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Abstract: Optimizing traffic flow at signalized intersections is a central challenge in road
networks. Existing approaches address this problem through measures such as adap-
tive traffic signal control to decrease travel time and reduce vehicle energy consumption.
A complementary approach is the optimization of vehicle-level driving behaviour, which
directly influence queue formation and stop-and-go dynamics. This paper evaluates
deterministic and reinforcement learning approaches for recommending an approach
speed towards a traffic light in a simple SUMO scenario. Using energy consumption
and travel time as primary metrics, we compare both methods across traffic volumes.
Baseline runs with SUMO’s default driving behaviour were conducted as reference,
followed by experiments with two, six, and 20 vehicles. We achieve a decrease of en-
ergy consumption by 22.83 over the distance travelled in a scenario with 20 vehicles
while roughly maintaining the reference travel time (++1.73). The reinforcement learn-
ing agent demonstrated improved consistency and reduced deviation compared to the
baseline runs without any external control, especially in high traffic volume scenarios.

Keywords: Traffic Signal Optimization, SUMO, GLOSA, Reinforcement Learning,
Energy-Efficient Driving, Connected and Automated Vehicles

1 Introduction

Signalized intersections are major bottlenecks in road networks. Stop-and-go dynam-
ics caused by red phases and queue formation increase travel time variability and lead
to unnecessary energy consumption, especially for electric vehicles where frequent ac-
celeration events dominate the consumption profile. While many approaches mitigate
these effects via adaptive traffic signal control, a complementary direction is to influence
vehicle behavior directly by recommending an approach speed that reduces unneces-
sary braking and improves phase utilization.


https://creativecommons.org/licenses/by/4.0/
https://orcid.org/0009-0009-5185-8262
https://orcid.org/0009-0004-7802-005X
https://orcid.org/0000-0003-1120-1214
https://orcid.org/0000-0002-6993-5301

Kolms etal. | SUMO Conf Proc 7 (2026)

Speed advisory strategies require only limited intervention: instead of controlling the
signal plan or assuming full vehicle autonomy, an advisory system can propose a target
speed that aligns vehicle arrivals with green phases. Such recommendations can be
communicated to connected vehicles via vehicle-to-infrastructure (V2I/V2X) messages
or displayed to human drivers in driver assistance systems. However, the effectiveness
of speed recommendations depends on traffic density, interactions with other vehicles,
and variability in signal timing. In particular, deterministic planning methods such as
manually programmed algorithms can perform well in isolated settings but may degrade
under disturbances caused by heterogeneous traffic.

In this work, we evaluate vehicle-level speed recommendation strategies in micro-
scopic traffic simulation using SUMO. We use a minimal but controlled scenario con-
sisting of a single-lane, one-way road segment with one signalized intersection and ran-
domized phase durations. Within this setting, we compare (i) a deterministic speed
planning baseline that targets a predicted green phase and (ii) a reinforcement learn-
ing (RL) agent that learns adaptive speed recommendations from vehicle- and signal-
level observations. Both approaches are evaluated against SUMO’s default driving be-
havior across multiple traffic volumes (only the agent vehicle, two, six and 20 vehicles
total), using energy consumption () and average speed () as primary metrics.

This paper investigates under which traffic conditions deterministic speed advisory
strategies becomes insufficient, and when adaptive reinforcement learning—based ap-
proaches provide additional benefits in terms of energy efficiency while maintaining
travel time.

The main contributions of this paper are:

« A reproducible SUMO scenario to benchmark speed advisory strategies at a sig-
nalized intersection under varying traffic volumes and changing signal timing.

« A deterministic phase-alignment algorithm for computing a target approach speed
based on current signal state and estimated arrival time.

* A reinforcement learning formulation for adaptive speed recommendation that in-
corporates lead-vehicle interaction and queue proxy information.

* An empirical comparison showing that speed recommendations can reduce en-
ergy consumption with only minor travel time impact, with the RL agent providing
the largest gains in high-traffic settings.

The remainder of this paper is structured as follows. Section 2 reviews related work
on signal control and vehicle-level speed optimization. Section 3 describes the SUMO
scenario, observation and action spaces, and reward design. Section 4 reports exper-
imental results, followed by a discussion of limitations and implications in Section 5.

