediction modeling. 
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Table 4-5 Construction of all traffic flow data for all sections 
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4.4 Traffic Analysis 

The traffic analysis of the SP14 Rivoltana Road is based on comprehensive data from three 

sections, each of which has two directions of travel: Section 1 (Milano Direction and Rivolta 

Direction), Section 2 (Milano Direction and Rivolta Direction), and Section 3 (Milano Direction 

and Rivolta Direction). The data span 2019 to 2024, with monthly Average Daily Traffic (ADT) 

recorded for each section and direction. 

Traffic Flow Analysis Methodology 

For each road segment, traffic flow was analyzed by considering the directionality of the flow 

and the availability of data for each section. The approach is as follows: 

1. Complete Segments in a Single Section: 

If a segment is fully contained within a single section, the traffic flow is directly taken 

from the corresponding section. This ensures accurate representation of traffic flow 

without the need for estimation or interpolation. 

2. Segments Spanning Multiple Sections: 

If a segment lies across or between two sections, interpolation is applied to estimate the 

traffic flow. The interpolation process considers the traffic flow data from the two 

neighboring sections and adjusts for any differences in traffic volume and directional 

movement between the two sections. 

3. Interpolation Process: 

The interpolation procedure involves analyzing entrances and exits for each segment to 

determine how traffic flows across the boundaries of the sections. The number of 

entrances (where vehicles enter the segment) and exits (where vehicles leave the 

segment) is counted, and the traffic volume is adjusted based on this distribution. This 

allows for an accurate estimate of traffic flow on segments that span multiple sections. 

Key Observations from Traffic Data 

• Higher Traffic in Milano Direction: Traffic flow data consistently show higher volumes 

in the Milano direction due to the road's role as a primary entry point into Milan. 

• Traffic Variability: Traffic volumes exhibit noticeable fluctuations based on time of year, 

with peak volumes occurring during spring and autumn, while winter and summer 

months typically show lower traffic flow. 

• Impact of Missing Data: For years with incomplete data, the interpolation method ensures 

that missing months or sections can still be filled with reasonable estimates, maintaining 

the consistency and accuracy of the traffic analysis. 
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This section will now proceed to analyze traffic trends, estimate capacity, and explore the 

relationship between traffic conditions and crash likelihood across these segments. The use of 

interpolation ensures a continuous, reliable dataset for the entire Rivoltana Road, even when data 

gaps occur. 

 

 

 

 

 

 

 

  

 

Traffic Trend Analysis for Each Section and Segment Overview of Divided Sections 

The Rivoltana Road (SP14) is divided into three distinct sections, each with two directions of 

travel: 

• Section 1 (Milano Direction and Rivolta Direction) 

• Section 2 (Milano Direction and Rivolta Direction) 

• Section 3 (Milano Direction and Rivolta Direction) 

These sections are represented by color-coded segments in the map, which helps in 

understanding the varying traffic patterns and trends along the road. The color-coding allows us 

to associate specific traffic behavior with geographic locations, such as high-traffic urban areas 

and lower-traffic suburban or rural segments. 

 

Each section will be analyzed based on: 

1. Traffic volume trends (monthly, seasonal variation) 

2. Peak traffic conditions (morning and evening peaks) 

3. Changes in traffic flow due to road characteristics (intersections, entry/exit points, access 

density) 

 

Figure 4-2  overview of divided sections and segments 
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4.4.1 Traffic Flow Analysis – Section 1 

Section 1 represents the westernmost part of the SP14 Rivoltana, closest to the Milan 

metropolitan area. Due to its strategic role, this section experiences significant traffic demand in 

both directions. Traffic flow analysis is conducted separately for the Milano direction (1M) and 

the Rivolta direction (1R) to capture directional differences and temporal trends. 

 

 Section 1 – Milano Direction (1M) 

The Milano direction in Section 1 shows consistently high traffic volumes throughout the 

analyzed period (2020–2024), reflecting strong commuter demand toward the metropolitan area. 

Annual Traffic Trend 

• The average daily traffic (ADT) ranges approximately from: 

o ~12,700 veh/day in 2020 

o to ~15,500 veh/day in 2024 

• A clear increase is observed after 2020, indicating recovery and growth following the 

pandemic period. 

• The highest annual average is recorded in 2024, confirming a return to and exceedance of 

pre-pandemic traffic levels. 

Monthly and Seasonal Pattern 

• Peak traffic months consistently occur between June and September, with: 

o July and September often exceeding 18,000–20,000 veh/day. 

• Lower traffic volumes are observed during: 

o December (minimum values, around 7,700–10,700 veh/day), 

o January–February, reflecting reduced travel activity. 

• The seasonal pattern is stable across all years, suggesting a strong and recurring 

commuter-based demand. 

Key Observations 

• The Milano direction exhibits: 

o pronounced summer peaks, 

o strong weekday commuter influence, 

o and high exposure levels relevant for safety analysis. 

• This direction is expected to operate closer to capacity during peak months, increasing 

the likelihood of congestion-related crashes. 
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 Section 1 – Rivolta Direction (1R) 

The Rivolta direction shows higher traffic volumes than the Milano direction, indicating 

asymmetric travel demand along Section 1. 

Annual Traffic Trend 

• The average daily traffic in the Rivolta direction ranges approximately from: 

o ~16,700 veh/day in 2020 

o to ~17,600 veh/day in 2024 

• Compared to the Milano direction, the Rivolta direction consistently records higher 

annual averages. 

• The increase from 2020 onward is smoother, indicating a more stable demand profile. 

Monthly and Seasonal Pattern 

• Peak values are observed between April and October, with: 

o several months exceeding 20,000 veh/day, 

o and peak summer values approaching 28,000 veh/day (notably May–July). 

• Winter months (December–February) still show relatively high volumes compared to the 

Milano direction, rarely dropping below 9,000–11,000 veh/day. 

Key Observations 

• The Rivolta direction is characterized by: 

o higher baseline traffic, 

o less pronounced winter reductions, 

o and stronger continuity across the year. 

• This suggests a mix of commuter, regional, and through traffic, making this direction 

particularly relevant for capacity and safety evaluations. 
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Analysis of Monthly Traffic Flow in Section 1 (Year 2024) 

Figure 4-3 presents the monthly average daily traffic for Section 1 in 2024, comparing the 

Milano direction and the Rivolta direction. The graph highlights clear directional asymmetry and 

seasonal variability in traffic demand. 

 

 

 

 

 

 

 

 

 

 

 

 

Directional Comparison 

Across almost all months, the Rivolta direction consistently carries higher traffic volumes than 

the Milano direction. The difference between directions ranges approximately from 500 to more 

than 6,000 vehicles per day, with the largest discrepancies observed in October and November. 

This confirms that the Rivolta direction experiences a higher baseline demand, likely due to a 

combination of commuter, regional, and through traffic. 

An exception is observed in August, where the Milano direction slightly exceeds the Rivolta 

direction. This inversion may be associated with summer travel behavior, holiday movements, 

and reduced commuter demand in the Rivolta direction during this period. 

 

0

2000

4000

6000

8000

10000

12000

14000

16000

18000

20000

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Monthly average daily traffic in Section 1 for the year 2024

MIANO DIR. RIVOLTA DIR.

Figure 4-3 : Monthly average daily traffic in Section 1 for the year 2024 
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Seasonal Traffic Patterns 

Both directions exhibit a clear seasonal pattern: 

• Winter months (January–February and December) show relatively lower traffic volumes, 

particularly in the Milano direction. 

• Spring and early summer (March–June) are characterized by a steady increase in traffic 

in both directions, reaching peak values in June. 

• August presents a marked traffic reduction in both directions, more pronounced in the 

Rivolta direction. 

• Autumn months (September–October) show a renewed increase in traffic, especially in 

the Rivolta direction, which reaches its annual maximum in September. 

This seasonal behavior reflects typical commuter and recreational travel dynamics along the 

Rivoltana corridor. 

 

 

 

Implications for Traffic and Safety Analysis 

The consistently higher traffic volumes observed in the Rivolta direction imply: 

• increased exposure to potential conflicts, 

• higher demand relative to capacity during peak months, 

• and a greater relevance for congestion-related crash risk. 

Conversely, the Milano direction shows stronger seasonal variability, suggesting periods of 

lower demand that may influence crash patterns differently 
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Traffic Flow Analysis for Section 1 – Year 2019 

The following Figure  illustrates the monthly average daily traffic in Section 1 for the year 2019, 

representing pre-COVID traffic conditions. The figure shows traffic volumes for both the Milano 

direction and the Rivolta direction, providing a baseline for comparison with subsequent years. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Directional Traffic Characteristics in 2019 

In 2019, the Rivolta direction consistently carried higher traffic volumes than the Milano 

direction across almost all months. Peak values in the Rivolta direction occur between April and 

June, reaching values close to 28,000–29,000 veh/day, while the Milano direction peaks at 

approximately 20,000–21,000 veh/day during the same period. 

The Milano direction shows a more moderate increase throughout the year, with relatively stable 

traffic between January and June, followed by a decline during the summer months. In contrast, 

the Rivolta direction exhibits stronger seasonal variation, with a sharp increase in spring and 

early summer and a pronounced reduction in August, likely related to holiday travel patterns. 
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Figure 4-4 : Monthly average daily traffic in Section 1 for the year 2019 
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Seasonal Pattern in 2019 

Both directions exhibit a clear and typical seasonal trend: 

• Winter months (January–February and December) show lower traffic volumes. 

• Spring (March–June) corresponds to the highest traffic demand, particularly in the 

Rivolta direction. 

• August presents a substantial drop in traffic in both directions, more pronounced in the 

Rivolta direction. 

• Autumn months (September–October) show a secondary increase in traffic volumes 

before declining again toward the end of the year. 

This seasonal behavior reflects normal pre-pandemic commuting and regional travel dynamics 

along the Rivoltana corridor. 

Comparison Between 2019 and 2024 

A comparison between 2019 and 2024 highlights important changes in traffic demand over time 

and provides insight into the impact of the COVID-19 pandemic and subsequent recovery. 

Pre-COVID vs Post-Recovery Traffic Levels 

• In 2019, traffic volumes in the Rivolta direction were significantly higher than in 2024, 

especially during the spring and early summer months. Peak values in 2019 exceed those 

observed in 2024 by approximately 8,000–10,000 veh/day in some months. 

• The Milano direction also shows higher peak values in 2019 compared to 2024, although 

the difference is less pronounced than in the Rivolta direction. 

These differences indicate that traffic demand in 2024 has not fully returned to pre-pandemic 

levels, particularly for through and regional traffic movements. 

 

 

 

COVID-19 Impact on Traffic Patterns 

The sharp contrast between 2019 and 2024 traffic volumes can be attributed to the effects of the 

COVID-19 pandemic, which caused: 

• severe mobility restrictions in 2020–2021, 

• long-term changes in commuting behavior (e.g., remote work), 

• and reduced regional and discretionary travel. 
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Although 2024 shows a clear recovery compared to pandemic years, traffic volumes remain 

lower and more evenly distributed across the year. In particular, the extreme spring peaks 

observed in 2019 are no longer present, suggesting a structural change in travel demand rather 

than a temporary disruption. 

 

Directional Differences Over Time 

• The Rivolta direction experienced the largest absolute reduction in traffic volumes from 

2019 to 2024, indicating that this direction was more affected by changes in long-distance 

and regional travel. 

• The Milano direction shows a more stable trend, with smaller differences between pre- 

and post-pandemic years, likely due to the persistence of essential commuting flows. 

 

 

Implications for Traffic and Safety Analysis 

The comparison between 2019 and 2024 demonstrates that traffic exposure levels have changed 

substantially over time. Since crash occurrence is strongly related to traffic volume, these 

variations must be explicitly considered in crash prediction modeling. Using multiple years of 

traffic data allows the models to capture both pre-pandemic conditions and post-pandemic traffic 

behavior, improving the robustness of the safety analysis. 

4.4.2 Traffic Flow Analysis for Each Segment 

Traffic flow analysis was conducted for all sections (Sections 1, 2, and 3) and for both travel 

directions (Milano → Rivolta and Rivolta → Milano) using the complete dataset available for 

the period 2018–2024. As no missing values were identified within this time frame, traffic 

volumes were directly allocated to segments without requiring interpolation or reconstruction 

procedures. 

Traffic Flow Methodology for Each Segment. 

Given the availability of complete monthly traffic data for all sections and both travel directions, 

segment-level traffic assignment was performed through a structured allocation procedure based 

on observed section-level volumes. 

Step 1: Direct Use of Complete Traffic Data (2018–2024) 

The full monthly traffic dataset was applied directly to each segment according to its 

corresponding section and travel direction. No estimation techniques were required, as the 

dataset contained continuous and complete observations for the entire study period. This 

approach ensures consistency between recorded section-level flows and segment-level 

representation. 



59 

 

Step 2: Consistent Distribution Across Segments 

The spatial configuration of Sections 1,2,3 and Segments A,B,C,D,E is illustrated in Figures 4-1 

and 4-2. Traffic assignment depends on the spatial relationship between segments and sections: 

 

• Segments fully contained within a single section (Segments A, C, and E): 

For segments entirely located within one section, traffic flow was directly assigned from that 

section for both travel directions. No proportional adjustment or redistribution was necessary. 

