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Abstract: Smart traffic systems, like those using well-
established methods such as SCOOT, SCATS and TUC,
aim to improve traffic flow by dynamically adjusting
signal timings based on real-time traffic conditions. Traffic
engineers need to understand the objective functions
behind traffic signal control to analyze, improve, and
optimize network performances. However, different ju-
risdictions, different operators and competing interests
imply that the underlying objective functions governing
traffic signal control might not be publicly known with
sufficient detail (e.g. to preserve Intellectual Property
Rights). A method for discovering these functions is
therefore needed, particularly to enable better cooperation
among stakeholders. In this work, we train computer
models to mimic the decisions made by smart traffic light
systems. Using data from a simulated traffic network
(with virtual sensors tracking vehicles), we test a variety
of supervised models, ranging from simple decision
trees to more complex neural networks. Our results
show these models can accurately mimic the underlying
system’s actions, achieving up to 99% accuracy. This
work demonstrates that supervised learning can serve
as a powerful tool for uncovering hidden traffic control
functions by training models to replicate the system’s
decisions. By analyzing these models, we can then infer
the key factors influencing signal control, thereby gaining
insights into the underlying objective function.

Keywords: Traffic Signal Control; Supervised Learning;
Feature Importance Analysis

____________________________________________

INTRODUCTION

Traffic management systems rely on hidden or proprietary
objective functions to optimize intersection signal control.
In real-world deployments, these functions are often un-
known to external stakeholders, such as neighboring juris-
dictions’ road authorities, public transport (PT) operators.
While road agencies typically manage traffic signals, PT
operators must adapt their operations based on how these
systems prioritize public transport vehicles. However,
since signal control strategies are often proprietary, PT
operators may struggle to predict how changes in traffic
management policies, such as modifications to bus priority
levels—will impact service efficiency. For example, a
road authority may adjust traffic signal priorities to
either increase or decrease bus priority at intersections.
If priority is reduced, PT operators might need to
compensate by adjusting schedules, increasing fleet size,
or rerouting services to maintain reliability. Conversely, if
priority is enhanced, buses may experience fewer delays,
leading to cost savings and improved service frequency.
Understanding how an existing traffic control system
makes these decisions is crucial for both road agencies
and PT operators, yet proprietary signal control algorithms
often obscure this information, leading operators to rely
on real-time information, which limits the stakeholders’
planning horizon and (in worst case scenarios) might
impose constraints on the maximum reachable service
quality. Furthermore, lack of insight in other stakeholders’
objectives might prevent identifying opportunities for
collaborative efforts (e.g. jointly optimizing priority and
schedules, as opposed to reactive adjustment). This study
investigates whether supervised learning can be used
to uncover such hidden objective functions by training
machine learning models to approximate a known traffic
control function. To achieve this, we first deploy our
recently introduced traffic management strategy—Max-
Pressure Control(Varaiya (2013))—as a testbed for exper-
imentation. MP optimally selects traffic signal phases
based on vehicle states and queue lengths. We then
collect training data from a simulated traffic network,
capturing key traffic indicators such as number of vehicles,
mean speed, and jam length. Using this dataset, we train
various supervised learning models including Decision
Trees, Random Forests, Gradient Boosting, SVM, and
Neural Networks to approximate the Priority-MP decision-
making process. If these models can successfully recon-
struct MP’s behavior, this suggests that a similar approach
could be applied in real-world scenarios where the true
objective function is unknown. This approach is inspired
by previous studies demonstrating the power of supervised
learning for function approximation in traffic systems.
The work of J. S. Angarita-Zapata (2019) highlights
how historical traffic data can be leveraged to model
system behaviors, predicting future conditions based on
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past patterns. Similar methodologies have been used
in reverse-engineering complex 3D scanning and CAD
modeling problems, where machine learning techniques
infer underlying design intent from raw geometric data
in Lim (2024). By applying these principles to traffic
control, we aim to approximate the decision function
behind a real-time signal system—without requiring direct
access to its internal logic. This research contributes
to the development of methods for reverse-engineering
traffic signal control functions by demonstrating how
machine learning can model the decision rules of an
obfuscated objective function, such as Max pressure. By
identifying key factors influencing traffic signal decisions,
such as time loss, queue length, and vehicle numbers, this
approach provides valuable insights for road authorities,
PT operators, researchers and traffic engineers. By reverse-
engineering MP using supervised learning, we show that
data-driven models can serve as a proxy for unknown
traffic optimization functions, enabling better decision-
making in multi-stakeholder traffic management scenarios.

