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Abstract
Autonomous driving research has largely focused on safety while
giving limited attention to non-functional aspects such as energy
consumption and sustainability. As Autonomous Electric Vehicles
(AEVs) become increasingly common in urban traffic, understand-
ing how complex traffic dynamics influence their energy consump-
tion is paramount to test whether AEVs can complete trips before
battery depletion. To support energy-aware scenario-based test-
ing of AEVs, we present E-CoDrive, a framework for reproducible
closed-loop driving co-simulations that integrates an energy- con-
sumption model, a micro-traffic simulator, and a high-fidelity driv-
ing simulator to test AEV software stacks in urban scenarios. This
tool paper describes the architecture of E-CoDrive and demon-
strates its applicability by testing an Autoware-based AEV stack.
Our evaluation shows that varying traffic conditions produce sub-
stantial differences in vehicle energy consumption. The artifact is
publicly available at https://doi.org/10.6084/m9.figshare.32244783,
and a screencast showing the tool is available at https://youtu.be/
yX9fWHqCvgc.

1 Introduction
Research on autonomous driving has made substantial progress
in the validation of safety-critical behaviors, perception pipelines,
and motion-planning logic [6, 13, 15]. However, investigating how
complex environments and dynamic traffic affect energy consump-
tion remains underexplored, despite its central role in the design
of Autonomous Electric Vehicles (AEVs). Consequently, validating
AEVs using existing tools that focus on safety but are oblivious
to energy consumption might fail to expose misbehaviors such
as idling, repeated acceleration, or detours that lead to premature
battery exhaustion. Studying the interplay among traffic, energy
consumption, and recovery requires coordinating traffic generation,
autonomous decision-making, and energy-aware measurements in
a consistent and reproducible setting.

Unfortunately, existing technologies offer limited support for in-
tegrating heterogeneous simulators and for energy-aware scenario-
based testing. Driving simulators such as CARLA provide high-
fidelity vehicle and environment modeling [4], while SUMO [11],
CommonRoad [1], and OpenSBT [14] support scalable traffic gen-
eration and scenario construction. However, these tools are often

used in isolation [8, 17]. Although they can be integrated [9] and
extended with detailed energy models [10], existing solutions pri-
marily focus on data exchange and offer limited support for coordi-
nated execution [7]. As a result, they may not ensure synchronized
execution across traffic, vehicle dynamics, and autonomy modules.
This limits their ability to accurately study how variations in traffic
induce emergent effects in energy consumption [13, 15].

To address this gap, we designed E-CoDrive, a novel framework
for energy-aware scenario-based testing of AEVs. E-CoDrive pro-
vides a unified orchestration layer that maintains a shared simu-
lation timeline, coordinates state exchange across heterogeneous
components, and manages the end-to-end simulation workflow.
This is instrumental to enable the testing of AEVs by generating and
executing energy-aware driving scenarios through synchronized
closed-loop co-simulation across traffic, autonomy, and physics,
and exposing energy-critical behaviors. Our preliminary evaluation
shows that, compared with free-flow driving, traffic scenarios exe-
cuted in E-CoDrive consistently trigger distinct and more variable
energy-consumption patterns due to stop-and-go behavior.

By complementing existing research on safety-oriented testing
with the analysis of non-functional properties related to energy
consumption, this paper makes the following main contributions:
E-CoDrive. A co-simulation framework that integrates traffic gen-
eration (SUMO), high-fidelity vehicle and environment simulation
(CARLA), and an autonomous driving stack (Autoware Mini) within
a unified orchestration layer.
Scenario Generation. The framework supports the systematic
generation of energy-critical driving scenarios, including config-
urable traffic conditions, vehicle behavior, and energy models.
Reproducible Evaluation. The implementation leverages open-
source technologies and enables reproducible execution of scenarios
to evaluate how traffic conditions affect energy consumption.