• Segments spanning two adjacent sections (Segments B and D): 

For segments located between two sections, traffic volumes were proportionally allocated using 

data from the adjacent sections. The distribution accounted for traffic transitions between 

sections, considering entrances and exits to ensure a realistic representation of flow continuity 

along the corridor. 

Step 3: Annual and Monthly Distribution 

For all years (2018–2024), the recorded monthly traffic values were directly applied at the 

segment level. Seasonal patterns, including peak and off-peak periods, were already embedded 

within the observed dataset; therefore, no additional seasonal adjustment was required. 

The resulting allocation framework guarantees coherence between section-level observations and 

segment-level traffic representation, thereby providing a consistent basis for subsequent capacity 

estimation, V/C classification, and probabilistic crash prediction modeling. 

 

4.5 Weekday, Weekend, and Flow Profiles Analysis 

Traffic demand along the Rivoltana Road varies significantly not only across months and years 

but also according to the type of day and the temporal distribution of flow within the day. For 

this reason, the traffic analysis was extended beyond average daily values to explicitly 

distinguish between weekday traffic, weekend traffic, and daily flow profiles. This approach 

allows a more realistic representation of traffic exposure and operational conditions, which is 

particularly relevant for capacity evaluation and crash prediction. 

 

Weekday Traffic Flow Estimation 

Weekday traffic represents the dominant component of traffic demand along the Rivoltana Road 

and is mainly associated with commuting and work-related trips. To estimate representative 

weekday traffic levels, the available traffic data were analyzed by isolating weekday 

observations. 
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For each selected sample, the weekday average flow was calculated as the arithmetic mean of 

daily traffic volumes observed from Monday to Friday. This approach reduces the influence of 

day-to-day variability and provides a stable estimate of typical weekday demand. The resulting 

weekday flow values were found to be consistent across different samples, confirming the 

reliability of the method. 

Weekday traffic is characterized by: 

• higher overall daily volumes, 

• strong directional imbalance during peak hours, 

• and pronounced temporal concentration during commuting periods. 

These features make weekday traffic particularly relevant for identifying capacity constraints and 

congestion-related safety risks. 

 

Weekend Traffic Flow Estimation 

Weekend traffic exhibits different characteristics compared to weekdays, reflecting a shift from 

commuting trips to leisure, recreational, and discretionary travel. Using the same dataset, 

weekend traffic levels were computed as the average of daily flows observed on Saturday and 

Sunday for multiple representative samples. 

To quantify the relationship between weekend and weekday traffic, a weekend factor was 

derived by calculating the ratio between weekend and weekday average flows. The analysis 

consistently showed that weekend traffic volumes are lower than weekday volumes. Across the 

analyzed samples, the weekend flow was found to be approximately 75% of the weekday flow, 

leading to the following relationship: 

𝐾weekend ≈ 0.75 
 

This result indicates that, on average, weekend traffic demand along the Rivoltana Road is about 

one quarter lower than weekday demand. 

The weekend factor was then applied to estimate weekend flows from weekday values, ensuring 

consistency across sections, directions, and years. This approach allows weekday and weekend 

traffic to be represented separately, even when only aggregate daily values are available. 

 

Daily Flow Profiles 

While weekday and weekend averages describe total daily demand, they do not capture how 

traffic is distributed over the course of the day. For this reason, daily flow profiles were used to 

represent the temporal evolution of traffic within a typical day. 



61 

 

Flow profiles describe the percentage of daily traffic occurring during each hour and differ 

between: 

• weekdays, which typically show distinct morning and evening peak periods, and 

• weekends, which are characterized by flatter profiles with less pronounced peaks. 

Based on the available flow profile data, weekday profiles were associated with: 

• a sharp morning peak linked to inbound commuting, 

• a secondary evening peak linked to return trips, 

• and lower flows during mid-day and night-time periods. 

Weekend profiles, in contrast, show: 

• delayed peak hours, 

• more evenly distributed daytime traffic, 

• and reduced peak intensities. 

These differences highlight the importance of accounting for flow profiles when analyzing 

operational performance and safety, as traffic concentration during peak hours can significantly 

influence congestion and crash likelihood. 

Figure 4-5 presents the hourly flow profiles for weekday and weekend traffic, expressed as the 

proportion of daily traffic occurring in each hour. The profiles highlight substantial differences in 

the temporal distribution of traffic demand between weekdays and weekends. 
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Integration of Weekday, Weekend, and Flow Profiles 

The combined use of: 

• weekday average flows, 

• weekend average flows derived using the weekend factor, 

• and representative daily flow profiles, 

allows a comprehensive characterization of traffic demand along the Rivoltana Road. This 

integrated approach ensures that both traffic volume and temporal distribution are accurately 

represented. 

Such a detailed traffic characterization is particularly important for: 

• identifying peak operating conditions, 

• computing volume-to-capacity ratios under realistic scenarios, 

• and improving the accuracy of crash prediction models by accounting for variations in 

traffic exposure over time. 
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5 Crash Analysis 

5.1 Introduction 

A rigorous crash analysis is essential to understand the safety performance of a roadway and to 

support the development of reliable crash prediction models. This chapter focuses on the 

preparation, verification, and analysis of crash data for the SP14 Rivoltana corridor, with 

particular emphasis on ensuring spatial and temporal consistency between crash records, road 

segmentation, and traffic conditions. 

Given that the probabilistic modeling framework adopted in this study operates at the segment 

level, accurate crash–segment association represents a critical prerequisite. Any spatial 

misalignment or uncertainty in crash location may lead to incorrect attribution of crashes, 

potentially biasing the estimation of crash likelihood and the identification of high-risk segments. 

For this reason, the crash dataset is subjected to a systematic verification and filtering process 

prior to any modeling activity. 

The chapter first describes the procedures used to validate crash locations and align them with 

the segmented road network, including visual inspection and spatial correction where possible. 

Crashes that cannot be reliably associated with a specific segment due to incomplete or 

ambiguous location information are identified and excluded to preserve data quality. 

Subsequently, the filtered crash dataset is analyzed to characterize crash frequency, spatial 

distribution, and contextual factors relevant to traffic conditions and road geometry. 

By establishing a high-quality, spatially consistent crash database, this chapter provides the 

empirical foundation for the probabilistic crash prediction models presented in the subsequent 

sections. The analysis ensures that observed crash patterns reflect real roadway conditions and 

that the resulting model outputs can be interpreted with confidence for safety assessment and 

decision-making. 

 

5.2 Crash Data Verification and Spatial Filtering 

The crash dataset used in this study originates from the official road accident database of 

Regione Lombardia and was previously available as a public dataset. Although the dataset is no 

longer publicly accessible, it represents the official source of crash information for the SP14 

Rivoltana corridor and was made available for academic research purposes. 

As a first step, the dataset was visually inspected and spatially verified to ensure consistency 

with the adopted road segmentation. To this end, the MATLAB routine 

plot_segments_withcheck.m was executed, allowing a direct comparison between crash locations 

and the predefined road segments. 
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Based on this verification process, the segmentation boundaries were adjusted where necessary 

to ensure correct alignment with the road geometry and full coverage of the intended study area. 

After completing these adjustments, the crash–segment association procedure was repeated. 

The updated spatial analysis identified a total of 41 crashes located within 21 segments, of which 

18 crashes were fully contained within segment boundaries. The relatively limited number of 

crashes assigned to segments is primarily due to incomplete or imprecise geographic coordinates 

in several crash records. Consequently, crashes that could not be reliably associated with a 

specific segment were excluded from the segment-level analysis to avoid introducing spatial 

uncertainty. 

This filtering procedure ensures that only crashes with a clear and reliable spatial correspondence 

to the road segments are considered in the subsequent analysis. Although this reduces the total 

number of usable crash records, it enhances the robustness and credibility of the segment-based 

safety assessment and the crash prediction modeling developed in the following sections. 
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5.3 Crash Relocation and Data Quality Assessment 

Following the initial spatial verification, a detailed review of crash locations was conducted to 

improve the alignment between crash records and the road segmentation framework. An initial 

screening revealed that approximately 70 crashes were not spatially located within the defined 

road segments. These crashes were identified and marked accordingly (highlighted in red in the 

figure ). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Table 5-1 crash data filtering 
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A systematic relocation procedure was then applied to these crashes in order to maximize the 

number of usable records while preserving data reliability. As a result of this process: 

• 22 crashes were successfully relocated and reassigned to appropriate segments (marked 

in green), 

• 48 crashes could not be reliably relocated and were therefore excluded from further 

analysis (marked in yellow), due to incomplete, ambiguous, or inconsistent location 

information. 

• 41 crashes were already located  (marked in blu) 

 

Crash Relocation Procedure 

For each crash considered for relocation, a multi-step verification process was followed. First, 

the descriptive attributes available in the original crash dataset were examined, with particular 

attention to the road name and roadway characteristics associated with each crash. These 

characteristics included the road type (one-way or two-way), road function (mainline or 

intersection area), and geometric context (rectilinear section, curve, or roundabout). 

Next, the recorded crash location was compared with the nearest road segment in the current 

segmentation framework. A crash was relocated only if the descriptive attributes of the crash 

were consistent with the geometric and operational characteristics of the candidate segment. In 

cases where the road name and roadway characteristics matched the segment context, the crash 

location was adjusted accordingly and reassigned to the segment. 

If inconsistencies were identified—such as a mismatch between the reported road type and the 

geometric features of the nearby segment—the crash was excluded to avoid introducing spatial 

or contextual errors into the analysis. 

 

Final Dataset for Segment-Level Analysis 

This relocation and filtering process resulted in a refined crash dataset containing only records 

with a clear and reliable spatial association to the Rivoltana Road segments. Although a portion 

of the original crash records could not be used, the adopted approach ensures that the final 

dataset is based on high-quality spatial information, which is essential for meaningful segment-

level safety analysis and crash prediction modeling. 

The resulting dataset forms the basis for the crash frequency analysis, exposure-based 

comparisons, and probabilistic crash modeling presented in the subsequent sections. 
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5.4 Analysis of Crash Frequency per Segment 

Figure 5-1 illustrates the distribution of crashes across the road segments of the SP14 Rivoltana 

corridor after the crash relocation and spatial filtering process. The results show that crash 

occurrence is not uniformly distributed along the corridor, but instead varies significantly from 

one segment to another. 

The majority of segments experienced a low number of crashes, with most segments recording 

one or two crashes over the analysis period. This indicates that, for a large portion of the 

corridor, safety performance is relatively stable and that crash events are infrequent at the 

segment level. Such behavior is typical of linear road infrastructures where exposure is spread 

across multiple homogeneous sections. 

In contrast, a limited number of segments exhibit noticeably higher crash frequencies. In 

particular, Segment 19 presents the highest number of crashes, followed by Segments 120, 1, 9, 

70, and 104, which also show elevated crash counts compared to the rest of the corridor. These 

segments can be interpreted as potential safety-critical locations, where local geometric features, 

traffic demand variations, or operational conditions may increase crash risk. 

The presence of a small number of high-crash segments alongside many low-crash segments 

suggests a heterogeneous safety performance along the Rivoltana Road. This heterogeneity 

justifies the adoption of a segment-based crash analysis approach, as aggregated corridor-level 

indicators would mask localized safety issues. Moreover, the observed variability provides a 

strong motivation for developing crash prediction models that explicitly account for segment-

level traffic exposure and roadway characteristics. 

Overall, the crash frequency distribution highlights the importance of identifying and analyzing 

individual segments rather than relying solely on average crash rates, thereby enabling more 

targeted and effective safety evaluations and interventions. 
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Temporal Analysis of Crashes 

This subsection analyzes the temporal distribution of crashes based on the crashes that were 

reliably assigned to road segments. The analysis considers yearly and monthly patterns, in order 

to identify long-term trends and seasonal effects in crash occurrence along the SP14 Rivoltana 

corridor. 

 

Crash Occurrence by Year 

The distribution of crashes by year shows that crash events are spread across the period 2018–

2022, with noticeable variability between years. A relatively higher number of crashes is 

observed in the years 2018 and 2019, followed by a clear reduction in 2020. This decrease is 

consistent with the reduction in traffic volumes and mobility restrictions associated with the 

COVID-19 pandemic. 

In the subsequent years (2021 and 2022), crash frequency increases again, reflecting the gradual 

recovery of traffic demand. This trend confirms the strong relationship between traffic exposure 

and crash occurrence and highlights the importance of accounting for traffic flow variations 

when interpreting safety performance. 

 

 

Figure 5-1 : number of crashes per segment sp14 
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Figure 5-2 Bar chart – Number of crashes per year (segment-assigned crashes) 

 

 

 

 

 

 

 

 

 

 

 

 

Crash Occurrence by Month (Seasonal Effects) 

The monthly distribution of crashes reveals a non-uniform seasonal pattern. Crashes tend to 

occur more frequently during spring and autumn months, while relatively fewer crashes are 

observed during winter. This behavior can be explained by a combination of factors, including 

seasonal variations in traffic demand, daylight conditions, and driving behavior. 

