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Abstract—Estimating traffic demand, or origin-destination
(OD) matrices, is crucial for transport studies and smart
city development. The main objective is to calculate an OD
matrix based on available sources (e.g. link traffic counts
obtained from traffic sensors) to accurately reproduce field
data. A significant complication when using information ob-
tained from traffic sensors, is that such sensors are subject to
considerable disruptions impacting data quality and reliability.
Despite the extensive study of efficient OD estimation, there
is a considerable gap in detecting faulty measurements and
identifying faulty sensors within the estimation procedure. This
work presents a novel methodology for OD matrix estimation
in the presence of faulty measurements. The path-based cell
transmission model (CTM) is employed to capture traffic
network dynamics within a specified time window, linking link
densities with per-path densities and path demand. For the
purposes of this work, traffic networks that operate under free-
flow conditions are considered and the problem is formulated
in an optimisation framework with two distinct variations:
(i) no explicit formulation of potential faulty sensors and (ii)
explicit modelling of potential faulty sensors. Following, a
fault-adaptive algorithm is constructed that identifies, isolates
and corrects faults to achieve robust demand estimation. The
methodology is tested on two realistic literature networks
and shows great potential in terms of OD matrix estimation
in the presence of faulty measurements. Simulation results
underpin the advantage of the proposed approach in terms
of performance in estimating quantities of interest as well as
identifying the faulty sensors and their fault characteristics.

I. INTRODUCTION

Motivation. Accurately estimating the origin-destination
(OD) matrix for a given network is essential in the field of
transportation, as it allows practitioners to improve network
planning and management, while it provides researchers
with data to validate novel monitoring and control methods.
These matrices are typically used as inputs to network
equilibrium models, that are important tools for traffic
modelling and planning purposes. The OD matrix cannot be
directly observed, necessitating the development and testing
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of various approaches, to efficiently address the OD matrix
estimation challenge over the years.
Related work. The estimation of OD matrices has been
widely explored in the literature, often using link counts
(i.e., the number of vehicles passing through specific links)
and a variety of proposed models. This process aims to find
a solution within a defined feasible space, while adhering
to traffic flow constraints, such as maintaining non-negative
OD values. Although traditional methods like roadside inter-
views and travel surveys provide useful data, they are often
expensive and may lack sufficient trip coverage for many
elements of the matrix. To overcome these challenges, traffic
count-based OD matrix estimation has been developed as an
alternative. The main objective is to compute an OD matrix
from available traffic counts, ensuring the best possible
match to observed field data. For a thorough overview of
OD matrix estimation methodologies, refer to [1], [2].

Two distinct formulations are commonly considered for
OD matrix estimation, the static, or time-independent
and dynamic or time-dependent problems. In the time-
independent OD matrix estimation, traffic inflows are treated
as time-independent, formulating the estimation as a steady-
state scenario over a fixed period T . In this context, the
average OD demand is computed over a specified time
window T , based on a single set of link counts, without
considering variations in traffic flows over time (e.g., [3], [4],
[5], [6], [7], among others). In contrast, dynamic OD estima-
tion is tailored for short-term traffic operation applications,
such as route guidance and dynamic traffic assignment. This
dynamic problem involves time-dependent traffic data col-
lected in small intervals, typically 10-15 minutes, aiming to
estimate time-varying OD matrices (e.g., [8], [9], [10], [11],
[12], and many others). The OD matrix estimation problem
is highly challenging due to its underdetermined nature,
large-scale complexity, computational intensity, and nonlin-
ear relationship between traffic counts and OD demands
[13], [14]. To address this complexity, various assumptions
and considerations are often introduced concerning available
data sources, models describing the relationship between OD
demands and traffic data, and the corresponding solution
approaches. These assumptions encompass the nature of
available observations, traffic conditions, and behaviours, all
of which play a critical role in formulating the mathematical
relationship between observations and OD demands.
Related work - Models. Various models, including micro-
scopic, mesoscopic, and macroscopic, have been proposed
over the years to address the OD matrix estimation problem.
These include simulation models, statistical methods, and



generalized least squares models. Path flow estimation (PFE)
models have also been proposed to estimate OD matrices by
inferring optimal path flows through linear programming,
aiming to match user-equilibrium flow patterns, reproduce
link traffic counts and reproduce a target OD matrix as
closely as possible [15]. Early PFE methods required enu-
merating paths or using column generation, which was
computationally inefficient, while later approaches decou-
pled the linear model, using k-shortest path algorithms to
find equilibrium paths to address this issue [16]. However,
PFE models are inefficient when the target OD matrix
contains significant errors. Solutions have been proposed,
including generalized least squares (GLS) [17] and heuristic
methods [18], which still rely on a target OD matrix. Recent
models have incorporated multimodal transportation and
macroscopic techniques using link densities instead of flows
[19], [20], though these approaches face challenges due to
non-convexity and non-differentiability [21]. A novel path-
based methodology was recently introduced, which uses
fine-grained measurements and a macroscopic model to
associate link counts with path demands, yielding accurate
results in both free-flow and congested conditions [22].
Related work - Solution Approaches. Various solution
approaches have been explored to address the OD esti-
mation problem, incorporating a combination of available
data and models. A common approach involves assuming
a known routing matrix and iteratively alternating between
OD estimation and traffic assignment until convergence
is reached. Alternatively, some approaches are based on
bi-level optimization problems [23]. Several researchers,
including [24], [14], [11], and [25], have also successfully
applied Kalman filtering techniques to dynamic OD matrix
estimation problems. Recently, deep learning approaches
that construct layered computational graphs have gained
popularity [26], [27]. However, despite their potential, these
methods often face significant computational challenges,
limiting their feasibility for large-scale problems. Addition-
ally, due to the non-convexity of these problems, they tend to
produce locally optimal solutions [26]. Another innovative
method uses convolutional neural networks to estimate time-
dependent OD flows, as shown in [28]. Many of these
approaches rely on a prior, or target, OD matrix derived from
historical data as an input for solving the OD estimation
problem. A major drawback is that poor-quality samples
used to generate the prior matrix can result in significant
OD estimation errors [29].
Related work - Sensor Data. In this work, we adopt a
model-based approach utilizing available link data gathered
from static traffic sensors, e.g. loop detectors. Such sensors
are used to collect measurements of the flow at observed
links (e.g. links that are equipped with loop detectors), as
well as to provide information for inference at unobserved
links. However, a significant challenge when relying on data
from traffic sensors, is that such sensors are susceptible to
significant disruptions due to system errors, diminishing the
quality and reliability of the information they provide [30].
The potential issues associated with traffic sensors include
bias, drifting, or complete failure, all of which compromise

the accuracy and dependability of the sensor measurements,
yielding incorrect information. Studies on sensor network
measurements have revealed that approximately 20%-30%
of traffic sensors may experience some form of failure [31],
[32], [33]. Sensor failures have to be explicitly accounted
in the OD matrix estimation process to ensure efficiency
and reliability. Failure to address sensor faults explicitly can
lead to erroneous data, potentially resulting in suboptimal
traffic management strategies and impacting travel decisions
of network users [34].

Most studies on faulty traffic sensors concentrate on traffic
state estimation, typically addressing three key aspects: fault
detection, fault correction, and state estimation. Effective
state estimation in the presence of sensor faults depends
heavily on prompt and accurate fault detection and isolation,
a process known as fault-tolerant estimation [35], [36].
For detecting faults, a common approach involves using
probabilistic measures (such as the likelihood of counting
a certain number of vehicles) alongside a pre-defined range
(based on physical limits or empirical data) to flag measure-
ments as faulty when they fall outside the expected range
[32], [37], [38]. However, a limitation of these methods is
that obtaining reliable results often requires considering a
long time horizon (up to one day), making real-time fault
detection difficult. Other methods have been proposed that
detect faulty measurements by comparing them to historical
data or predicted values [39], [40], but these approaches
can struggle to identify faults in the face of changing traffic
patterns. Some research on faulty traffic sensors also focuses
on sensor placement for flow observability and estimation,
aiming to either maximize information gain from origin-
destination (OD) routes, or minimize errors in freeway
performance monitoring when sensors fail [41], [42]. A data-
driven approach for predicting traffic flow at locations with
faulty sensors was proposed, using a polynomial function of
current traffic flow to approximate future flow [43]. While
this method showed good predictive accuracy, it required
a substantial amount of historical data for training. To
overcome the challenges posed by traditional methods that
often treat state estimation and fault detection/correction
as separate steps, a real-time moving horizon estimation
approach was introduced [44]. This method simultaneously
achieves robust traffic state estimation and fault identifica-
tion [45], demonstrating its effectiveness through the use of
the cell transmission model (CTM) to account for network-
wide traffic dynamics and transitions between links. To the
best of our knowledge, the combined task of simultaneously
identifying sensor faults and estimating OD matrices has not
yet been explored in the literature.

