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1. Introduction
The next generation of wireless networks, 6G, is
set to embody a new paradigm: rather than fo-
cusing exclusively on communication, these net-
works will be able to actively sense and interact
with their physical surroundings. A key enabling
technology for this vision is Integrated Sens-
ing and Communication (ISAC) [1], which
aims to combine radar sensing and data com-
munication functionalities within a single infras-
tructure by sharing hardware and spectral re-
sources.
Emerging applications, such as autonomous
driving and smart cities, require sensing capa-
bilities with centimetre-level resolution. Accord-
ing to the formula ∆R = c

2B , such capabili-
ties can only be achieved using waveforms with
bandwidths of several GHz. The Upper Mid-
Band (FR3, 7-24 GHz) frequency spectrum has
emerged as an ideal candidate, offering an opti-
mal trade-off between available bandwidth and
favourable propagation characteristics. How-
ever, this spectrum is far from a clean slate: it is
heavily populated by incumbent services such as
military radar and satellite communications, re-
sulting in a fragmented and non-contiguous spec-

tral landscape.
This thesis addresses the following research
question: How can the high-resolution sens-
ing performance required by 6G applications be
achieved using an ISAC system in a spectrally
fragmented environment such as the FR3 band?
The primary objective of this work is there-
fore to model, analyse, and evaluate a coher-
ent multiband OFDM-based ISAC sys-
tem. The system is designed to turn the limita-
tions of FR3 spectral fragmentation into an op-
portunity. It achieves this by coherently process-
ing signals from the available subbands to syn-
thesise a much wider virtual bandwidth, deliv-
ering the required high-resolution performance.

2. Methodology
To achieve the stated objectives, an end-to-end
simulation framework was developed in MAT-
LAB to model a communication-centric ISAC
architecture. This approach is based on a multi-
band Orthogonal Frequency-Division Multiplex-
ing (OFDM) waveform, ensuring compatibility
with current and future communication stan-
dards.
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2.1. Multiband Signal Model
The system’s function is to accurately estimate
the targets’ parameters from the received scat-
tered signal, in order to correctly detect their
presence while, at the same time, providing con-
nectivity to the UEs.
The transmitter emits an OFDM waveform
structured across K non-contiguous subbands.
Within each kth subband, the signal is com-
posed of Mk symbols, each modulated onto Nk

subcarriers. Then, the wave is reflected by a
number of static targets, indicated by L, result-
ing in an equal number of attenuated and de-
layed echoes. The received baseband signal (i.e.
dividing by ej2πfck t) for a fixed OFDM symbol
has the following expression:

yBBk
(t) =

L∑
l=1

ρk,l

Nk∑
n=1

ak,ne
j2πn∆f(t−τl)e−j2πfckτl

+ wk(t)

(1)

where ak,n is the data symbol, ∆f is the OFDM
subcarrier spacing, fck is the carrier frequency
of the k-th subband, ρk,l is the complex scat-
tering amplitude, τl is the round-trip delay to
the l-th target, and wk(t) is the Additive White
Gaussian Noise (AWGN).
The primary challenge in parameter estimation
for a multiband system arises from the high-
frequency carrier phase term, e−j2πfckτl , con-
tained in Eq. (1) for each subband k. In a
conventional singleband system, this term would
simplify to e−j2πfcτl . As it does not depend on
any subband index, it can be treated as a con-
stant phase offset and absorbed entirely into the
complex scattering amplitude [3]. In the multi-
band case, however, this phase term varies across
the different subbands. Processing multiple sub-
bands together with different phase terms causes
the likelihood function to become highly oscilla-
tory and non-convex. To analyse its effect, it
can be decomposed with respect to the system’s
central reference frequency, f0 = 1

K

∑
k fck , as

follows:

e−j2πfckτl = e−j2πf0τl · e−j2π∆fckτl (2)

where ∆fck = fck − f0 is the frequency offset of
each subband. While the common phase term
e−j2πf0τl can be absorbed into the complex am-
plitude, the second term, e−j2π∆fckτl , introduces

a destructive interference pattern that depends
on the spectral gaps. These oscillations increase
the energy of the sidelobes, generating numerous
local minima in the likelihood function, which
cause optimisation problems to get stuck.
Finally, the receiver extracts the Channel Im-
pulse Response (CIR), h(t), which in the case of
a monostatic system is obtained by dividing the
received signal by the known data symbols ak,n.
The oscillatory nature of the carrier phase term
propagates into the CIR, which makes estimat-
ing the delays τ non-trivial.