2 E-CoDrive Architecture
E-CoDrive builds complex simulation scenarios in which AEVs
operate under varying traffic conditions. It integrates traffic gener-
ation, high-fidelity vehicle and environment simulation, and an au-
tonomous driving stack within a unified orchestration layer. Thanks
to E-CoDrive, developers create, execute, and analyze scenarios to
study how traffic dynamics influence the AEV’s energy demand.
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Figure 1: High-level architecture of E-CoDrive.

Figure 1 illustrates the high-level architecture of E-CoDrive. The
framework is organized into two main layers. The first is the simu-
lation software layer, which encompasses the core simulation tools,
including the traffic management system (SUMO), the high-fidelity
driving simulator (CARLA), and the AEV under test (Autoware
Mini). The second is the orchestration layer, which comprises the
orchestrator components that coordinate and synchronize inter-
actions among these tools and the components for setting up and
visualizing the energy-aware scenarios.

Note that, although the current implementation relies on specific
technologies, the framework is modular and configurable, enabling
the integration of alternative simulators and autonomous driving
stacks. The chosen components reflect their broad adoption and
popularity within the autonomous driving community.
Driving Simulator. CARLA provides 3D environment rendering
and vehicle-physics simulation in which both the ego AEV and the
surrounding traffic are embedded. Therefore, CARLA serves as the
high-fidelity environment in which SUMO-generated traffic and
Autoware Mini-issued commands are executed [4].
Traffic Manager. SUMO implements the traffic management and
route generation. We opted to use it because SUMO offers flexi-
ble traffic-demand generation for heterogeneous traffic flows and
enables the production and collection of vehicle-level energy data
when paired with suitable electric-vehicle models [10, 11].
EgoVehicle.TheAEVunder test is controlled byAutowareMini [16],
which provides the autonomous driving software stack for motion
planning and vehicle control. We adopt Autoware Mini because
it offers a lightweight, modular, and easily integrable autonomy
stack [9]. In particular, it represents a Python-based reimplemen-
tation of the Autoware stack [5], while still providing realistic
deployment characteristics, as it has been deployed on a Lexus
RX450h platform at the University of Tartu [2].
Orchestrator. It is the central integration component in E-CoDrive.
The orchestrator bridges interactions between users and the un-
derlying simulation layer, hiding from them the complexity of co-
ordinating and configuring executions. Through a dashboard, the

Figure 2: E-CoDrive: Congested-road scenario in SUMO.

user builds scenarios by defining the traffic conditions to be repro-
duced, including the amount and composition of SUMO-controlled
vehicles, the relevant roads in the scenario, and the time window in
which vehicles are spawned. Users can also specify the ego’s AEV
energy model (e.g., MMPEVEM [10]) and driving task, including
the vehicle’s static parameters, the initial battery level, and the
intended route’s starting and destination points. After collecting
the user configuration, invoking the required routing and scenario-
generation steps, and launching the different tools, the orchestrator
sets up the synchronized co-simulation. It does so by configuring
the interfaces through which SUMO, CARLA, and Autoware Mini
advance the simulation according to a common fixed time base.
Once the simulation ends, the orchestrator collects the simulation
data and visualizes it. Particularly interesting for AEV developers
are the visualization of the main energy-related metrics and the
driving statistics (e.g., average, minimum, and maximum speed).

3 E-CoDrive Workflow: An Example Scenario
This section illustrates E-CoDrive’s workflow using a working ex-
ample. First, the user selects an available map and launches CARLA.
The current implementation relies on CARLA v. 0.9.13 to ensure
compatibility with Autoware Mini and offers Town01, Town04, and
Town05 maps, as these are available for both CARLA and SUMO.

Second, the user defines the traffic surrounding the ego vehicle
by specifying start and destination positions and vehicle class1 for
all SUMO-controlled vehicles, thereby creating the intended traffic
patterns (e.g., a traffic congestion in a selected part of the map, as
highlighted by the red frame in Figure 2). This step relies on SUMO
route-generation tools, in particular duarouter, which generates
custom_traffic.rou.xml, a file containing all traffic routes. The
orchestrator then builds custom.sumocfg, the SUMO configuration
file used to load the map, routes, and energy output. The generated
scenario is then loaded into SUMO and prepared for co-simulation.