When a sensor is faulty, the measurements are subject to
abrupt changes, also known as change points in time series
data, within the total time horizon under study. Change-
point detection has been extensively studied in the literature
[46]. This problem has been thoroughly examined within
the statistical framework over the past few decades, where
various approaches have been examined. A common statisti-
cal approach to change-point detection involves considering
probability distributions that generate data in both past and



present intervals. The target time point is then identified as
a change-point if there is a significant difference between
the two distributions [47]. Bayesian approaches that predict
the probability distributions of the upcoming interval using
data observed since the last identified candidate change-
point [48], have also been examined. Further, many machine
learning algorithms have been designed, enhanced, and
adapted for change-point detection. Kernel-based methods
map observations onto a higher-dimensional feature space
and detect change-points by comparing the homogeneity of
each subsequence [49]. Clustering methods, have also been
employed, where a known or unknown number of clusters
is considered, where if a data point at time t belongs to
a different cluster than the data point at time t + 1, then
a change point occurs between the two observations [50].
In the context of supervised approaches for change point
detection, machine learning algorithms are trained as either
binary or multi-class classifiers [51].

In this work, we opt to use a recently introduced algorithm
grounded in the Bayesian framework. Bayesian inference
does not typically prioritise one model as the ‘correct’
model but rather considers the value and applicability of
all possible models. In the context of Bayesian model
averaging [52], each model is assigned a probability of being
the true model, based on the data. This probability acts
as an informative weight, enabling the combination of all
models into a weighted average, which helps to address
issues like model misspecification and uncertainty across
different models. The Bayesian Estimator of Abrupt change,
Seasonality, and Trend (BEAST) algorithm is a parametric
regression approach that avoids the need for threshold testing
or criterion optimization. Instead, it fits a global model
to the entire time series in one step, identifying change
points, trends, and seasonality simultaneously. The BEAST
algorithm is publicly available from GitHub [53].
Contributions. We formulate the OD matrix estimation
problem under the assumption that sensor measurements
may be faulty. We study networks that operate under free-
flow conditions and adopt a model-based approach, i.e.
the path-based CTM is used, to estimate time-independent1

OD matrices in a pre-specified time period T utilizing
available link data gathered from static traffic sensors, while
identifying and correcting faulty measurements. The use of
the path-based CTM allows us to take into account traffic
counts in smaller intervals (e.g. every 10-15 seconds) in the
pre-specified time period. Our work attempts to fill a gap in
the literature by making the following main contributions:

• We employ a path-based CTM for estimating OD
matrices in scenarios with faulty measurements within
networks operating under free-flow conditions. This
results in a state space model where link densities
(measurements) are linked to per-path densities (state
vector) and the path demand pattern. This formulation
facilitates the creation of a convex optimisation prob-

1The ‘time-independent” term aims to reflect that the OD matrix is fixed
and does not vary over the considered time horizon in our approach

lem with the objective of minimising the discrepancy
between the model and the actual measurements.

• We propose a novel OD matrix estimation methodology
that explicitly models potential faulty sensors. Our
approach presents a robust estimation strategy for the
identification and isolation of faulty sensors along with
estimation of their faulty magnitudes.

• We develop a fault-adaptive algorithm that simultane-
ously accomplishes two key objectives: (i) precise OD
matrix estimation and (ii) identification and correction
of the faulty sensor measurements. This approach al-
lows the efficient estimation of the OD matrix of the
network under study even when the deployed sensors
are subject to failures.

The proposed approach is tested on literature networks that
operate under the free-flow regime when there are available
(i) full measurements (loop detectors on all road segments
in the network) and (ii) partial measurements (loop detectors
on a subset of road segments).

Our main contribution is the effective estimation of OD
matrices in the presence of faulty measurements, a challenge
that has not yet been explored in the literature. Towards this
direction, two additional novel aspects that emerge are (i) the
extension of our path-based OD matrix estimation scheme,
recently introduced in [22]2, to account for measurement and
model noise, and (ii) the detection of faults, the identification
of faulty sensors, and the correction of faulty measurements.
In addition, important features of this work arise from the
formulation of the problem using fine-grained measurements
as follows: (i) no prior or target OD matrices are needed to
implement the approach, outlasting the bias and dependency
on such matrices3, (ii) no route choice models or split
ratios are needed, (iii) no user equilibrium conditions are
required for high-quality estimation, (iv) no historical data
are required for accurate estimations, and (v) even low
partial coverage of the network is sufficient to provide high-
quality OD matrix estimations.
Paper structure. The remainder of the paper is organised
as follows. In the next section we set up the network nota-
tion. In Section III we introduce the path-based CTM, i.e. the
model used to capture traffic dynamics. In Section IV-A the
optimisation problem for OD matrix estimation is introduced
and the state space model is formulated in the context of the
path-based CTM. Section V shows the optimisation solution
approach for OD estimation under two distinct variations:
(i) no explicit formulation of potential faulty sensors and
(ii) explicit modelling of potential faulty sensors. Section VI
demonstrates the simulation results obtained by the proposed
approach. Last, in Section VIII the main performance results
are summarised and future research directions are presented.

2In [22] we introduced a general state-space model that utilizes the
signalized path-based CTM to represent traffic dynamics and addressed
the OD matrix estimation problem in a noise-free environment and no
consideration of faults.

3 Prior or target OD matrices often require manual interview and survey
methods that take several months to be completed, and hence might might
not be available for most networks.

http://github.com/zhaokg/Rbeast


Notation. In the remainder of this paper we use the follow-
ing notation. All bold letters indicate vectors (lower case) or
matrices (upper case), while calligraphic letters denote sets.
If A is a set we denote as |A| the cardinality of the specific
set. The subset R+ ⊂ R contains the real numbers that are
equal or greater than zero. The superscripts (·)T and (·)−1,
denote the transpose and the matrix inverse respectively. In
addition ||x||2[A] = xTAx denotes the Euclidean weighted
norm and ||x||2 = xTx the Euclidean norm of a vector x. A
block diagonal matrix is defined as blkdiag(A1, . . . ,An),
which is a square diagonal matrix in which the diagonal
elements are the square matrices Ai and the off-diagonal
elements are zero. The (i, j)th element of a matrix A is
denoted as A[i,j]. Further, In×n is the n×n identity matrix
and 0n×n denotes a n × n matrix that all its elements are
zero. Furthermore, x ∼ N(µ, σ2) indicates that x is a random
variable drawn from the normal distribution with mean µ and
variance σ2.

II. NETWORK NOTATION

Consider a directed graph G = (V, E), where V is the
set of V nodes and E the set of directed road links, each
composed of multiple road segments. Let L denote the set
of all road segments4. The graph is associated with W OD
pairs, where W ≤ V × (V − 1). The set of road segments
equipped with fixed-location sensors is denoted by C ⊆ L,
and W represents the set of OD pairs, with W = |W|.
Let L = |L| be the total number of road segments, and
C = |C| ≤ L the number of road segments equipped with
static sensors (e.g., loop detectors).

