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Abstract. Defining effective policies for managing traffic in large cities,
particularly near major logistics hubs such as ports, is a challenging
problem due to the critical interaction between mobility and freight flows.
In this work, we combine a traffic simulator with a change-detection test
to assess a priori whether a specific policy would have an impact on
city mobility. More specifically, we propose a general methodology to
identify the expected number of days/monitoring samples before gaining
evidence that the policy has introduced a detectable change in the traffic
data acquired after enforcing the policy. Our experiments, conducted on
simulated traffic, focused on the port-city context of Genova, showcase
that our proposed methodology can provide outcomes that are consistent
with the kind and expected effectiveness of policies under evaluation.

1 Introduction

Traffic management is a critical problem in cities, especially in areas where the
urban infrastructure supports both mobility flows and traffic from large logistics
hubs. A port located near the city center is a paradigmatic example in which
this kind of disruptive interaction occurs, requiring city authorities to define
suitable mobility policies to reduce externalities like pollution and congestion
[16, 24, 27]. Indeed, policy definition is crucial and involves many stakeholders:
citizens, logistics operators, public transport companies, and port authorities.

Policies that can be implemented include diverse strategies like opening or
closing roads, changing routing plans and, most commonly, changing traffic light
timing [6]. Yet, for any potential new policy, assessing a priori whether it would
be effective is crucial to reduce the risk of making wrong or ineffective choices.
To this purpose, sophisticated analytics are typically employed, including traffic
simulators that can generate realistic traffic conditions over multiple days [4].
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While the ultimate validation of a policy needs to be conducted by analyzing data
acquired on the field, it is important for policy makers to understand a priori the
effectiveness of a new policy. In this paper, we propose a general methodology
that leverages traffic simulator and change-detection tests for assessing whether a
specific policy would be effective, namely whether it has a statistically significant
impact on the simulated traffic at specific locations, and how long policymakers
should wait before having a confirmation from the field that the policy is effective.

Adopting change detection in urban traffic monitoring is not unheard of, and
there is a broad literature in this regard, primarily addressing the detection of
accidents or road impairments (see, e.g., [7]). However, using statistical tools
to assess how long it will take to conclude that a policy would be effective is
challenging for several reasons. First, the input to be analyzed easily becomes
high dimensional, as traffic is conveniently monitored at different city locations
and selectively for different categories, like the flow and the speed for each type
of vehicle (e.g., cars, trucks, etc.). Second, urban networks are complex systems
characterized by chaotic and non-linear dynamics, making the distributions of
measured quantities unknown. Therefore, running a statistical test to determine
whether a high-dimensional stream of mobility data (following an unknown dis-
tribution) has changed after policy enforcement is far from trivial, in particular
when it comes to granting control over the false alarm rate [11].

Furthermore, the analysis needs to be conducted in a sequential manner, as
the final policy assessment is to be conducted on online real data. However,
acquiring real data before and after policy enforcement is not trivial, since un-
controlled system dynamics might invalidate the stationarity assumption, and
collecting real data requires complex logistics and a waiting time longer than
simulated data. Our proposal focuses on assisting policymakers in their planning
(the relevant literature is summarized in Section 2). We aim at understanding
whether a policy is expected to have an influential impact on traffic. In particu-
lar, we combine change-detection with traffic simulation, to make policymakers
informed whether the policy would be perceivable in simulated data, and to
estimate the delay required to observe an impact on the traffic.

Our methodology (illustrated in Section 4) combines a traffic simulator and a
nonparametric change-detection test to assess the expected latency for the policy
to induce a detectable change. Traffic simulators can nowadays achieve realistic
outcomes, simulating multiple vehicle categories and modeling complex dynamics
[8]. Thus, we simulate traffic before and after policy enforcement to replicate
mobility data over multiple days. The second component, the change-detection
test, is a sequential statistical tool that analyzes multivariate streams. More
specifically, we adopt QT-EWMA [11], which does not underpin any parametric
model (e.g., a Gaussian distribution) to describe the multivariate distribution
of pre-policy enforcement data, and it allows monitoring while controlling the
expected number of samples before having a false positive detection.