Summer months also show a moderate number of crashes, which may be related to increased 

leisure travel and heterogeneous traffic conditions. The absence of a single dominant month 

indicates that crash risk is present throughout the year, but with varying intensity depending on 

seasonal conditions. 
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Temporal Distribution within the Study Period 

The temporal analysis confirms that crashes are not randomly distributed over time but are 

influenced by broader traffic and mobility trends. The reduction observed in 2020, followed by a 

recovery in later years, aligns with the traffic flow analysis presented in previous chapters. This 

consistency strengthens the reliability of the dataset and supports the integration of traffic 

exposure variables in subsequent crash prediction modeling. 

 

Link with Traffic Analysis 

The observed temporal patterns justify the use of multi-year traffic data and hourly flow profiles 

in the crash modeling framework. Since crash occurrence varies over time in response to changes 

in traffic demand, capacity conditions, and operational characteristics, the inclusion of temporal 

variability is essential for accurate estimation of crash risk at the segment level. 

 

 

 

Figure 5-3: Bar chart – Number of crashes by month (all segments combined) 
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Crash Timing versus Peak and Off-Peak Traffic 

To further investigate the relationship between traffic conditions and crash occurrence, crashes 

were analyzed with respect to peak and off-peak traffic periods. Peak periods were defined based 

on the previously established weekday traffic flow profiles, which show two dominant peaks 

corresponding to morning commuting hours and late afternoon commuting hours, while the 

remaining hours of the day were classified as off-peak. 

Based on the traffic analysis, peak hours were identified approximately as showing  

• Morning peak: 07:00–09:00 

• Midday peak :  12:00-02:00 

• Afternoon peak: 16:00–18:00 

 

 

 

 

 

 

 

 

 

 

 

 

All other hours were classified as off-peak, including night-time and mid-day periods with lower 

or more stable traffic demand. 

 

 

 

 

 

Figure 5-4: crash by hour of day (all years combined) 
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Crash Occurrence during Peak Periods 

A significant share of crashes occurred during peak traffic periods. This concentration is 

expected, as peak hours correspond to the highest traffic volumes, increased congestion, and 

greater interaction between vehicles. During these periods, traffic conditions are often 

characterized by: 

• reduced headways, 

• frequent speed changes, 

• stop-and-go conditions, 

• and higher driver workload. 

These factors increase the likelihood of rear-end collisions and lateral conflicts, which are among 

the most frequent crash types observed along the corridor. The coincidence of high crash 

occurrence with peak periods highlights the strong role of traffic exposure and operational stress 

in influencing crash risk. 

 

 

Crash Occurrence during Off-Peak Periods 

Crashes occurring during off-peak periods are fewer in number but remain relevant from a safety 

perspective. Off-peak crashes are more dispersed throughout the day and are often associated 

with: 

• higher operating speeds, 

• reduced congestion, 

• and lower traffic density. 

Under such conditions, crashes may be less frequent but potentially more severe, particularly in 

cases involving loss of control, run-off-road events, or front-lateral collisions. Night-time off-

peak crashes, although limited in number, may also be influenced by reduced visibility and 

driver fatigue. 
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Comparison between Peak and Off-Peak Conditions 

The comparison between peak and off-peak crash occurrence indicates that: 

• Peak periods account for a disproportionate share of crashes, primarily due to increased 

exposure and vehicle interactions. 

• Off-peak periods show lower crash frequencies, but crashes in these periods may be 

associated with higher speeds and different crash mechanisms. 

This distinction confirms that crash risk is not solely a function of traffic volume, but also 

depends on the traffic state (congested versus uncongested) and driver behavior under different 

operating conditions. 

Implications for Traffic and Safety Modeling 

The observed relationship between crash timing and peak/off-peak traffic conditions supports the 

use of hourly traffic volumes and V/C ratios in crash prediction modeling. By disaggregating 

traffic demand by time of day, it becomes possible to: 

• identify critical operating periods, 

• evaluate crash risk under different congestion levels, 

• and improve the explanatory power of segment-level safety models. 

In particular, peak-period conditions emerge as a key contributor to crash frequency, while off-

peak conditions require attention due to their association with higher speeds and potentially 

higher crash severity. 
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Interpretation of Crash Type Distribution 

As illustrated In Figure 5-5, we report the distribution by type of crashes along the SP14 

Rivoltana corridor. The most frequent crash type is rear-end collisions (Tamponamento), which 

account for a substantial share of the total crashes. This result is consistent with traffic conditions 

characterized by variable speeds, frequent braking, and congestion, particularly during peak 

hours. The second most common category is front-lateral collisions (Scontro frontale-laterale), 

typically associated with conflicts at intersections, access points, and roundabouts. Other crash 

types, such as run-off-road events (Fuoriuscita) and impacts with obstacles (Urto con ostacolo 

accidentale), occur less frequently but remain relevant from a safety perspective, as they are 

often associated with loss of control or higher speeds. Overall, the crash type distribution 

suggests that both congestion-related mechanisms and geometric conflict points play an 

important role in crash occurrence along the corridor. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5-5 : numbers of crashes per each crash type 
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Interpretation of Crash Location Context (Intersection Type) 

The following figure 5-6 presents the distribution of crashes by road element and intersection 

context. The majority of crashes occurred on rectilinear segments (Rettilineo), which is expected 

given that these segments represent the largest share of the corridor length and traffic exposure. 

Roundabouts (Rotatoria) constitute the second most frequent crash location, highlighting their 

role as concentrated conflict areas involving merging and yielding maneuvers. 

Crashes on curved segments (Curva) and signalized intersections (Intersezione segnalata) are 

less frequent but indicate localized safety concerns related to reduced visibility, speed adaptation, 

and complex vehicle interactions. The limited number of crashes occurring at narrow sections or 

traffic-calming features suggests either lower spatial prevalence of these elements along the 

corridor or reduced exposure levels. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5-6 : distribution of crashes by road element and intersection context 
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Interpretation of Road Surface Conditions 

The following Figure 5-7  shows crash occurrence by pavement surface condition. Most crashes 

occurred on dry pavement (Asciutto), followed by a smaller share on wet pavement (Bagnato). 

This result reflects exposure rather than risk, as dry conditions represent the majority of driving 

time. Nevertheless, the presence of crashes under wet, icy (Ghiacciato), and slippery 

(Sdrucciolevole) conditions indicates that reduced friction and vehicle stability can contribute to 

crash occurrence when adverse surface conditions are present. Although the absolute number of 

such crashes is low, their potential severity warrants attention, particularly during winter and 

rainy periods. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5-7: crash occurrence by pavement surface condition 
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Interpretation of Weather Conditions 

 

 The following Figure 5-8  presents the distribution of crashes by weather condition. The vast 

majority of crashes occurred under clear weather (Sereno) conditions, which again reflects 

higher exposure during normal driving conditions rather than safer operation. Crashes during 

rain (Pioggia), fog (Nebbia), and snow (Neve) are less frequent but remain significant because 

adverse weather can reduce visibility and road friction, increasing crash risk. The presence of 

crashes under fog and snow, although limited in number, highlights the importance of 

considering environmental factors in safety evaluations, particularly for high-speed or rural 

segments. 

 

 

 

 

 

 

 

 

 

 

 

Overall Interpretation and Link to Modeling 

Taken together, these figures indicate that crash occurrence along the SP14 Rivoltana corridor is 

influenced by a combination of traffic conditions, road geometry, and environmental factors. 

Rear-end crashes on straight segments under clear and dry conditions dominate the dataset, 

suggesting that congestion, speed variability, and driver behavior are key contributors to crash 

risk. At the same time, the occurrence of crashes at roundabouts, curves, and under adverse 

conditions supports the inclusion of geometric and environmental variables in the subsequent 

crash prediction models 

Figure 5-8: distribution of crashes by weather condition 



78 

 

5.5 Conclusion 

The crash analysis conducted along the SP14 Rivoltana corridor highlights clear and consistent 

patterns in crash occurrence that are strongly influenced by traffic demand, roadway 

characteristics, and temporal conditions. The results show that crash frequency is not uniformly 

distributed across the corridor, but instead concentrated in specific segments, particularly those 

characterized by higher traffic volumes, geometric complexity, or proximity to intersections and 

roundabouts. 

Temporal analysis indicates that a substantial proportion of crashes occurs during peak traffic 

hours, when congestion, speed variability, and frequent vehicle interactions increase the 

likelihood of conflicts, especially rear-end and lateral collisions. In contrast, crashes during off-

peak periods are less frequent but may be associated with higher operating speeds and different 

crash mechanisms. Seasonal and annual trends further demonstrate the close relationship 

between traffic exposure and crash occurrence, with a noticeable reduction in crashes during 

2020, corresponding to the mobility restrictions imposed during the COVID-19 pandemic, 

followed by an increase in subsequent years as traffic volumes recovered. 

Environmental conditions also play an important role in crash occurrence. Although most 

crashes occur under dry pavement and clear weather conditions—reflecting normal exposure 

levels—the presence of crashes during wet pavement, rain, fog, and icy conditions highlights the 

increased vulnerability of the roadway under reduced friction and visibility. Additionally, the 

predominance of rear-end crashes on rectilinear segments suggests that traffic flow instability 

and driver behavior are key contributors to crash risk along the corridor. 

Overall, this analysis confirms that crash occurrence on the SP14 Rivoltana is governed by a 

combination of traffic exposure, operational conditions, roadway geometry, and external factors. 

These findings provide a robust foundation for the development of segment-level crash 

prediction models and support the use of detailed traffic flow and capacity indicators, such as 

hourly volumes and V/C ratios, to better understand and manage safety performance along the 

corridor. 
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6 Methodology for Crash Prediction on the SP14 

Rivoltana Road 

6.1 Introduction  

The objective of this methodological framework is to identify road segments along the SP14 

Rivoltana Road that exhibit an elevated probability of crash occurrence. To achieve this goal, 

crash prediction models are developed and applied at the segment level, integrating historical 

crash data, roadway geometric characteristics, and traffic flow information. 

The approach aims to support the identification of critical segments by analyzing both the 

magnitude and the stability of predicted crash counts. In particular, segments that consistently 

present higher predicted crash values with low variability across multiple simulations are 

considered statistically significant and indicative of increased safety risk. This methodology 

provides a quantitative basis for comparing safety performance across segments and for 

prioritizing targeted safety interventions. 

 

6.2 Data Sources 

Three primary datasets were used to develop the crash prediction models for the SP14 Rivoltana 

Road: 

Crash Data (Rivoltana40.mat) 

This dataset contains detailed information on individual crash events occurring along the study 

corridor. The data were collected by ISTAT and provided by Regione Lombardia, and include 

key attributes such as crash identification code, geographic coordinates, date and time of 

occurrence, crash type, and severity indicators. These data form the temporal and spatial 

foundation of the crash analysis and were previously filtered and validated to ensure consistency 

with the adopted segmentation framework. 

Segment and Traffic Data (segments_all.mat) 

This dataset describes the geometric and operational characteristics of the road segments defined 

in the segmentation procedure presented in Chapter 3. Each segment is represented by a 

polygonal shape defined through coordinate points extracted during the segmentation process. 

The dataset includes geometric attributes such as segment length, alignment type, and segment 

category. 
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In addition, the file contains traffic-related variables for multiple years, including estimated 

Average Daily Traffic (ADT) values and corresponding capacity estimates. Traffic data are 

provided separately for weekday and weekend conditions, allowing the computation of volume-

to-capacity (V/C) ratios under different operating scenarios. These variables are fundamental 

inputs for the crash prediction models, as they represent traffic exposure and congestion levels at 

the segment scale. 

Crash–Segment Mapping (crash.mat) 

This dataset was generated through a dedicated preprocessing procedure designed to associate 

crashes with road segments while accounting for spatial uncertainty in crash location data. A 

buffer region was created around each segment polygon to capture crashes whose recorded 

coordinates may not lie exactly on the segment centerline due to GPS inaccuracies. 

Crashes falling within a segment buffer were assigned to that segment, provided that no overlap 

with other segment buffers occurred. This process ensured a unique and consistent crash–

segment association. The resulting dataset includes the following output variables: 

• crash: number of crashes assigned to each segment; 

• crashcode: mapping between individual crash identification codes and segment indices. 

These variables serve as the dependent inputs for the crash prediction models developed in the 

subsequent sections. 

 

 

 

 

 

 

 

 

 

 

 
Figure 6-1: crash–segment mapping for Segment 120, showing the segment polygon, buffer region, 

and associated crash points. 
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6.3 Volume-to-Capacity Classification 

For each crash recorded in the Rivoltana crash dataset, the first step of the analysis consists of 

identifying the road segment on which the crash occurred. This information is obtained from the 

crash–segment mapping procedure described in Section 4.2, which assigns each crash to a 

unique segment through the crashcode variable. Once the segment identifier is retrieved, the 

temporal attributes of the crash—including date, year, time of occurrence, and day type 

(weekday or weekend)—are extracted from the crash dataset. 

Based on this temporal information, the corresponding traffic demand and capacity values are 

selected for the identified segment. Average Daily Traffic (ADT) values and segment capacities 

are chosen according to the year of the crash and the type of day, ensuring that the estimated 

traffic conditions are representative of those prevailing at the time of the event. This step is 

particularly important given the observed temporal variability in traffic volumes across years and 

between weekday and weekend conditions along the SP14 Rivoltana corridor. 