For each OD pair w ∈ W , the demand is distributed across
various paths in the graph. Let P = {p1, p2, . . . , pQ} repre-
sent the set of all candidate paths5 in G, where Q = |P| is the
total number of paths. Each road segment i ∈ L is associated
with one or more paths from P , denoted by Pi, which is the
set of candidate paths passing through road segment i, and
Pi = |Pi| is the number of paths associated with segment
i. The total number of path-segment associations across all
road segments is given by M =

∑
i∈L Pi. Finally, for each

OD pair w ∈ W , there exists a set of candidate paths Sw

representing possible routes for the demand of that OD pair,
such that the set of all paths P is the union of the paths for
all OD pairs, i.e., P = ∪w∈WSw.

III. TRAFFIC NETWORK MODEL

The cell transmission model (CTM) is a widely used
macroscopic traffic flow model [55], [56], commonly applied
in traffic control, network modeling, and the analysis of
road network stability. Each cell i is defined by several key
parameters: the free-flow speed, vfi (km/h), the backward
wave speed, vbi (km/h), the maximum flow rate, φmax

i

4A road segment is defined as a distinct and measurable section of a
link between two defined points, typically characterized by attributes such
as length and associated features. For instance, a 1 km road link may be
divided into four 250 m road segments.

5Candidate paths can be generated using a variant of the k-shortest paths
algorithm for transportation networks, which identifies the top shortest paths
that significantly differ in the road segments they traverse [54].
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Fig. 1: Upstream and downstream boundary connections.

(veh/h), the maximum density, ρmax
i (veh/km), and the cell

length, li.
In the discrete-time version of the model, a sampling time

Ts is selected, which must satisfy the Courant-Friedrichs-
Lewy (CFL) condition for stability [57]. This condition en-
sures that a vehicle cannot both enter and exit the same cell
during a single time-step, requiring the inequality vfi Ts ≤ li
to hold for all cells in the network. Boundary connections
occur where cells merge or diverge. The set of upstream
neighbors is denoted by N−, and the downstream neighbors
by N+. If traffic flows from cell i into cell j, then i ∈ N−

j

and j ∈ N+
i . As described in [7], the inflow, φ̄in

i (t),
and outflow, φ̄out

i (t), of each cell i are determined by the
boundary connections between adjacent cells. The upstream
connection for each cell, i−, can be classified as ordinary
(O), entering (E), or merging (M), while the downstream
connection, i+, may be ordinary (O), diverging (D), or
exiting (G) (refer to Figure 1).

The vehicle density in cell i, denoted by ρ̄i(t), is influ-
enced by the inflow and outflow of vehicles, following the
demand and supply principle [58]. The demand, expressed
as Di(t) = min{vfi ρ̄i(t), φmax

i }, represents the number of
vehicles attempting to exit cell i at time t. The supply,
given by Si(t) = min{φmax

i , vbi [ρ
max
i − ρ̄i(t)]}, indicates

the number of vehicles that cell i can accommodate at time
t, based on its storage capacity. The evolution of the traffic
density, ρ̄i(·), in cell i is described by the equation:

ρ̄i(t+ 1) = ρ̄i(t) +
Ts

li

[
φ̄in
i (t)− hi(t)φ̄

out
i (t)

]
. (1)

Above, hi(t) represents the traffic signal controlling the
outflow of vehicles from cell i ∈ L, where hi(t) = 1 during
the green phase and hi(t) = 0 during the red phase.

A. Signalised path-based cell transmission model

The path-based CTM [59], [7] builds upon the traditional
CTM by enabling tracking of vehicle densities and flows for
individual paths, removing the need for strict assumptions
about split ratios. This model enhances the efficiency of OD
matrix estimation through the assessment of path demands
and application of Equation (6). For each path p passing
through cell i, the density is updated as follows:

ρi,p(t+ 1) = ρi,p(t) +
Ts

li

[
φin
i,p(t)− hi(t)φ

out
i,p (t)

]
. (2)

As in the previous section, the per-path inflows and outflows
for cell i are determined by its boundary connections. In



networks with free-flow conditions, if i− belongs to O,M,
the inflow is calculated as φin

i,p(t) = vfj ρj,p(t) for p ∈ Pi ∩
Pj and j ∈ N−

i , while if i− is in E , the inflow is φin
i,p(t) =

up, where up(t) represents vehicles entering the network at
time t. Similarly, for free-flow conditions and i+ in O,D,G,
the outflow is φout

i,p (t) = vfi ρi, p(t) for p ∈ Pi ∩ Pj and
j ∈ N+

i . Here, Pi and Pj denote the sets of paths passing
through cells i and j, respectively. Equations (1) and (2) are
connected by the fact that the overall density, inflow, and
outflow for cell i are the sums of the respective values for
all paths associated with that cell:

ρ̄i(t) =
∑
p∈Pi

ρi,p(t)

φ̄in
i (t) =

∑
p∈Pi

φin
i,p(t), φ̄out

i (t) =
∑
p∈Pi

φout
i,p (t).

For further information on the path-based CTM, refer to [7].

IV. PROBLEM STATEMENT

A. OD matrix estimation problem

We focus on networks operating within a free-flow regime
throughout the entire observation period T . This period is
divided into K time intervals, each of length Ts [hours],
with T + = 1, . . . ,K and T = 0, . . . ,K − 1, where
K = T/Ts. The sampling interval Ts defines both the
measurement frequency and the discrete time steps of the
traffic model. Under free-flow conditions, the system is
mathematically represented by a traffic state evolution model
and an observation model of the form

xt+1 = Atxt +Bu+ ϵt,

yt = Hxt + ωt, (3)

where xt ∈ R(L+M)×1 denotes the state vector at time
t, with x0 representing the initial state. The vector u ∈
RQ×1 encompasses unknown inputs6, and yt ∈ RC×1

represents noisy observations, assumed to be conditionally
independent. The matrix At ∈ R(M+L)×(M+L) defines the
state transition7, while H ∈ RC×(M+L) relates the state
to the observations. Since H and B do not change over
time, we do not use subscript t. Errors ϵt ∼ N (0,Σϵ

t)
and ωt ∼ N (0,Zω

t ) are assumed to be Gaussian, with
Σϵ

t ∈ R(M+L)×(M+L) and Zω
t ∈ RC×(M+L) representing

the model and measurement error matrices, respectively.
The measurement vector yt corresponds to observed

traffic variables, such as the traffic density ρ̄(t) on specific
road segments at time t, while xt represents the unob-
served states, such as the density of each candidate path
on road segment i at time t, t ∈ T . The input vector
u = [u1, . . . , uQ]

T denotes the path-based demand entering
the network at each path p = 1, . . . , Q. Rewriting Equations
(3) in vector form, yields

CX = A⋆X+B⋆u+ b⋆ + ϵ,

Y = H⋆X+ ω, (4)

6Vector u is considered time-independent, i.e., ut = u,∀t, as the OD
demands are assumed static and homogeneous for each path.

7Matrix At is time-dependent due to the effect of traffic signals, through
the presence of parameter hi(t) in Equations (1) and (2).

for all t ∈ T , where X = [xT
1,x

T
2, . . . ,x

T
K ]T ∈

R(M+L)K×1 contains the states for all time steps, and
Y = [y1,y2, . . . ,yK ]T ∈ RCK×1 contains the observed
measurements. The matrix C is an identity matrix of size
(M + L)K × (M + L)K, i.e., C ≡ I(M+L)K×(M+L)K ,
b⋆ = [bT,0T

(M+L)(K−1)×1] ∈ R(M+L)K×1 with b = x0,
and ϵ ∈ R(M+L)K×1 and ω ∈ RCK×1. Matrices A⋆ ∈
R(M+L)K×(M+L)K and H⋆ ∈ RCK×(M+L)K are block-
diagonal:

A⋆ = [0(M+L)×(M+L), blkdiag(A1, . . . ,AK)],

H⋆ = [blkdiag(H, . . . ,H︸ ︷︷ ︸
K times

)],

while B⋆ ∈ R(M+L)K×Q. To facilitate the solution of
Problem (4) we define a combined vector z =

[
XT,uT

]T ∈
R(M+L)K+Q leading to:

C⋆⋆z+ b⋆⋆ + ϵ = 0(M+L)K+Q,

Y = H⋆⋆z+ ω, (5)

where

C⋆⋆ = [A⋆ −C,0(M+L)K×Q] + [0(M+L)K×(M+L)K , B̃⋆]

b⋆⋆ = [bT
⋆,0

T
Q×1]

T

H⋆⋆ = [H⋆,0C×Q].