2 Related Work

Research on improving performance at signalized intersections broadly follows two
complementary directions: infrastructure-level optimization (e.g., adaptive signal con-
trol) and vehicle-level control or advisory (eco-driving, speed guidance). Since this pa-
per targets vehicle behavior to mitigate stop-and-go dynamics without modifying signal
plans, we focus on prior work on speed advisory, eco-approach and departure (EAD),
and learning-based driving policies.
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2.1 Speed advisory and eco-approach at signalized intersections

Green Light Optimal Speed Advisory (GLOSA) and related eco-approach and depar-
ture (EAD) methods use signal phase and timing (SPaT) information to recommend
approach speeds that reduce unnecessary stopping and aggressive acceleration. A
broad view of this literature is provided by Mellegard and Reichenberg, who map Day 1
C-ITS GLOSA research and highlight the diversity of assumptions regarding information
availability, driver/vehicle compliance, and traffic conditions, which complicates direct
comparison of reported benefits across studies [1].

A common extension of speed advisory is to coordinate it with signal control. Erd-
mann combines adaptive junction control with simultaneous GLOSA at a single junction
using V2l information and dynamic programming, illustrating that larger system-level
benefits are achievable when the infrastructure and vehicle advice are optimized jointly
rather than treating the signal plan as exogenous [2]. This line of work motivates a
clear separation between (i) joint signal—vehicle optimization and (i) advisory-only ap-
proaches that operate under a fixed (or externally determined) signal plan. Our work
focuses on the latter setting to reflect a low-intrusion deployment model in which only
approach speed recommendations are issued and no modification of signal control is
assumed. This approach allows for integration in current vehicle models with no au-
tomated driving capabilities as well as capability with fully autonomous vehicles in the
longer term.

A central practical limitation of SPaT-based planning in advisory-only settings is that
the approach is often constrained by surrounding traffic. Ye et al. address this by ex-
plicitly forecasting preceding-vehicle speeds and incorporating these constraints into
prediction-based EAD at signalized intersections, showing that interaction-aware plan-
ning is required when leader dynamics dominate achievable trajectories [3]. A second,
orthogonal limitation is uncertainty in signal timing itself. Mahler and Vahidi propose
an optimal velocity-planning scheme that accounts for probabilistic traffic-signal timing,
underlining that plans based on deterministic phase durations can be suboptimal when
phase switching is not perfectly predictable [4]. For electric vehicles specifically, Sim-
chon and Rabinovici formulate and implement a real-time Dynamic-GLOSA method for
EVs over multi-segment routes, emphasizing the joint energy—travel-time trade-off and
the importance of computational tractability for online advisory [5].

These works collectively motivate two aspects that shape our problem setting. First,
even strong model-based advisory formulations must contend with (i) leader constraints
and queueing, the latter is especially important with higher traffic volumes, on the ap-
proach [3] and (ii) variable or uncertain signal timing [4]. Second, joint signal-vehicle
optimization can further improve outcomes but changes the deployment assumptions
and requires infrastructure control authority [2]. In this paper, we therefore evaluate
advisory policies under different phase durations for each approach and systematically
varied interaction levels (different numbers of other vehicles), while restricting the inter-
vention to a single recommended approach speed without signal-plan modification.

2.2 Learning-based speed advisory and eco-driving

Learning-based controllers have been explored as an alternative to purely model-
based planning when the environment exhibits stochasticity and complex interac-
tions. Jayawardana and Wu learn eco-driving strategies at signalized intersections and
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demonstrate that reinforcement learning can discover efficient behaviors that reduce
fuel use while maintaining acceptable travel time, providing evidence that data-driven
policies can compete with analytical approaches in this domain [6]. More recent work
has expanded RL-GLOSA formulations beyond the recommended speed itself. Xu et
al. propose adaptive frequency GLOSA, where deep reinforcement learning determines
not only advisory content but also when advisories should be issued, targeting stability
and reduced overreaction under changing traffic conditions [7].

Hybrid methods aim to combine the robustness of learning with the structure of model-
based eco-driving. Bai et al. propose a hybrid reinforcement learning strategy for con-
nected and automated vehicles at signalized intersections, explicitly addressing uncer-
tainty while retaining an efficiency-oriented control structure [8]. Closely aligned with
the interaction focus of our work, Ren et al. incorporate on-the-fly queue dissipation
estimation and lane-merging disturbances into deep RL eco-driving at signalized in-
tersections, highlighting that queue evolution and disturbance modeling are pivotal for
performance in traffic-heavy settings [9]. Taken together, these studies suggest that
RL is particularly valuable when performance is limited by factors that are difficult to
capture with a single-shot phase-alignment rule (e.g., leader-induced constraints and
time-varying queue dynamics), motivating controlled comparisons between transparent
deterministic advisories and learned policies under varying interaction intensity.