In our experiments (Section 5), we consider as a case study the port-city con-
text of Genova, one of the main ports in the Mediterranean Sea. In particular, we
investigate three different policies and show that our method provides consistent
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findings with the expected traffic behavior. More specifically, our test can con-
trol the expected delay for false positives, and confirms that changes are more
perceivable in specific streets. This is an encouraging result, which paves the
way for extending the use of QT-EWMA to address real-time traffic monitoring,
combining the monitoring scheme with time-series regression methods.

2 Related Work

Most of the literature on policy evaluation in the context of urban traffic and
mobility is focused on ex-post assessment, relying on the analysis of real-world
data collected after policy enforcement. By this approach, the effectiveness of
mobility policies is assessed only after they have been implemented, while pol-
icy makers would need to assess the policy effectiveness beforehand. Typically,
the assessment involves the definition of ad-hoc indices of performance of the
network, often based on user experience surveys [12,15,17], rather than directly
relying on traffic flow.

A popular approach to evaluate ex-post the impact of policies relies on a
regression model trained on the observed traffic data. This translates into ana-
lyzing the impact of the model variables affected by the policy on the predicted
outcome. For instance, in [13] a simple nonlinear regression model is employed
to evaluate the impact of urban transportation policies from various real world
datasets, while in [14] a similar approach has been devised to evaluate the im-
pact of driving restrictions in Beijing. In [20] a parametric time series modeling
approach based on the so-called basic structural model has been implemented
to evaluate the effect of a new mobility policy in Milan, comparing the pollu-
tion levels before and after the policy enforcement. In contrast, our approach
leverages simulated scenarios and a nonparametric methodology, to investigate
a priori whether a policy is effective with statistical guarantees.

A popular and convenient choice to evaluate the impact of policies a priori is
to resort to simulation. By simulating the traffic dynamics of urban networks, it
is possible to evaluate lines of intervention in a "what-if fashion" before they are
actually deployed. Some approaches in the literature adopt a modeling method-
ology to describe policies at a strategic level, involving several actors and stake-
holders of the urban environment (see, for instance, [25, 26] based on a system
dynamics approach). However, these papers do not address the problem of de-
termining whether a policy has significantly impacted urban traffic in general,
but they limit themselves to particular cases such as strategies to reduce carbon
emissions or urban traffic restriction policies.

When the analysis is focused on the actual performance of the urban network,
as in our settings, traffic models of the micro-simulation kind are the most suited
to capture the effects of changes induced by policies. Micro-simulation [8, 9] is
based on the “car following” principle and can represent the behavior of individual
vehicles, providing a dynamic and detailed representation of all the relevant
features of the network (e.g., traffic lights, junctions, priorities, etc). Thus, traffic
simulation models can be used to provide a realistic assessment of the effect of a
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wide range of policies, both at the strategic and tactical level. Examples of policy
evaluation approaches based on traffic micro-simulation can be found in [19]
and [22] where the Eclipse/SUMO open source simulator is used, in [10] where
the commercial VISSIM software is used, and in [1] using the commercial software
AIMSUN. In all these approaches, the simulation tool generates scenarios with
different policies, and then suitable performance indices are defined to evaluate
the outcomes. Yet, there is no principled statistical methodology to determine
whether a new policy would actually affect urban traffic, and how long it takes to
confirm it from real measurements. In contrast, our methodology utilizes traffic
simulation combined with a sequential change-detection test to estimate the
expected time required for a policy to take effect.

