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Abstract

In adaptive cruise control (ACC), balancing safety, comfort,
and sustainability still remains challenging. Accordingly, we
propose a hybrid reinforcement learning framework combin-
ing proximal policy optimization (PPO) and deep Q-network
(DQN) with a multi-objective reward for autonomous carbon-
neutral eco-driving. Experimental results revealed the con-
trasts between eco and non-eco modes, underscoring how re-
ward design shapes driving behaviors.

Introduction
Adaptive cruise control (ACC) is a core function of ad-
vanced driver-assistance systems (ADAS), responsible for
jointly balancing safety, comfort, and environmental effi-
ciency (Yun et al. 2022; Shin and Kim 2019). Yet improve-
ments in safety and comfort often come at the expense of
fuel economy and CO2 reduction, creating inherent tensions
among these objectives.

Among various approaches for carbon-aware ACC op-
erations, prior reinforcement learning (RL) approaches for
ACC have typically pursued narrow goals, emphasizing ei-
ther safety metrics—such as headway regulation and colli-
sion avoidance—or eco-driving incentives like emission re-
duction. Such single-focus strategies fail to capture the cou-
pled dynamics of real driving, where safety, comfort, and
sustainability interact. As a result, they often lack robust-
ness and generalization across diverse traffic regimes, par-
ticularly when comparing eco and non-eco contexts.

To address these issues, we propose a novel hybrid
RL framework that combines proximal policy optimization
(PPO) and deep Q-network (DQN) and its performance has
been evaluated in an ACC simulator, i.e., simulation of ur-
ban mobility (SUMO). The part of PPO stabilizes policy-
gradient updates, while the part of DQN enhances explo-
ration through off-policy value backups, jointly improving
training resilience. The reward of our hybrid RL is designed
with a multi-objective structure, penalizing unsafe behav-
iors (i.e., gap deviation, relative velocity, acceleration, jerk,
shield use) while incorporating environmental terms (i.e.,
CO2 emissions, throttle, aerodynamic drag) to encourage
eco-driving.

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

ACC 

Controller

Objective Function
Safety and Eco

Reward

Q-Network (DQN)
-Off policy backup

  -Efficient exploration

Policy (PPO)

     -On policy update

-Stable control

Hidden

Layer
Input

Layer

Metrics

Compute 

reward Update 

Q-values

Value

backupAction

State

Interact

SUMO-based 

ACC 

Environment

Input

Layer
Hidden

Layer

Figure 1: Hybrid PPO–DQN Framework for Multi-
Objective ACC Operations.

Although the framework was intended to prioritize eco-
driving, comparative evaluation revealed distinct behavioral
outcomes: the non-eco agent favored performance and com-
fort, while the eco agent emphasized sustainability and sta-
bility. This contrast highlights how reward shaping can alter
behavioral priorities in unexpected ways, offering insights
into the design of sustainable autonomous driving systems.

Hybrid Reinforcement Learning for ACC
Unlike conventional RL methods that rely solely on policy
gradients or value-based updates, our framework integrates
PPO with DQN, as illustrated in Fig. 1.
Hybrid PPO–DQN Framework. The part of PPO con-
strains policy updates for stability, while the part of DQN
provides off-policy value backups for efficient exploration.
Combined, they deliver robust short-term control and reli-
able long-term value estimation, mitigating the weaknesses
of each method alone. Accordingly, the overall training ob-
jective can be designed as,

L(θ, ϕ) = LPPO(θ) + λQLDQN(ϕ), (1)

where LPPO is the clipped surrogate loss, LDQN the temporal-
difference loss, θ denotes the parameters of PPO, ϕ denotes
the parameters of DQN, and λQ balances the two compo-
nents, respectively.
Reward Design. The reward integrates safety and environ-
mental objectives. Safety terms cover headway deviation,
relative velocity, acceleration, jerk, and shield use, while
environmental terms include CO2 emissions, throttle, and
aerodynamic drag. This design balances safety with sustain-
ability. Accordingly, the per-step reward can be designed as,

rt = −

(∑
k∈Sk

wkLk,t +
∑

m∈Sm

wmCm,t

)
, (2)
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Metric Eco-driving Non-eco driving
Mean Return 1183.4± 24.8 1485.0± 21.4

CO2 Emissions (g/s) 3.14± 0.01 5.49± 0.03
Jerk mean (m/s3) (0.0± 1.6)× 10−4 (2.47± 0.01)× 10−3

Jerk std (m/s3) 0.179± 0.0015 0.0398± 0.0050

Table 1: Eco vs. Non-eco Driving Performance.

