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Traffic Simulator Al-based Surrogate for an Urban Road Network

F. Cantatore, G. Raimondi, L. Oneto, A. Coraddu, C. Pasquale, E. Siri, S. Siri, S. Sacone, D. Anguita

Abstract—Relying on a traffic simulator is often necessary
when multiple traffic conditions need to be replicated, either to
predict specific quantities of particular interest or to assess more
general network properties, such as efficiency or resilience,
under different scenarios. While potentially delivering a high
level of fidelity, producing such a simulation may come at
a prohibitive computational cost when it is applied in a
real context, making this approach unsuitable for real-time
applications in most cases. In this regard, the goal of the
present work is twofold. Firstly, we aim to surrogate a traffic
simulator with a data-driven approach in order to produce
real-time traffic predictions that are also sufficiently accurate
and effective. Secondly, we want to determine the minimum
amount of data, i.e., the smallest number of sensors deployed
on the network, that still allow to obtain predictions within a
predefined bound. The effectiveness of the approach is evaluated
on the full-scale urban network of Rapallo, Italy, in which we
employ the AIMSUN NEXT simulator targeting the morning
peak hours, i.e. between 7:00 a.m. and 9:00 a.m. In the paper,
multiple state-of-the art ML algorithms are tested to assess
their effectiveness as surrogate models under the considered
problem.

I. INTRODUCTION

Being able to estimate and predict the evolution, in time
and space, of a traffic system provides the foundation for
any effective evaluation, management and planning strategy,
especially when it comes to the complexity of urban areas.
Starting from the ‘50s, both researchers and practitioners
have developed numerous approaches in order to model
the various traffic phenomena emerging from the interaction
between users and the transport infrastructure. Over time,
these efforts have yielded the development of multiple traffic
flow models, each tailored to specific applications and levels
of detail. These models, generally classified in microscopic,
mesoscopic, and macroscopic, have been extensively ex-
plored and documented for example in [1]-[4].

In particular, microscopic models are often incorporated
into traffic simulators, which are generally adopted to create
a synthetic environment to reproduce a real system and
to obtain the main traffic quantities, such as flow and
speed, associated with all the roads of the network. Such
simulators are also exploited, more in general, to evaluate
the efficiency of transport networks in different scenarios
by calculating specific performance indices (e.g., average
travel time, fuel consumption, pollutant emissions). These
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scenarios may relate to fluctuations of mobility demand on
the network, considered as variations in its intensity and its
spatio-temporal distribution, changes in the network layout
due to the introduction/subtraction of network components
(e.g., new infrastructure, modification of existing layout,
collapse of infrastructure, natural disasters that limit the
functionality of transport systems, terrorist attacks, etc.), and
scenarios generated by the application of traffic regulation
and control policies. Several traffic simulators have been
developed over the years. Among those currently available,
the most popular are: AIMSUN NEXT [5], [6], SUMO
[71, [8], VISSIM [9] and VISUM [10], other simulation
tools can be found in survey papers [11], [12]. All these
traffic simulators differ in the types of simulation they can
perform, the characteristics of the simulations, and the type
of operating system supported.

The development of traffic modeling and estimation ap-
proaches based on both pure data-driven methods [13], [14]
and physics-informed data-driven methods [15], [16] has
received great attention recently. Although effective, data-
driven methods cannot replace traffic simulators as they are
strongly dependent on the data on which they have been
trained. On the other hand, the higher reliability of the results
produced by a simulation comes at a price in computational
cost and thus in processing time, which can potentially be
quite significant when dealing with large-scale networks or
when particular features requires a sophisticated and fine
representation.