To further refine the estimation of traffic conditions at the exact time of each crash, the selected 

ADT value is disaggregated into hourly traffic flow using the standardized weekday and 

weekend flow profiles developed in Chapter 3. These profiles define the proportion of daily 

traffic occurring in each hour of the day and allow the estimation of the hourly flow 

corresponding to the crash time. 

Once the hourly traffic flow and the segment capacity are available, the volume-to-capacity 

(V/C) ratio is computed as the ratio between hourly flow and capacity. The V/C ratio provides a 

normalized indicator of the operational state of the segment at the time of the crash, allowing 

traffic conditions to be compared consistently across different segments and time periods. 

Based on the calculated V/C ratio, each crash is classified into one of four traffic condition 

classes: 

• VC Class 1: uncongested conditions (V/C < 0.25); 

• VC Class 2: low to moderate traffic conditions (0.25 ≤ V/C < 0.50); 

• VC Class 3: moderate to high traffic conditions (0.50 ≤ V/C < 0.75); 

• VC Class 4: congested conditions (V/C ≥ 0.75). 

This classification provides a structured representation of the traffic context in which each crash 

occurred and forms a key explanatory input for the crash prediction models developed in the 

following sections. By linking crash occurrence to specific congestion levels, the methodology 

enables a more nuanced understanding of segment-level safety performance under varying traffic 

conditions. 
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6.4 Crash Matrix Construction 

To support probabilistic crash modeling along the SP14 Rivoltana Road, a three-dimensional 

crash matrix, denoted as: 

mat_inc(type,segment,VC) 
 

was constructed. Each element of this matrix represents the number of crashes observed for a 

given segment type, specific road segment, and Volume-to-Capacity (V/C) class. 

The matrix was populated by iterating over all crashes retained after the relocation and filtering 

procedures described in Chapter 3. For each crash: 

• The associated segment ID was retrieved from the crash–segment mapping dataset. 

• The segment type and geometric attributes were identified from the segmentation 

framework. 

• The crash year and day type (weekday/weekend) were extracted. 

• The corresponding ADT and segment capacity were obtained using the traffic assignment 

procedure described in Section 4.3. 

• ADT was disaggregated into hourly flow using standardized daily profiles. 

• The V/C ratio was computed and classified into one of four predefined congestion 

classes. 

Each crash contributed one unit to the corresponding matrix element: 

 

mat_inc(segment_type,crashSeg,VC_class) = mat_inc(segment_type,crashSeg,VC_class) + 1 
 

 

The resulting matrix captures the empirical crash distribution as a function of geometry, segment 

identity, and traffic congestion. It constitutes the empirical foundation for the probabilistic 

models described below. 
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6.5 Method 1: Length- and Volume-to-Capacity-Based Weighted Model 

6.5.1  Model Description 

Method 1 estimates crash likelihood by combining geometric exposure and congestion-related 

effects. The method relies directly on the previously constructed crash matrix (mat_inc), from 

which two probability components are derived: 

• a length-based component, and 

• a V/C-based congestion component. 

Their relative contribution is controlled by the weighting parameter α. 

 

6.5.2 Crash Likelihood Estimation 

 

• Length-Based Probability (matpb) 

For each segment, total crashes (summed across all V/C classes) are normalized by segment 

length to obtain crash density. This density is compared with the average density of the 

corresponding segment type. If the segment-level value is lower than the type-level average, it is 

adjusted upward to mitigate data sparsity effects. 

 

• V/C-Based Probability (matpl) 

For each segment, crashes are weighted according to their V/C class using predefined 

multipliers: 

𝑤 = [0.25 − 0.50 − 0.75 − 1.00] 

 

These weights assign progressively greater importance to crashes occurring under higher 

congestion levels. The weighted crash counts are summed and normalized to obtain the V/C-

based probability measure. 
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6.5.3  Combined Likelihood Estimation 

The final crash likelihood for each segment is obtained through a convex weighted combination 

of the two probability components: 

𝑚𝑎𝑡𝐹 = 𝛼 ⋅ 𝑚𝑎𝑡𝑝𝑙 + (1 − 𝛼) ⋅ 𝑚𝑎𝑡𝑝𝑏 

 

where: 

• 𝑚𝑎𝑡𝑝𝑙 is the V/C-based probability vector, 

• 𝑚𝑎𝑡𝑝𝑏 is the length-based probability vector, 

• 𝛼 ∈ [0,1]controls the relative influence of congestion and geometric exposure. 

The resulting vector is normalized to obtain a probability distribution over all segments: 

𝑝𝑑𝑓1 =
𝑚𝑎𝑡𝐹

∑𝑚𝑎𝑡𝐹
 

 

The vector 𝑝𝑑𝑓1 represents the probability of crash occurrence for each segment and serves as 

the input distribution for the subsequent Monte Carlo simulation. 

 

 

6.5.4  Crash Simulation via Monte Carlo 

To simulate the stochastic nature of crash occurrence and evaluate the stability of the predicted 

crash distribution, a Monte Carlo simulation is performed using the probability distribution pdf
1
. 

The simulation is executed for 20,000 iterations, following these steps: 

1. In each iteration, a set of random numbers uniformly distributed between 0 and 1 is 

generated; 

2. Each random number is mapped to a road segment using a cumulative probability 

distribution constructed from pdf
1
; 

3. A counter is incremented to record the number of simulated crashes assigned to each 

segment during that iteration; 

4. After completing all iterations, two statistical indicators are computed for each segment: 

• the mean predicted number of crashes, representing the expected crash frequency; 

• the standard deviation of the predicted crash counts across iterations, representing the 

variability of the estimate. 
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This simulation framework allows the assessment of both expected crash frequency and the 

uncertainty associated with the prediction for each segment. 

 

6.5.5  Identification of Significant Segments 

To identify road segments with stable and reliable crash predictions, a coefficient of variation 

(CV) is computed for each segment as the ratio between the standard deviation and the mean of 

the predicted crash counts: 

CV =
𝜎

𝜇
 

 

where 𝜇is the mean predicted crash count and 𝜎is the corresponding standard deviation. 

 

A segment is classified as significant if its standard deviation is less than 70% of its predicted 

mean, indicating relatively low variability and higher statistical confidence in the predicted crash 

frequency. Segments satisfying this criterion are considered robust candidates for safety 

assessment and prioritization. 

The identified significant segments are stored in the output matrix outc, which includes: 

• the segment index, 

• the segment type, 

• the mean predicted crash count, 

• the observed number of crashes. 

•  

The resulting output, summarized in Table 6.1, provides a concise representation of segments 

exhibiting elevated and stable crash risk according to Method 1. 
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Segment ID type Predicted Crashes Actual Crashes 

1 9 4.412 4 

6 9 2.8229 2 

9 9 5.9857 4 

11 9 3.2338 2 

12 9 2.041 1 

19 9 9.1805 7 

70 5 2.8171 4 

103 9 4.3738 4 

117 9 2.915 3 

119 9 3.4599 5 

120 9 2.7238 3 
 

Table 6-1: significant segment output ‘outc’ (Method 1). 
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6.6 Segment-Level Interpretation of Method 1 Results  

 

Table 6.1 reports the predicted and observed crash counts for the segments identified as 

statistically significant by Method 1. Overall, the results show a good agreement between 

predicted and actual crashes, confirming the ability of the Length–VC-based model to capture 

segment-level crash exposure along the Rivoltana Road.  

Most significant segments belong to Type 9, which corresponds to acceleration/deceleration 

lanes and similar transition elements. These segments consistently exhibit elevated crash risk due 

to frequent speed changes, merging and diverging maneuvers, and increased driver workload. 

For example, Segment 1 and Segment 103 show predicted crash values (4.41 and 4.37, 

respectively) that closely match the observed counts (4 crashes each), indicating high model 

accuracy for these locations.  

Segment 19 stands out as the most critical location, with the highest predicted crash count (9.18) 

and a similarly high observed value (7 crashes). This confirms that the model correctly identifies 

this segment as a dominant hot spot, likely due to a combination of geometric exposure and 

traffic saturation effects. 

 Several segments show slight overestimation, such as Segments 9, 11, and 12, where predicted 

crashes exceed observed values by 1–2 crashes. This behavior is consistent with the conservative 

nature of Method 1, which prioritizes geometric exposure and tends to assign higher risk to 

longer or operationally complex segments, even when crash data are limited. 

 In contrast, Segment 70 (Type 5) represents a different geometric configuration, likely 

associated with a crossroads or intersection area. Here, the model slightly underestimates crash 

occurrence (2.82 predicted versus 4 observed), suggesting that intersection-related conflict 

dynamics may not be fully captured by length and VC effects alone.  

Finally, segments such as 117, 119, and 120 show close correspondence between predicted and 

actual crashes, reinforcing the robustness of Method 1 in identifying stable crash-prone locations 

when sufficient exposure and traffic variability are present.  

Overall, the segment-level analysis demonstrates that Method 1 provides reliable and 

interpretable predictions, particularly for acceleration/deceleration segments, while minor 

discrepancies highlight the influence of localized intersection dynamics and limited crash 

samples . 
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6.7  Model Accuracy Assessment 

The accuracy of the proposed crash prediction model is evaluated by comparing the predicted 

crash counts obtained from the Monte Carlo simulation with the observed crash counts derived 

from the original dataset. Model performance is quantified using the Root Mean Square Error 

(RMSE), which provides a measure of the average deviation between predicted and observed 

values. 

Two RMSE indicators are computed: 

• RMSE_all: the RMSE calculated across all road segments, providing an overall 

assessment of the model’s predictive capability along the entire SP14 Rivoltana corridor; 

• RMSE_seg: the RMSE calculated considering only the significant segments, identified 

based on low variability in predicted crash counts across Monte Carlo iterations. These 

segments are stored in the output matrix outc, and their RMSE is computed by 

comparing the predicted mean crash counts with the corresponding observed values. 

This dual evaluation approach allows the assessment of both the global performance of the 

model and its reliability in high-confidence segments, where predictions are more stable and 

statistically robust. 

 

6.7.1 Parameter Tuning and Sensitivity Analysis 

The proposed model includes parameters that influence the final crash probability distribution 

used in the Monte Carlo simulation. In particular, the weighting parameter 𝛼plays a central role 

in balancing the contribution of traffic-related effects and geometric exposure. 

Weighting Parameter 𝜶 

The parameter 𝛼controls the relative importance of the two probability components: 

• the V/C-based probability (matpl), which captures the influence of traffic congestion and 

operating conditions; 

• the length-based probability (matpb), which represents geometric exposure and segment 

size. 

In this study, the parameter is set to: 

𝛼 = 0.65 
 

This choice assigns 65% weight to the V/C-based probability and 35% weight to the length-

based probability. The selected value reflects the assumption that, along the SP14 Rivoltana 
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Road, geometric characteristics and exposure play a dominant role in crash occurrence, while 

traffic congestion still contributes meaningfully to crash risk. 

The adopted weighting represents a compromise between purely geometry-driven and purely 

traffic-driven models and ensures that both dimensions are incorporated into the crash prediction 

framework. The sensitivity of the results to the choice of 𝛼is discussed in the following sections, 

where the stability of predicted crash distributions is evaluated. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

alpha values 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5 0.55 0.6 0.65 0.7 0.75 0.8 0.85 0.9 0.95 1
rsme all 1.0143 0.9639 0.9147 0.8675 0.8192 0.777 0.7344 0.6954 0.66 0.6267 0.6 0.5757 0.5595 0.5471 0.5387 0.5426 0.5504 0.5653 0.5818
rsme sig 2.5437 2.4475 2.3426 2.1124 1.9786 1.7595 1.6226 1.5277 1.4447 1.3707 1.3309 1.2121 1.2812 1.3338 1.3922 1.4801 1.5691 1.6677 1.758

Figure 6-2: Sensitivity analysis of Alpha 
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6.7.2 Results and Discussion – Method 1 

The performance of Method 1 (Length and VC-Based Weighted Model) was evaluated using the 

optimal parameter value α = 0.65, which assigns greater importance to traffic congestion effects 

(VC-based probability) while still accounting for geometric exposure. This weighting reflects the 

strong influence of traffic operating conditions on crash occurrence along the SP14 Rivoltana 

corridor. 

Overall Model Performance 

The overall Root Mean Square Error, calculated across all segments, is: 

RMSEall = 0.576 
 

This relatively low value indicates a good agreement between predicted and observed crash 

counts at the network level. The model is therefore effective in capturing the general spatial 

distribution of crashes along the road and provides a reliable representation of average crash 

frequency across segments. 

Performance on Significant Segments 

For the subset of significant segments, identified based on low variability in Monte Carlo 

predictions, the computed RMSE is: 

RMSEsig = 1.211 

 

The higher RMSE observed for significant segments is expected and can be explained by the fact 

that these segments typically exhibit higher crash frequencies, making absolute prediction errors 

more pronounced. Nevertheless, the model successfully identifies segments with elevated risk, 

and the predicted values remain within a reasonable range of the observed crash counts. 