Urban traffic contexts characterized by the interaction of mobility and lo-
gistics flows are probably among the most critical for policy changes. A port
located within a city is the most typical example of these kinds of settings, thus
in this paper we take this as the reference scenario for our proposed methodol-
ogy. The presence of systematic flows from heavy vehicles on top of the general
mobility traffic is a source for negative externalities such as pollution and con-
gestion [5,16,28]. These externalities increased the need for policies to efficiently
regulate the urban road network where port and mobility traffic interact. In the
literature, there are quite a few papers focused on policy evaluation and assess-
ment in port-city environments, but the analysis is generally performed at a very
strategic level with a focus on economic and social impact, and is based on ex-
post real data analysis (see, e.g., [21, 23]). The present paper introduces for the
first time a methodology to evaluate the impact of policies in port-city scenarios
a priori, focusing on actual changes detectable in the network performance.

3 Problem Formulation

We address the problem of assessing whether a mobility policy significantly im-
pacts an urban network. To this end, we measure traffic data, such as the number
and speed of vehicles, at one or more network’s points of interest. We denote by
xt ∈ Rd a sample of traffic data measured on day t. We assume that the mea-
surements on different days are independent and identically distributed (i.i.d.),
and denote by ϕ0 the unknown distribution of traffic data under a basic scenario.

We define a mobility policy p as a set of actions an authority can enforce
on urban roads to modify mobility. For example, a policy may involve altering
the timing of traffic lights or regulating access to a street depending on the
vehicle class. Each policy p generates a change in the traffic distribution, namely
ϕ0

p−→ ϕ1, where ϕ1 is the distribution of the data after the enforcement of the
policy. We say that a policy p is effective when the distribution ϕ1 differs from
the distribution of traffic data ϕ0 before policy enforcement.

We assume a training set of N stationary samples x̃1, . . . , x̃N
i.i.d.∼ ϕ0 from the

initial distribution ϕ0, where each sample corresponds to a distinct day. Then, we
enforce a policy p and start collecting samples x1, x2, . . .

i.i.d.∼ ϕ1 from the traffic
scenario generated by p. Our goal is to determine whether the impact of a policy
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p on the network has a statistically significant effect by testing for ϕ1 ̸= ϕ0. Also,
we aim to perform the testing sequentially, meaning that a decision should be
taken for every incoming sample xt, and to measure how many samples after
policy enforcement are needed to conclude that the policy is effective. To avoid
long data collections, we select candidate policies on simulated data.

4 Proposed Solution

In this section, we describe our solution to assess mobility policies in a road
network. As anticipated in Section 1, our solution combines: (i) a micro-traffic
simulator, and (ii) a nonparametric change-detection algorithm. To avoid long
acquisition campaigns, we generate realistic traffic data using a traffic simulator.
In this way, we can simulate large datasets of traffic data under arbitrary mobility
policies, which would otherwise require months of measurements on the real
world network. Using simulated data, we model the behavior of the network in
a basic scenario with a change-detection algorithm, obtaining an estimate ϕ̂0

of the statistical distribution ϕ0 of the traffic data in the basic scenario. Each
mobility policy p gives rise to a different traffic scenario with data distribution
ϕ1. We monitor a stream of traffic data in search of statistical evidence to assert
that ϕ1 ̸= ϕ0, meaning that p significantly impacts the network’s traffic.

4.1 Traffic Simulator

We select candidates policies employing a stochastic simulator to generate traffic
data according to a user-defined mobility policy. Thus, we implement the city
road network in the Eclipse/SUMO traffic micro-simulator [18], a popular open-
source tool that enables a detailed representation of traffic dynamics. Since we
are mostly interested in scenarios where mobility and freight traffic interact we
define standard vehicle classes (i.e., general mobility and logistic), each charac-
terized by specific size, speed, acceleration, etc. In the simulation, each vehicle
represents an equivalent unit of the corresponding class (truck or car).

The simulator models the city road network with several edges, which are the
basic components of the road system (e.g., a portion of a street or a roundabout).
We denote by S the set of all the network edges. For each edge s ∈ S, the
simulator generates the average values, over intervals of arbitrary length, for
the following six variables: (i) number of cars (num_cars), (ii) speed of cars
(speed_cars), (iii) flow (i.e., vehicles that left the edge) of cars (flow_cars),
(iv) number of trucks (num_trucks), (v) speed of trucks (speed_trucks), and
(vi) flow of trucks (flow_trucks). We generate simulations for several days by
independent runs of the simulator. Thus, we obtain a sequence of day-indexed
traffic data x1, x2, · · · ∈ Rd, where d is the total number of variables to monitor.