METHODOLOGY

We first introduce the core method we are attempting to
reverse-engineer: Max-pressure (MP). The Max-pressure
algorithm develops an acyclic, dynamic phase length
traffic signal controller. The Max-pressure algorithm
models vehicles in lanes as a substance in a pipe and
enacts control in a manner which attempts to maximize
the relief of pressure between incoming and outgoing
lanesVaraiya (2013). For a given green phase p, the
pressure is defined in (1).

Pressure(p) = ∑
l∈Lp,inc

|Vl |− ∑
l∈Lp,out

|Vl | (1)

Where Lp,inc represents the set of incoming lanes with
green movements in phase p and Lp,out represents the
set of outgoing lanes from all incoming lanes in Lp,inc.
Pseudo-code for the Max-pressure traffic signal controller
is presented in Algorithm 1.

Algorithm 1 Max-pressure Algorithm

procedure MAXPRESSURE(gmin, tp,P)
if tp < gmin then

tp← tp +1
else

tp← 0 #Next phase has largest pressure
Return argmax({Pressure(p) | p ∈ P})

end if
end procedure

To evaluate whether machine learning can approximate
MP, we follow a structured pipeline involving two
experiments. In the first experiment, we use only the

number of vehicles—the key feature employed by MP—as
input to train multiple supervised classification models,
including Decision Trees, Random Forests, Support Vector
Machines (SVM), and Neural Networks, to predict MP-
selected traffic phases. In the second experiment, we
augment the feature set with additional variables collected
from the traffic environment to reflect the complexity
of real-world data, where the underlying traffic logic is
unknown. We retrain the models to assess the impact
of these extra features and conduct feature importance
analysis to investigate whether the models continue to
prioritize vehicle count as the dominant factor, consistent
with the closed-form MP formulation. Both experiments
are performed on a single-intersection simulation and
repeated on a simplified toy network to evaluate robust-
ness and generalization. The models are assessed based
on their prediction accuracy and the alignment of their
feature importance with MP’s theoretical basis.

1. Traffic Simulation and Data Collection

We conduct experiments on two scenarios: a single
intersection and a toy network with multiple intersections.
The single intersection consists of one junction with four
legs. Each leg has three incoming lanes and two outgoing
lanes (Fig. 1), with E2 detectors installed on all lanes,
totaling 20 detectors. From each detector, we collect four
features—vehicle counts, mean speed, jam length, and
detector occupancy—resulting in an input matrix X with
80 columns.

Fig. 1: Single intersection simulation

The toy network scenario includes five intersections: one
central and four peripheral, each with four legs. Each link
has three lanes designated for left turns, straight-through,
and right turns (Fig. 2a). E2 detectors are deployed on
24 lanes, including outgoing lanes, simulating ANPR
cameras (Fig. 2b). However, 8 lanes with constant green
signals are excluded, leaving 16 lanes with detectors.
From each detector, the same four features are collected,
forming an input matrix X with 64 columns. Simulations
are run using the microscopic SUMO framework Lopez
et al. (2018) across various demand levels, with vehicle
arrival probabilities of [0.3, 0.22, 0.20, 0.18, 0.16, 0.14,
0.12, 0.10, 0.05] representing the likelihood of a vehicle
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arriving each second. Each scenario is simulated for 4,800
seconds, providing comprehensive data under varying
congestion levels. We record the MP-selected traffic phase
at each traffic signal phase change, which serves as the
target variable y for supervised learning.