The present work proposes an Al-based surrogate model
to replicate, with some approximation but with limited com-
putational time, the outputs produced by a traffic simulator
to be used for real-time optimization or control purposes.
In the literature related to vehicular traffic, it is possible to
find a few examples of surrogates models applied either for
forecasting purposes [17] or to surrogate traffic simulators
specifically oriented to the definition of safety indices [18],
[19]. In other works, surrogate applications are proposed for
skirting the issue of the computational complexity of some
optimization problems by applying suboptimal solutions in
real time [20]. Differently from the existing literature, the
objective of this work is twofold: on the one hand, we want to
propose a general methodology to realize a surrogate model
capable of forecasting average speed and flow on an urban
road transport network and, on the other hand, we want to
propose a method that can be used to define the minimum
number and location of traffic measurements necessary to
carry out a reliable traffic prediction. In our opinion, this last
point is particularly important because a proper definition of
the number and location of traffic measures would effectively
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support the design of the monitoring network of an urban
area.

The present paper is organized as follows. Section II
describes the considered problems and the real case study on
which the traffic data have been generated. In Section III, the
surrogate traffic simulation model is given, while the results
obtained by testing it on a real case study are presented in
Section IV. Finally, Section V provides concluding remarks
on the proposed approach.

II. PROBLEM DESCRIPTION AND DATA GENERATION

The traffic simulator surrogate model proposed in this
paper allows us to address the following problems:

1) Problem (A): prediction of speed and flow profiles over
the entire traffic network under consideration;

2) Problem (B): definition of the minimum number of sen-
sors needed to guarantee both a reliable estimation and
prediction of speed and flow profiles on the remaining
network.

This study makes use of AIMSUN NEXT as the foun-
dation for the development of the surrogate model. It is
worth noting that the methodology proposed here is versatile
enough to be applied to other commercially available traffic
simulators as well as to any output generated by these
simulators without any significant adjustment.

The simulation has been calibrated and validated on real
data collected from the urban area of Rapallo, Italy. The
considered road network is reported in Figure 1, where the
letters from A to U represent the considered 19 centroids.
The simulated network includes all the relevant roads of the
city, that are 332, reporting their physical characteristics (e.g.,
capacity) in detail and also including all the real-time cycles
of the traffic lights. The division of the city into 19 areas
has been done considering the main attraction and origin
points in the different zones of the city, the arterial roads
connected with the city, the parking areas in the city center,
and so on. The origin-destination matrix has been estimated
based on the mobility requirements of the users living and
working in Rapallo city, and then such a matrix has been
calibrated by means of AIMSUN NEXT considering real-
time measurements from the network obtained both with
fixed cameras and with mobile sensors provided by the
Municipality.

The simulations used for this paper consider a generic
weekday morning, from 7:00 am. to 9:00 a.m., which
corresponds to a critical period from a mobility point of
view since it includes the peak hours in which high densities
can be detected on the main roads. Such roads are indeed
too narrow to receive the high mobility demand that is
concentrated in short time intervals. In particular, all the
simulations are used as measurements in the first hour from
7:00 a.m. to 8:00 a.m. and for the predictions from 8:00 a.m.
to 9:00 a.m.

The dataset containing the input/output relation explained
in Section III has been generated using Python scripts to au-
tomatically simulate different scenarios in AIMSUN NEXT
and collect the related data. Notably, 2076 different traffic
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Fig. 1: The road network of Rapallo city simulated with
AIMSUN NEXT

scenarios have been simulated. In each scenario, the origin-
destination matrix has been randomized, adding a zero-mean
Gaussian noise, with variance between 1 and 3, allowing us
to consider the traffic behavior in the morning peak hours
on different weekdays. For each scenario, flows and speeds
in each of the 332 arcs are saved with a sampling time of 1
minute.

It is worth noting that the simulator outputs were prop-
erly filtered before using this dataset as input for the ML
algorithms.