2.2. Parameter Estimation
In this model, the set of parameters of interest
is given by the vector η = {ρ, τ}. In order to
reconstruct the scattered echoes and reliably de-
tect the presence of close-spaced targets amidst
noisy observations, these parameters must be ac-
curately estimated from the received multiband
signal, as they would not be visible in a single-
band one.
In signal processing, the standard approach to
parameter estimation in the absence of prior
knowledge is the Maximum Likelihood Estima-
tion (MLE) principle. Given the observed data
y, the ML estimator η̂(y) seeks the parame-
ter set that maximises the parametric proba-
bility density function p(y|η), which represents
the likelihood of observing the received data [2].
This maximisation problem reduce itself to a
least squares minimisation. However, as dis-
cussed in Subsection 2.1, the highly oscillatory
and non-convex nature of the likelihood func-
tion poses a significant challenge to direct MLE.
This complex optimisation landscape renders
conventional gradient-based methods ineffective
and exhaustive brute-force searches computa-
tionally prohibitive. To overcome this, the the-
sis employs the robust iterative Expectation-
Maximisation (EM) algorithm. To ensure its
convergence to the global maximum and avoid
sub-optimal local optima, the EM algorithm is
initialised using the Successive Interference
Cancellation (SIC) technique, which sequen-
tially estimates and subtracts the contributions
of the strongest targets.

2.2.1 Problem Formulation

The EM algorithm recasts the problem by defin-
ing the observed multiband CIR as the incom-
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plete data, h. The complete data is defined as
the set of theoretical signals y = {y1,y2, ...,yL},
where each yl represents the echo from the l-th
target as if it were the only one present; the fun-
damental relationship is that the observed signal
is expressed as their sum: h =

∑L
l=1 yl. The

goal of the EM algorithm is to estimate these
separated components to simplify the overall es-
timation of the parameters.
To derive the observation vector h, the CIR is
computed via Inverse Discrete Fourier Trans-
form (IDFT) from the Channel Frequency Re-
sponse (CFR) obtaining the sinc-like functions
centered with the target delays. It is then sam-
pled in time domain, yielding the discrete-time
multiband CIR, h[q], where q is the time index.
A key step in the estimation model is to fac-
torise the complex amplitude ρk,l as ρk,l = λ0kρl,
where λ0k is the wavelength of the kth sub-
band’s carrier frequency and ρl is the frequency-
independent complex reflectivity of the l-th tar-
get. Hence, ρl becomes, together with the delay
τl, a parameter to be estimated, resulting in a
total number of 2L parameters (η ∈ C2L).
The resulting model for the time-sampled CIR
vector h = [h[1], . . . , h[Q]] is:

h = χ(τ )ρ+w (3)

Eq. (3) shows that h is a linear combination of
the multiband range ambiguity functions χ(τl),
weighted by the unknown amplitudes ρl. Being
Bk the bandwidth of the kth subband, the ex-
pression of χ[q](τl) is:

χ[q](τl) =

K∑
k=1

λ0k

sin(πBk(q∆τ − τl))

sin(π(q∆τ − τl))
e−j2π∆fckτl

(4)