4.2 Input preparation

For each simulated day, we generate 6 traffic variables (num_cars, speed_cars,
flow_cars, num_trucks, speed_trucks and flow_trucks) for each edge in
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S, where the cardinality |S| is typically in the order of hundreds. Monitoring
streams of variables with hundreds of dimensions is challenging. Moreover, most
of the edges are strongly correlated due to the simulation dynamics, thus not
very statistically informative. Therefore, we select a small subset Sm ⊂ S of
edges of interest, namely the monitoring points of the network. We define Sm in
agreement with traffic experts, including edges that are crucial for assessing mo-
bility policies in the road network under study. To facilitate interpretability, we
monitor both traffic at all edges and separately at each edge s ∈ Sm individually,
resulting in |Sm| distinct monitoring problems with 6-dimensional data.

The raw data provided by the simulator needs to be preprocessed before
it can be used in a change-detection algorithm. A mobility policy or the cur-
rent traffic regulations may restrict the access to certain streets to only cars,
resulting in simulated trucks related variables (num_trucks, speed_trucks and
flow_trucks) that are constant equal to zero. Since these variables are useless
for the monitoring problem, we remove them from the dataset. Moreover, we note
that 2 variables, namely flow_cars and flow_trucks, take on discrete values in
any scenario. Since histogram-based methods (including QT-EWMA [11]) strug-
gle with discrete variables, we add a small Gaussian noise to these two variables,
exclusively for change-detection purposes.

4.3 Change-detection method

We frame the policy assessment problem as a special change-detection prob-
lem where the change point is known and corresponds to the enforcement of
a mobility policy, where the stationary distribution ϕ0 corresponds to the cur-
rent scenario in the real-world network. We use the training set {x̃1, . . . , x̃N}
to fit an estimate ϕ̂0 of the distribution ϕ0 of the basic scenario. Then, given
a policy p, we configure the simulator according to p and generate observations
x1, x2, · · · ∈ Rd, which we model as i.i.d samples from the unknown distribution
ϕ1 of the traffic scenario generated by the policy p.

For each new incoming sample xt, an online change-detection algorithm as-
sesses whether the sequence {x1, . . . , xt} provides sufficient statistical evidence of
a change in the data-generating process, namely whether the policy is effective.
Specifically, at each time instant t, the algorithm computes a statistic Tt, based
on the estimated initial distribution ϕ̂0, and applies a decision rule comparing
it to a time-dependent threshold ht. The detection time t∗ is defined as the first
instant of time when the statistic Tt exceeds the threshold ht, that is:

t∗ := min {t ∈ N : Tt > ht}. (1)

We recall that a policy is always enforced at the beginning of the data simulation
process. Thus, when p induces a real change ϕ0 → ϕ1, such that ϕ0 ̸= ϕ1, the
detection time t∗ corresponds to the detection delay, since the policy is enforced
at the beginning of the monitored stream.

A fundamental metric of any online change-detection algorithm is the ex-
pected number of time steps before a false detection, the Average Run Length
(ARL0) [2] is defined as:
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ARL0 := Ex∼ϕ0
[t∗],

where the expectation is with respect to the training distribution ϕ0, namely the
data stream comes from the basic traffic scenario. Our goal is to estimate the
average detection delay t∗, controlling the ARL0, namely obtaining an empirical
ARL0 close to a user-specified target ARL0. We note that controlling the ARL0

is of utmost importance, since it is the sequential counterpart of the Type I
error probability in offline hypothesis testing. An ARL0 that is too small would
result in numerous false alarms, causing us to incorrectly conclude that a policy
is effective when it is not, making the detection delay meaningless.