2.3 Simulation and energy modeling in SUMO

Microscopic simulation is widely used to evaluate speed advisory systems because
it enables repeatable comparisons under controlled information and compliance as-
sumptions. For EV-focused studies, the credibility of energy outcomes depends on the
energy consumption model used. Behrisch et al. compare and parameterize electrical
energy consumption models in SUMO, underscoring that results can vary with model-
ing and calibration choices and should therefore be reported with vehicle and consistent
configuration [10]. Within the SUMO community, Halbach presents a GLOSA-focused
analysis in SUMO that studies impacts on speed distributions and emissions, provid-
ing further evidence that advisory-style speed changes can measurably influence both
microscopic driving behavior and aggregate outcomes in simulation [11]. Building on
these foundations, our study uses SUMO to provide a minimal, reproducible bench-
mark for comparing deterministic and reinforcement learning speed recommendations
at a single signalized intersection across traffic volumes, using energy consumption
and travel time as primary metrics.

While several larger studies leverage toolchains such as Flow [12] or SUMO-RL [13],
we did not adopt those wrappers in this work. Instead, we use a custom environment
and agent implementations developed from scratch.

3 Methods

In this paper, two scenarios will be discussed separately. First, a SUMO [14] environ-
ment consisting of only one long and straight road with vehicles following it, where one
vehicle follows speed suggestions from a deterministic algorithm and a traffic light is
located at the end of that street. Second, the same SUMO environment but with the
vehicle being controlled by a reinforcement learning agent.

A deterministic approach was first implemented to address scenarios with low traffic
volumes. This algorithm was optimized for situations in which no other vehicles are
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present to interfere with its behaviour. Since this represents a limitation for real-world
applications, a reinforcement learning agent was subsequently integrated. Several ad-
ditional traffic flows were defined for the training episodes. However, to maintain com-
parability between the different approaches, both training and testing were conducted
across all scenarios.

3.1 Scenario

The SUMO environment shown in Figure 1 was designed with simplicity in mind. It
consists of a single-lane, one-way road with a total length of six kilometres. A traffic
light is placed five kilometres from the start of the road. The remaining one kilometre
downstream provides sufficient distance for vehicles to accelerate back to their desired
speed after passing the signal. We distinguish between scenarios with only the agent
vehicle driving and with two, six and 20 vehicles total, including the agent vehicle. For
better reproducibility we opted not to use SUMO Flows. Instead, vehicles are manually
spawned for each scenario. In each case where other vehicles coexist, the agent ve-
hicle is the last vehicle as following vehicles would have no effect on decisions made
in this scenario. The vehicle directly in front of the agent vehicle is designated as the
lead vehicle. For all scenarios the Energy/default emissions model is used. It is also
assumed that all human drivers follow any given speed advice completely.

This setup is more representative of a suburban or peri-urban corridor than a dense
urban scenario. In particular, a five-kilometre approach to a single signal is atypical for
inner-city networks, where intersections occur at much shorter spacing. Likewise, the
maximum speed of 100 aligns more closely with rural-road conditions than with typical
city speed limits. Nevertheless, we considered it useful to start with this larger-scale,
low-complexity setting as a gradual entry point to the problem: it provides a controlled
environment in which vehicle-level adaptations can be implemented and evaluated at
a meaningful scale before moving towards denser, more complex urban networks. The
long stretch of road before the traffic light allows for vehicles to group up because some
want to drive faster than others. This results in vehicles arriving in batches at the traffic
light and further increases the level of difficulty to approximate an optimal speed to
approach the traffic light, as it may not be guaranteed that all vehicles will pass the light
during a single green phase.

b |

N
/" 5 km 1 km

Vehicles positioned along a 5km road approach a traffic light, highlighting the agent, lead, and
surrounding traffic.

Figure 1. One-way street with a single lane and several vehicles driving towards a traffic light.
The length of both the red and green phase is randomized within a given range for

every approach by the agent vehicle. This makes the result of the actions of the re-
inforcement learning agent more realistic and useful because some traffic lights may
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even change phase lengths for every cycle. The time range in which the randomization
occurs is preset as [10..20] seconds for the green phase and [25..35] seconds for the
red phase. The yellow phases are fixed at a length of 3 seconds. Each phase colour
length is chosen independently to allow for real-world variation and a less predictable
pattern.