Once u is obtained by solving Problem (5), the demand
for each OD pair can be simply obtained by∑

p∈Sw

up = dw, ∀w ∈ W. (6)

In the next section we associate the state, observation and
input vector of model (3), described in Section IV-A, with
the signalised path-based CTM dynamics.

B. Problem-specific dynamics

For the definition of Model (4) under the path-based CTM
we have the (M + L)-state vector given by xt = ρ(t). For
convenience we define ρl(t) ≡ ρi,p(t)

8 such that ρ(t) =
[ρ1(t), . . . , ρl(t), . . . , ρM (t)]T denotes the density of each
candidate path p ∈ Pi in cell i ∈ L in the network at time
k ∈ T + and M =

∑
i∈L |Pi|. The Q average input vector u,

denotes the inflow of cell i at each time-step t, with i− ∈ E
and p ∈ Pi.

The C-vector of observations, available from loop detec-
tors, yt = [ρ̄a1

(t), . . . , ρ̄aC
(t)]T ∈ RC×1

+ , with C ≤ L,
{a1, . . . , aC} ∈ C, are the measurements taken on a subset
of (or all) cells at time t ∈ T + and are associated with
the state vector through matrix H ∈ RC×M . Note that
yt cannot be negative and not greater than ρmax hence
yt = min{ρmax,max{0, ρ̄(t) + ωt}}.

8The index l maps the 2-D index {i, p}, p ∈ Pi and i ∈ L, to the one-
dimensional space. Assume that the upstream of cell i is characterised by
a merging connection, i− ∈ M. Then the per path inflow φin

l (t) depends
on the indices {j̃, p̃}, p̃ ∈ Pi ∩ Pj̃ , j̃ ∈ N−

i and {j′, p}, ∀j′ ∈ N−
i .



C. Fault model

As mentioned in Section I, sensors used to collect
measurements of the density at observed links (e.g. loop
detectors) are susceptible to significant disruptions due to
system errors, diminishing the quality and reliability of the
information they provide. The potential issues associated
with traffic sensors include bias, drifting, or complete failure,
all of which compromise the accuracy and dependability
of the sensor measurements, yielding incorrect information.
Sensor failures have to be explicitly accounted in the OD
matrix estimation process to ensure efficiency and reliability.

We consider two types of potential sensor faults: (i)
additive fault and (ii) multiplicative fault. For the additive
fault, we have that the measurement model in Equations
3 will be given by yt = Hxt + ft + ωt, where ft is the
potential additive fault. For the multiplicative fault we have
that yt = (H + Ft)xt + ωt, where Ft is the potential
multiplicative fault.

V. SOLUTION APPROACH

In this section we construct mathematical formulations
of the OD matrix estimation problem using the path-based
CTM, with no explicit formulation of potential faulty sensors
(see Section V-A) and explicit modelling of potential faulty
sensors (see Section V-B).

A. Path-based CTM time-independent OD matrix estima-
tion

As outlined in Section III-A, we use model (5) to char-
acterize the changes in traffic density according to the path-
based CTM, without consideration of faulty measurements
in the problem formulation:

C⋆⋆z+ b⋆⋆ + ϵ = 0(M+L)K+Q,

Y = H⋆⋆z+ ω,

We formulate the path-based CTM time-independent OD
matrix estimation in an optimisation context as

min
z

Ψ(z)

s.t. z ≥ 0, (7)

where the objective function to be minimised is:

Ψ(z) =
1

2

[
||Y −H⋆z||2[Zω]−1 + ||C⋆z+ b⋆||2[Σϵ]−1

]
,

where Zω = blkdiag(Zω
1 , . . . ,Z

ω
K) and Σϵ =

blkdiag(Σϵ
1, . . . ,Σ

ϵ
K). Through formulation (7), our

goal is to estimate vector z by minimising the error in
the objective function. However, in the case that a fault
occurs on a specific sensor, we cannot identify the occurred
faults, yielding lower quality OD demand estimates. We
will refer to this approach as OD matrix estimation - no
fault consideration, OD-NFC .

B. Fault-Tolerant Path-based CTM OD matrix estimation

In the presence of faulty sensors in the network, a more
accurate model for describing the traffic density evolution
in the path-based CTM is given by:

xt+1 = Atxt +Bu+ ϵt,

yt = Hxt + ωt + ot, (8)

where ot = [o1,t, . . . , oC,t]
T represents the sensor fault

residuals. Each component oi,t is zero if sensor i ∈ C
is functioning correctly, and non-zero if sensor i ∈ C is
faulty at time t [45]. The observed traffic vector yt must
remain within zero and ρmax, so it is adjusted to yt =
min{ρmax,max{0, ρ̄(t) + ωt + ot}}. Accurate recovery
of the states ρ̄(t) and ρ(t), as well as the fault residuals
ot, is crucial for effectively estimating path demand and
identifying faulty measurements. It has been demonstrated
that oi,t is expected to have only a few non-zero entries,
which leads to accurate estimation results [60].

We define a new objective function, Ψ(z,O), with respect
to the new variable z defined in Section V and the sensor
fault residuals vector O = [o1, . . . ,oK ]T as

Ψ(z,O) =
1

2

[
||Y −H⋆⋆z−O||2[Zω]−1

+||C⋆⋆z+ b⋆⋆||2[Σϵ]−1

]
, (9)

where Zω and Σϵ are as defined in the previous section.
In addition, we define the maximum sensor fault-residuals

over time, rj , j = 1, . . . , C, ∀t ∈ T given by

rj = max
t∈T +

{|oj,t|}, (10)

which relates a value of sensor j equal to the maximum
residual oj,t.

Using definition (10) the below convex formulation is
obtained:

min
z,o,r

Ψ(z,O) + µ
∑
j∈C

rj (11a)

s.t. oj,t ≤ rj , t = 1, . . . ,K, j ∈ C (11b)
− oj,t ≤ rj , t = 1, . . . ,K, j ∈ C, (11c)

where O = [o1, . . . ,oK ]T, is referred to as Fault-aware
OD matrix estimation, FOD, in the remainder of this pa-
per. The positive regularization parameter µ in formulation
(11) manages the balance between detecting faults and
minimizing the optimization cost. This formulation ensures
that Equations (10) are satisfied because constraints (11b)-
(11c) are effectively equivalent to maxt∈T +{|oj,t|} ≤ rj .
Meanwhile, the term µ

∑
j∈C rj ensures that rj , for each

j ∈ C, is minimized within the feasible range, yielding (10).

C. Fault-Adaptive Path-based CTM OD matrix estimation

Although formulation (11) achieves accurate OD matrix
estimation in the presence of faulty sensors, it may re-
duce the quality of the OD matrix under healthy operating
conditions. For this reason we develop a fault-adaptive
methodology, aiming to offer the best of two worlds.