We detect changes in traffic data using the QuantTree Exponentially Weighted
Moving Average (QT-EWMA) algorithm [11]. During training, the algorithm
uses the training set x̃1, . . . , x̃N

i.i.d.∼ ϕ0 to approximate the unknown distri-
bution ϕ0 of the basic scenario, constructing a histogram with K bins, which
are created by partitioning Rd along random directions (a QuantTree [3]). The
splitting points are defined so that each bin contains a user-specified quantile of
the training set, resulting in a uniform partition of the data into bins. During
monitoring, for each new sample xt, QT-EWMA updates a statistic Tt in an in-
cremental manner and compares it against a time-dependent threshold ht. The
details of the QT-EWMA algorithm can be found in [11].

We choose QT-EWMA since it is a state-of-the-art online nonparametric
change-detection method suitable for high-dimensional data with arbitrary dis-
tribution. Remarkably, QT-EWMA provides theoretical guarantees on the ARL0,
allowing one to control the false alarm performance of the algorithm. The thresh-
olds ht do not depend on the stationary distribution ϕ0 or the number d of di-
mensions. They depend exclusively on the size of the training set and the number
of histogram bins, and need to be precomputed using Monte Carlo simulations.
In our experiments, we use the publicly available thresholds that can be found
in the official repository3.

5 Experiments

5.1 The Genova Port-City Scenario

We choose as case study the port-city context of Genova, a town in north-west
Italy hosting one of the most important container ports in the Mediterranean
Sea. The area considered is depicted in Figure 1, and is characterized by the
presence of port gates and highway toll booths in close proximity, thus it is an
area of intense interaction between logistics and mobility traffic. In the figure,
the ‘T’ signs denote a traffic entry/exit point. In particular, T1 corresponds to
mobility vehicles to/from western parts of the town through Lungomare Canepa,
and trucks to/from the Aeroporto highway toll booth. T2 is the direction to/from
the Genova Ovest highway toll booth. T3 is a direction to/from western parts of

3 https://github.com/diegocarrera89/quantTree
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Fig. 1. The Genova’s port-city network under study.

the town interested mainly by mobility traffic and ferry passengers. T4, T5 and
T6 are various entry/exit points for eastern parts of the town, interested only by
mobility traffic. The points denoted by ‘G’ are port gates. Specifically, G1 and
G2 are the Etiopia and San Benigno gates, respectively, devoted mainly to freight
traffic, while G3 is the Alberatzzi gate, mainly devoted to ferry passengers. The
‘TL’ signs mark the position of traffic lights that will be used to define changes of
policies as will be detailed below. The points at which the variables of interest are
monitored are indicated by ‘M’, and are respectively called Lungomare Canepa,
Via di Francia, Elicoidale Upstream and Elicoidale Downstream. These
four edges of interest represent edges in which general mobility traffic mixes with
logistics (M1, M3 and M4) and ferry traffic, giving rise to possible congestion.

In order to define the traffic demand between origins and destinations, we
assume different behavior for trucks and mobility vehicles. In particular, we
assume that trucks follow fixed routes between gates and highway toll booths.
We considered 6 truck routes, namely (G2 → T2), (T2 → G2), (T1 → G1),
(T1 → G2), (G1 → T1) and (G1 → T2). General vehicles and ferry passengers
instead are assumed to move freely among the origins and destinations, adapting
the route depending on current traffic conditions. For this kind of traffic we
considered a total of 19 origin/destination pairs, i.e., (T1 → T4), (T1 → T5),
(T1 → T6), (T1 → T2), (T3 → T2), (T3 → T4), (T3 → T5), (T3 → G3), (T2 →
T1), (T2 → G3), (T2 → T4), (T2 → T5), (T5 → T3), (T4 → T3), (T4 → T2),
(T4 → T1), (G3 → T2), (T6 → T1) and (T6 → T2). Overall, these correspond to
a 25-dimensional vector of inflow rates F used to drive the simulation scenario.