Third, the user configures the energymodel of the AEV under test
by selecting one of the models, i.e., Energy [12] or MMPEVEM [10],
that are currently available in SUMO.2 These models estimate the
1The vehicle class can be fixed or randomly sampled from the CARLAVehicle Catalogue
available at https://carla.readthedocs.io/en/latest/catalogue_vehicles/
2https://sumo.dlr.de/docs/Models/Emissions.html
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Figure 3: Representative simulated scenario frames highlighting three energy-relevant states of the AEV.

energy consumption of electric vehicles as they traverse the map
during the simulation. Based on this choice, the orchestrator gener-
ates the static vehicle parameters required by the selected energy
model, including battery capacity, vehicle mass, propulsion and re-
cuperation efficiencies, and aerodynamic and rolling coefficients. To
quickly explore different scenarios related to energy consumption,
the user also sets the battery’s initial charge level and a threshold
below which the battery is considered depleted. This step generates
the file egovtype.xml, which SUMO uses to associate the selected
energy model with the AEV under test, and the file vtypes.json,
which CARLA uses to select the corresponding vehicle models.

Fourth, the user selects the start and destination position defin-
ing the AEV driving task, and launches Autoware Mini with the
corresponding vehicle configuration and route. This step uses the
vtypes.json file generated previously to link the AEV to the cor-
rect vehicle model.

Finally, the co-simulation starts with SUMOmanaging the traffic,
Autoware Mini driving the AEV under test, and CARLA synchro-
nizing the execution on a fixed time base (i.e., 20 Hz). As output,
this step produces battery.out.xml, a file that reports instanta-
neous and cumulative energy consumption, speed, acceleration, and
recuperation, including energy recovered during braking events.

4 Preliminary Evaluation
This section presents a preliminary evaluation of our tool, which
aims to show that different traffic conditions affect the driving pat-
tern and energy behavior of the AEV under test. In particular, we
consider scenarios that induce congestion near the AEV’s destina-
tion, thus exposing variations in consumed energy, regenerated
energy, and speed. Figure 3 illustrates representative traffic-induced
effects on energy consumption at three timestamps, which corre-
spond to free-flow, moderate congestion, and heavy congestion
conditions. We highlight the AEV in the figure using a red circle.
In frame 1 , the AEV proceeds without obstacles ahead, and the
battery-state profile evolves approximately linearly. In frame 2 ,
the vehicle approaches the intersection and decelerates, leading to
energy recovery through regenerative braking. Finally, in frame 3 ,
the AEV queues in traffic, and the battery-state profile becomes ir-
regular, potentially indicating an energy-related misbehavior. This

example illustrates the relationship between traffic conditions and
the energy quantities monitored during simulation.

Building on the pipeline described above, we implemented three
application scenarios defined on the CARLA maps adopted by the
current implementation. For each map, the AEV route is defined
by selecting the two farthest road edges, thereby creating a long
mission that we execute under varying traffic conditions. In each
map, we define three traffic levels, denoted as low,medium, and high,
corresponding to 10, 25, and 50 vehicles surrounding the AEV under
test, respectively. In all cases, the generated traffic is configured
to congest the last segment of the AEV’s route. We configured the
AEV with an energy model that approximates a Tesla Model 3 AWD
profile, using a nominal battery capacity of 75 kWh. Each run starts
from a fixed initial charge level of 80% (i.e., 60 kWh), rather than
from a fully charged battery, to preserve plausible headroom for
regenerative braking as described by Chandak et al. [3].

We compare the resulting executions against a baseline scenario
in which the AEV is the only vehicle present in the network (i.e.,
free-flow driving). The analysis, therefore, focuses on the variation
induced by traffic, examining differences in total energy consumed
and regenerated, actual battery capacity, and average vehicle speed
relative to the baseline. The energy metrics jointly capture traffic-
induced energy exchanges and the resulting net battery depletion,
while the average speed indicates whether these variations coincide
with degraded driving conditions. Table 1 reports these metrics for
each scenario traffic (low,medium, and high), map (Town01, Town04,
and Town05), and the baseline run.