Importantly, the higher RMSE for significant segments does not indicate poor model 

performance; rather, it reflects the increased crash intensity and variability associated with these 

locations. These segments are precisely the ones of greatest interest for safety assessment and 

intervention. 
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Impact of the Weighting Parameter (α = 0.65) 

The optimal value α = 0.65 suggests that traffic conditions play a dominant role in explaining 

crash occurrence on the SP14 Rivoltana Road. This outcome highlights the relevance of 

congestion-related factors such as high volume-to-capacity ratios and peak-hour conditions in 

shaping crash risk. At the same time, the inclusion of the length-based component ensures that 

geometric exposure is not overlooked. 

The balance achieved by this weighting confirms that crash risk on the Rivoltana is driven by an 

interaction between traffic demand and road geometry, rather than by a single dominant factor. 

 

 

6.8 Method 2: Type–VC Matrix-Based Crash Prediction Model 

 Description 

Method 2 adopts a categorical and hierarchical probabilistic approach to model crash occurrence 

along the SP14 Rivoltana Road. Unlike Method 1, which combines continuous predictors such as 

segment length and volume-to-capacity (VC) ratio through weighted averaging, this method 

relies exclusively on observed historical crash distributions across discrete categories. 

Crash prediction is carried out through a sequence of probabilistic selections that mirror the 

empirical structure of the crash data: 

1. Segment type selection: a road segment type is selected based on its historical share of 

crashes. 

2. VC class selection: a traffic saturation class (VC Class 1 to 4) is selected, either globally 

or conditioned on the chosen segment type. 

3. Segment selection: a specific road segment is selected within the chosen type and VC 

class, weighted by its observed crash frequency. 

By following this hierarchical structure, the model distributes simulated crashes in a way that 

preserves the relative importance of segment type and traffic conditions, directly reflecting the 

observed categorical patterns in the Rivoltana crash dataset. 
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6.8.1 Methodological Steps 

1. Crash Matrix Definition and Normalization 

The same three-dimensional crash incidence matrix mat_inc, previously constructed for Method 

1, is used as the foundational input for Method 2. This matrix stores the number of observed 

crashes indexed by: 

• Segment type, 

• VC class (four categories from uncongested to congested), 

• Segment index. 

Prior to simulation, the matrix is normalized along different dimensions to derive probability 

distributions required for the hierarchical selection process. 

 

 

2. Probability Distribution Functions 

The simulation framework is based on three nested probability distribution functions (PDFs), 

applied sequentially for each simulated crash event. 

Type Selection PDF 

A probability vector is constructed for segment type selection by dividing the total number of 

crashes associated with each segment type by the total number of crashes observed along the 

SP14 Rivoltana corridor. This PDF governs the first selection step and reflects the relative crash 

proneness of different road typologies. 

VC Class Selection PDF 

For the selected segment type, a four-element probability vector is derived representing the 

likelihood of each VC class. These probabilities are computed by normalizing the crash counts 

across VC classes within the selected type. This step captures how traffic congestion levels 

influence crash occurrence for each road typology. 

Segment Selection PDF 

Given a selected segment type and VC class, a final probability vector is constructed over all 

segments belonging to that category. Each segment’s probability is proportional to its observed 

crash frequency within the corresponding type–VC group. This ensures that segments with 

historically higher crash occurrence have a higher chance of being selected. 

These probability distributions are recomputed dynamically during the simulation process to 

maintain consistency with category-conditioned crash patterns. 
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 3. Monte Carlo Crash Simulation 

Using the hierarchical probability structure, a Monte Carlo simulation is executed to generate 

synthetic crash distributions across the road network. For each simulated crash: 

1. A segment type is randomly selected using the type-level PDF. 

2. A VC class is selected based on the conditional VC PDF. 

3. A specific segment is selected using the segment-level PDF within the chosen type and 

VC class. 

This process is repeated for a large number of iterations, allowing the estimation of expected 

crash counts and variability for each segment. The resulting simulated distributions are then 

compared with observed crash data to evaluate model performance. 

 

 

 Interpretation 

Method 2 provides a data-driven, non-parametric alternative to Method 1. By avoiding 

continuous weighting schemes and relying solely on empirical crash frequencies, it offers a 

transparent interpretation of crash risk as a function of segment type and traffic saturation 

category. This makes the method particularly suitable for identifying segments whose risk is 

primarily governed by categorical characteristics rather than geometric exposure alone. 

 

6.8.2 VC Class Extraction Strategies in Method 2 

Within Method 2, two alternative strategies are adopted for extracting the Volume-to-Capacity 

(VC) class probability distribution, corresponding to two distinct simulation cases. These cases 

differ in whether the VC class selection is independent of or conditioned on the road segment 

type. 

 

6.8.2.1 Case 1: Type-Independent VC Distribution  

In the first case, the VC class is selected using a global probability distribution, computed by 

aggregating crash occurrences across all segment types and all segments. In this formulation, the 

VC distribution reflects the overall relationship between traffic saturation and crash occurrence 

along the entire SP14 Rivoltana corridor, without distinguishing between different road 

typologies. 

This approach assumes that the influence of traffic congestion on crash risk is uniform across 

segment types. The VC class probability vector is obtained by summing the crash incidence 

matrix over both the segment and type dimensions: 
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% Extraction of VC probability  

pdfvc = sum(new_mat_inc(:,:,:), [1 2]); % independent from segment type 

The resulting distribution is then normalized and used to select the VC class during the Monte 

Carlo simulation. This case provides a simplified and robust baseline, emphasizing global 

congestion effects while minimizing sensitivity to local variations in segment characteristics. 

 

6.8.2.2 Case 2: Type-Dependent VC Distribution 

In the second case, the VC class selection is conditioned on the previously selected segment 

type. After a segment type is drawn, the VC probability distribution is computed using only 

crashes associated with that specific type. This allows the model to capture differences in how 

traffic congestion affects crash occurrence across different road geometries and functional 

classes. 

The VC distribution is extracted by summing the crash incidence matrix only over the segment 

dimension, while keeping the segment type fixed: 

% Extraction of VC  

pdfvc = sum(new_mat_inc(h1(1), :, :), [2]);  % probability – dependent on 

segment type 

This formulation explicitly accounts for the interaction between segment type and traffic 

saturation, enabling a more refined representation of crash mechanisms. While more sensitive to 

data availability, this case provides a more realistic modeling of crash behavior when sufficient 

historical data are available. 

 

 

Conceptual Comparison of the Two Cases 

The fundamental difference between the two cases lies in the dependency structure of the VC 

class selection: 

• Case 1 (Type-Independent VC) treats traffic congestion as a global factor, applied 

uniformly across all road segment types. 

• Case 2 (Type-Dependent VC) models traffic congestion as a context-sensitive factor, 

varying according to segment type. 

Analyzing and comparing the results from these two cases allows evaluation of whether 

conditioning VC on segment type improves crash prediction accuracy and stability along the 

SP14 Rivoltana Road. 
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6.8.3 Results and Discussion – Method 2 (Type–VC Matrix-Based Model) 

Method 2 was applied to the SP14 Rivoltana Road using two alternative formulations for the 

extraction of the Volume-to-Capacity (VC) class probability distribution: a type-independent VC 

case (Case 1) and a type-dependent VC case (Case 2). Both cases rely exclusively on historical 

crash frequencies and categorical distributions, without the use of continuous weighting 

parameters. 

 

 

6.8.3.1 Method 2 – Case 1: Type-Independent VC Distribution 

In Method 2 – Case 1, crash prediction is performed using a hierarchical probabilistic framework 

in which the Volume-to-Capacity (VC) class selection is independent of road segment type. This 

formulation assumes that traffic congestion influences crash occurrence in a uniform manner 

across all segment typologies along the SP14 Rivoltana Road. 

The predicted and observed crash counts for the significant segments are summarized in the 

following Table 6-2 . Overall, the model reproduces the spatial trend of crash occurrence, 

correctly identifying segments with higher crash frequencies, while exhibiting a systematic 

tendency toward moderate underestimation of observed crashes. 
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Segment ID type Predicted Crashes Actual Crashes 

1 9 2.7384 4 

9 9 2.8502 4 

19 9 4.1151 7 

70 5 1.9788 4 

103 9 2.7369 4 

117 9 2.2521 3 

119 9 3.5299 5 

120 9 2.0126 3 

Table 6-2: significant segment output ‘outc’ (Method 2- case 1). 
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Segment-Level Interpretation 

For segments with moderate crash frequencies (3–4 observed crashes), such as segments 1, 9, 

103, 117, and 120, the predicted values range between approximately 2.0 and 2.9 crashes. These 

predictions are relatively close to the observed values and indicate that the model captures the 

general exposure level of these segments. The deviations remain limited, suggesting acceptable 

predictive accuracy for segments with average crash occurrence. 

For segments with higher crash counts, particularly segment 19 (7 observed crashes) and 

segment 119 (5 observed crashes), the model predicts 4.12 and 3.53 crashes, respectively. 

Although the model successfully identifies these segments as higher-risk locations compared to 

others, the magnitude of the predicted values remains lower than the observed crash counts. This 

underestimation reflects the smoothing effect introduced by the type-independent VC 

distribution, which limits the model’s ability to fully capture localized congestion or operational 

issues. 

Segment 70, belonging to a different segment type (type 5), shows a predicted value of 1.98 

crashes compared to 4 observed crashes. This larger discrepancy suggests that, in the absence of 

type-specific VC conditioning, the model struggles to accurately represent crash dynamics for 

segments whose behavior deviates from the dominant typology. 

 

 

Model Performance Assessment – Method 2, Case 1 (Type-Independent VC) 

The predictive performance of Method 2 – Case 1 was evaluated by comparing the simulated 

crash counts with the observed crash data using the Root Mean Square Error (RMSE) metric. 

Two RMSE indicators were computed to assess both global model accuracy and performance on 

high-risk locations. 

The overall RMSE, calculated across all segments, is: 

RMSEall = 0.5566 
 

This value indicates that the model provides a reasonable approximation of the overall crash 

distribution along the SP14 Rivoltana Road. The relatively low RMSE_all confirms that the 

type-independent VC formulation captures the general spatial trend of crash occurrence across 

the network. 

For the subset of significant segments, identified based on stability criteria in the Monte Carlo 

simulation, the RMSE is: 

RMSEsig = 1.6052 
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The higher RMSE_sig reflects the model’s reduced accuracy in predicting crash counts for 

segments with elevated observed crash frequencies. This outcome is expected, as the type-

independent VC assumption tends to smooth congestion effects across all segment types, 

limiting the model’s sensitivity to localized operational and geometric factors. 

Overall, while Method 2 – Case 1 demonstrates robust and stable performance at the network 

level, its higher error on significant segments highlights the limitations of assuming a uniform 

relationship between traffic congestion and crash occurrence. These findings motivate the 

adoption of a type-dependent VC formulation, which is shown in Case 2 to improve predictive 

accuracy, particularly for high-risk segments. 

Overall Performance Considerations 

The model achieves a reasonable approximation of crash occurrence patterns, as evidenced by its 

ability to rank segments according to relative crash risk. However, the consistent underestimation 

observed for higher-crash segments indicates that traffic congestion effects are partially diluted 

when VC class selection is not conditioned on segment type. 

This behavior is also reflected in the RMSE values, where the overall RMSE remains relatively 

low, while the RMSE computed on significant segments is higher. This outcome is expected, as 

significant segments typically exhibit higher crash frequencies and greater variability, amplifying 

absolute prediction errors. 

Interpretation of the Type-Independent Assumption 

The results of Case 1 highlight the limitations of assuming a uniform relationship between 

congestion and crash occurrence across different road typologies. While the global VC 

distribution ensures model stability and robustness, it reduces sensitivity to local interactions 

between geometry, traffic saturation, and driver behavior. As a result, crash risk is smoothed 

across segments, leading to conservative estimates in locations with pronounced safety issues. 

 

Summary 

Method 2 – Case 1 provides a stable and interpretable baseline model that successfully identifies 

crash-prone segments along the SP14 Rivoltana Road. However, the systematic underestimation 

of crashes in higher-risk segments suggests that conditioning traffic congestion effects on 

segment type is necessary to improve predictive accuracy. These findings motivate the adoption 

of the type-dependent VC formulation, which is explored in Case 2. 

 



99 

 

6.8.3.2 Method 2 – Case 2: Type-Dependent VC Distribution 

 

In Method 2 – Case 2, crash prediction is performed using a hierarchical probabilistic framework 

in which the Volume-to-Capacity (VC) class selection is conditioned on the segment type. This 

formulation explicitly accounts for the interaction between road typology and traffic congestion, 

allowing different segment types to exhibit distinct crash behaviors under varying traffic 

conditions. 

The predicted and observed crash counts for the significant segments are summarized in the 

following Table . Compared to Case 1, the type-dependent formulation yields systematically 

improved predictions, particularly for segments with higher observed crash frequencies. 