III. SURROGATE MODELS FOR REALISTIC OPERATIONS

The problems previously described, namely to develop
a surrogate model for real time prediction or optimization
purposes [17], can be mapped into now-classical ML prob-
lems [21], [22]. In particular, as mentioned in Section II, two
problems must be solved:

(A) Given the speed v;(t) and flow ¢;(¢) at each road and
each allowed running direction ¢ € Z, = {1,--- ,ns}
by the sensors .S;, where ng is the total number of
sensors to measure these quantities, at time t € A~ =
{to — 0 ,tg— 0" + 5t,t0 -0 + 2(5t, s ,f,o}, where
to is the present time, predict v;(t) and ¢;(t) Vi € Z,
for t € AT = {tg + 6, to + 28, -+ Jtg+ 6T };

(B) Find the minimum number of sensors S; with i €
I C I, that, given v;(t) and g;(t) with ¢ € Z,,, for
t € A™, predict with an acceptable error for practical
applications (in our case < 10% [23])

(i) v;(t) and ¢;(t) Vi € Zs \ Z,, for t = to. This is a
classical nowcasting problem.

(il) v;(t) and ¢;(t) Vi € Z, for t € AT, This is a classical
forecasting problem.

Note that each road r € {a,b,c,---} may be two-way,

denoted with <+ (needing then 2 sensors), or just one-way,

ie. < or —.
Problem (A) can be easily mapped into a now-classical

ML multi-output regression problem [21], [22]. In regression,

we have an input space X C R? composed of d inputs (in
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our case, v;(t) and ¢;(t) with ¢ € A~ and ¢ € Z;), an
output space Y C RP (in our case, v;(t) and g;(t) with
t € AT and i € Z,), and a series of n examples, a dataset,
of the input/output relation D,, = {(x1,v1),  * , (Tn,Yn)}
where ©; € X and y; € Y Vi € {1,--- ,n} (in our case
the simulations described in Section II). The scope of the
regression problem is to learn the unknown input/output
relation p : X — ) based just on D,,.

Problems (B).(i) and (B).(ii), as Problem (A), can be
again mapped into a now-classical ML multi-output regres-
sion problem [21], [22] plus a feature reduction/selection
phase [24], [25]. In particular, starting from Problem (A),
it is possible to apply a feature reduction phase to estimate
T, namely the minimum number of sensors that allows to
keep the prediction error below 10% in Problem (A). Then
Problem (B).(i) becomes an ML multi-output regression
problem where X counts of v;(t) and ¢;(t) with ¢ € A~
and ¢ € Z,,, and ) counts of v;(t) and ¢;(t) with t = %
and i € Z, \ Z,,,. Moreover Problem (B).(ii) becomes an ML
multi-output regression problem where X counts of v;(t) and
qi(t) with t € A~ and ¢ € Z,,, and Y counts of v;(¢) and
qi(t) with t € AT and i € Z,.

In Figure 2, a scheme of the previously discussed concept
is reported. Figure 2a reports a small area of Rapallo city
where, for simplicity, we consider 4 intersections connected
by 3 two-way roads and 1 one-way roads. We translated
this piece into a graph, see Figure 2b, and we associate the
sensors to each road depending on whether it is one- or two-
way. Then we depicted in Figure 2d a graphical representa-
tion of Problem (A). As for Problems (B).(i) and (B).(ii),
we assumed the discovery of Z,, reducing the graph of
Figure 2b into the one of Figure 2c and then we depicted
Problems (B).(i) and (B).(ii) in Figure 2e respectively.

Based on what described in Section II, we have that t; =
8:00 a.m., 6~ = 1 hour, T = 1 hour, §* = 1 minute, and
ns = 332 (note that from ng one can retrieve d and p, i.e.,
the dimension of the inputs and the outputs in regression).
Instead, the number of samples is n = 2076, namely, the
number of simulations.

An ML regression algorithm &7, characterized by its
hyperparameters 7, selects a model h based on the available
data h = #;(D,,). Many different ML algorithms exist in
the literature [21], [24] but, as the no-free-lunch theorem
states [26], there is no way to determine a-priori the best
ML algorithms to use for a specific application.