Algorithm 1: Fault-adaptive OD matrix estimation
Input: Y, C⋆⋆, H⋆⋆, b⋆⋆, Zω , Σϵ

Solve Problem (11)
Feed oj,t and rj in BEAST algorithm [52] to get

change points τj,c and magnitude, mj,τc

if |mj,τc −mj,τc′ | < δ then
Correct rj using

mj,τc+mj,τ
c′

2 to get new
measurement vector Y⋆

else
Correct rj using

mj,τc−mj,τ
c′

τj,c−τj,c′
to get new

measurement vector Y⋆

Solve Problem (7) using Y⋆

Output: u

The fault-adaptive algorithm developed, identifies faults
and corrects the corresponding fault residuals. The procedure
is given as follows. Once we have collected the measure-
ments within the pre-specified time window under study, we
solve (11) to obtain oj,t and rj , ∀t ∈ T + and j ∈ C. Then,
the fault residuals, oj,t, are fed in the BEAST algorithm
[52] to obtain the change points, τj,c with c = 1, . . . , D
and D the total number of identified change points, if
they exist along with their corresponding magnitude, mj,τc ,
τc ∈ Fj , where Fj indicates the faulty time window of
sensor j ∈ C. For each pair of change points we calculate
their difference. If this difference is below a pre-specified
threshold δ, we assume an additive fault has occured and
the faulty sensor measurements are compensated according
to the two fault magnitudes’ average value. If the difference
is above the pre-specified threshold δ, we assume we assume
a multiplicative fault has occured which we compensate
using the slope between the two change-points. In both
cases, the faulty sensor measurements are compensated in
Fj and the OD matrix estimation problem is solved with
no consideration of faulty sensors, i.e. solve Problem (7).
This procedure is outlined in Algorithm 1 and is referred to
as FODcorr. An alternative strategy for robust OD matrix
estimation involves disregarding the measurements from the
faulty sensor within the faulty time window Fj , rather than
attempting to correct them, referred to as FODign. These
two variants are thoroughly investigated in Section VI.

VI. PERFORMANCE EVALUATION

To evaluate the performance of the proposed OD matrix
estimation methodology under faulty measurements we ex-
amine two real life networks: (i) an abstraction of Leicesters’
traffic network [5], consisting of 9 OD pairs and each OD
pair has 2-4 paths over which the OD flows are distributed,
and (ii) the Nguyen-Dupuis network [61] that was exten-
sively used as a case study in many works (see for example
[59], [62]), consisting of 20 OD pairs and 70 total paths.

Two types of loop detector layouts are considered:
• Full coverage: All cells within the network are

equipped with loop detectors, hence C = L, represent-
ing full (100%) coverage of the network’s cells.

• Random partial coverage: Loop detectors are dis-
tributed unevenly across the network, where C < L. In
this case, detectors are randomly removed from certain
cells, resulting in three distinct coverage scenarios:
80%, 60%, and 40% of the total cells.

We built a simulator of the proposed path-based CTM
(Section III-A), that takes as inputs the boundary con-
ditions of each cell. The output of the simulator is the
measured density for each cell used as the state space
model measurements. We employ the framework for OD
estimation under faulty measurements (Section V-B), FOD,
and compare estimation results using the formulation that
does explicitly considers faulty sensors in the formulation,
OD-NFC (Section V-A). In addition, we employ the fault-
adaptive algorithm described in Section V-C and examine
the OD matrix estimation performance when correcting
or ignoring faulty measurements. To obtain the estimation
results we vary the number of faulty sensors in the network
as well as their fault magnitude. To evaluate the performance
of each OD estimation algorithm, we use two key metrics:
the root mean squared error (RMSE) and the mean absolute
percentage error (MAPE), defined as follows:

ODRMSE =

√√√√ 1

W

W∑
w=1

(dtrue
w − dw)2, (12a)

ODMAPE =
1

W

W∑
w=1

|dtrue
w − dw|
dtrue
w

100%, (12b)

where W is the total number of OD pairs, dtrue
w is the true

OD demand considered during the simulation and dw is the
estimated OD demand. Further, we investigate the effect of
the positive regularisation parameter µ (see Problem (11))
with respect to estimating both the OD matrix of interest as
well as the maximum fault residual errors. We present results
for different values of µ assuming a fixed faulty scenario and
calculate the average RMSE of the OD demand, ODRMSE,
given in (12a), and the RMSE of the maximum of the fault
residuals error, RESRMSE, given by

RESRMSE =

√√√√ 1

C

C∑
i=1

(ri − r̂i)2, (13)

where C is the total number of measured cells, ri is the true
maximum fault residual of sensor i considered during the
simulation and r̂i is the estimated maximum fault residual
of sensor i.

In both experiments, we assume that the measurements
and the model are influenced by Gaussian noise, with the
noise having a zero mean. The variance of the model noise
and measurement noise are represented by σ2

ϵ I and σ2
ωI,

respectively. We set the model variance σ2
ϵ = 3 and the

measurement variance σ2
ω = 3. Also, we consider that at

each time step the path-based demand vector is generated
from the normal distribution N (ũ,Σ), where ũ is a constant
unknown path-demand vector and Σ is a diagonal covariance
matrix such that diag(Σ)1/2 = 0.1ũ.
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Fig. 2: Leicester network.

A. Simulation Experiment I: Leicester network

For the first simulation experiment we assume the Le-
icester network given in Figure 2, which consists of 25
cells, 25 pre-specified paths and 9 OD pairs. Traffic enters
the network from the upstream boundary of cells 1, 2,
3 and 23 and exits from the downstream boundary of
cells 6, 16, 18, 24 and 25. In addition, we consider the
following CTM parameter values (we assume that all cells
have equal conditions): vfi = 60 km/h, vbi = 20 km/h,
φmax
i = 1500 veh/h, ρmax

i = 100 veh/km, ρci = 25 veh/km
and li ∈ [0.15, 0.40] km. The predefined time period of study
is T = 2 hours and we assume that Ts = 10 seconds and
hence we observe measurements for K = 720 intervals.

Initially, we investigate the effect of the positive regu-
larisation parameter µ (see Problem (11)) with respect to
estimating both the OD matrix of interest as well as the
maximum fault residual errors. We assume that we have
measurements on all cells of the network i.e. all cells are
equipped with loop detectors that provide measurements of
the link density. We run the simulator and collect density
measurements when there is one faulty sensor in the net-
work, nf = 1. We assume an additive error on sensor 6
and fault magnitude 14 veh/km for period t ∈ [600, 700].
Results for Problem (11), shown in Figure 3 suggest that
there is a trade off between detecting faults and optimising
cost. We aim to minimise both ODRMSE and RMSEres and
Figure 3 suggests that there is a sweet spot of values for µ,
µ ∈ [100.5, 10−1.5], where we can achieve this.

Next, we investigate the performance of the proposed
methodology with respect to the accuracy of estimating the
OD demand, as well as the faulty sensors and their fault
magnitude simultaneously, assuming full or random partial
coverage of the network. In addition, we investigate the
efficiency of the approach with respect to different fault
magnitudes and number of faults. Note that in the reminder
of this paper we set the tuning parameter to µ = 100.5. In
the subsequent experiments, each optimization procedure is
executed 50 times. During each execution, a different subset
of cells is chosen to either produce faulty measurements,
or to exclude their measurements, particularly in the case
of random partial coverage, and varying fault magnitudes
in the range [0.5, 10] veh/km, to mitigate potential biases
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Fig. 3: Root Mean Squared error for different values of the
µ (see Problem (11)) of parameter estimation (green) and
squared error of fault residual parameter values (blue) for
nf = 1 for the time window T = 2 hours.

OD-NFC FOD
Cov. nf ODRMSE ODMAPE ODRMSE ODMAPE

[veh/h] [%] [veh/h] [%]

100%

0 5.54±0.62 3.1±0.1 3.93±0.20 3.6±0.2
2 21.08±3.05 15.8±2.1 5.62±0.59 4.1±0.2
4 33.48±5.95 19.3±3.0 6.94±0.75 10.4±1.3
6 99.77±9.87 37.2±6.4 13.07±2.41 15.9±2.9
8 123.12±10.17 45.2±6.8 25.54±4.98 33.9±5.4

80%

0 9.28±2.67 7.5±1.7 6.87±0.96 4.3±0.8
2 57.52±7.12 15.5±2.9 20.24±3.56 14.2±1.9
4 86.74±8.86 22.3±3.9 28.15±4.03 14.8±2.2
6 147.86±12.03 46.2±6.2 33.36±5.97 21.8±3.7

60%

0 15.21±2.21 10.1±2.06 16.12±2.81 12.4±1.9
2 182.15±15.77 31.83±5.3 34.91±5.62 15.2±2.5
4 263.69±17.61 67.03±7.2 83.38±8.18 37.9±5.9
6 301.69±20.31 71.25±8.0 99.97±8.54 41.2±6.1

40%
0 38.91±5.87 9.5±1.5 38.21±6.23 10.9±1.4
2 296.34±18.67 61.1±7.12 89.92±8.99 36.0±6.0
4 378.99±23.42 80.7±9.2 103.67±9.68 40.5±6.9

TABLE I: Average ODRMSE and average ODMAPE for dif-
ferent network coverage (Cov.) and different number of
faulty measurements using the OD-NFC and FOD solution
approaches.

in the results, ensuring a robust evaluation of the proposed
methodology.