 

 

 

Segment ID type Predicted Crashes Actual Crashes 

1 9 2.7947 4 

9 9 3.031 4 

19 9 4.5047 7 

70 5 2.3965 4 

103 9 2.7634 4 

117 9 2.2185 3 

119 9 3.0966 5 

 

Table 6-3 : significant segment output ‘outc’ (Method 2 case 2) 

 

 

Segment-Level Interpretation 

For segments with moderate crash occurrence (3–4 observed crashes), such as segments 1, 9, 

103, and 117, predicted values range between approximately 2.2 and 3.0 crashes. These 

estimates are slightly higher than those obtained in Case 1 and show a closer alignment with 

observed values, indicating that conditioning VC selection on segment type improves sensitivity 

to local traffic dynamics. 
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For high-crash segments, especially segment 19 (7 observed crashes) and segment 119 (5 

observed crashes), the predicted crash counts increase to 4.50 and 3.10, respectively. Although 

the model still underestimates the absolute number of crashes, it more accurately captures the 

relative severity and ranking of these segments compared to Case 1. This improvement reflects 

the ability of the model to associate higher congestion-related risk with specific road typologies. 

Segment 70, which belongs to a different segment type (type 5), shows a predicted value of 2.40 

crashes compared to 4 observed crashes. While underestimation remains, the prediction is 

noticeably higher than in Case 1, confirming that type-conditioned VC distributions partially 

capture the increased crash risk associated with transition zones such as deceleration lanes. 

 

Model Performance Assessment 

The performance of Method 2 – Case 2 was evaluated by comparing the simulated crash counts 

with the observed crash data using the Root Mean Square Error (RMSE) metric. As in Case 1, 

two RMSE indicators were computed to assess both overall predictive accuracy and performance 

on high-risk segments. 

The overall RMSE, calculated across all road segments, is: 

RMSEall = 0.5080 
 

This value is lower than that obtained in the type-independent formulation, indicating an 

improvement in overall model accuracy. The reduction in RMSE_all confirms that conditioning 

the VC class selection on segment type leads to a more accurate representation of crash 

occurrence across the SP14 Rivoltana Road. 

For the subset of significant segments, the computed RMSE is: 

RMSEsig = 1.5562 

 

Although the RMSE_sig remains higher than the overall RMSE, it is lower than the 

corresponding value in Case 1. This improvement demonstrates that the type-dependent VC 

formulation enhances predictive performance in segments with elevated crash frequencies, where 

traffic congestion interacts more strongly with geometric and operational characteristics. 

Overall, Method 2 – Case 2 achieves better balance between global accuracy and local 

sensitivity. By accounting for segment-type-specific congestion effects, the model reduces 

prediction error both at the network level and in high-risk locations. These results support the 

adoption of the type-dependent VC formulation as the preferred configuration of Method 2 for 

crash prediction along heterogeneous corridors such as the SP14 Rivoltana Road. 
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Interpretation of the Type-Dependent Assumption 

The results highlight the importance of recognizing that traffic congestion does not affect all road 

segments uniformly. By allowing VC distributions to vary by segment type, Case 2 captures 

differences in operational behavior, geometric complexity, and driver interaction that are 

otherwise smoothed out in a global VC formulation. 

This approach improves the model’s ability to represent localized crash mechanisms, especially 

in segments where geometric features amplify the effects of congestion, such as auxiliary lanes, 

transition zones, and segments with complex access patterns. 

 

Summary 

Method 2 – Case 2 demonstrates superior performance compared to the type-independent 

formulation by providing more accurate and context-sensitive crash predictions. While some 

underestimation persists for the most critical segments, the improved alignment between 

predicted and observed crashes confirms that type-dependent VC modeling is more suitable for 

heterogeneous road corridors such as the SP14 Rivoltana Road. These findings support the 

adoption of Case 2 as the preferred formulation of Method 2 for crash risk assessment and safety 

prioritization. 
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7 Comparisons And Validation  

7.1 Comparison Between Case 1 and Case 2 in Method 2 

Method 2 was implemented using two alternative formulations that differ in how traffic 

congestion, expressed through Volume-to-Capacity (VC) classes, is incorporated into the crash 

simulation framework. The distinction between the two cases lies in whether the VC class 

selection is independent of road segment type (Case 1) or conditioned on segment type (Case 2). 

This section compares their predictive performance and interprets the implications of the two 

modeling assumptions. 

 

Conceptual Difference Between the Two Cases 

In Case 1 (Type-Independent VC Distribution), the VC class for each simulated crash is selected 

using a global probability distribution derived from all crashes, regardless of segment type. This 

approach assumes that traffic congestion affects crash occurrence in a similar manner across all 

road typologies. While this formulation ensures stability and simplicity, it implicitly smooths 

congestion effects and may overlook localized interactions between traffic conditions and 

segment geometry. 

In contrast, Case 2 (Type-Dependent VC Distribution) conditions the VC class selection on the 

previously selected segment type. This hierarchical formulation reflects the idea that different 

road typologies respond differently to congestion levels. For example, auxiliary lanes, urban 

segments, and interurban sections may exhibit distinct crash patterns under similar VC 

conditions. By incorporating this dependency, Case 2 allows the model to capture more nuanced 

crash mechanisms. 

 

Quantitative Performance Comparison 

The predictive accuracy of the two cases was evaluated using the Root Mean Square Error 

(RMSE), computed both across all segments and for the subset of significant segments. 

 

Metric Case 1 (Independent VC) Case 2  (Dependent VC) 

RMSE_all 0.5566 0.508 

RMSE_sig 1.6052 1.5562 

 

Table 7-1: the Root Mean Square Error (RMSE), the subset of significant segments 

 



103 

 

Both RMSE indicators are lower for Case 2, demonstrating a consistent improvement in 

predictive performance. The reduction in RMSE_all indicates that the type-dependent 

formulation more accurately reproduces the overall spatial distribution of crashes. Similarly, the 

decrease in RMSE_sig confirms that Case 2 performs better in segments with higher crash 

frequencies, which are of greatest interest from a safety perspective. 

 

Segment-Level Interpretation 

A comparison of predicted and observed crash counts shows that Case 2 systematically produces 

higher predicted values for high-risk segments compared to Case 1. While both cases tend to 

underestimate absolute crash counts for the most critical segments, Case 2 better preserves the 

relative ranking of segment risk. This improvement reflects the model’s enhanced sensitivity to 

the interaction between traffic saturation and road typology. 

Segments associated with more complex operational conditions—such as deceleration lanes or 

transition zones—benefit the most from the type-dependent VC formulation. In these cases, 

congestion effects amplify crash risk differently than in standard through-lane segments, an 

effect that is partially captured only when VC distributions are conditioned on segment type. 

 

 

 

 

 

Stability and Robustness Considerations 

Both cases employ a Monte Carlo simulation framework, ensuring statistical robustness of the 

predicted crash distributions. However, the lower RMSE values obtained in Case 2 indicate that 

incorporating type-conditioned VC probabilities reduces variability and improves convergence 

toward observed crash patterns. This suggests that Case 2 achieves a better balance between 

model stability and local sensitivity. 

 

Implications for Crash Modeling 

The comparison highlights the importance of acknowledging heterogeneity in road behavior 

when modeling crash occurrence. While Case 1 provides a simpler and more generalized 

representation of congestion effects, Case 2 offers a more realistic depiction of how traffic 

conditions interact with segment characteristics. For heterogeneous corridors such as the SP14 

Rivoltana Road, the type-dependent VC formulation is therefore more appropriate. 
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Summary 

In summary, Case 2 outperforms Case 1 in both global accuracy and high-risk segment 

prediction. The improved performance, combined with a stronger conceptual foundation, 

supports the adoption of the type-dependent VC formulation as the preferred implementation of 

Method 2. These findings reinforce the importance of hierarchical and context-aware modeling 

approaches in crash prediction studies. 

 

 

7.2 Comparison Between Method 1 and Method 2 (Best Case) 

This section compares the performance and conceptual foundations of the two crash prediction 

frameworks applied to the SP14 Rivoltana Road: Method 1 (Length and VC-Based Weighted 

Model) and Method 2 (Type-VC Matrix-Based Model, Case 2). The comparison focuses on 

modeling assumptions, predictive accuracy, robustness, and suitability for heterogeneous road 

corridors. 

 

Conceptual Modeling Differences 

Method 1 combines two continuous components—geometric exposure (segment length) and 

traffic congestion (VC-based probability)—through a weighted linear formulation controlled by 

the parameter α. This approach explicitly balances the influence of road geometry and traffic 

operating conditions, allowing the model to be tuned based on empirical performance. By 

construction, Method 1 assumes a smooth relationship between crash likelihood, traffic 

saturation, and segment length. 

In contrast, Method 2 (best case) adopts a hierarchical, category-based probabilistic structure. 

Crashes are simulated through a sequence of discrete selections: segment type, VC class 

(conditioned on type), and individual segment. Rather than blending continuous predictors, 

Method 2 relies exclusively on observed crash frequencies within categorical groupings, 

preserving the empirical structure of the data. This formulation allows traffic congestion effects 

to vary across different segment typologies. 
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Quantitative Performance Comparison 

Model performance was evaluated using RMSE computed across all segments and across 

statistically significant segments only. 

 

Metric Method 1 (α ≈ 0.65) Method 2 – Case 2 

RMSE_all 0.576 0.508 

RMSE_sig 1.211 1.556 

 

Table 7-2:Performance comparison between Method 1 (α ≈ 0.65) and Method 2 – Case 2 using RMSE indicators. 

 

At the network level, Method 2 achieves a lower RMSE_all, indicating superior overall 

reproduction of crash distribution along the corridor. This suggests that the categorical, type-

dependent structure of Method 2 is effective in capturing global crash patterns. 

However, Method 1 exhibits a lower RMSE_sig, demonstrating greater accuracy in predicting 

crash counts for high-risk segments. This reflects the benefit of explicitly incorporating segment 

length and traffic saturation in a continuous manner, which enhances sensitivity to localized 

crash intensities. 

Interpretation of High-Risk Segments 

Method 1 tends to produce more accurate predictions for segments with elevated crash 

frequencies, particularly where geometric exposure plays a significant role. The length-based 

normalization prevents underestimation in longer or operationally complex segments and 

improves prediction stability for critical locations. 

Method 2, while slightly underperforming in terms of RMSE_sig, excels in preserving the 

relative ranking of segment risk. Its hierarchical structure allows it to identify consistently 

hazardous segments across different typologies, even when absolute crash counts are 

underestimated. This makes Method 2 particularly suitable for network-level screening and 

prioritization. 

 

Robustness and Interpretability 

Both methods rely on Monte Carlo simulation, ensuring statistical robustness and stability of 

predictions. Method 1 offers greater interpretability, as the influence of traffic congestion and 

geometry is explicitly controlled by a single tuning parameter (α). This makes it easier to adjust 

and justify model behavior in engineering terms. 
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Method 2, on the other hand, provides stronger structural realism, as it mirrors the natural 

hierarchy of crash data. Its reliance on categorical distributions reduces sensitivity to extreme 

values and makes it less dependent on parameter calibration, at the cost of reduced flexibility in 

capturing continuous exposure effects. 

 

Applicability to the SP14 Rivoltana Road 

Given the heterogeneous nature of the SP14 Rivoltana corridor—characterized by varying 

segment types, traffic regimes, and geometric features—both methods offer complementary 

strengths. Method 2 (best case) is more effective for identifying globally critical segments and 

understanding crash distribution patterns across typologies, while Method 1 is better suited for 

detailed analysis of high-risk segments where precise crash count estimation is required. 

7.3  Comparison of Significant Segments Identified by the Two 

Methods 

Significant Segment Filtering 

Following the crash simulation process, not all road segments provide equally reliable 

predictions. Some segments exhibit large variability in the number of predicted crashes 

across Monte Carlo iterations, indicating a high level of uncertainty. To distinguish 

statistically stable segments from those with highly fluctuating predictions, a filtering 

criterion based on prediction variability is applied. 

For each road segment, the coefficient of variation (CV) is computed as the ratio between 

the standard deviation and the mean of the simulated crash counts across all iterations: 

𝐶𝑉 =
𝜎pred

𝜇pred

 

 

where 𝜇predrepresents the average predicted number of crashes and 

𝜎predis the corresponding standard deviation. 

A segment is classified as significant if its coefficient of variation satisfies: 

𝐶𝑉 < 0.7 
 

This threshold ensures that only segments with stable and consistent predictions are 

retained. Segments with higher CV values are excluded because their predicted crash counts 

are highly sensitive to random sampling effects and therefore less reliable from a 

statistical standpoint. 
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For each segment meeting the stability criterion, a record is stored in the output matrix 

outc, which includes: 

• the segment identifier, 

• the segment type, 

• the mean predicted number of crashes obtained from the simulation, 

• and the actual observed crash count. 

This filtering step plays a crucial role in the analysis by narrowing the focus to segments 

where the model demonstrates strong predictive confidence. As a result, the final set of 

significant segments represents locations with both elevated crash likelihood and robust 

statistical support, making them suitable candidates for further safety evaluation and 

engineering intervention. 

 

 

The comparison highlights a nested structure among the methods: 

• Method 1 is the most inclusive, identifying the largest set of significant segments. This 

behavior is expected, as the model incorporates segment length and traffic congestion, 

increasing sensitivity to exposure-related risk. 

• Method 2 Case 1 reduces the number of significant segments by relying purely on 

categorical crash distributions, removing geometric effects. 

• Method 2 Case 2 is the most selective, retaining only segments that show consistent crash 

concentration when VC behavior is conditioned on segment type. 

Importantly, all segments identified by Method 2 are also identified by Method 1, indicating that 

Method 2 does not introduce spurious critical locations but rather filters the most robust ones. 