Across the three maps, the baseline scenario consistently exhibits
the lowest total energy consumption. In general, the gap relative
to the baseline increases as traffic density increases, suggesting
that estimating energy feasibility of an AEV mission becomes more
challenging under congested conditions. A small deviation from
this trend is observed for Town04 and Town05, where the measured
energy consumption for high traffic is slightly lower than that for
medium traffic.We speculate that larger maps distribute trafficmore
broadly, thus reducing congestion along the AEV route despite the
additional vehicles present on the map.

While no strictly monotonic relationship emerges between con-
sumed and regenerated energy across all configurations, the results
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Table 1: Energy and speed metrics for each traffic scenario and setting.

Total energy consumed/regen (Wh) ↓ Actual battery capacity (Wh) ↑ Average speed (m/s) ↑
baseline low medium high baseline low medium high baseline low medium high

Town01 928/646 1594/1207 2457/2067 2598/2132 59721 59614 59609 59587 9.77 5.73 7.30 3.69
Town04 522/233 5585/4911 5221/4574 4394/3806 59711 59327 59353 59413 12.81 11.48 10.61 8.59
Town05 254/107 920/720 2056/1766 1391/1156 59853 59801 59709 59765 13.19 12.74 12.63 6.45

consistently show that traffic conditions produce energy behaviors
that are substantially different from the baseline scenario. Com-
pared with free-flow driving, traffic scenarios generally exhibit
higher energy consumption and regeneration, along with lower
average speed, indicating more frequent acceleration and braking
phases due to congestion and queuing.

Overall, these results suggest that traffic has a non-negligible
impact on the AEV’s energy demand. In the most pronounced
cases, the increase in battery depletion reaches approximately
137 − 358 Wh over routes spanning only 1.3 − 2.1 𝑘𝑚. Although
preliminary, these findings indicate that the interaction between
traffic conditions and battery consumption is worth further sys-
tematic investigation. In particular, denser traffic appears to induce
more frequent acceleration, braking, and speed adaptations, which
may substantially affect short-term energy usage and overall route
efficiency. These observations motivate future studies on larger and
more diverse traffic scenarios to better understand the relationship
between traffic dynamics and energy consumption in AEVs.

5 Conclusions and Future Work
This paper presented E-CoDrive, a co-simulation framework for
studying how traffic conditions affect the energy behavior of AEVs.
By integrating SUMO, CARLA, and Autoware Mini into a synchro-
nized, guided execution workflow, we support reproducible scenar-
ios, coordinated simulations, and the collection of energy measure-
ments under closed-loop conditions. The preliminary evaluation
shows that traffic dynamics affect the AEV energy profile, battery
depletion, and speed relative to the free-flow baseline. This supports
traffic-aware energy validation as a relevant non-functional testing
objective for AEVs.

Our future plans include extending E-CoDrive to include auto-
mated, search-based testing capabilities for battery-critical scenar-
ios. Instead of manually defining traffic conditions, search-based
algorithms can systematically explore the scenario space to identify
combinations of traffic and energy conditions that lead to problem-
atic behaviors. This is particularly relevant because the number of
parameters defining such scenarios is very large. Our goal is to auto-
matically generate scenarios in which an AEV that would normally
complete its route under free-flow traffic instead experiences delays,
stop-and-go behavior, or rerouting conditions that push the battery
close to depletion. Such scenarios could help identify energy- and
traffic-aware failures, including unsafe immobilization, inefficient
routing decisions, or behaviors that negatively affect surrounding
traffic. In the long term, this could support the development and
evaluation of battery-aware planning and fallback strategies.

6 Data Availability Statement
A replication package with our framework, evaluation scripts, and
datasets is available at https://doi.org/10.6084/m9.figshare.32244783.
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