For this reason, in this work we will consider a series
of different state-of-the-art ML algorithms: Ridge Regres-
sion (RR) [27] and Kernel Ridge Regression (KRR) [28],
coming from the family of kernel methods [29], Random
Forest (RF) [30] and XGBoost [31], from the family of
ensemble methods [32], and a Single Layer Neural Network
(SNN) [33] and a Graph Convolutional Network (GCN) [34],
from the family of Neural Networks [22]. In this way,
we have reasonably covered most of the state-of-the-art
algorithms that can deal with the regression problems we
face in this paper.

In RR [27], a linear model, the regularization hyperpa-
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TABLE [I: Hyperparameters and hyperparameters search
space for all algorithms tested in this work, d = 13 denotes
the number of features in the dataset.

’ Algorithm ‘ Hyperparameters
RR A:{1076,10758 ... 103}
. 1—61—58”. 13
KRR A {0 ) 0 . ) ’ 0 }7
~v:{1076,10=%8 ... 103}
RF nyg o {d/3,d"?,d**Y, ny : {1,3,5,10}, ng : {1000}
lr : {0.01,0.02,0.03,0.04,0.05},
XGBoost ng : {3,5,10}, m; : {0,0.1,0.2},
ny : {0.6n,0.8n,1n}, ny : {0.5d,0.8d, 1d}
hy:{25,26 ... 216} X.{1076,10758,... 103
SNN l { ) ) ) }’ {O ) 0 s ) 0 }’
lr : {0.1,0.05,0.01,0.005,0.001}
ng : {1,2,4,8}, nn, : {1,2,3},
GCN ch; : {10, 50, 100, 500, 1000},
I : {0.1,0.05,0.01,0.005,0.001}

rameter A\ needs to be tuned. In KRR [28], we chose to
rely on the Gaussian kernel for the reason described in [35],
and then the regularization hyperparameter A and the kernel
coefficient v need to be tuned. In RF [30] we need to tune
the number of features to randomly sample from the whole
features during each node of each tree creation ny and the
maximum number of elements in each leaf of each tree n;.
As RF performance improves by increasing the number of
trees n;, we set it to 1000 as a reasonably large number yet
computationally tractable. In XGBoost [31], we need to tune
the learning rate of the gradient /,., the max depth of each tree
ng, the minimum loss reduction m;, the number of points to
randomly sample from the whole training set for each tree
creation np, and the number of features to randomly sample
from the whole training set during the creation of each node
for each tree ny. In SNN [33], we use the sigmoid activation
function in the hidden layer and the linear activation in the
output layer. We use the ADAM [36] optimizer to train the
model. Then we need to tune the number of hidden neurons
np, the regularization hyperparameter A on the weights of the
last layer, and the learning rate of ADMAM [,.. In GCN [34]
(and more specifically, the node labeling problem) we need
to tune the number of layers m;, the convolutions depth
(number of neighborhoods) nn; at layers ¢, and the number
of channels ch; at layer . The convolutional layer has all
ReLU [22] activation, the last layer is linear with linear
activation. Also, in this case, we use the ADMAM optimizer,
and then we need to tune its learning rate [,.. The summary
of these hyperparameters with the associated search space is
reported in Table I.

To optimize the hyperparameters and evaluate the perfor-
mance of the developed model, it is essential to undertake
both the Model Selection (MS) and Error Estimation (EE)
phases [37]. Resampling techniques, which have gained
widespread acceptance among researchers and practitioners
for their efficacy in a broad array of scenarios, will be
employed in this study [37]. The underlying principle of
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city with 4 intersections, highlighted
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(d) Graphical representation of Problem (A) for the area of

Rapallo city of Figure 2a.

(b) Corresponding graph of Figure 2a.
Green symbols are all possible active sen-
sors needed to measure all speeds and flows
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(c) Equivalent version of the graph of Fig-
ure 2b where we assume the knowledge of
the minimum number of sensors required
(the green ones).