2.2.2 SIC Initialisation and EM
Algorithm (L = 2)

The detection problem is formulated as a binary
hypothesis test, in which the alternative hypoth-
esis, H1, represents the detection of multiple tar-
gets, specifically L = 2. Consequently, the esti-
mation pipeline is run to compute the parameter
set η̂1 = {τ̂1, τ̂2, ρ̂1, ρ̂2}.
As mentioned above, to ensure convergence to
the global maximum, the EM algorithm is ini-
tialised via SIC. First, the parameters of the

strongest target are estimated from the obser-
vation vector h by finding the delay that max-
imises the matched filter output (periodogram):

τ̂
(0)
1 = argmax

τ

|χH(τ)h|2

∥χ(τ)∥2
(5)

The corresponding complex amplitude is then
found by projection:

ρ̂
(0)
1 =

χH(τ̂
(0)
1 )h

∥χ(τ̂ (0)1 )∥2
(6)

The contribution of this target is then sub-
tracted from h to create a residual signal, hres =

h−χ(τ̂
(0)
1 )ρ̂

(0)
1 , and the process is repeated onto

to hres to find the initial parameters for the sec-
ond target.
These initial estimates are then refined by the
EM algorithm, which alternates between two
steps until convergence:
E-Step (Expectation): At iteration i, an esti-
mate of the isolated signal for each target, ŷ(i)

l ,
is computed by distributing the overall residual
error. For the first target would be:

ŷ
(i)
1 =

χ(τ̂
(i)
1 )ρ̂

(i)
1 +

1

2

(
h−

2∑
l=1

χ(τ̂
(i)
l )ρ̂

(i)
l

)
(7)

M-Step (Maximisation): The parameters for
each target are updated by performing an in-
dependent ML estimation on its separated sig-
nal component. The delay τ̂

(i+1)
l is found by

maximising the periodogram of the correspond-
ing isolated signal, analogously to Eq. (5):

τ̂
(i+1)
l = argmax

τl

|χH(τl)ŷ
(i)
l |2

∥χ(τl)∥2
(8)

The updated amplitudes ρ̂
(i+1)
l are then found

by projection, as in Eq. (6). This iterative
process continues until the parameter estimates
converge. The key advantage of the EM algo-
rithm is its ability to break down the complex,
multi-target optimisation problem into simpler,
single-target estimations. Rather than perform-
ing an exhaustive L-dimensional search over all
possible delay combinations, which would be
computationally prohibitive, the M-step only
requires a simple one-dimensional search (i.e.
a periodogram calculation) for each target, as
shown in Eq. (8). This makes the estimation
process computationally feasible.
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2.3. Target Detection via GLRT
The final stage of the pipeline is to decide
whether one or two targets are present, based
on the parameter estimates obtained from the
EM algorithm. This decision is formulated as
a binary hypothesis testing problem, where the
decision variable is the absolute value of the ob-
served signal, v = |h|, as the test involves com-
paring a scalar threshold γ, with another scalar.
The two hypotheses translate into the following
expressions:

v =

{
H0 : |χ(τ1)ρ1 +w|
H1 : |χ(τ1)ρ1 + χ(τ2)ρ2 +w|

(9)

Since the parameters under each hypothesis are
unknown, but they are estimated, the standard
Likelihood Ratio Test (LRT) is not applicable.
Instead, the Generalised Likelihood Ratio
Test (GLRT) is employed where unknown pa-
rameters in the likelihood ratio are replaced with
their respective estimates. The GLRT criteria,
Λ̄G(v), can be expressed as the ratio of the max-
imised likelihoods computed with the ML es-
timates derived from the EM algorithm under
each hypothesis, i.e. η̂0 and η̂1. Therefore, its
expression is:

Λ̄G(v) =
maxη̂1 p(v|η̂1,H1)

maxη̂0 p(v|η̂0,H0)

H1

≷
H0

γ (10)

The decision is made by comparing this statistic
to a threshold, γ, which is set to maintain a con-
stant false alarm rate (CFAR) and it is selected
such that:

Pr(Λ̄G(v) > γ |H0) = PFA, (11)

where PFA is the desired false alarm probability.
If Λ̄G(v) > γ, it is decided that two targets are
present (H1); otherwise, it is decided that only
one target is present (H0).

