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Abstract. Energy-aware adaptive cruise control for autonomous highway vehicles needs to consider safety and comfort in 
a dynamic traffic environment simultaneously with propulsion efficiency. A hierarchical artificial intelligence controller is 
proposed in this paper that combines a temporal attention predictor, an economic model predictive controller, and a 
bounded reinforcement-learning residual policy. The predictor estimates a 6s lead-vehicle trajectory and local traffic 
behaviour; the optimizer generates a constraint-feasible speed profile in line with the grade and powertrain maps; and the 
residual policy corrects for prediction errors without exceeding the hard headway, acceleration or jerk limits. A high-fidelity 
co-simulation evaluates 1,440 episodes in flat, rolling, congested, cut-in and communication-degraded highway conditions. 
Compared with a calibrated production-style adaptive cruise control system, the proposed method has reduced the mean 
traction energy by 13.7%, regenerative loss by 9.4%, and root-mean-square acceleration by 18.6%, while maintaining a 
minimum time headway of 1.21 s and a zero-collision record. Compared with economic model predictive control without 
learned adaptation, it offers an additional 5.2% energy reduction and reduces speed-tracking error by 14.8%. Ablation and 
sensitivity results show that traffic prediction, grade preview and bounded residual learning are all beneficial to some extent. 
Based on research, safe reinforcement learning can reduce highway energy consumption by making multiple traffic and road 
predictions without losing longitudinal stability. 
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Introduction 
Highway automation has moved the emphasis of longitudinal control from a single-track problem to a coupled 
decision problem of safety, traffic efficiency, passenger comfort and electrical energy. Battery-electric vehicles 
are more susceptible to repeated acceleration, aerodynamic drag at high speed, and inefficient regenerative 
braking. Field-oriented autonomous driving architectures are providing richer perception and navigation signals 
to the cruise controller [1]. However, a typical adaptive cruise control system responds to the current distance 
and relative speed of a vehicle without considering future changes in traffic [2]. This reactive mode will increase 
the small-speed fluctuation [3]. It can also use energy to recover a gap that would have closed naturally [4]. 
Research in eco-driving has shown that a small-amplitude trajectory smoothing can reduce traction demand [5]. 
Connected-car research has also found that the preview information can reduce traffic waves [6]. Production 
deployment should not violate the transparent headway and actuator constraints [7]. Thus, the engineering 
problem is not to learn a low-energy action but to have preview, optimisation and adaptation work together 
under verifiable bounds [8]. 

Model Predictive Control naturally handles receding-horizon constraints and multi-objective costs [9]. Economic 
formulations can directly penalize the battery power and avoid using speed error as an indirect proxy [10]. The 
performance is still subject to forecasts of lead-vehicle motion, road grade and powertrain response [11]. A short 
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horizon fails to realise recoverable energy opportunities, and a long horizon is prone to uncertainty in traffic 
demand [12]. Deep Sequence Models Improve Motion Prediction in Interactive Traffic [13]. Reinforcement 
Learning can adapt policies for non-linear operating regions that are difficult to represent with a fixed quadratic 
cost [14]. Unconstrained learning may use simulator artifacts or generate rare unsafe accelerations [15]. The 
existing strands are thus useful components but lack a connection between energy-oriented intelligence and a 
controller structure that can be inspected, feasible, and stable during cut-ins and forecast degradation. 

To address this problem, we propose a hierarchical AI-enabled adaptive cruise strategy for autonomous highway 
driving in this paper. A temporal attention network predicts a distribution of the lead-vehicle trajectory and 
traffic tendency, an economic predictive controller computes a nominal speed and acceleration sequence based 
on vehicle and grade models, and a reinforcement-learning policy supplies only a bounded residual correction. 
A supervisory projection layer restricts the time-headway, speed, acceleration, jerk and battery-power of a move 
before it reaches the plant. The resulting architecture separates prediction, constrained planning and adaptation, 
and thus the contributions of each can be evaluated independently. Determine whether this separation can 
maintain the energy advantage of learning while aligning with the safety behaviour of a constrained controller. 
Quantify energy, tracking, comfort, computational load and robustness under five families of highway conditions 
through a 1,440-episode co-simulation and targeted ablations. 

Related Work 

Energy-Aware Adaptive Cruise Control 

Energy-aware cruise control has gone from rule-based speed regulation to optimisation of powertrain and road-
preview. Early eco-ACC formulations gave relatively higher importance to spacing error over acceleration effort 
[16]. More recently, battery power or fuel-rate maps inside a predictive objective have been used [17]. Grade 
preview can adjust the drive before an ascent and enable controlled speed reduction during a descent [18]. 
Traffic-wave-aware controllers reduce unnecessary braking when a downstream disturbance is transient [19]. 
These ways are relatively easy to understand and simple to constrain; however, their benefits will decline if the 
lead-vehicle forecast is inaccurate or if the calibrated resistance model changes [20]. 