Fig. 2: Problems (A), (B).(i), and (B).(ii) in a small example case in Rapallo city.

resampling techniques involves the manipulation of the orig-
inal dataset D,,. This dataset is resampled multiple times
(n,), either with or without replacement, to generate three
distinct datasets for learning, validation, and testing purposes,
denoted as L], V], and T, respectively, for each resample
r € 1,--- ,n,. These datasets are constructed to ensure
mutual exclusivity, with £] N V] = @, Ly NT" = O,
and V) N T/ ©, thereby guaranteeing that each set is
independent of the others. Furthermore, the union of these
datasets for any given resample r encompasses the entirety
of the original dataset D,,, ensuring comprehensive coverage
and utilization of the available data for model training,
validation, and testing.

In order to select the best combination of hyperparameters
H in a set of possible ones $ = {Hi,Ha, -} for the
algorithm 7 or, in other words, to perform the MS phase,
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(e) Graphical representation of Problems (B).(i) and Prob-
lems (B).(ii) for the area of Rapallo city of Figure 2a.
the following procedure has to be applied
Ny
* . : r r
H*: argmin My (L]), V), (1)
HEN 1
r=

where o7, (L) is a model h built with the algorithm 7 with
its set of hyperparameters H and with the data £}, and where
M(h, V]) is the desired metric for h computed using the data
in V. Since the data in £; are independent of the data in
V', H* should be the set of hyperparameters which allows
achieving a small error on a data set that is independent of
the training set.

Then, to evaluate the performance of the optimal model
which is h* = o7y« (D,,) or, in other words, to perform the
EE phase, the following procedure has to be applied:

1 &
M(R) = — > M- (L] U V), TY).

T

2)

r=1
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Since the data in £] UV, are independent from the ones in
., M(h*) is an unbiased estimator of the true performance,
measured with the metric M, of the final model [37].

In this study, the metric M employed to evaluate the
model performance is the Mean Average Percentage Error
(MAPE) [38]. This quantitative measure of accuracy provides
a standardized way to assess the error magnitude across
different datasets. Additionally, to complement this quanti-
tative assessment, a qualitative metric will also be utilized:
the scatter plot of actual versus predicted values [39]. This
graphical representation offers an intuitive means to visually
inspect the model predictive accuracy and the relationship
between actual and predicted outcomes.

In addition to evaluating the model quality, this study will
also assess the time required to generate predictions using
both the original simulator and its surrogate, as developed
in the aforementioned section. It is imperative to clarify that
within the scope of this research, the primary concern is not
the duration necessary for the construction of the model.
Rather, the focus is on the prediction latency, given that
these predictions are integral to real-time traffic optimization
scenarios.

The final challenge addressed in this study pertains to
the issue identified in Problem (B), specifically, reducing
the requisite number of sensors for accurate prediction.
The literature presents various methodologies for addressing
this challenge [24], [25]. In this work, we employ the
backward elimination technique [24], [25]. The backward
elimination procedure initiates with the full set of sensor
data, systematically removing one sensor at a time. This
step is predicated on evaluating each sensor’s impact on
the overall performance metrics. The sensor whose absence
least affects performance is permanently excluded from the
dataset. Subsequently, the procedure is reapplied iteratively
to the reduced set of sensors. This process continues until the
remaining sensors achieve a performance metric that meets or
exceeds the predefined threshold, in this instance, a MAPE
of 10% or less. Although this approach is recognized for
its computational load, it remains a viable solution within
the context of our study due to the manageable scale of
computational resources required.

IV. EXPERIMENTAL RESULTS

In this section, we present the results obtained by applying
the methods proposed in Section III to solve the problem
described in Section II using the data referred to the full-
scale urban network of Rapallo (332 arcs, 2076 scenarios,
I-minute discretisation). We will start with the results on
Problem (A) in Section IV-A and proceed with the results
on Problem (B) in Section I'V-B.