Additionally, the road was created with just one lane to prevent vehicles from overtak-
ing. This would be an interesting dynamic to observe but stretches outside the scope
for this work. Using only one lane guarantees that vehicles have to slow down for other
slower vehicles, thereby creating another level of difficulty for both algorithms in pre-
dicting whether all vehicles will pass the light within a single green phase.

As soon as the traffic light is passed, all control is given back to SUMO as this part of
the road is solely existent for acceleration to the previously desired speed.

Vehicle Driving Behaviour in One Episode
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Speed profiles of the agent vehicle over distance, shown alongside traffic-light phases during
a single driving episode.

Figure 2. Representative episode of a single vehicle following the speed recommendation of the deter-
ministic algorithm with no other interfering vehicles present

3.2 Deterministic Approach

A deterministic speed-planning algorithm was implemented to serve as a transparent
baseline for comparison with the learning-based controller. The approach computes
a single target speed that aims to align the vehicle’s arrival at the intersection with a
green signal phase, assuming that the vehicle maintains a constant speed after the
recommendation is issued.

The algorithm operates in a simplified SUMO scenario consisting of a straight, single-
lane road of 6 length with one signalized intersection located after 5. This configuration
provides sufficient distance for the vehicle to adjust its speed well in advance of the
traffic light and to recover to its desired speed on the final road segment after the inter-
section. To reflect realistic driving conditions, vehicles are spawned with randomized
initial speeds and starting positions. Information about the traffic light, including the
current phase, the remaining time until the next phase switch, and the durations of all
upcoming phases (which are randomized for each training episode), is obtained via the
TraCl interface at a distance between 2 and 4 before the intersection.
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Based on the current distance d to the traffic light and the vehicle’s current speed v,
a nominal arrival time is estimated under the assumption of constant speed. Starting
from the current signal phase, the algorithm then advances through the sequence of
traffic light phases by cumulatively adding their durations until the simulated signal time
exceeds the estimated arrival time. This procedure determines the signal phase that
the vehicle would encounter if no speed adjustment were made. If this predicted arrival
phase is green, the current speed is retained.

If the predicted arrival phase is not green, the algorithm instead targets one following
the red phase after the original arrival time. The time remaining until the beginning
of this target green phase is computed, and the recommended speed is obtained by
dividing the remaining distance d by this time interval. The resulting speed is clipped
to the allowed speed range of the scenario. In effect, the vehicle is slowed down just
enough to reach the stop line at the start of a feasible green phase, thereby avoiding a
full stop at the signal whenever possible.

This deterministic approach does not explicitly account for interactions with leading
vehicles or queue formation and therefore represents an optimistic baseline that is ex-
pected to perform best in low-traffic conditions. In Figure 2 an example trial (of the
overall 1000 trials per traffic flow pattern and control method) can be seen. The figure
shows how the speed is adapted with respect to the distance of the traffic light.

3.3 Reinforcement Learning Approach

We train a reinforcement learning controller that produces speed recommendations for
a single agent vehicle within the SUMO simulation. The task is formulated as a Markov
Decision Process in which the simulator advances in discrete time steps of one second
(one SUMO tick). At each step t, the agent observes the current traffic situation s,, se-
lects an action a;, and receives a scalar reward r,. Training is performed using Proximal
Policy Optimization (PPO)[15] as implemented in Stable-Baselines3 [16] with an MLP-
based actor—critic policy in scenarios with surrounding traffic. In Figure 3 we show an
example trial of the reinforcement learning agent in a scenario with 20 vehicles. Next,
we define the states, actions, and reward function used in our reinforcement learning
algorithm.

3.3.1 State

The state is represented by a fixed-length vector
s, = (Ut’ dn ¢t’ Ttgreen’ Ttmds Ultead’ dltead, Et’ Nt)’ (1)

where v, isthe agent speed, d; is the remaining distance to the traffic light, ¢, € {0,1, 2, 3}
encodes the current signal phase, and 77" and 7/®¢ denote the remaining time until
the next green and red phase, respectively. To capture traffic interaction, v'¢24 and d/°
denote the speed and gap of the closest leading vehicle; if no leader exists, arbitrarily
inconsequential values are used as a placeholder. The term E, denotes the cumulative
electrical energy consumed by the agent vehicle (Wh), and N, denotes the number of

vehicles ahead on the same road segment, serving as a coarse proxy for queue length.