(a) Toy network simulation

(b) E2 detectors placed in the junction
Fig. 2

2. Machine Learning Models

We formulate the problem as a multi-class classification
task, where each traffic phase is treated as a discrete class.
The following models from Pedregosa et al. (2011) are
trained to predict MP decisions: Decision Tree: A rule-
based hierarchical model. Random Forest: An ensemble
of decision trees that reduces variance and improves
prediction performance. Gradient Boosting: A boosting
approach that minimizes prediction errors. Support
Vector Machine (SVM): A non-linear classifier that
seeks an optimal non-linear decision boundary. Neural
Network (NN): A multi-layer perceptron (MLP) for
capturing complex non-linear relationships. Each model
is trained using an 80:20 train-test split, with 5-fold cross-
validation to improve generalization. To evaluate model
performance, we use test accuracy, which is defined as
the ratio of correctly predicted traffic phases to the total
number of test samples. Mathematically, the test accuracy
can be expressed as:

Accuracy = Number of Correct Predictions
Total Number of Test Samples =

∑
N
i=1 1(yi=ŷi)

N

where yi is the true label, ŷi is the predicted label, and
N is the total number of test samples. This provides an
overall assessment of how well each model replicates

the MP decisions. This provides an overall assessment
of how well each model replicates the MP decisions.

3. Feature Importance Analysis

The MP model selects signal phases based on traffic
pressure based vehicle count features. If the trained
models—such as Decision Trees, Random Forests, and
Logistic Regression—correctly approximate the behavior
of MP, these features should emerge as the most important
in feature importance analysis. Feature importance analy-
sis serves as a tool to validate whether the trained models
align with the expected behavior of the MP model. Each
machine learning algorithm employs different methods
to assess feature importance. Decision Trees determine
importance based on how often and effectively a feature
splits the data at decision nodes, with features near
the root considered more important. Random Forests
calculate feature importance by averaging the decrease in
impurity (e.g., Gini) across ensembled decision trees,
offering a more robust measure. Logistic Regression
assesses importance through model coefficients, with
larger absolute coefficients indicating a stronger influence
on predictions. In Gradient Boosting Friedman (2001),
feature importance is based on how much each feature
reduces the loss function across all trees in the ensemble.
By comparing the most important features identified by
each model with those explicitly employed by the MP
model, we can assess success in uncovering the underlying
objective function.

Table III summarizes the top 16 most important features
for both the single intersection and toy network scenarios,
as identified by LR and NN. Here, vehN refers to vehicle
count, out indicates outgoing lanes, and in represents
incoming lanes.

RESULTS

1. Model Performance

To evaluate whether machine learning can approximate
MP, we follow a structured pipeline involving two
experiments. In the first experiment, we use only the
number of vehicles—the key feature employed by MP—as
input to train multiple supervised classification models,
including Decision Trees, Random Forests, Support
Vector Machines (SVM), and Neural Networks (NN), to
predict MP-selected traffic phases. The second experiment
augments the feature set with additional variables to
reflect the complexity of real-world data, where the
underlying traffic logic is unknown. We retrain the
models to assess the impact of these extra features and
conduct feature importance analysis to investigate whether
the models continue to prioritize vehicle count as the
dominant factor, consistent with the closed-form MP
formulation. Both experiments are performed on a single-
intersection simulation and repeated on a simplified toy
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TABLE I: Model Accuracy with 95% Confidence Intervals on Seen and Unseen Demand Levels (Single Intersection and
Toy Network)