3. Results
The performance of the proposed coherent
multiband ISAC system was evaluated through
parametric simulations. The analysis focused
on the system’s ability to correctly detect two
closely spaced targets, evaluating the probability
of correct detection (PCD) and the Receiver Op-
erating Characteristic (ROC) curves under var-
ious conditions. It also compared the ideal case

where the target parameters were known before-
hand with the case where the EM algorithm es-
timated them.

3.1. Efficacy of the Multiband
The primary finding is corroborating that a
multiband approach can achieve a better resolu-
tion, thereby increasing the system’s ability to
distinguish between targets that would be unre-
solvable for a conventional single-band system.
For example, a single 100 MHz subband pro-
vides a theoretical range resolution of 1.5 me-
tres. As shown in Figure 1, this is insufficient
to distinguish between two targets spaced 0.5
metres apart, resulting in a single detection. In
contrast, coherently combining four contiguous
100 MHz subbands to form a total bandwidth of
400 MHz achieves a finer resolution of 0.375 m,
clearly resolving the two distinct targets. Fur-
thermore, coherently processing multiple sub-
bands enables better performance than a single-
band system with the same total bandwidth: the
information contained in each subband is aligned
with that in the others, resulting in constructive
summation and reinforcement of the detection
and outperforming the single-band system.
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Figure 1: CIRs of a a) single-band system of B =
100 MHz, b) multiband system of B = 400 MHz
and c) single-band system of B = 400 MHz.

3.2. Trade-off of Spectral Gaps
Although spectral gaps improve theoretical res-
olution, they introduce a significant trade-off by
creating high-energy sidelobes in the CIR. These
artefacts can be misinterpreted as weaker targets
and complicate the estimation process, particu-
larly at low Signal-to-Noise Ratios (SNRs).
Consequently, detection performance does not
improve monotonically with the number of sub-
bands. Each spectral layout generates a distinct
sidelobe pattern, and the system’s performance
depends critically on the position of true targets
within this pattern. In certain configurations,
a target’s echo may be obscured by sidelobes,
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resulting in estimation failure. Figure 2 illus-
trates this non-monotonic behaviour. It plots
the Probability of Correct Detection (PCD) ver-
sus the number of subbands (K) for two different
target spacings (∆R) at an SNR of 10 dB.
The plot shows that for a target spacing of
∆R = 0.5 m (orange line), performance drops
at K = 5. However, when the target spacing is
changed to ∆R = 2.7 m (blue line), the same
K = 5 configuration performs well, while other
layouts (e.g., K = 9) now exhibit performance
degradation. This confirms that detection reli-
ability is not solely determined by the number
of subbands, but by the complex interaction be-
tween target locations and specific sidelobe in-
terference patterns.
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Figure 2: PCD vs. Number of Subbands (K) for
a fixed PFA = 0.01 at SNR of 10 dB.

3.3. Impact of Phase Errors
A key finding of this research is that the system
is highly sensitive to inter-band phase incoher-
ence, which disrupts the coherent sum of infor-
mation. In any practical implementation, hard-
ware imperfections, such as phase noise from lo-
cal oscillators and non-synchronised clocks, will
introduce random phase errors between sub-
bands. To quantify this effect, simulations were
conducted that introduced random independent
phase errors drawn from a zero-mean Gaussian
distribution.
As shown in Figure 3, the results demonstrate
severe degradation in detection performance.
Even moderate phase errors (e.g., with a stan-
dard deviation of σϕ = 5◦) cause the PCD to
drop and severely fluctuate. This is because the
EM algorithm assumes a perfectly coherent sig-
nal model and is therefore unable to distinguish
between true target echoes and destructive in-
terference patterns caused by phase corruption.
This analysis identifies phase coherence as the
main requirement to the implementation of an

effective multiband system.

Figure 3: Average PCD vs K for a fixed PFA =
0.01 with random independent phase errors of
standard deviation σϕ = 5◦.