5.2 Simulator Configuration and Datasets Generation

To test our methodology, we define two basic scenarios by setting Poissonian dis-
tributions as input inflows of the simulator and we then record the 25-dimensional
vector of hourly inflow rates F . Adopting Poissonian inflows is a standard in
queueing and traffic systems, and yield realistic discrete values. The first basic
scenario (denoted by A) is intended to simulate the traffic during working days,
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Average Empirical ARL0

N ARL0 ϕA
0 ϕB

0 ϕAB
0

64 500 490.4 482.6 487.3
1000 998.0 984.4 984.5

128 500 502.8 489.5 509.0
1000 1017.6 1003.1 1006.5

256 500 495.0 510.9 496.0
1000 986.4 1006.8 1017.5

Table 1. Empirical ARL0 with respect to training set size, target ARL0 and basic
scenario distribution. The empirical ARL0 is close to the target ARL0 in all cases.

while the second (denoted by B) is for weekends, which are characterized by less
traffic. We additionally consider a mixture basic scenario (denoted by AB) by
sampling traffic data from scenario A and scenario B, with a 70-30 proportion.
We denote the data distributions under these three basic scenarios by ϕA

0 , ϕB
0

and ϕAB
0 , respectively. For each basic scenario, we consider the following three

policies with increasing impact:

– Policy 1 (p1): little shifting of a single traffic light’s phase (TL2).
– Policy 2 (p2): shifting the phase of three traffic lights (TL1, TL2, TL3).
– Policy 3 (p3): two traffic lights (TL1, TL2) are now dynamic, adjusting the

phases based on current traffic instead of using fixed phase programs.

To generate the datasets, for each scenario, we simulate 1000 days with 1 hour
of simulation time. More specifically, we considered a simulated time of 4200
seconds per day, the first 600 seconds are considered as warm up to populate
the empty network, and then discarded. Then, to generate the six traffic data
variables of interest described in Section 4.1, we aggregate the values from the
simulator. Notice that, given the short time interval we consider every day, the
traffic at the gates and the highway booths contain all the required informa-
tion for the logistic flows, while other port-related factors such as incoming
ships/trains or yard storages would act on longer time frames.

5.3 Results

In this section, we present the results obtained from the experiments described
above. We start by measuring empirical ARL0, then show the ability of our
methodology to assess the effectiveness of policies.

Table 1 shows that the empirical ARL0 consistently aligns with the target
across all training set sizes N , target ARL0 values, and data distributions, con-
firming the reliability of our method. The agreement improves when N increases,
with N = 256 showing the best match. Slight deviations, particularly in the ϕB

0

setting at ARL0 = 1000, suggest some sensitivity to data characteristics. Overall,
the method controls ARL0 under all conditions, even small N yielding reliable
results. Tables 2, 3, and 4 report the detection delays for the three basic sce-
narios, namely weekdays (ϕA

0 ), weekends (ϕB
0 ) and mixture (ϕAB

0 ). We present
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Average Detection Delay

Policy N ARL0
Elicoidale
Upstream

Elicoidale
Downstream

Lungomare
Canepa

Via di
Francia

All 4
edges

p1

64 500 478.9 238.9 556.9 49.3 251.9
1000 935.3 497.2 1050.1 73.7 405.1

128 500 488.2 202.6 615.3 35.5 170.2
1000 876.5 358.3 1068.3 46.4 255.4

256 500 471.8 158.8 701.9 30.6 130.7
1000 922.0 268.6 1207.5 35.8 186.1

p2

64 500 489.8 35.7 132.5 16.0 42.1
1000 982.9 50.1 223.5 19.2 55.4

128 500 531.8 26.5 79.8 13.9 26.5
1000 926.5 32.7 112.7 16.0 38.7

256 500 520.3 22.4 59.7 12.2 22.7
1000 950.0 27.6 74.4 13.7 27.7

p3

64 500 323.4 5.0 22.2 8.7 7.7
1000 622.6 5.0 26.0 9.8 8.2

128 500 266.1 5.0 16.4 7.8 6.6
1000 455.5 5.0 18.7 8.6 7.3

256 500 194.9 5.0 14.4 7.5 6.4
1000 335.0 5.0 16.1 8.2 6.9

Table 2. Average detection delays (in days) during weekdays. Policy p1 is weakly effec-
tive since delays are large in all segments, policy p2 is more effective in few edges, while
policy p3 is effective at network level and in all edges except Elicoidale Upstream.