Scenario Logistic Reg. RF Grad. Boost Dec. Tree SVM NN
Seen Demand Levels (Trained on [0.1, 0.12, 0.16, 0.20])
Single Intersection 0.99 [0.99–1.00] 0.83 [0.83–0.84] 0.95 [0.94–0.95] 0.76 [0.76–0.77] 0.99 [0.99–0.993] 0.99 [0.994–0.999]
Toy Network 0.99 [0.99–1.00] 0.64 [0.62–0.66] 0.82 [0.81–0.84] 0.52 [0.51–0.54] 0.89 [0.88–0.90] 0.99 [0.994–0.999]
Unseen Demand Levels
0.05 Single Intersection 0.74 [0.72–0.76] 0.20 [0.24–0.26] 0.46 [0.43–0.47] 0.30 [0.29–0.32] 0.64 [0.61–0.66] 0.75 [0.73–0.77]
0.05 Toy Network 1.00 [1.00–1.00] 0.58 [0.57–0.60] 0.82 [0.81–0.83] 0.46 [0.44–0.48] 0.85 [0.83–0.86] 0.99 [0.99–1.00]
0.1 Single Intersection 0.88 [0.86–0.89] 0.22 [0.22–0.24] 0.78 [0.77–0.80] 0.4 [0.39–0.42] 0.83 [0.82–0.84] 0.88 [0.87–0.89]
0.1 Toy Network 0.99 [0.99–1.00] 0.73 [0.71–0.74] 0.88 [0.87–0.89] 0.52 [0.51–0.54] 0.89 [0.88–0.90] 0.99 [0.99–1.0]
0.18 Single Intersection 0.99 [0.99–1.00] 0.77 [0.75–0.79] 0.92 [0.91–0.93] 0.65 [0.63–0.67] 0.99 [0.99–1.00] 0.99 [0.99–1.00]
0.18 Toy Network 0.99 [0.99–1.00] 0.56 [0.55–0.58] 0.76 [0.75–0.77] 0.42 [0.42–0.44] 0.91 [0.90–0.92] 0.99 [0.99–1.00]
0.22 Single Intersection 0.99 [0.99–1.00] 0.75 [0.73–0.76] 0.89 [0.88–0.90] 0.63 [0.61–0.65] 0.99 [0.99–1.00] 0.99 [0.99–1.00]
0.22 Toy Network 0.99 [0.99–1.00] 0.43 [0.42–0.44] 0.47 [0.45–0.48] 0.35 [0.34–0.36] 0.84 [0.83–0.85] 0.95 [0.95–0.96]
0.30 Single Intersection 0.99 [0.99–1.00] 0.80 [0.79–0.82] 0.94 [0.94–0.95] 0.65 [0.63–0.66] 0.99 [0.99–1.00] 0.99 [0.99–1.00]
0.30 Toy Network 0.98 [0.98–0.98] 0.28 [0.28–0.30] 0.29 [0.28–0.40] 0.39 [0.39–0.40] 0.82 [0.82–0.83] 0.94 [0.93–0.94]
Test Accuracy (Trained on All Demand Levels)
Single Intersection 0.97 [0.96–0.97] 0.73 [0.72–0.73] 0.84 [0.84–0.85] 0.74 [0.73–0.75] 0.95 [0.95–0.96] 0.96 [0.96–0.97]
Toy Network 1.00 [1.00–1.00] 0.62 [0.61–0.63] 0.83 [0.82–0.84] 0.59 [0.58–0.6] 0.83 [0.82–0.84] 0.99 [0.99–‘1.00]

TABLE II: Model Accuracy with 95% Confidence Intervals on Seen and Unseen Demand Levels After Feature Augmentation
(Single Intersection and Toy Network)