The other Design Tension is horizon credibility. A longer prediction window will have more energy-saving 
facilities, but expanding the range of prediction will also increase uncertainty. Robust and stochastic predictive 
control can be employed to set aside a margin, but a large margin is not practical in heavy traffic. Therefore, this 
paper will use uncertainty to define both the prediction envelope and the residual-action limit, rather than 
employing a single worst-case bound for uncertainty. 

Learning-Based Longitudinal Control 

Learning-based longitudinal controllers’ approximate nonlinear policies and are suitable for all operating 
conditions. Deep reinforcement learning has been used for car-following with a reward function that 
incorporates headway, speed, energy and comfort [21]. Imitation Learning can provide an initial smooth policy 
from expert trajectories [22]. Sequence Attention Models Improve Multi-Step Vehicle-Motion Forecasting [23]. 
Safety shields and control-barrier projections restrict the learned actions to an admissible set [24]. Hybrid 
Designs that keep a model-based controller at the bottom of a learned correction have thus become popular in 
safety-critical automation [25]. 

Two Deficiencies are still evident. Firstly, many studies report only a single composite reward and do not specify 
whether the energy gain results from slower speed, larger gaps or other reasons. Second, nominal traffic tests 
rarely show prediction dropout, payload variation, grade bias and aggressive cut-ins at the same time. Currently, 
the evaluation maintains the target of a relatively short travel time and speed, reports physical energy and 
comfort amounts separately, and stresses the controller in the face of interactive disturbances. 
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Hierarchical AI-Enabled Eco-Adaptive Cruise Control 

System Architecture and Preview Representation 

The controlled vehicle receives ego speed, wheel torque, battery state, radar range and range rate, lane-level 
speed limits, and a road-grade preview. Neighboring-vehicle tracks are sampled at 10 Hz and transformed into 
an egocentered longitudinal frame. A six-second observation window feeds a four-layer temporal attention 
encoder. Its outputs are the mean and variance of the lead-vehicle speed over a six-second prediction horizon, 
a traffic-wave score, and a cut-in probability. Figure 1 depicts the complete perception-to-actuation pipeline, 
including sensing, temporal prediction, economic planning, residual adaptation, safety projection, and feedback 
paths. 

 
Figure 1. Hierarchical architecture of the proposed AI-enabled eco-adaptive cruise controller. 

 
Let the longitudinal state contain position, speed, and acceleration. The discrete prediction model is 

𝒙𝒙𝑘𝑘+1 = 𝑨𝑨𝑑𝑑𝒙𝒙𝑘𝑘 + 𝑩𝑩𝑑𝑑𝑎𝑎𝑘𝑘 ,𝒙𝒙𝑘𝑘 = [𝑠𝑠𝑘𝑘 , 𝑣𝑣𝑘𝑘 , 𝑎𝑎𝑘𝑘]𝑇𝑇 Eq.(1) 
Here, the sampled state vector contains longitudinal position, velocity, and acceleration, while the discretized 
matrices map the commanded acceleration into the next prediction state. 

Different Components of the Architecture have been assigned different time scales. Prediction updates at 10 Hz, 
the constrained optimizer runs at 5 Hz, and the low-level torque loop runs at 50 Hz. The residual policy receives 
normalised prediction uncertainty, current spacing state, optimizer slack, battery state and recent jerk. It cannot 
set acceleration directly. Instead, it will shift the output within the range of uncertainty in the nominal command; 
this range will be smaller when the forecast variance or cut-in probability is large. 

Causality exists in the input conditionisation; thus, every channel is preserved. Range and range rate pass 
through a constant-acceleration consistency check; grade is resampled by traveled distance; and vehicle signals 
are synchronized to the latest radar timestamp. Missing vehicle-to-everything samples are masked instead of 
imputed as zeros. Therefore, the attention model takes both a value tensor and an availability tensor. The 
position of the front and rear cars, along with how long they have been moving and how fast they are now, make 
up the full contents. Forecast variance is scaled in the held-out episodes by a temperature function to prevent a 
highly certain mean trajectory from giving the optimizer a false sense of success. 