Kolms etal. | SUMO Conf Proc 7 (2026)

Vehicle Driving Behaviour in One Episode
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Speed profiles of agent, lead, and other vehicles over distance, shown alongside traffic-light
phases during a single driving episode.

Figure 3. Representative episode of 20 vehicles driving on the road with the agent vehicle following the
speed recommendation of the RL agent

3.3.2 Actions

The action space is one-dimensional and continuous,

a, € [-1,1]. (2)
Actions are mapped to a target speed recommendation in via
UL%%(at) = 50(a; + 1), 3

which corresponds to the interval [0,100] . The recommended speed in is

Vkpn(@r) 50

rec phi™t

= = 1). 4
t 36 3.6(at +1) (4)
The recommendation is applied through the simulator interface; acceleration and de-
celeration remain bounded by SUMO'’s vehicle dynamics such that no instantaneous

speed changes occur.

3.3.3 Reward Function

The reward r; is computed at each step as the sum of three components,
= rttime + rtenergy + rtsmooth- (5)

The time component encourages progress by comparing the estimated remaining travel
time to a reference duration T, = 200. Let
d?nd
N , UL, 2>1,
T, =1 v, L= (6)
1000, v, <1,

where d¢" [] denotes the remaining distance to the end of the episode. The time reward
is then

1’ T;f < Tref’

time ~

Iy = T, — T, f o (7)
— L > T

Tref
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The energy component compares the current consumption rate C, [] to a reference level
Cref = 120,

C -C
_t—fef, C, > Cee,
renel’gy — 60 (8)
t C’ref — Ct
’ Ct < Cref-
C’ref

Finally, a smoothness penalty discourages abrupt speed adjustments. Let Av, [] denote
the magnitude of the applied speed change. Then

Av,
smooth _ _E’ AUt > 1,

F
0, Av, < 1.

9)

Together, these terms promote efficient driving with minimal delay while penalizing ag-
gressive speed changes that would reduce comfort.

3.4 Evaluation Metrics

To evaluate the effectiveness of both the deterministic approach and the reinforcement
learning agent, we consider travel time and energy consumption as primary perfor-
mance metrics. All metrics are computed over the full lifetime of the agent vehicle, from
its spawn position until it leaves the simulated road segment.

Travel time is measured as the total number of simulation ticks required to complete
the episode. To account for variations in spawn position across episodes, travel time
is normalized by the driven distance and reported as ticks per kilometer. Lower values
indicate higher average speeds and fewer delays caused by stopping or queuing at
the traffic light. Since ticks per kilometer is an unconventional unit, we later convert
the travel time measurements to an average speed measurement in for more intuitive
comparisons.

Energy efficiency is measured as cumulative electrical energy consumption normal-
ized by the driven distance and reported in watt-hours per kilometer (). Lower energy
consumption corresponds to lower average speeds or smoother driving behavior with
fewer acceleration and deceleration events, particularly avoiding full stops at red signal
phases. All vehicles in the scenario are electric and support regenerative braking, al-
lowing kinetic energy to be partially recovered during deceleration. While recuperated
energy is reflected in the cumulative energy consumption value, negative energy usage
is not explicitly rewarded. Nevertheless, full stops are expected to increase travel time
even when partial energy recovery is possible.

Together, these metrics capture the fundamental trade-off between efficiency and
travel time that underlies speed recommendation strategies at signalized intersections.

3.5 Statistics

Normality was assessed using the Shapiro-Wilk test. As normality could not be as-
sumed, non-parametric methods were employed. Differences between independent
groups were evaluated using the Mann—Whitney U test. Correlations were analyzed
using Spearman’s rank correlation coefficient (o). To control the error rate across mul-
tiple comparisons, p-values were adjusted using the Holm—Bonferroni correction.
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4 Results

We report results for the baseline (SUMO default driving), the deterministic speed-
planning strategy, and the reinforcement learning (RL) agent across four traffic vol-
umes (1, 2, 6, and 20 vehicles total). Each configuration was evaluated over n = 1000
episodes. Performance is assessed using (i) energy consumption normalized by dis-
tance () and (ii) average speed (). Table 1 reports means and standard deviations.
Figure 4 summarizes distributions, Figure 5 shows histograms, and Figure 6 summa-
rizes the energy—speed relationship.