Scenario Logistic Reg. RF Grad. Boost Dec. Tree SVM NN
Seen Demand Levels (Trained on [0.1, 0.12, 0.16, 0.20])
Single Intersection 0.99 [0.99–1.00] 0.81 [0.80–0.81] 0.86 [0.86–0.87] 0.75 [0.74–0.76] 0.99 [0.98–0.99] 0.97 [0.97–0.98]
Toy Network 0.99 [0.99–1.00] 0.62 [0.60–0.64] 0.79 [0.78–0.80] 0.47 [0.46–0.49] 0.89 [0.88–0.90] 0.96 [0.95–0.97]
Unseen Demand Levels
0.05 Single Intersection 0.74 [0.72–0.76] 0.28 [0.26–0.30] 0.41 [0.39–0.43] 0.27 [0.26–0.29] 0.65 [0.63–0.67] 0.62 [0.60–0.64]
0.05 Toy Network 1.00 [1.00–1.00] 0.58 [0.56–0.59] 0.77 [0.76–0.78] 0.42 [0.40–0.44] 0.86 [0.85–0.87] 0.86 [0.85–0.87]
0.10 Single Intersection 0.88 [0.87–0.90] 0.46 [0.44–0.48] 0.67 [0.65–0.70] 0.45 [0.44–0.48] 0.83 [0.81–0.84] 0.83 [0.81–0.85]
0.10 Toy Network 1.00 [1.00–1.00] 0.71 [0.70–0.72] 0.84 [0.83–0.85] 0.49 [0.48–0.51] 0.90 [0.90–0.91] 0.94 [0.93–0.95]
0.18 Single Intersection 0.99 [0.99–0.99] 0.77 [0.76–0.79] 0.85 [0.83–0.86] 0.66 [0.64–0.68] 0.99 [0.99–1.00] 0.97 [0.96–0.97]
0.18 Toy Network 0.99 [0.99–1.00] 0.57 [0.55–0.58] 0.72 [0.71–0.73] 0.41 [0.40–0.42] 0.89 [0.87–0.90] 0.94 [0.94–0.95]
0.22 Single Intersection 0.99 [0.99–1.00] 0.75 [0.73–0.76] 0.84 [0.83–0.85] 0.66 [0.64–0.68] 0.99 [0.99–1.00] 0.97 [0.97–0.98]
0.22 Toy Network 0.99 [0.99–0.99] 0.41 [0.40–0.42] 0.47 [0.45–0.48] 0.31 [0.30–0.33] 0.83 [0.82–0.84] 0.88 [0.87–0.89]
0.30 Single Intersection 0.99 [0.99–1.00] 0.80 [0.79–0.82] 0.87 [0.85–0.88] 0.67 [0.65–0.68] 0.99 [0.99–1.00] 0.98 [0.97–0.98]
0.30 Toy Network 0.98 [0.98–0.98] 0.27 [0.26–0.27] 0.28 [0.28–0.29] 0.29 [0.28–0.30] 0.81 [0.80–0.82] 0.82 [0.82–0.83]
Test Accuracy (Trained on All Demand Levels)
Single Intersection 0.96 [0.96–0.97] 0.73 [0.72–0.74] 0.81 [0.81–0.82] 0.75 [0.73–0.76] 0.95 [0.95–0.96] 0.97 [0.97–0.98]
Toy Network 0.99 [0.99–1.00] 0.62 [0.60–0.64] 0.79 [0.77–0.80] 0.47 [0.45–0.48] 0.89 [0.88–0.90] 0.96 [0.95–0.97]

network to evaluate robustness and generalization. Model
performance is assessed based on prediction accuracy
and the alignment of feature importance with MP’s
theoretical basis. We focus first on the results from the
initial experiment using only vehicle count features. All
trained models demonstrated high predictive accuracy
when evaluated on the same demand levels used during
training ([0.1, 0.12, 0.16, 0.20]), confirming that machine
learning models can effectively learn MP’s phase selection
principles under familiar conditions. For example, Neural
Networks and Logistic Regression achieved near-perfect
accuracy across both the single-intersection and toy
network scenarios under seen conditions. To assess
generalization, the models were tested on unseen demand
levels: 0.05, 0.1, 0.18, 0.22, and 0.30. As shown in

Table I, model performance generally declined as the
demand levels deviated further from the training range,
with a pronounced effect on more complex scenarios
like the toy network. Random Forests and Decision
Trees, in particular, exhibited poor generalization, with
accuracy dropping sharply at out-of-range demand levels.
For instance, on the toy network at demand level 0.30,
Random Forest accuracy fell to 28%, and Decision Trees
to 39%, highlighting their limited ability to extrapolate
beyond familiar conditions. Logistic Regression demon-
strated notable robustness, maintaining high accuracy on
most unseen demand levels, even for the toy network.
Gradient Boosting and SVM, while performing well on
seen demand levels, struggled to generalize effectively
and showed instability, with significant accuracy drops
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TABLE III: Top 16 Most Important Features from Logistic Regression (LR) and Neural Networks (NN) for Single
Intersection and Toy Network