A. Problem (A)

Regarding Problem (A), we report in Table II the MAPE
(mean and standard deviation) for each algorithm (RR, KRR,
RF, XGBoost, SNN, and GCN) in predicting speed v;(t)
and flow g;(t) averaged over the roads and each allowed
running direction ¢ € Z, (i.e., o(t) and g(t)), for t =
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Fig. 3: Problem (A) - MAPE for the best algorithm according
to Table II (i.e., RF) in predicting speed v;(t) and flow ¢;(t)
averaged over the roads and each allowed running direction
i € Zs (ie., v(t) and q(t)), for the different t € A™T.

t+6" (shorter forecasting horizon), for ¢ = t+3J* (longer
forecasting horizon), and averaged over t € AT (e, 17(5)
and ¢(t)). Table III reports the time needed to make the
forecasting (v;(t) and ¢;(t) for all i € Z, and t € AT)
using the simulator AIMSUN NEXT (see Section II) or its
surrogate based on the different algorithms (RR, KRR, RF,
XGBoost, SNN, and GCN). Figure 3 reports the MAPE
for the best algorithm according to Table II (i.e., RF) in
predicting speed v;(t) and flow g¢;(t) averaged over the roads
and each allowed running direction i € Z; (i.e., 9(t) and
q(t)), for the different t € A™. Figure 4 reports the Scatter
Plot for the best algorithm according to Table II (i.e., RF)
in predicting speed v;(t) and flow ¢;(t) with ¢ € Z; for
t = t+6 (shorter forecasting horizon), for t = ¢+ (longer
forecasting horizon), and for t € A7,

From Tables II and IIT and Figures 3 and 4 it is possible
to derive a series of observations.

All algorithms show strong performance on the task, with
error rates around 5 — 6%. The RF algorithm outperforms
the others, while the GCN has the lowest performance.
This outcome aligns with two key observations. Firstly,
the considered graph topology, representing the same city,
remains constant, diminishing the need for a model like GCN
that primarily enhances network topology representation.
Secondly, the dataset limited size may not be sufficient
for effectively training a deep learning model like GCN.
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TABLE II: Problem (A) - MAPE (mean and standard deviation) for each algorithm in predicting speed v;(t) and flow g;(t)
averaged over the roads and each allowed running direction i € Zg (i.e., 9(t) and q(t)), for t = t+6¢, for t = t+5T, and

averaged over t € AT (i.e., v(f) and q(f)).

| ag [ s@t+e) | attot) |

5(t)

[ ae+rst) [ae+st) [ a® |

RR
KRR
RF
XGBoost
SNN
GCN

514+07 | 70£1.0
54+13 | 72+£1.7
50+1.0 | 7.0£1.5
50+12 | 73£1.7
57+22 | 7.7£3.0
8.8+33 | 10439
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Fig. 4: Problem (A) - Scatter Plot for the best algorithm
according to Table II (i.e., RF) in predicting speed v;(¢) and
flow g;(t) with i € Z, for t = t+4", for t = t+47, and for
teAt,

1.5
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TABLE III: Problem (A) - Time needed to make the fore-
casting (v;(t) and g;(t) for all i € Z, and t € A") using the
simulator AIMSUN NEXT (see Section II) or its surrogate
based on the different algorithms.

’ Method ‘ Prediction Time ‘

Simulator AIMSUN NEXT
RR
KRR
RF
XGBoost
SNN
GCN

23 + 2 [s]
7+ 1 [ms]
35+ 7 [ms]
11 £5 [ms]
12 4+ 6 [ms]
27 + 9 [ms]
19 4+ 6 [ms]

Surrogate

Additionally, it is worth noting that the performance across
algorithms is similar for both speed and flow prediction tasks.

The RR is the fastest predictor, but the other models have
manageable speeds with no particular issues for optimization.
Note that the speedup of the surrogate with respect to the
simulator is huge (greater than 3 order of magnitude).

As expected, surrogate performance decreases as the fore-
cast horizon increases. Nevertheless, note that, in the largest
horizon, errors are still below 6 — 7% (see Figures 3).