4.1 Performance and distributional comparison across traffic volumes

Table 1 reports the mean energy consumption and average speed for each method at
1, 2, 6, and 20 vehicles total. Figure 4 summarizes the corresponding distributions, and
Figure 5 shows the histograms over n = 1000 episodes per configuration.

Table 1. Mean and standard deviation for energy consumption (left) and average speed (right).

Energy consumption [] Average speed []
Scenario Mean Std Scenario Mean Std
Baseline, 1 vehicle 1544 21.6 Baseline, 1 vehicle 87.4 115
Baseline, 2 vehicles 1440 17.8 Baseline, 2 vehicles 80.5 8.8
Baseline, 6 vehicles 131.7 13.7 Baseline, 6 vehicles 70.2 6.3
Baseline, 20 vehicles 127.0 11.0 Baseline, 20 vehicles 51.7 7.1
Deterministic, 1 vehicle 132.7 19.1 Deterministic, 1 vehicle 84.6 10.1
Deterministic, 2 vehicles  124.7 15.1 Deterministic, 2 vehicle 76.8 6.7
Deterministic, 6 vehicles 120.0 12.7 Deterministic, 6 vehicle 68.9 53
Deterministic, 20 vehicles 119.7 11.2 Deterministic, 20 vehicles 51.7 6.5
RL Agent, 1 vehicle 141.7 12.4 RL Agent, 1 vehicle 83.8 9.3
RL Agent, 2 vehicles 116.0 86 RL Agent, 2 vehicle 65.3 4.8
RL Agent, 6 vehicles 111.6 8.5 RL Agent, 6 vehicle 62.2 4.6
RL Agent, 20 vehicles 98.0 53 RL Agent, 20 vehicle 50.8 6.1

Side-by-side tables comparing mean and standard deviation of energy consumption and
average speed across baseline, deterministic, and RL scenarios.

Across all traffic volumes, the RL agent achieves the lowest mean energy consump-
tion, with the largest improvement observed in the 20-vehicle condition. While the de-
terministic approach reduces energy usage compared to the baseline in low-traffic sce-
narios, its gains saturate under higher interaction levels. In contrast, the RL agent
continues to reduce mean energy consumption as traffic density increases.

The distributional analysis in Figure 4 confirms these trends. For energy consump-
tion, the RL agent exhibits significantly lower distributions compared to both base-
line and deterministic approaches in all traffic conditions (Holm—Bonferroni corrected
p < 0.001). The separation is most pronounced in the 20-vehicle scenario, where the
RL policy shifts the distribution substantially toward lower values and reduces high-
energy outliers.

For average speed, differences depend on traffic density. In the 2- and 6-vehicle con-
ditions, the RL agent shows significantly lower speeds compared to both baseline and
deterministic control (corrected p < 0.001), reflecting a more conservative strategy in
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moderately constrained regimes. In the 20-vehicle scenario, speed differences remain
statistically significant but are comparatively small (p.,r = 4.36 x 10~ for baseline vs.
RL), indicating that the observed energy improvements are achieved with only minor
travel-time penalties.

4.2 Energy-speed relationship

Figure 6 visualizes the relationship between energy consumption and average speed
for all methods and traffic volumes. The baseline correlations are p = 0.50 (p < 0.0005)
at 1 vehicle, p = 0.42 (p < 0.0005) at 2 vehicles, p = 0.31 (p < 0.0005) at 6 vehicles, and
p = —0.09 (p = 0.027) at 20 vehicles total.

For the deterministic approach, correlations are p = 0.78 (p < 0.0005) at 1 vehicle,
p = 0.70 (p < 0.0005) at 2 vehicles, p = 0.42 (p < 0.0005) at 6 vehicles, and p = —0.09
(p = 0.0033) at 20 vehicles total.

For the RL agent, the correlation is p = 0.02 (p = 0.5343) at 1 vehicle, p = —0.21
(p < 0.0005) at 2 vehicles, p = 0.08 (p = 0.0128) at 6 vehicles, and p = —0.14 (p < 0.0005)
at 20 vehicles total.