the detection delays for each of the three different policies (p1, p2, and p3), as a
function of the training set size N and target ARL0. In particular, we report in
each column the detection delays for each monitored edge individually s ∈ Sm,
as well as for their aggregation Sm. The results reveal a strong dependency be-
tween the type of policy change and the timeliness of the detection of alterations
in the traffic flow.

In the weekday-only scenario (Table 2), detection delays are longest under
p1, which involves a minor phase shift at a single traffic light. This is most evi-
dent in Lungomare Canepa, where delays consistently exceed the target ARL0,
indicating that p1 only produces subtle traffic changes and is weakly effective.
Increasing the training set size N yields limited improvement, as the underlying
change remains minimal. In contrast, p2, which modifies three signals, shows
shorter delays, especially in Elicoidale Downstream, where detection occurs
in less than 50 days, confirming that broader interventions improve respon-
siveness. p3, which implements dynamic signal control, further reduces delays:
in Elicoidale Downstream, detection occurs in just five days, the minimum
for QT-EWMA. Even Lungomare Canepa, previously slow to respond, shows a
significant improvement under p3, confirming the effectiveness of system-wide
adaptive changes, whereas Via di Francia demonstrates consistently short de-
tection delays across all policies, indicating a strong and immediate sensitivity
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Average Detection Delay

Policy N ARL0
Elicoidale
Upstream

Elicoidale
Downstream

Lungomare
Canepa

Via di
Francia

All 4
edges

p1

64 500 515.1 353.0 558.1 537.7 441.3
1000 936.7 671.0 1027.7 1034.6 906.7

128 500 555.5 301.9 623.2 594.3 486.0
1000 1016.6 608.8 1079.7 1079.3 923.0

256 500 604.3 288.7 712.4 664.9 512.0
1000 1079.2 517.9 1130.6 1191.5 923.6

p2

64 500 511.2 194.8 409.4 530.7 328.0
1000 983.7 366.9 749.3 1053.4 646.4

128 500 525.4 144.4 408.8 590.6 323.5
1000 1024.8 268.3 736.6 1020.5 563.6

256 500 577.7 121.1 425.7 676.6 290.2
1000 1089.9 187.3 685.2 1146.1 535.0

p3

64 500 505.9 14.1 198.0 555.9 131.7
1000 926.2 16.5 310.9 1022.6 228.8

128 500 539.7 12.5 149.4 594.1 99.7
1000 1026.5 14.4 228.8 1075.5 147.8

256 500 565.7 12.0 112.5 687.6 83.0
1000 1038.5 13.6 153.2 1199.7 126.8

Table 3. Average detection delays (in days) during weekends. All policies appear less
effective because of reduced traffic on weekends.

to all 3 policies. However, detection remains slow in Elicoidale Upstream, sug-
gesting limited local impact. Across all the policies, higher ARL0 values increase
the detection delay, reflecting the expected trade-off between false alarms and
responsiveness. This is most pronounced in p1 due to its weak signals, while
p3 maintains rapid detection even at higher ARL0, confirming the distribution
change is very apparent.

The weekend-only (Table 3) and mixed scenarios (Table 4) show similar be-
haviors, but with added complexity. Detection is less timely during weekends,
probably due to lower traffic volumes. Without congestion, variations in vehicle
counts and speeds are minimal, limiting the effectiveness of change detection. In
near free-flow conditions, signal timing changes have little influence on overall
dynamics, so even structural interventions like p3 may go largely undetected.
This highlights a key dependency: while high congestion amplifies the effects of
policy changes, low traffic volumes reduce their detectability.