In Table I, we present the average values for ODRMSE
and ODMAPE, and the standard deviation of the different
runs of the optimisation procedure, obtained through the
application of OD-NFC and FOD approaches under different
network coverage scenarios (full and random partial loop
detector layouts). Both metrics are calculated for varying
numbers of faulty sensors in each network coverage case,
highlighting the efficacy of our proposed solution approach
in OD matrix estimation when faulty sensors are present in
the network. Both formulations should be equivalent when
there are no faulty sensors in the network, as evident from
the results, where for nf = 0 the ODRMSE and ODMAPE
are very similar for the two formulations. As expected,
increasing the number of faulty sensors yields higher values
for both metrics, however, across all cases, the FOD solution
approach consistently outperforms the OD-NFC approach,
demonstrating its superiority in producing more accurate
results. Specifically, the FOD approach exhibits results that
are up to 5 times better than those obtained with the
OD-NFC approach in terms of ODRMSE. Nevertheless, the
FOD solution approach consistently delivers more accurate
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Fig. 4: Average ODRMSE for different fault magnitudes for
the OD-NFC and FOD approaches, and (a) 100%, (b) 80%,
(c) 60% and (d) 40% network coverage.

results even under such challenging conditions. Further,
the standard deviation values show that the variability of
the optimisation results becomes larger as we decrease the
percentage of network coverage suggesting that different
subsets of measured road segments may be subject to larger
estimation error. However, for both networks the standard
deviation is less than 10% of the average value, indicating
robust results under different settings of the experiment.

Next we thoroughly assess the performance of the pro-
posed approach and provide insights of its effectiveness
across diverse network coverage scenarios and under dif-
ferent faulty conditions. Towards this, we consider varying
faulty magnitudes for each network coverage scenario and
investigate the robustness of the proposed approach. Figure
4 illustrates the average ODRMSE for both the OD-NFC and
FOD methods at different percentages of network coverage.
Specifically, Figure 4 (a) corresponds to 100% network
coverage, Figure 4 (b) to 80%, Figure 4 (c) to 60%, and
Figure 4 (d) to 40% network coverage. Notably, when the
fault magnitude is small (e.g., 0.3), both methods yield
similar results. This may be attributed to the fact that both
approaches may treat such small magnitudes as measure-
ment or model errors rather than significant disturbances.
However, these minor errors have a negligible impact on the
estimation performance, as evident from Figure 4 and Table
I. Overall, the FOD approach demonstrates lower variation
in the results as the fault magnitude increases, while the
OD-NFC approach exhibits an increasing trend under similar
conditions. This observation suggests that the FOD approach
maintains a more consistent performance across varying
fault magnitudes.
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Fig. 5: Fault residual parameter values with (a) nf = 3 and
(b) nf = 4.

To demonstrate the effectiveness of the FOD approach
in varying fault scenarios, we collected measurements with
full network coverage under two different conditions as
follows. (i) Three faulty sensors, nf = 3: We introduced
faults in sensors 10, 15, and 19, with magnitudes of 0.5
veh/km, 2 veh/km, and 8 veh/km, respectively. The faults
occurred during the following time periods: t ∈ [150, 350],
t ∈ [470, 590], and t ∈ [200, 500], respectively. (ii) Four
faulty sensors, nf = 4: Faults were applied to sensors
4 and 17 with magnitudes 0.5 veh/km and 3 veh/km for
periods t ∈ [200, 500] and t ∈ [420, 610], respectively.
Additionally, sensors 13 and 16 experienced multiplicative
errors, with factors t/60 and t/20, respectively, during
periods t ∈ [50, 250] and t ∈ [600, 700].

Figure 5 illustrates the results, where the x-axis rep-
resents time (with K = 720 time steps corresponding
to T = 2 hours) and the y-axis shows the sensor fault
residuals (oi,t, ; i ∈ C). The figure indicates that most
fault residuals are close to zero, suggesting effective fault
detection. The non-zero residuals are attributable to model
and measurement noise. For the faulty sensors, the proposed
method successfully identifies faults, as evidenced by the
significant increase in fault residuals for sensors 10, 15,
and 19 during their fault periods, accurately tracking the
magnitude of these faults (Figure 5 (a)). Similarly, Figure 5
(b) demonstrates that the approach accurately detects both
additive and multiplicative faults, with noticeable increases
in fault residuals for sensors 4, 13, 16, and 17 during their
fault periods. For both cases the ODRMSE remains low as
indicated in Table I.

Finally, we focus on evaluating the fault-adaptive OD
matrix estimation algorithm (Algorithm 1). Specifically, we
aim to explore the impact of correcting or ignoring faulty
measurements, assuming either full or random partial cover-
age of the network. In Table II we present average values for
both ODRMSE and ODMAPE for the two variants of the fault-
adaptive approach, namely FODign and FODcorr (see Sec-
tion V-C), across various network coverage configurations,
including full and random partial loop detector layouts,
along with the standard deviation of the different runs of
the procedure. We vary the number of faulty sensors in
each network coverage scenario to provide a more in-depth
understanding of the algorithm. Notably, when dealing with



FODign FODcorr

Cov. nf ODRMSE ODMAPE ODRMSE ODMAPE
[veh/h] [%] [veh/h] [%]

100%

1 5.69±0.57 9.1±1.1 5.92±0.59 4.4±0.4
2 9.73±1.36 12.8±1.7 6.74±0.81 5.3±0.6
4 11.58±1.47 13.4±2.0 7.02±1.93 7.3±0.9
6 16.48±2.06 15.2±2.1 9.25±1.47 7.9±0.9
8 37.99±6.93 20.5±3.1 10.19±1.82 9.0±1.4

80%

1 19.93±2.91 15.5±2.0 12.71±1.69 6.2±0.7
2 20.61±2.82 16.4±2.2 10.49±1.92 7.9±1.0
4 22.82±2.99 20.0±3.2 13.22±1.19 8.2±1.3
6 26.79±3.45 23.4±4.1 14.99±1.33 13.8±1.2

60%

1 12.87±3.11 9.3±1.2 6.07±0.73 4.2±0.3
2 18.42±2.81 16.3±2.8 11.64±1.54 8.6±1.7
4 22.45±3.23 20.0±3.3 15.14±2.97 10.7±2.2
6 26.44±3.75 24.2±3.9 17.34±3.12 15.2±1.4

40%
1 18.82±2.92 14.8±2.8 7.76±1.94 6.3±0.8
2 27.57±3.94 18.7±3.0 12.92±1.67 7.7±1.6
4 47.13±6.06 41.2±7.1 14.04±1.89 9.3±1.8

TABLE II: Average ODRMSE and average ODMAPE for dif-
ferent network coverage and different number of faulty mea-
surements using the OD-NFC and FOD solution approaches.

a limited number of faults and complete network coverage,
both approaches yield very similar results. However, as
the number of faults increases under conditions of random
partial network coverage, results indicate that correcting
faulty measurements yields results that are up to three times
more accurate. This supports the effectiveness of the fault
adaptive OD estimation approach, particularly in scenarios
with random partial coverage and high number of faults,
demonstrating its capability to enhance estimation accuracy
through targeted correction mechanisms. As before, the
standard deviation values are about 10% of the average
value, indicating robust results under the two variants of
the fault adaptive OD matrix estimation algorithm.