5 Discussion

This section interprets the empirical findings with respect to the energy—time trade-off
and the influence of traffic density on advisory effectiveness. We discuss how deter-
ministic and learning-based strategies differ across interaction regimes and what this
implies for practical deployment.

5.1 Finding 1: Energy reductions are consistent across traffic volumes

Across all traffic volumes (1, 2, 6, and 20 vehicles total), both advisory strategies reduce
mean energy consumption relative to the baseline. The deterministic strategy reduces
mean energy from 154.4 to 132.7 in the 1-vehicle case, and from 127.0 to 119.7 in the
20-vehicle case. The RL agent reduces mean energy to 141.7 (1 vehicle) and to 98.0
(20 venhicles total). This corresponds to a reduction of 22.83 compared to the baseline.
It establishes that speed advice can shift the energy distribution downward (Figure 4)
relative to unassisted driving.

5.2 Finding 2: Travel-time effects depend on traffic volume and method

Mean speed decreases with traffic volume for all methods. In the baseline, mean speed
drops from 87.4 (1 vehicle) to 51.7 (20 vehicles total). The deterministic strategy re-
mains close to the baseline at each traffic volume, including identical mean speed of
51.7 at 20 vehicles total. The RL agent shows larger speed reductions in the 2- and
6-vehicle conditions (65.3 and 62.2) relative to the baseline (80.5 and 70.2), while re-
maining close at 20 vehicles total (50.8 vs. 51.7).

Interpreted as an energy—time trade-off, the deterministic controller achieves energy
reductions while largely preserving mean speed, whereas the RL policy’s energy re-
ductions in moderate traffic coincide with lower mean speeds.
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Comparison of Energy Usage and Speed Across Methods
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Box plots comparing energy usage and average speed across baseline, deterministic, and RL
methods for different traffic densities.

Figure 4. Distributions of energy consumption and average speed across methods and traffic volumes
(n = 1000 per configuration and *** for p < 0.001, ** for p < 0.01 and * for p < 0.05)

5.3 Finding 3: The RL policy improves consistency and reduces tail events

The RL agent shows narrower dispersion and fewer extreme high-energy outcomes
relative to baseline driving (Figures 4-5).

Comparison of Energy Usage and Speed with 20 vehicles total
[ Baseline (no control) [ Deterministic [ RL Agent

Energy Usage Distribution (n = 1000) Average Speed Distribution (n = 1000)
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Density histograms comparing energy-usage and average-speed distributions for 20-vehicle
simulations under baseline, deterministic, and RL-controlled conditions.

Figure 5. Histograms of energy consumption and average speed across n = 1000 runs.
In particular, the maximum observed energy consumption decreases from 164.9 (only

agent vehicle driving) to 133.5 as soon as any other vehicles are present, while min-
imum values remain comparable across methods (around 85). From an operational



Kolms etal. | SUMO Conf Proc 7 (2026)

perspective, reduced variance implies more predictable energy outcomes, which is rel-
evant for driver acceptance and system-level planning.

5.4 Finding 4: Correlation patterns indicate regime shifts with traffic density

Energy Consumption vs. Average Speed (n = 1000)
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Scatter plots showing the relationship between average speed and energy consumption
across baseline, deterministic, and RL-agent conditions with varying traffic levels.

Figure 6. Correlation of energy consumption and average speed for three control methods across all
traffic scenarios.

The baseline and deterministic approaches show positive correlations between en-
ergy and speed in low traffic (1-2 vehicles), with p = 0.50 and p = 0.42 for the baseline
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and p = 0.78 and p = 0.70 for the deterministic strategy. At 20 vehicles total, both show
slightly negative correlations (o = —0.09 for both), indicating a different operating regime
in dense traffic. The RL agent shows a distinct pattern, with near-zero correlation at 1
vehicle (o = 0.02), negative correlation at 2 vehicles (o = —0.21), a weak positive cor-
relation at 6 vehicles (o = 0.08), and negative correlation at 20 vehicles (o = —0.14)
(Figure 6).

A plausible interpretation is that, as traffic becomes denser, variability in average
speed increasingly reflects interaction effects (leader constraints, queue progression)
rather than only acceleration choice, which changes the energy—speed association.
The RL agent’s sign changes across traffic volumes suggest that its policy adapts its
driving style depending on the degree of constraint.