The seven common segments form a core set of high-priority safety locations, confirmed under: 

• exposure-based modeling (Method 1), 

• probabilistic categorical modeling (Method 2), 

• and type-sensitive congestion effects (Method 2 Case 2). 
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Category Number of Segments 

Significant in Method 1 11 

Significant in Method 2 – Case 1 8 

Significant in Method 2 – Case 2 7 

Significant in all methods 7 

Method 1 only 4 

Method 2 only 0 

Table 7-3 : Comparison of the number of statistically significant segments identified by each crash prediction method and their 

overlap 

Figure 7-1 : significant segments on sp14 by (method) 
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Summary and Recommendations 

In summary, Method 2 (Case 2) provides superior overall accuracy and a conceptually robust 

framework for network-level crash analysis, while Method 1 demonstrates stronger performance 

in predicting crashes at the most critical segments. The comparison suggests that Method 2 is 

preferable for screening and prioritization tasks, whereas Method 1 is better suited for detailed 

safety evaluation and localized intervention planning. 

Together, the two approaches form a complementary modeling framework that enhances both 

the reliability and interpretability of crash prediction along the SP14 Rivoltana Road. 

 

7.4 Segment Prioritization Strategy 

Based on the combined outcomes of Method 1 and Method 2, the significant segments can be 

ranked into three priority levels according to the robustness and consistency of their predicted 

crash risk. 

Priority Level 1 – High Confidence Critical Segments 

These include the eight segments identified as significant by both methods. 

Because both modeling frameworks—one based on continuous exposure and congestion metrics 

and the other on categorical crash distributions—independently flag these locations, they 

represent the highest confidence crash-prone segments. 

These segments should be prioritized for: 

• Detailed field inspections 

• Road safety audits 

• Immediate or short-term mitigation measures (e.g., signage, lane marking improvements, 

speed management, or access control) 

Their consistent identification suggests that crash risk is driven by structural and systematic 

factors, rather than model-specific assumptions. 

 

Priority Level 2 – Method 2–Specific Segments (Systemic Risk) 

The seven segments identified only by Method 2 represent locations where crash risk emerges 

from segment typology and congestion class interactions, rather than purely geometric exposure. 
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These segments are suitable candidates for: 

• Medium-term interventions 

• Operational improvements (e.g., traffic management strategies, demand redistribution) 

• Further investigation during peak congestion periods 

They reflect broader traffic system behavior and may become critical under future traffic growth 

scenarios. 

 

Priority Level 3 – Method 1–Specific Segments (Localized Risk) 

The four segments identified only by Method 1 tend to be influenced by: 

• Segment length 

• Local traffic intensity 

• Volume-to-capacity dynamics 

Although their risk is less consistently detected across methods, they may still warrant: 

• Targeted monitoring 

• Low-cost safety treatments 

• Inclusion in future reassessments 

These segments are particularly relevant when considering localized design features or short-

term operational changes. 

 

Summary of Prioritization Logic 

 

 

 

Priority Level Segment Category Recommended Action 

High Significant in both methods Immediate intervention 

Medium Method 2 only System-level assessment 

Low Method 1 only Monitoring & review 
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7.5 Comparison between Rivoltana and Paullese Case Studies 

(Method1) 

The crash prediction model based on Method 1 (length–VC weighted approach) was applied to 

two different road infrastructures: Rivoltana Road and Paullese Road, in order to assess its 

robustness and transferability. 

The Paullese Road is a long regional corridor connecting the eastern outskirts of Milan to         

Cremona, crossing heterogeneous environments that include peri-urban areas, rural zones, and 

medium-sized towns. In contrast, the Rivoltana Road represents a more homogeneous corridor, 

characterized by a more uniform traffic pattern and geometric configuration. 

For the Paullese case study, a sensitivity analysis was conducted by varying the weighting 

parameter α. The results show that the optimal performance was achieved for α ≈ 0.75, 

corresponding to a minimum average RMSE_all of approximately 1.39, while RMSE_sig 

remained relatively high (≈ 4.07). As α increased beyond this value, both RMSE_all and 

RMSE_sig worsened significantly, indicating a strong sensitivity of the model to parameter 

tuning. 

For the Rivoltana case study, the same Method 1 framework yielded substantially better results. 

The optimal configuration was obtained around α ≈ 0.65, with RMSE_all ≈ 0.58 and RMSE_sig 

≈ 1.21. Moreover, the model demonstrated a smoother response to changes in α, suggesting 

greater stability. 

The comparison highlights that Method 1 performs more effectively on the Rivoltana Road than 

on the Paullese Road. This difference can be attributed to the higher homogeneity of Rivoltana in 

terms of traffic demand, segment typology, and operational conditions. Conversely, the Paullese 

Road exhibits stronger spatial variability and localized effects, which reduce the effectiveness of 

a globally weighted approach. 

Highlighted Hot Spot Segment Types – Rivoltana vs Paullese 

In addition to the global performance indicators, the analysis of significant (hot spot) segments 

provides further insight into the behavior of Method 1 in the two case studies. 

For the Rivoltana Road, the majority of the identified hot spots belong to segment type 9, with 

one relevant segment of type 5. These segments consistently show higher predicted crash 

frequencies and relatively low coefficients of variation, indicating stable and reliable predictions. 

The recurrence of type 9 among the significant segments suggests that this segment typology is 

structurally more prone to crash occurrence along the Rivoltana corridor, likely due to its 

geometric and operational characteristics. 

In contrast, the Paullese Road exhibits a more heterogeneous distribution of hot spot segment 

types. The significant segments identified using Method 1 include multiple types, mainly type 1 

and type 6, with additional contributions from type 7. This variability reflects the diverse nature 
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of the Paullese infrastructure, which includes urban crossings, rural stretches, and transitional 

sections with different functional roles. As a result, crash risk is not concentrated in a single 

segment typology but distributed across multiple types. 

Overall, this comparison highlights a key difference between the two roads: 

• Rivoltana shows a clearer concentration of crash risk within a dominant segment type 

(type 9), 

• whereas Paullese presents a more fragmented hot spot pattern across several segment 

types.(1,6,7) 

 

The results confirm that Method 1 performs particularly well in road corridors where crash risk 

is concentrated in a limited number of recurring segment types, such as acceleration and 

deceleration lanes, as observed along the Rivoltana Road. 

In contrast, for more complex and heterogeneous networks like the Paullese Road, where crash 

risk is spread across different segment typologies, the identification and interpretation of hot 

spots become less straightforward. 
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Aspect Rivoltana Road Paullese Road 

Road context Suburban / peri-urban corridor 

with relatively homogeneous 

geometry 

Long interurban corridor with 

heterogeneous geometry and 

functions 

Modeling approach Method 1 (Length + VC) Method 1 (Length + VC) 

Optimal α 

(RMSE_all) 

α ≈ 0.8 α ≈ 0.75 

Optimal α 

(RMSE_sig) 

α ≈ 0.65 α ≈ 0.75 

RMSE_all (optimal) ≈ 0.576 ≈ 1.39 – 1.66 

RMSE_sig 

(optimal) 

≈ 1.21 ≈ 4.06 – 4.67 

Prediction accuracy 

(overall) 

High Moderate–Low 

Prediction accuracy 

(significant 

segments) 

Clearly improved after α tuning Limited improvement even after 

tuning 

Hot spot 

identification 

criterion 

CV ≤ 0.7 CV ≤ 0.7 

Number of 

significant segments 

Moderate (well-defined subset) Similar magnitude but more 

dispersed 

Dominant hot spot 

segment types 

Type 9 (strongly dominant), Type 

5 (minor) 

Type 1 and Type 6 (co-

dominant), Type 7 

Hot spot 

concentration 

Highly concentrated in one main 

type 

Distributed across multiple types 

Stability of hot 

spots 

High (stable predictions across 

iterations) 

Lower (greater variability) 

Interpretability of 

results 

High More complex 

Sensitivity to α Moderate (clear optimal range) High (performance varies 

strongly with α) 

Overall Method 1 

performance 

Very good Acceptable but limited 

 

Table 7-4 : comparison between rivoltana road and paullese road(  method 1) 
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• Method 1 performs significantly better on Rivoltana than on Paullese, both in terms of 

RMSE values and hot spot stability. 

• The Rivoltana corridor exhibits structural homogeneity, which allows the combined use 

of segment type, length, and VC to effectively capture crash patterns. 

• In contrast, the Paullese corridor is highly heterogeneous, leading to: 

o Higher RMSE values 

o More dispersed hot spot types 

o Lower interpretability of Method 1 outcomes 

Overall, these findings indicate that while Method 1 is suitable for identifying hazardous 

segments in relatively homogeneous corridors, its performance degrades when applied to long 

and heterogeneous infrastructures such as the Paullese Road. This motivates the introduction and 

evaluation of Method 2, which explicitly accounts for segment-type dependency and 

probabilistic structure, and is therefore expected to provide more robust results across different 

road contexts. 

 

7.6 Comparison between Rivoltana and Paullese Case Studies 

(Method2) 

 

This method models crash distribution as a hierarchical, category-based probability 

process. Instead of blending continuous predictors like length or VC ratio, it generates 

crash predictions by following a sequence of probabilistic choices based purely on 

observed historical crash frequencies within categorical groupings 
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Method 2 – Rivoltana Road 

Aspect Case 1 (VC independent) Case 2 (VC dependent) 

RMSE_all 0.5566 0.508 

RMSE_sig 1.6052 1.5562 

Dominant type Type 9 Type 9 

Stability High Very high 

Interpretability Good Better 
 

                                  Table 7-5 : comarison beetween both  cases of method 2 Rivoltana road 

Method 2 clearly identifies relative hot spots concentrated on acceleration/deceleration lanes, 

with stable predictions and improved accuracy when VC dependency is introduced. 

Method 2 – Paullese Road 

Hot / Significant Segments 

 

 

Segment 

ID 
Type 

Predicted 

Crashes 

Actual 

Crashes 

13 6 2.533 0 

48 6 2.453 1 

51 6 2.547 0 

71 7 2.054 2 

74 5 3.583 5 

75 1 2.052 3 

116 9 5.959 11 

163 2 2.33 4 

207 5 5.057 8 

208 1 3.656 6 

209 6 2.455 1 

214 6 2.375 2 

215 1 3.694 6 

223 7 7.279 10 

224 7 2.496 2 
 

Table 7-6 : hot segment of paullese road method 2 
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RMSE (All Segments): 0.9386 

 

This value indicates that, when considering the entire set of simulated segments along the 

Paullese Road, Method 2 achieves a relatively low average prediction error. This result highlights 

the model’s overall stability and its ability to reproduce the general crash distribution across a 

heterogeneous corridor using a Type–VC-based probabilistic structure. 

RMSE (Significant Segments): 3.4076 

 

Although higher than RMSE_all, this value remains lower than the corresponding RMSE_sig 

obtained with Method 1, suggesting a modest improvement in accuracy for segments 

characterized by higher crash risk. The increase in error compared to RMSE_all is expected, as 

significant segments typically exhibit greater variability and more irregular crash patterns. 

Notably, Method 2 mitigates excessive overestimation and produces more stable predictions for 

these high-impact segments when compared to Method 1, particularly within complex 

intersections and mixed geometric configurations typical of the Paullese Road. 

Method 2 – Comparison Between Rivoltana and Paullese Case Studies 

 

Aspect Rivoltana Road Paullese Road 

Network 

heterogeneity 

Moderate High 

Method 2 

configuration 

Type–VC–Segment Type–VC–Segment 

VC treatment Tested both independent and 

dependent 

Dependent on type 

RMSE (All 

Segments) 

≈ 0.51 – 0.56 ≈ 0.94 

RMSE (Significant 

Segments) 

≈ 1.55 – 1.61 ≈ 3.41 

Prediction stability 

(CV-based) 

High Moderate 

Hot spot 

detectability 

Clear and localized More diffuse 

Dominant hot spot 

types 

Acc/Dec lanes (Type 9), 

Crossroads (Type 5) 

Signalized intersections (Type 6), 

Roundabouts (Type 7) 

Predicted values 

magnitude 

Low–medium, well 

distributed 

Higher variability 

Overestimation 

tendency 

Limited Slightly higher 

Overall Method 2 

performance 

Very good Good, but affected by heterogeneity 

 

Table 7-7 Comparison Between Rivoltana and Paullese Case Studies (method 2) 
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Method 2 performs robustly in both case studies; however, prediction accuracy and hot spot 

clarity are higher along the Rivoltana corridor, where crash risk is more spatially concentrated. In 

the Paullese Road, the higher geometric and operational heterogeneity leads to increased 

variability in predictions, which is reflected in higher RMSE values, especially for significant 

segments. 

 

7.7  Validation Strategy and Identification of Significant Segments 

To validate the proposed crash prediction framework, the available crash dataset was divided 

into a training set (all years except 2022) and an independent test set corresponding to crashes 

observed in year 2022. The training set was used to construct the probabilistic crash distribution 

(PDF), while the test set was used exclusively to evaluate prediction accuracy and identify crash-

prone (hot spot) segments. 