The location of affected road edges highlights the localized impact of pol-
icy changes. In the weekday-only scenario, Elicoidale Downstream is most im-
pacted, followed by Via di Francia, Lungomare Canepa, and lastly Elicoidale
Upstream. This suggests that an edge’s response depends not only on detection
timing but also on its proximity to the modified signals and local traffic patterns.
Edges closer to the changes react more clearly and quickly, while distant ones like
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Average Detection Delay

Policy N ARL0
Elicoidale
Upstream

Elicoidale
Downstream

Lungomare
Canepa

Via di
Francia

All 4
edges

p1

64 500 502.4 295.2 555.1 109.6 314.5
1000 959.3 541.1 1078.1 169.0 538.1

128 500 520.4 255.6 623.7 76.6 293.0
1000 967.5 454.2 1114.2 109.7 486.5

256 500 558.1 222.5 691.0 59.2 256.1
1000 1025.5 377.9 1215.9 75.4 436.1

p2

64 500 523.3 79.2 225.2 37.5 123.7
1000 983.1 120.6 383.7 48.4 187.8

128 500 523.4 53.0 146.3 29.2 87.4
1000 971.2 73.1 232.1 35.5 127.7

256 500 570.8 42.7 106.8 24.2 61.0
1000 1054.9 52.6 145.9 28.8 87.4

p3

64 500 381.5 5.5 38.8 27.3 19.2
1000 756.8 5.9 51.3 33.5 24.7

128 500 536.1 5.4 26.0 19.8 14.1
1000 619.8 5.6 31.0 23.7 16.3

256 500 323.3 5.3 21.3 17.7 12.1
1000 520.1 5.6 23.7 20.1 14.0

Table 4. Average detection delays (in days) on the mixed scenario. All policies appear
less effective because data are influenced by weekend samples.

Elicoidale Upstream show weaker effects. This spatial variation underscores
the need to consider localized traffic dynamics when evaluating mobility policies.

Our experiments confirm that the magnitude of policy interventions signifi-
cantly influences detection performance, thus the time needed to confirm a policy
is effective. Small traffic light phase shifts in p1 are hard to detect, while broader
interventions—such as modifying multiple intersections (p2) or implementing
adaptive signals (p3)—substantially reduce detection delays. Detection is also
affected by the choice of target ARL0, with higher values increasing delay, and
by traffic flow conditions, with weekday congestion enhancing detectability and
weekend free-flow hindering it. Our analysis demonstrates that our methodology
can effectively differentiate between weak, moderate, and strong interventions
based on detection latency, offering a statistically rigorous improvement over
traditional ex-post evaluations, which often miss short-term or spatially local-
ized effects [13,20]. Notably, p3 consistently yielded rapid detections, even under
strict false alarm thresholds, supporting prior findings that dynamic, coordi-
nated policies outperform isolated changes [6]. In contrast, the limited impact
of p1 reflects the ineffectiveness of marginal measures, echoing real-world chal-
lenges like those observed in Milan [20]. Effectiveness also varied by time and
location—detections were slower during low-demand periods and differed across
road segments—aligning with insights from [19,21].
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6 Conclusions

We presented a general methodology for assessing mobility policies in an urban
road network, with a focus on areas characterized by the competition of mobility
and logistics flows, such as port-adjacent city centers. Using a change-detection
algorithm in a simulated environment, our approach assesses a priori the impact
of candidate policies without relying on extensive real-world data collection.
Through online change-detection, the algorithm can promptly identify changes
in the data-generating process, allowing for timely and data-driven assessment
of policies. Applied to the port-city context of Genova, our experiments showed
how the methodology is able to promptly identify effective policies, namely those
requiring few days of monitoring to confirm the change. In future work, we will
apply QT-EWMA to the residuals of surrogate models (e.g., neural networks)
predicting traffic at each location. We believe that this approach may enhance
the sensitivity to subtle deviations while filtering out expected variability.
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