5.5 Implication: When to prefer deterministic vs. learning-based advice

In terms of method selection, the deterministic strategy offers energy reductions with
minimal change in mean speed across traffic volumes, which supports use cases where
transparency and stable travel-time behavior are primary requirements. The RL agent
delivers the largest mean energy reduction in dense traffic (down to 98.0 at 20 vehicles
total) and reduces high-energy outliers, which supports use cases where robustness
and tail-risk reduction are important. In moderate traffic (2—-6 vehicles total), the RL
agent’s lower mean speeds (65.3, 62.2) indicate a stronger energy—time trade-off than
the deterministic approach, which should be considered when prioritizing throughput.

6 Limitations

The study was conducted in a simplified single-lane, single-intersection SUMO scenario
to enable controlled comparison of advisory strategies. Network-level effects such as
multi-intersection coordination, spillback, and lane-changing dynamics were not con-
sidered, and no multi-lane interactions or overtaking behavior were modeled.

All vehicles were modeled as electric and assumed to fully comply with recommended
speeds. Real-world deployments would involve heterogeneous vehicle types and par-
tial driver compliance, which may influence both energy savings and stability. Human
driving variability, such as delayed reactions or imperfect adherence, was not repre-
sented.

The scenario models a long single-lane approach (5 km) to a single signalized inter-
section, which is more representative of peri-urban or suburban corridors than dense
urban grids. While higher vehicle counts were used to simulate increased interaction
intensity, the spatial structure does not reflect short intersection spacing typical for inner-
city traffic. Consequently, the observed performance under “dense” traffic should be in-
terpreted as high-interaction conditions within a corridor setting rather than a full urban
network. Moreover, only the agent vehicle was actively controlled, preventing assess-
ment of coordinated multi-vehicle effects.

Additionally, no speed limits were imposed upstream of the traffic light, as would typ-
ically be the case in real-world scenarios. This likely affects the significance of the
results, as the overall energy savings potential would be lower under conditions with
lower speed.
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Traffic was generated using a manual instead of a SUMO flow configuration, possi-
bly limiting variability in arrival patterns and excluding more flexible or stochastic flow
conditions.

Despite these simplifications, the controlled setup allows isolation of interaction ef-
fects between traffic density and advisory strategy.

7 Future Work

While the present study provides a controlled comparison of deterministic and reinforce-
ment learning—based speed advisory strategies, several extensions are necessary to
assess real-world applicability.

First, the current evaluation is restricted to a single-lane, single-intersection scenario.
Future work will extend the framework to multi-intersection corridors and urban net-
works with heterogeneous signal spacing, where coordination effects and spillback phe-
nomena may further influence advisory performance.

Second, the present setup assumes homogeneous electric vehicles and full com-
pliance with recommended speeds. Incorporating heterogeneous vehicle types (e.g.,
internal combustion engines, varying acceleration capabilities) and partial compliance
models would allow investigation of mixed-traffic environments and driver acceptance.

Third, reward design was fixed across traffic volumes. Adaptive or multi-objective for-
mulations that dynamically reweight energy and travel-time components could provide
better context-aware behavior. Additionally, ablation studies on the state representation
may clarify which traffic features are most critical for policy performance.

Finally, transferability and robustness remain open questions. Evaluating policy gen-
eralization across unseen traffic densities, signal timing distributions, and stochastic
disturbances will be essential for deployment-oriented validation.

8 Conclusion

This paper evaluated deterministic and reinforcement learning—based speed recom-
mendation strategies for approaching a signalized intersection in a microscopic SUMO
simulation. Both approaches demonstrate that modest reductions in driving speed up-
stream of a traffic light can lead to significant energy savings with only minor impacts
on travel time.

The deterministic speed-planning method proves effective in low-traffic scenarios,
where signal timing is the dominant factor and vehicle interactions are limited. In con-
trast, the reinforcement learning agent provides the largest gains in high-traffic condi-
tions, achieving substantial energy reductions while maintaining nearly identical travel
times to unassisted driving. These results suggest that adaptive, interaction-aware poli-
cies are particularly valuable when queueing and leader constraints dominate vehicle
behavior.

Taken together, the findings support a context-dependent deployment strategy: de-
terministic speed advisories offer a lightweight and interpretable solution for sparse
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traffic, while learning-based approaches are better suited for congested environments
where adaptability and robustness are required. Future work will extend the evaluation
to multi-intersection corridors, heterogeneous vehicle fleets, and mixed compliance set-
tings, and will explore online adaptation and policy transfer across traffic scenarios.
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