Table III is the confusion matrix indicating the number
of true positives, false negatives, false positives, and true
negatives in terms of fault identification of the proposed
fault-adaptive algorithm. To obtain these results we assume
various network coverage configurations, including full and
random partial loop detector layouts and vary the number
of faulty sensors and fault magnitudes in each network
coverage scenario. Under these conditions we run 50 dif-
ferent simulations across all different scenarios. As shown
in Table III, the proposed approach is able to correctly
identify faults. Notably, even for a small percentage of
network coverage and a large number of faults, the proposed
fault adaptive methodology significantly improves the OD
estimation accuracy as shown in Tables I-II.

B. Simulation Experiment II: Nguyen-Dupuis network

The entire framework is also applied to a larger network,
the Nguyen-Dupuis network [61] that was extensively used
as a case study in many works (see for example [59], [62]),
shown in Figure 6. This network consists of 65 cells, 20
OD pairs and 70 pre-specified paths. The following CTM
parameters are considered: vfi = 60 km/h, vbi = 20 km/h,
φmax
i = 1500 veh/h, ρmax

i = 100 veh/km, ρci = 25 veh/km,
li ∈ [0.3, 0.8] km. The predefined time period of study is
T = 2 hours and the time step is Ts = 10 seconds and
hence we observe measurements for K = 720 intervals.
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Fig. 6: Nguyen-Dupuis network.
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Fig. 7: Root Mean Squared error for different values of the
µ (see Problem (11)) of parameter estimation (green) and
squared error of fault residual parameter values (blue) for
nf = 4 for the time window T = 2 hours.

As for the previous network, we investigate the effect
of the positive regularisation parameter µ (see Problem
(11)) with respect to estimating both the OD matrix of
interest as well as the maximum fault residual errors. We
present results for different values of µ assuming a fixed
faulty scenario and calculate the average RMSE of the OD
demand, ODRMSE, given in (12a), and the average RMSE
of the maximum of the fault residuals error, given in (13).
We assume that we have measurements on all cells of
the network i.e. all cells are equipped with loop detectors
that provide measurements of the link density. We run the
simulator and collect measurements when there are four
faulty sensors in the network, nf = 4. Results for Problem
(11), shown in Figure 7 suggest that there is a trade off
between detecting faults and optimising cost. We aim to
minimise both ODRMSE and RMSEres and Figure 7 confirms
the previous findings that there is a sweet spot of values for
µ, µ ∈ [100.5, 10−2], where we can achieve this. Hence we
set µ = 100.5 for the remainder of this section.

Next, we investigate the performance of the proposed
methodology with respect to the accuracy of estimating the
OD demand, as well as the faulty sensors and their fault
magnitude simultaneously, assuming full or random partial
coverage of the network. Additionally, we evaluate the fault-
adaptive OD matrix estimation algorithm (Algorithm 1) to
understand how correcting or ignoring faulty measurements
affects the outcomes, under conditions of both full and



Predicted
100% network coverage 80% network coverage 60% network coverage 40% network coverage
Faulty Not Faulty Faulty Not Faulty Faulty Not Faulty Faulty Not Faulty

A
ct

ua
l

nf = 0
Faulty TP=99.2% FN=0.8% TP=97.8% FN=2.2% TP=95.4% FN=4.6% TP=94.3% FN=5.7%

Not Faulty FP=0.1% TN=99.9% FP=1.3% TN=98.7% FP=2.6% TN=97.4% FP=4.2% TN=95.8%

nf = 2
Faulty TP=98.9% FN=1.1% TP=96.2% FN=3.8% TP=94.2% FN=5.8% TP=93.1% FN=6.9%

Not Faulty FP=1.5% TN=98.5% FP=2.9% TN=97.1% FP=3.8% TN=96.2% FP=4.9% TN=95.1%

nf = 4
Faulty TP=97.3% FN=2.7% TP=95.9% FN=4.1% TP=93.1% FN=6.9% TP=91.8% FN=8.2%

Not Faulty FP=2.6% TN=97.4% FP=3.9% TN=96.1% FP=6.1% TN=93.9% FP=7.7% TN=92.3%

nf = 6
Faulty TP=95.4% FN=4.6% TP=94.4% FN=5.6% TP=92.2% FN=7.8% TP=91.0% FN=9.0%

Not Faulty FP=4.0% TN=96.0% FP=4.2% TN=95.8% FP=6.3% TN=93.7% FP=7.5% TN=93.5%

TABLE III: Confusion matrix for the proposed fault-adaptive algorithm for the Leicester network.

OD-NFC FOD FODign FODcorr

Cov. nf ODRMSE ODMAPE ODRMSE ODMAPE ODRMSE ODMAPE ODRMSE ODMAPE
[veh/h] [%] [veh/h] [%] [veh/h] [%] [veh/h] [%]

100%

0 2.19±0.22 14.3±2.1 3.03±0.28 16.7±2.8 3.29±0.34 14.6±2.4 2.85±0.27 11.9±1.9
2 7.82±0.91 34.3±6.5 5.52±0.68 25.3±3.5 3.94±0.35 14.2±1.7 3.46±0.34 16.1±2.7
4 57.02±7.32 43.0±6.1 8.51±1.11 37.4±6.8 5.01±0.55 16.6±1.9 4.17±0.43 17.7±1.5
8 68.91±5.99 46.1±4.1 13.90±1.81 37.8±6.4 5.27±0.63 17.1±1.9 4.49±0.38 18.5±1.9
16 100.84±9.87 63.7±5.6 33.82±3.92 46.1±3.9 28.35±2.73 23.9±2.1 7.91±0.92 20.8±2.1

80%

0 4.12±0.35 21.8±2.3 8.70±1.34 27.0±2.4 4.54±0.39 20.7±2.1 4.34±0.31 17.1±1.6
2 13.87±2.87 31.7±3.0 9.62±1.46 29.9±3.9 4.92±0.42 22.8±2.9 5.02±0.71 21.8±1.9
4 73.69±8.92 41.1±4.2 11.41±1.62 34.0±4.2 5.19±0.59 35.3±3.8 5.79±0.57 23.1±2.8
8 97.81±9.26 56.5±5.1 19.85±2.01 40.3±4.8 21.48±2.62 38.6±3.1 6.51±0.77 27.0±2.6
16 124.85±11.78 69.6±7.0 25.66±2.45 45.1±4.1 91.79±8.99 42.5±4.4 9.41±2.02 25.8±2.9

60%

0 15.57±1.53 29.4±3.3 19.16±2.03 27.8±3.0 14.06±1.83 22.4±2.8 12.68±1.45 18.8±3.8
2 26.26±2.22 36.3±2.9 19.39±2.08 30.7±3.2 21.13±2.71 23.5±2.6 13.70±1.46 21.3±2.1
4 81.68±7.78 45.5±3.8 25.58±2.66 44.4±4.7 24.25±2.33 23.9±2.3 18.82±2.05 28.0±3.0
8 102.59±10.42 60.5±5.9 30.14±2.98 58.5±5.5 28.47±3.02 30.8±3.2 22.57±2.08 32.1±3.3
16 207.36±19.17 72.3±6.8 42.14±4.87 59.9±5.1 101.22±9.35 67.3±5.9 27.32±2.69 39.5±4.0

40%

0 32.51±3.09 26.0±2.2 39.11±4.03 36.3±3.4 33.16±2.98 28.4±2.7 34.25±3.67 23.9±2.2
2 50.09±4.99 47.7±4.8 42.60±4.31 42.2±4.0 35.16±3.39 31.4±3.7 41.79±4.08 24.0±2.5
4 101.48±9.88 60.3±5.6 54.72±6.68 45.6±4.7 65.97±7.56 49.5±5.0 43.03±4.09 28.8±3.4
8 150.73±13.87 78.8±9.0 67.57±5.99 50.5±4.9 95.51±9.09 71.8±6.6 48.37±5.03 34.0±3.3

TABLE IV: Average ODRMSE and average ODMAPE for different network coverage and different number of faulty measurements
using the OD-NFC, FOD, FODign and FODcorr approaches.

random partial network coverage. Each experiment involves
running both optimization procedures 50 times, with a
different subset of cells selected for faulty measurements
or ignored measurements (in the case of random partial
coverage) in each run, to reduce potential biases and ensure
a comprehensive assessment of the proposed methodology.
Table IV summarizes the average ODRMSE and ODMAPE
values for the OD-NFC and FOD methods across different
network coverage scenarios (full and random partial loop
detector layouts). It also includes results for the two vari-
ants of the fault-adaptive approach, FODign and FODcorr,
across various network coverage configurations, along with
the standard deviation of the 50 runs of the optimisation
procedure.