Although Method 1 and Method 2 differ in the way the PDF is constructed—Method 1 

combining segment length, type, and traffic conditions, and Method 2 relying on a type–VC-

based probabilistic structure—the use of the PDF is identical in both cases. In both methods, 

crashes are simulated through Monte Carlo extraction from the estimated PDF, and predicted 

crash counts are obtained at the segment level. 

To identify segments with stable and reliable predictions, the Coefficient of Variation (CV) was 

computed for each segment as the ratio between the standard deviation and the mean of the 

simulated crash counts. In previous applications with large datasets, a fixed threshold (CV ≤ 0.7) 

was adopted to define significant segments. However, when the test set is small—as in the 

present validation, with only 16 crashes—the mean predicted values tend to be small, leading to 

artificially high CV values. 

For this reason, a data-driven criterion was adopted consistently for both methods: 

segments whose CV belongs to the lowest 10th percentile of the CV distribution are classified as 

significant. 

This percentile-based approach provides a common and robust reference framework for 

identifying hot spots in both Method 1 and Method 2, ensuring methodological consistency and 

comparability. 

 

7.7.1 Method 1: Predictive Performance and Significant Segments 

Using Method 1, the model was calibrated on 47 training crashes, and its performance was 

evaluated on the 2022 test set, resulting in an RMSE of 0.7072. This value indicates a 

satisfactory predictive capability, with the model capturing the main spatial patterns of crash 

occurrence while showing moderate deviations at the individual segment level. 
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Based on the percentile-based CV criterion, 13 segments were identified as significant. These 

segments exhibit stable predictions across Monte Carlo simulations and non-negligible predicted 

crash values. A strong dominance of Type 9 (Acceleration/Deceleration lanes) is observed 

among the significant segments, confirming that this typology represents a critical safety element 

along the corridor. Additional hot spots are associated with Type 2 (Rectilinear 1 way) and Type 

5 (Crossroad – give way), highlighting the role of intersections and transition zones in crash 

occurrence. 

It is worth noting that some significant segments recorded zero crashes in the test year. This 

behavior does not contradict the model results, but rather reflects the short duration of the test 

period: these segments consistently show elevated predicted risk and therefore represent latent 

hot spots. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Segment ID Type 
Predicted 

Crashes 

Actual 

Crashes 

(2022) 

1 9 2.4006 1 

4 2 1.4672 0 

6 9 1.6385 0 

9 9 2.9392 1 

11 9 1.7494 1 

12 9 1.9366 0 

19 9 5.433 1 

70 5 2.0962 1 

99 9 1.52 0 

103 9 3.0111 1 

117 9 1.5043 0 

119 9 2.2971 0 

120 9 2.1618 2 

Table 7-8: Model Validation on Test Dataset (Observed vs. Predicted Crashes)2022 Method 1 . 
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7.7.2 Method 2: Predictive Performance and Significant Segments 

Applying the same validation framework and significance criterion, Method 2 yielded a lower 

RMSE of 0.5814 on the 2022 test set, indicating an improved overall predictive accuracy 

compared to Method 1. 

Using the identical CV percentile threshold, Method 2 identified 15 significant segments, largely 

overlapping with those detected by Method 1. In particular, segments belonging to Type 9 

(Acceleration/Deceleration lanes) again emerge as the most recurrent hot spots, confirming the 

robustness of this finding across modeling approaches. Method 2 also highlights additional 

segments of Type 2 (Rectilinear 1 way) and Type 8 (Driveway), suggesting a higher sensitivity 

to segment typologies characterized by frequent conflict points but lower absolute crash counts. 

Because Method 2 distributes crash risk more smoothly across the network, predicted values tend 

to be lower in magnitude.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Significant 

segment 
type predicted Actual 

1 9 2.2692 1 

4 2 1.19885 0 

6 9 1.69975 0 

9 9 2.25415 1 

11 9 1.1429 1 

12 9 1.14625 0 

19 9 3.91575 1 

30 8 0.92955 0 

70 5 1.7987 1 

103 9 2.26845 1 

105 2 1.1932 0 

106 2 1.18865 0 

117 9 1.70915 0 

119 9 2.2571 0 

120 9 2.25765 2 

Table 7-9 : Model Validation on Test Dataset (Observed vs. Predicted Crashes)2022 Method 2 . 
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Nevertheless, segments are classified as hot spots based on prediction stability and relative risk, 

not solely on absolute crash numbers. The consistency of hot spot identification under the same 

CV-based rule confirms that Method 2 does not require a different interpretation framework 

from Method 1. 

 

 

 

 

 

 

 

Comparative Remarks 

Overall, the validation results highlight complementary strengths of the two approaches: 

Method 1 is more effective in identifying specific high-risk segments with relatively higher 

predicted crash counts, making it suitable for hotspot prioritization and targeted interventions. 

Method 2 provides more stable and globally accurate predictions, as reflected by the lower 

RMSE, and is better suited for network-level risk assessment and comparative safety analysis 

across segment types. 

The use of a percentile-based CV threshold proved essential for both methods when validating 

against a small test dataset, ensuring a robust and statistically consistent identification of 

significant segments. 

 

 

 

 

 

 

 

 

Method 2 shows a lower RMSE, indicating better overall predictive accuracy on the test set. 

Method 1 identifies a slightly smaller set of significant segments, generally associated with 

higher predicted crash counts, while Method 2 detects a broader set of stable segments 

characterized by lower but more evenly distributed risk levels. 

Method RMSE (Test 2022) 
Number of Significant 

Segments 

Method 1 0.7072 13 

Method 2 0.5814 15 
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7.8  Method A: Crash Frequency (Baseline Method) 

 

Introduction: 

 

In this section, we present a comparison between the methods used for predicting crashes on road 

segments, specifically Method 1 and Method 2, which were developed and applied to the 

Rivoltana and Paullese case studies. Both methods aim to predict the number of crashes based on 

road segment characteristics, traffic conditions, and historical crash data. The performance of 

these methods is evaluated by calculating the Root Mean Square Error (RMSE), a common 

metric used in predictive modeling to assess the accuracy of the predictions. 

Method 1, developed as part of this study, utilizes segment typology and crash history to 

generate predictions, while Method 2 extends this approach by considering vehicle categories 

(VC) and segment type dependencies to improve prediction accuracy. The results of both 

methods are analyzed and compared in terms of their predictive performance and their ability to 

identify significant crash-prone segments (hotspots).  

Furthermore, the methods developed here are compared with a baseline approach, Method A, 

which relies solely on historical crash frequency per segment without considering traffic or road 

conditions. Method A serves as a benchmark for evaluating the improvements brought by 

incorporating traffic flow and segment typology in crash predictions. This comparison highlights 

the effectiveness of the advanced methods in capturing variations in crash occurrence that might 

be missed in simpler models. 

Through this comparison, we aim to assess which method provides the most reliable crash 

predictions and effectively identifies hotspots, thus contributing to improved traffic safety and 

management strategies. 

How Method A Works:  

• Hotspots are identified based on historical crash frequency: 

Segments with the highest number of past crashes are flagged as hotspots under the 

assumption that locations exhibiting elevated crash frequencies are likely to continue 

experiencing higher crash rates. 

• The model is trained using crash data from previous years: 

Historical crash records are used to calibrate the model, and predicted crash counts for 

the year 2022 are subsequently computed based on past observations. 

• Predictions rely exclusively on historical crash data: 

The estimation process does not incorporate explanatory variables such as traffic flow, 

operating speed, or segment typology; instead, it assumes temporal persistence in crash 

occurrence patterns. 
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Method (A) Results: 

 

 

 

 

 

 

 

 

 

 

Key Observations: 

• Predicted vs Actual: Some segments show discrepancies between predicted and actual 

crashes, indicating the method's limitations. For example, segments like 4, 6, and 12 

predict zero crashes, but some actual crashes occurred. 

• Hotspot Identification: Several segments with higher predicted crashes have fewer actual 

crashes (e.g., Segment 4 and Segment 6), which could be due to the lack of consideration 

for factors like traffic density, weather, and road conditions in Method A. 

  

Metrics Value 

Training crashes 47 

Test crashes (2022) 16 

RMSE (TEST 2022) 0.8149 

Segment 

ID 
Type 

Predicted 

Crashes 

Actual 

Crashes 

1 9 2.4006 1 

4 2 1.4672 0 

6 9 1.6385 0 

9 9 2.9392 1 

11 9 1.7494 1 

12 9 1.9366 0 

19 9 5.433 1 

70 5 2.0962 1 

99 9 1.52 0 

103 9 3.0111 1 

117 9 1.5043 0 

119 9 2.2971 0 

120 9 2.1618 2 

Table 7-10 : Model Validation on Test Dataset (Observed vs. Predicted Crashes)2022 Method A 
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7.8.1 Comparison between all methods 

 

 

Method RMSE 

(Test 

2022) 

Significant 

Segments 

(Count) 

Key Observations 

Method 

1 

0.7072 13 Identified significant segments using crash history and 

segment types. Predictive accuracy is moderate. 

Method 

2 

0.5814 15 Improved accuracy by adjusting predictions based on 

segment types and vehicle categories. 

Method 

A 

0.8149 13 Traditional method based on historical crash frequency. 

Less accurate in predicting high-risk segments and 

overestimated crashes. 

Method 

1 vs 2 

Higher 

in 

Method 

1 

More in 

Method 2 

Method 2 provides better predictive accuracy and more 

stable predictions, especially in high-risk segments. 

Method 1 performs reasonably well. 

 

Conclusion 

In this comparison, Method 2 clearly outperforms both Method 1 and Method A in terms of 

RMSE and prediction stability. While Method 1 provides a reasonable level of accuracy, it does 

not achieve the improvement in predictive performance obtained by Method 2, which 

incorporates more detailed adjustments based on segment typology and vehicle categories. 

When comparing Method 2 to Method A, Method A exhibits higher RMSE values and a 

tendency to overestimate crash counts.  

Despite Method A identifying a large number of significant segments, its predictive framework 

remains less refined and does not adequately capture the influence of segment characteristics and 

traffic-related variables, as achieved by Method 2. 

Therefore, Method 2 emerges as the most robust and accurate model for identifying crash-prone 

segments, particularly in heterogeneous corridors such as the SP14 Rivoltana. Nevertheless, 

Method A, being based solely on historical crash frequency, may still represent a practical 

alternative when a simpler and data-driven approach is required. 
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7.9 Synthesis and Conclusion 

 

This thesis developed and applied a probabilistic framework for crash risk assessment and hot 

spot identification on two arterial road corridors with distinct structural and operational 

characteristics: the Rivoltana Road (SP14) and the Paullese Road. The proposed framework 

combines traffic flow theory, segment-level road geometry, and historical crash data within a 

Monte Carlo simulation environment to identify road segments with elevated crash likelihood 

under varying traffic conditions. 

Two complementary probabilistic modeling approaches were investigated. Method 1 integrates 

geometric exposure and traffic saturation by combining segment length and volume-to-capacity 

(VC) conditions through a weighted formulation. Method 2 adopts a hierarchical probabilistic 

structure based on segment type, congestion class, and segment-specific crash distributions, 

relying entirely on observed crash patterns within categorical groupings. 

The comparative analysis demonstrates that both methods are capable of capturing meaningful 

crash patterns, but they emphasize different dimensions of road safety. Method 1 proved 

particularly effective in detecting localized, geometry-driven risk, offering strong interpretability 

and clear physical meaning. This behavior was especially evident along the Rivoltana Road, 

where crash occurrences are concentrated within a limited number of recurring segment 

typologies. Sensitivity analysis confirmed the robustness of Method 1 with respect to the 

weighting parameter α, with optimal performance achieved for intermediate values that balance 

geometric exposure and traffic saturation effects. 

Method 2 exhibited greater global stability and lower overall prediction error, particularly when 

applied to more heterogeneous networks such as the Paullese Road. While the predicted crash 

counts for individual segments were generally lower in magnitude, the method consistently 

preserved relative crash risk ranking across the network. The use of repeated Monte Carlo 

simulations enabled reliable hot spot identification even under limited test data conditions. In 

such cases, adopting a coefficient-of-variation–based filtering criterion, combined with 

percentile-based selection, proved essential to ensure the statistical stability of identified 

significant segments. 

A key outcome of this research is the identification of segments consistently classified as 

significant by both methods. These overlapping segments represent the most robust indicators of 

elevated crash risk and provide a high-confidence basis for prioritizing safety interventions. At 

the same time, segments identified exclusively by one method highlight the complementary 

nature of the two approaches, demonstrating that reliance on a single modeling perspective may 

overlook relevant safety concerns. 

The comparative results confirm that Method 1 is particularly suited for detailed, segment-level 

safety diagnosis and interpretability, while Method 2 offers improved robustness and adaptability 
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for complex and heterogeneous road networks. Their combined application enhances confidence 

in the results and enables a more nuanced interpretation of crash risk, balancing localized 

exposure effects with broader traffic system behavior. 

Overall, this thesis contributes a flexible, data-driven, and extensible framework for network-

level crash prediction and hot spot identification. The proposed methodology can support 

transportation agencies in prioritizing targeted safety interventions and can be readily transferred 

to other corridors or updated as new traffic and crash data become available. By integrating 

traffic flow theory, probabilistic modeling, and rigorous spatial analysis, this work advances 

current practices in road safety assessment and provides a solid foundation for future research 

and practical implementation. 
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