3.4. Feasibility with Realistic Spec-
trum Allocations

To validate the proposed approach in a practi-
cal context, its performance was evaluated using
a realistic spectral configuration based on the
World Radiocommunication Conference (WRC)
allocations in FR3. The simulation employed
three non-contiguous subbands spanning the
6.425-8.4 GHz range, resulting in a synthesised
bandwidth of almost 2 GHz. Despite the pres-
ence of a large spectral gap of 500 MHz, the sys-
tem demonstrated robust detection capabilities
even at a low SNR of 5 dB. This result confirms
the feasibility of leveraging real, fragmented
spectrum allocations to perform high-resolution
sensing effectively, provided that phase coher-
ence can be maintained.
Further analyses were conducted to study the
system’s robustness under the WRC spectral
configuration, focusing on the impact of the SNR
and asymmetric target reflectivity (RCS).

3.4.1 Impact of SNR

As expected, the detection performance gener-
ally improves with increasing SNR. However, at
very low SNR levels, the combination of the high
noise floor and the strong sidelobes generated
by the spectral gap makes it extremely difficult
for the EM algorithm to distinguish true target
echoes from spurious peaks.
Figure 4 (a) shows a counter-intuitive result at
an SNR of 0 dB. The performance of the EM
algorithm appears to surpass that of the case
with an SNR of 2.5 dB, as well as the upper
bound ROC curve computed with an ideal de-
tector (b) with a priori knowledge of the param-
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eters. This phenomenon is an artefact of the
EM algorithm overfitting to noise, causing it to
converge on noise peaks rather than the true tar-
gets. While these estimates are physically incor-
rect, they provide a better mathematical fit to
the specific noise realisation, yielding a higher
PCD. The ideal detector, knowing the true tar-
get locations, correctly identifies the signal as
being too weak to detect amidst the noise.

3.4.2 Impact of Different Target RCS

The system’s ability to detect a weak target in
the presence of a stronger one was evaluated at
an SNR of 5 dB.
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Figure 4: ROC curves for the WRC configura-
tion, varying the SNR and employing the EM
algorithm (a) or the ideal detector (b).

As the RCS of the second target (σ2) decreases,
its echo becomes buried beneath the noise floor
and the sidelobes of the primary target. In the
simulation the RCS values are normalised, i.e.
σ1 = 1 m2 and σ2 is varied from 0.1 m2 to 1 m2.
Figure 5(a) shows that for low RCS values (σ2 ≤
0.5 m2), the performance of the EM algorithm
saturates, with the ROC curves overlapping.
This is due to overfitting again: the algorithm
consistently converges on the same spurious sec-
ondary peak (noise or a sidelobe) rather than
the true weak target. By contrast, the perfor-
mance of the ideal detector, shown in Figure
5(b), degrades progressively and accurately re-
flects physical reality: a target with an RCS of
0.1 m2 is almost undetectable, with performance
approaching random guessing.

4. Conclusions
This thesis has successfully demonstrated that a
coherent multiband OFDM-based ISAC system
is a feasible and effective solution for achiev-
ing centimetre-level sensing resolution in the

fragmented 6G spectrum, FR3. The proposed
methodology coherently processes information
across sub-bands to exploit spectral gaps and
synthesise a wider bandwidth, enabling a finer
resolution and significantly better performance
than conventional single-band systems.
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Figure 5: ROC curves for the WRC configura-
tion, varying the RCS of the second target (σ2)
at an SNR of 5 dB.

However, the study also identified two critical
limitations inherent to this approach. Firstly,
the spectral gaps introduce deterministic side-
lobes that make the system’s detection perfor-
mance sensitive to the specific spectral layout.
Secondly, and most critically, the system’s per-
formance depends heavily on coherent process-
ing; without consistent phase alignment, the es-
timation algorithm becomes unreliable, result-
ing in a significant drop in detection perfor-
mance.
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