As shown in Table IV all formulations should be equiv-
alent when there are no faulty sensors in the network, with
the FOD approach yielding slightly lower ODRMSE and
ODMAPE than the other three formulations. As expected,
increasing the number of faulty sensors all approaches
exhibit larger estimation error, however, across all cases,
the FODcorr solution approach consistently outperforms
both the OD-NFC and the FODign approach. Specifically,
the FOD approach exhibits results that are up to 5 times
better than those obtained with the OD-NFC approach in
terms of ODRMSE, while the FODign approach improves
the estimation accuracy up to up to 75% and the FODcorr

approach up to 87%. Note that the two variants of the fault-

adaptive algorithm yield similar results for high percentages
of network coverage, however for low percentage of network
coverage or a high number of faults we can conclude
that the most robust results are obtained by utilising the
FODcorr approach. Similar to the previous experiment, the
standard deviation values are about 10% of the average
value, indicating robust results under all formulations.

We compare the estimation performance of the OD-
NFC, FOD, FODign and FODcorr approaches for different
percentages of network coverage and varying number of
faulty sensors. In Figure 8 we present the estimated OD
demands against the true OD demands and calculate the R2

given by

R2 = 1− dtrue
w − dw
dtrue
w − d̄

.

The simulations assume an 80% random partial coverage,
and the optimization procedure is repeated 50 times, each
time considering a different number of faults. The presented
results highlight significant differences in the estimation
accuracy among the approaches. Notably, the OD-NFC ap-
proach demonstrates lower R2 values compared to the other
methods, indicating a higher discrepancy between estimated
and true OD demands. The consideration of faulty measure-
ments in the formulation, as in the FOD approach, leads
to improved estimation results. Moreover, by employing the
fault-adaptive algorithm, the FODcorr approach outperforms
the other methods, achieving the highest accuracy in esti-
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Fig. 8: Estimated, d, against true, dtrue, OD demands and R2 of the OD demands for 80% random partial network coverage
for: (a) OD-NFC, (b) FOD, (c) FODign (d) FODcorr.

mating OD demands. These findings are consistent with the
results presented in Table IV, reinforcing the effectiveness
of the FODcorr approach in enhancing estimation accuracy,
especially in scenarios involving partial network coverage
and varying number of sensor faults.

Finally, we assess the estimation accuracy of the proposed
fault-adaptive algorithm. Table V is the confusion matrix
indicating the number of true positives, false negatives,
false positives, and true negatives for the Nguyen-Dupuis
network, obtained following the same procedure as for the
Leicester network. As shown in Table V, the proposed
approach yields results with high accuracy in fault identi-
fication, while most importantly, the proposed fault adaptive
methodology significantly improves the OD estimation ac-
curacy as shown in Table IV.

VII. DISCUSSION

This work presents a novel model-based methodology
for estimating OD matrices using fine-grained traffic counts
collected from stationary sensors distributed across the net-
work, even when these sensors may experience faults. A
key innovation of our approach lies in its explicit handling
of faulty sensor data, including the detection, isolation, and
correction of these faults - an aspect that has not been
explored in the context of OD matrix estimation. In this con-
text, two additional contributions emerge: (i) the extension of
our previously introduced path-based OD matrix estimation
framework from [22] to account for both measurement and
model noise, and (ii) the identification of sensor faults,
along with the correction of faulty measurements. More-
over, the problem formulation, which utilizes fine-grained
measurements, introduces several important advantages: (i)
it requires no prior or target OD matrices, avoiding the biases
and dependencies associated with them, (ii) it eliminates the
need for route choice models or split ratios, (iii) it does not
rely on user equilibrium assumptions for accurate estimation,
(iv) it does not require historical data, and (v) it delivers
high-quality OD matrix estimates even with partial network
coverage.

A current limitation of this work is that the proposed
methodology only addresses networks operating under free-
flow conditions. As part of future research, we aim to extend
the approach to incorporate networks operating under con-

gested conditions. This extension will involve a generalized
nonlinear state-space model described by:

xt+1 = f(xt,u) + ϵt

yt = Hxt + ωt + ot, (14)

where f(·, ·) represents the nonlinear traffic dynamics, such
as those found in macroscopic models. The challenge of
solving this problem arises from the high dimensionality of
the state vector xt that must be estimated at each time step,
along with the nonlinearity of the dynamics, which result
in a challenging non-convex optimisation formulation. To
address this, we plan to explore two custom optimization
approaches: (i) a successive convexification technique that
iteratively constructs tighter convex bounding sets for all
nonlinear terms, and (ii) a successive linearization approach
that approximates nonlinear terms with linear counterparts
around the current solution.

VIII. CONCLUSIONS AND FUTURE WORK

This paper explores the estimation of OD matrices in
the presence faulty measurements, an area that has not
been addressed in existing literature. The path-based CTM
OD matrix estimation method, which incorporates fault
considerations into OD matrix estimation, shows significant
improvements compared to approaches that do not explicitly
account for faults. The model-based technique used for OD
matrix estimation proves to be effective, delivering precise
OD matrix estimates and demonstrating strong capabili-
ties in detecting and identifying faulty sensors. The fault-
adaptive algorithm considered was showcased to further
improve the accuracy of the OD matrix estimation, espe-
cially when faulty measurements are corrected within their
faulty window, to conclude that an efficient approach that
identifies, isolates and compensates faulty measurements
can improve the estimation performance up to 80%. A
systematic investigation allowed us to thoroughly assess the
performance and applicability of the proposed approach,
providing insights into its effectiveness across diverse net-
work coverage scenarios and under different fault conditions.
The consideration of varying fault magnitudes and numbers
of faults enhances the applicability of this methodology in
real-world scenarios, making it a robust and adaptive solu-
tion for accurate OD demand estimation and fault detection



Predicted
100% network coverage 80% network coverage 60% network coverage 40% network coverage
Faulty Not Faulty Faulty Not Faulty Faulty Not Faulty Faulty Not Faulty

A
ct

ua
l

nf = 0
Faulty TP=98.2% FN=1.8% TP=96.8% FN=3.2% TP=94.3% FN=5.7% TP=93.1% FN=6.9%

Not Faulty FP=1.1% TN=98.9% FP=3.3% TN=96.7% FP=4.5% TN=95.5% FP=5.7% TN=94.3%

nf = 2
Faulty TP=96.9% FN=3.1% TP=94.2% FN=5.8% TP=92.8% FN=7.2% TP=91.6% FN=8.4%

Not Faulty FP=4.5% TN=95.5% FP=4.9% TN=95.1% FP=4.9% TN=95.1% FP=6.5% TN=93.5%

nf = 4
Faulty TP=95.3% FN=4.7% TP=93.9% FN=6.1% TP=91.9% FN=8.1% TP=90.9% FN=9.1%

Not Faulty FP=5.6% TN=94.4% FP=5.9% TN=94.1% FP=6.1% TN=93.9% FP=7.7% TN=92.3%

nf = 6
Faulty TP=93.4% FN=6.6% TP=91.4% FN=8.6% TP=91.0% FN=9.0% TP=90.1% FN=9.9%

Not Faulty FP=6.3% TN=93.7% FP=7.2% TN=92.8% FP=7.6% TN=92.4% FP=8.8% TN=91.2%

TABLE V: Confusion Matrix for fault identification of the fault-adaptive algorithm for the Nguyen-Dupuis network.

in transportation systems. In summary, the proposed FOD
solution approach appears as a robust and superior method
for OD estimation in the presence of faulty measurements.

Future research will focus on adapting the proposed
methodology to handle networks experiencing congestion,
as described in Section VII. Additionally, there is potential
to refine this approach for dynamic OD matrix estimation.
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