*Rank Single Intersection Toy Network
LR NN LR NN

1 vehN_out_-_gneE7_0 (1.75) vehN_inc_gneE12_2 (0.074) vehN_intM_S_out_1 (4.35) vehN_intM_S_in_1 (0.105)
2 vehN_out_-_gneE12_0 (1.73) vehN_inc_-_gneE8_1 (0.074) vehN_intM_N_out_1 (4.31) vehN_intM_S_out_1 (0.101)
3 vehN_out_-_gneE7_1 (1.72) vehN_inc_gneE7_1 (0.070) vehN_intM_E_out_1 (4.28) vehN_intM_E_in_1 (0.097)
4 vehN_out_gneE10_1 (1.58) vehN_inc_gneE7_2 (0.068) vehN_intM_W_out_1 (4.28) vehN_intM_W_in_1 (0.092)
5 vehN_out_gneE8_0 (1.57) vehN_inc_gneE12_1 (0.068) vehN_intM_W_out_2 (4.26) vehN_intM_W_out_1 (0.087)
6 vehN_out_gneE10_0 (1.50) vehN_inc_gneE7_0 (0.067) vehN_intM_S_out_2 (4.25) vehN_intM_N_out_1 (0.082)
7 vehN_out_gneE8_1 (1.41) vehN_-_inc_gneE8_2 (0.066) vehN_intM_N_out_2 (4.21) vehN_intM_N_in_1 (0.081)
8 vehN_inc_gneE7_1 (1.38) vehN_inc_gneE12_0 (0.065) vehN_intM_E_out_2 (4.20) vehN_intM_S_out_2 (0.078)
9 vehN_inc_-_gneE10_1 (1.35) vehN_inc_-_gneE10_1 (0.065) vehN_intM_W_in_1 (3.30) vehN_intM_E_in_2 (0.068)
10 vehN_inc_-_gneE10_2 (1.34) vehN_inc_-_gneE8_0 (0.064) vehN_intM_E_in_1 (3.25) vehN_intM_N_in_2 (0.066)
11 vehN_out_-_gneE12_1 (1.33) vehN_inc_-_gneE10_2 (0.061) vehN_intM_S_in_1 (3.24) vehN_intM_W_out_2 (0.065)
12 vehN_inc_-_gneE10_0 (1.30) detOcc_gneE12_0 (0.005) vehN_intM_N_in_1 (3.20) vehN_intM_W_in_2 (0.064)
13 vehN_inc_gneE12_0 (1.27) vehN_out_gneE8_0 (0.004) vehN_intM_S_in_2 (3.14) vehN_intM_N_out_2 (0.054)
14 vehN_inc_gneE7_2 (1.25) vehN_out_gneE12_0 (0.004) vehN_intM_E_in_2 (3.14) vehN_intM_S_in_2 (0.051)
15 vehN_inc_-_gneE8_0 (1.23) vehN_out_gneE7_0 (0.004) vehN_intM_W_in_2 (3.12) vehN_intM_E_out_1 (0.033)
16 vehN_inc_-_gneE8_1 (1.23) vehN_out_gneE10_1 (0.004) vehN_intM_N_in_2 (3.09) vehN_intM_E_out_2 (0.030)

on out-of-range demand levels, especially in complex
scenarios. In contrast, Neural Networks consistently
delivered stable performance across both simple and
complex scenarios, showing the best generalization among
the tested models. Overall, these results indicate that
while machine learning models can learn MP’s logic
under known conditions, their generalization ability varies
significantly. Logistic Regression and Neural Networks
perform well because MP’s decision-making is largely
based on linear relationships in vehicle counts, which
these models capture effectively—Logistic Regression
through its linear formulation, and Neural Networks via
their ability to approximate complex functions including
linear patterns. In contrast, tree-based models and SVM
are more prone to performance degradation, especially
as the tested demand levels deviate further from the
training range. In the second experiment, we augmented
the input feature space with additional variables—such
as turning ratios, queue lengths, and signal states—to
reflect a more realistic setting where the functional form
of MP is unknown and the model must infer it from
richer data. The goal was to assess whether machine
learning models could still approximate MP effectively,
and whether their reliance on vehicle count persisted
or shifted when more contextual information became
available. As shown in Table II, feature augmentation
led to mixed outcomes. On one hand, models like
Logistic Regression and Neural Networks remained highly
accurate, demonstrating their ability to integrate new
inputs without overfitting or losing sight of the core logic.
Their performance on both seen and unseen demand levels
in the augmented setting was comparable—if not slightly
improved—relative to the first experiment, particularly
in the Toy Network. For example, Neural Networks