(a) CO2 emissions (b) Jerk mean

(c) Jerk standard deviation (d) Return

Figure 2: Eco vs. non-eco driving. Eco-driving reduces
CO2 while keeping jerk stable, while non-eco driving yields
smoother control and higher returns.

where Sk ≜ {gap, dv, acc, jerk, shield} and Sm ≜
{CO2, thr, drag}. In addition, Lk,t and Cm,t denote safety
and environmental terms; and note that (2) captures the
trade-off between stability and efficiency. This trade-off
arises because stability-oriented terms (gap, relative veloc-
ity, acceleration, jerk, and shield) penalize aggressive ma-
neuvers to ensure safety and smoothness, while efficiency-
oriented terms (CO2, throttle, and drag) encourage minimiz-
ing energy consumption and emissions. Emphasizing stabil-
ity can lead to conservative driving that sacrifices efficiency,
whereas emphasizing efficiency is able to reduce responsive-
ness and compromise stability, therefore, their coexistence
in the reward inherently encodes a competing relationship.

Performance Evaluation
We evaluate eco- and non-eco driving in the SUMO-based
ACC environment using representative metrics, i.e., mean
return, CO2 emissions, jerk (driving comfort), and in-
track/in-norm ratios (safety and stability). Other measures
showed largely similar trends across modes.
Evaluation Metrics. We evaluate policies with complemen-
tary metrics capturing safety, comfort, and environmental
efficiency, as follows: (i) in-track ratio (proportion within
strict safety bounds (gap and relative velocity)), (ii) in-norm
ratio (proportion within a relaxed tolerance band), (iii) mean
return (episodic return), (iv) CO2 emissions (average gram-
s/sec), (v) jerk mean (average acceleration change rate (sta-
bility)), and (vi) jerk std (variability of acceleration change).
These metrics capture trade-offs across eco and non-eco

modes. The in-track ratio (hard) enforces stringent safety
margins, recognizing only steps within tight bounds of head-
way and relative velocity. In contrast, the in-norm ratio (soft)
relies on a probabilistic band similarity with an intention-
ally permissive threshold, making it easier to satisfy. This
dual-level design is deliberate: the hard metric reflects strict,
safety-critical precision in vehicle dynamics, while the soft
metric captures broader stability and training robustness by
accommodating diverse driving patterns. While the soft ratio
often yields high values across modes, this is intentional—it
is meant to represent overall stability rather than strict safety.
Together, the two metrics are complementary by design,
since neither alone can fully characterize agent performance.
Eco and Non-eco Setup. To examine these trade-offs, we
consider two reward designs: eco-driving, which incorpo-
rates CO2, throttle, and drag penalties in addition to safety
terms, and non-eco driving, which excludes environmental
costs. Both modes are trained under identical SUMO condi-
tions, allowing controlled evaluation of how reward design
shapes learned behavior.
Comparison of Eco and Non-eco Driving. Both agents
achieve nearly identical safety scores, with in-track ratios
of 18.5–18.8% and in-norm ratios close to 99%. Analysis of
the outcomes revealed a clear divergence: the non-eco agent
achieved higher returns and smoother control with lower
jerk variability, while the eco agent reduced CO2 emissions
by approximately 43% and maintained stable jerk regula-
tion. Thus, although the framework was designed to encour-
age eco-driving, the comparative evaluation uncovered con-
trasting behavioral priorities: eco-driving emphasized sus-
tainability and stability, whereas non-eco driving favored
performance and ride comfort.

Conclusion
We proposed a novel hybrid RL framework for adaptive
cruise control using a PPO–DQN hybrid with a multi-
objective reward in eco-driving. Experiment results showed
that while eco-driving reduced CO2 emissions and stabilized
jerk, the non-eco mode yielded higher returns and smoother
control. This contrast highlights how reward design can shift
behavioral priorities.
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