B. Problem (B)

For Problem (B) we first report in Figure 5 the result of the
backward elimination namely, on the x-axis the number of
removed sensors (|Zs \ Z,,|) and in the y-axis the MAPE
of the best algorithm according to Table II (i.e., RF) in
predicting speed v;(t) and flow ¢;(t) averaged over v and
q, the roads and each allowed running direction ¢ € Z; and
over t € AT,

From Figure 5 it is possible to note that, as expected,
removing sensors decreased our ability to make predictions
but not remarkably. In fact, we can reduce the number of
sensors to |Z,,| = 7 and still have an error below 10%. This
is a quite important result since, in practical applications,
there is no possibility to actually sensorize each road and
each allowed running direction. Instead, the number of
sensors that the model requires to achieve error below 10%,
i.e., |Z,,| = 7, is totally manageable in practical applications.

Then, with a fixed Z,,, we report in Figure 6 (i.e., the
counterpart Figure 3) the MAPE for the best algorithm
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Fig. 5: Problem (B) - Result of the backward elimination, on
the z-axis the number of removed sensors (|Zs \ Z,,|) and
in the y-axis the MAPE of the best algorithm according to
Table II (i.e., RF) in predicting speed v;(t) and flow g;(%)
averaged over v and ¢, the roads and each allowed running
direction i € Z, and over t € AT,

according to Table II (i.e., RF) in predicting (Problem (B).(i)
- nowcasting) speed v;(t) and flow ¢;(t) averaged over the
roads and each allowed running direction ¢ € Z; \ Z,,, (i.e.,
o(t) and q(t)), for t = to and (Problem (B).(ii) - forecasting)
speed v;(t) and flow ¢;(t) averaged over the roads and each
allowed running direction i € Z, (i.e., 9(t) and g(t)), for
the different ¢ € A™. Figure 7 reports the Scatter Plot
for the best algorithm according to Table II (i.e., RF) in
predicting (Problem (B).(i) - nowcasting) speed v;(t) and
flow ¢;(t) with i € Z, \ Z,,, for t = to and (Problem (B).(ii)
- forecasting) speed v;(t) and flow ¢;(t) with ¢ € Z, for
t = t+4° (shorter forecasting horizon) and for t = t+4+
(longer forecasting horizon).

From Figures 6 and 7 it is possible to note that reducing
the number of sensors to Z,, do not actually compromises
our ability to make effective predictions for traffic systems,
i.e. with an acceptable error for practical applications [23].

V. CONCLUSIONS

In this paper a surrogate model of the traffic simulator
AIMSUN NEXT has been investigated considering the simu-
lation results of the city of Rapallo, during the morning peak.
In particular, the surrogate has been used for solving two
main problems, the prediction of speeds and flows over the
network based on the same measurements in a previous time
period, and the definition of the minimum number of sensors
and their location to guarantee speed and flow predictions
with an acceptable error, i.e. lower than 10%. Different state-
of-the-art ML algorithms (RR, KRR, RF, XGBoost, SNN,
and GCN) have been tested and compared, and the one
showing the best performance has been RF, characterized
by the lowest MAPE values and the shortest computational
times. Such promising results encourage us to develop future
works in this direction for surrogating traffic simulators to
predict other estimated quantities, such as travel times and
traffic emissions, that are provided by simulators and hard
to measure in practice.
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Fig. 6: Problem (B) - MAPE for the best algorithm according
to Table II (i.e., RF) in predicting (Problem (B).(i) - now-
casting) speed v;(t) and flow ¢;(t) averaged over the roads
and each allowed running direction i € Z; \ Z,, (i.e., (t)
and G(t)), for t = ¢y and (Problem (B).(ii) - forecasting)
speed v;(t) and flow ¢;(t) averaged over the roads and each
allowed running direction i € Z; (i.e., (t) and ¢(t)), for the
different t € AT,
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