maintained strong generalization even in more complex
settings, with accuracies often exceeding 0.85 on unseen
demand levels. On the other hand, tree-based models
continued to show limited generalization capacity, with
their performance deteriorating on the Toy Network. In
some cases, performance worsened relative to the first
experiment, likely due to overfitting on the richer feature
space. For instance, Random Forest accuracy on the Toy
Network at demand level 0.30 dropped to 27%, matching
its performance in the simpler feature setting—indicating
that the extra input variables did not help generalization,
and may have exacerbated sensitivity to feature-specific
patterns. These findings suggest that while augmenting
the input space introduces greater realism and model
flexibility, it also raises the risk of overfitting for models
that rely heavily on discrete splits or margin-based classi-
fication. Conversely, models that already aligned closely
with MP’s underlying logic—namely, Logistic Regression
and Neural Networks—were better able to incorporate
the new features without compromising generalization.
This reinforces the idea that when approximating policies
like MP, which are grounded in linear or threshold-based
rules, simpler or flexible models that generalize well under
structural assumptions may outperform more complex
alternatives.

2. Feature Importance Analysis

To further assess whether machine learning models
capture the underlying logic of Max Pressure (MP), we
performed a feature importance analysis for the second
experiment. We selected Logistic Regression (LR) and
Neural Networks (NN), both trained on all demand
levels, as they consistently achieved the highest prediction
accuracy. The goal is to examine whether these models
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prioritize the features used by MP—specifically, vehicle
counts on incoming and outgoing lanes. As shown in
Table III, the feature importance results confirm that both
Logistic Regression and Neural Networks rely heavily on
vehicle count features, consistent with the core logic of
MP, which bases its phase selection primarily on vehicle
accumulation at intersections. In the toy network, which
contains 16 lanes, the top-ranked features for both LR
and NN overwhelmingly correspond to vehicle counts on
these lanes, covering all directions (North, South, East,
and West) and both incoming and outgoing lanes. This
provides strong evidence that both models learned to
prioritize the same information that MP uses for decision-
making, even in a more complex network setting.These
findings validate that Logistic Regression and Neural
Networks not only achieve high predictive accuracy but
also capture the fundamental operational principles of
MP by focusing on vehicle counts—the key input in
MP’s closed-form formulation. This demonstrates their
suitability for approximating MP logic under both simple
and more complex traffic network scenarios.

DISCUSSION AND CONCLUSION

This study investigated whether supervised learning
can approximate the decision logic of Max Pressure
(MP), a traffic signal control strategy, using only ob-
servable data. By training models to mimic MP’s phase
selections, we found that certain models—particularly
Logistic Regression and Neural Networks—accurately
reproduced MP’s behavior and generalized well, even
when the feature space was expanded to simulate real-
world uncertainty. These models consistently prioritized
vehicle counts, aligning with MP’s underlying logic.
In contrast, tree-based models and SVM struggled to
generalize and often overfit to noise. Overall, the findings
show that supervised learning not only enables accurate
imitation of traffic control decisions but also offers
interpretable insights into their guiding principles. This
approach could help stakeholders better understand and
anticipate the behavior of proprietary systems, fostering
more transparent and cooperative traffic management.
Future work could extend this framework to real-world
traffic data and more complex control strategies (e.g.,
SCOOT, SCATS, or hybrid systems). Another promising
direction is to combine supervised learning with causal
inference or reinforcement learning to not only mimic
behavior but also understand the trade-offs embedded
in the control policy. Additionally, exploring methods
to extract symbolic rules or interpretable decision trees
from high-performing models may further bridge the gap
between black-box learning and actionable insight.
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