𝑑𝑑𝑘𝑘 = 𝑠𝑠𝑘𝑘lead − 𝑠𝑠𝑘𝑘 − 𝐿𝐿, 𝑒𝑒𝑘𝑘𝑣𝑣 = 𝑣𝑣𝑘𝑘lead − 𝑣𝑣𝑘𝑘  Eq.(2) 
The net clearance subtracts the lead-vehicle length from the position difference, and the relative-speed state 
preserves the sign needed to distinguish closing from opening motion. 

The longitudinal force required at each prediction step is calculated as 

𝐹𝐹𝑘𝑘 = 𝑚𝑚𝑎𝑎𝑘𝑘 + 𝑚𝑚𝑚𝑚𝐶𝐶𝑟𝑟𝑐𝑐𝑐𝑐𝑐𝑐 𝜃𝜃𝑘𝑘 + 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝜃𝜃𝑘𝑘 +
1
2
𝜌𝜌𝐶𝐶𝑑𝑑𝐴𝐴𝑓𝑓(𝑣𝑣𝑘𝑘 − 𝑣𝑣𝑤𝑤)2 Eq.(3) 



AI-Enabled Adaptive Cruise Control for Energy Optimization in Autonomous Highway Driving 
https://doi.org/10.64972/jaat.2023v1.282p4e:48-61 

51 
 

The force balance combines inertial demand, rolling resistance, road grade, and aerodynamic drag. This form 
keeps every term physically interpretable and allows grade and wind preview to influence traction planning. 

Energy-Aware Predictive Optimization 

The nominal planner minimizes electrical traction demand while preserving progress, spacing, and comfort. 
Propulsion power is evaluated from wheel force, velocity, drivetrain efficiency, and auxiliary load. Aerodynamic 
resistance uses the previewed air-relative speed, while rolling resistance and grade force depend on identified 
mass and road angle. The model remains intentionally compact enough for real-time sequential quadratic 
programming. 

𝑃𝑃𝑘𝑘𝑏𝑏𝑏𝑏𝑏𝑏 = �𝑃𝑃𝑎𝑎𝑎𝑎𝑎𝑎 +
𝐹𝐹𝑘𝑘𝑣𝑣𝑘𝑘
𝜂𝜂𝑑𝑑

, 𝐹𝐹𝑘𝑘 ≥ 0,

𝑃𝑃𝑎𝑎𝑎𝑎𝑎𝑎 + 𝜂𝜂𝑟𝑟𝐹𝐹𝑘𝑘𝑣𝑣𝑘𝑘 , 𝐹𝐹𝑘𝑘 < 0.
 Eq.(4) 

The sign-dependent battery-power relation distinguishes propulsion efficiency from regenerative efficiency. 
Negative wheel power is therefore credited only by the portion that the battery can actually recover. 

Initialize the resistance parameters using coast-down data and then correct them with a bounded recursive 
estimator. Only mass and a lumped resistance coefficient vary online; aerodynamic area and efficiency maps are 
fixed to avoid identifiability issues. A preview speed reference is set according to the legal limit, navigation target 
and predicted traffic speed. If the above signals are different, use the lowest physically realistic reference. This 
rule prevents an energy goal from driving up the speed to a level that the following traffic cannot meet and 
provides a stable end point for the optimizer during forecast switching. 

𝑑𝑑𝑘𝑘ref = 𝑑𝑑0 + 𝑇𝑇ℎ𝑣𝑣𝑘𝑘  Eq.(5) 
The reference clearance grows linearly with ego speed through the selected time-headway parameter, while the 
standstill term maintains a finite gap at low speed. 

A desired gap combines standstill clearance and a speed-dependent time headway. Rather than forcing exact 
gap tracking, the optimizer penalizes only deviations outside a soft corridor. This prevents wasteful acceleration 
when the actual gap is safely larger than the nominal value. Battery power follows a sign-dependent efficiency 
map so that regenerative braking is not treated as perfectly recoverable. 

𝐽𝐽 = �  
𝑁𝑁−1

𝑖𝑖=0

 ℓ(𝒙𝒙𝑖𝑖 , 𝑎𝑎𝑖𝑖) + 𝑉𝑉𝑓𝑓(𝒙𝒙𝑁𝑁) Eq.(6) 

The stage cost ℓ(𝐱𝐱𝑖𝑖, 𝑎𝑎𝑖𝑖)  combines normalized battery energy, speed-tracking error, gap-corridor deviation, 
acceleration, and jerk, while 𝑉𝑉𝑓𝑓(𝐱𝐱𝑁𝑁) aligns terminal kinetic energy with the predicted traffic state. This standard 
finitehorizon notation keeps the numbered equation on one line without removing any optimization term. All 
cost weights are normalized before calibration so their magnitudes remain comparable. 

The Soft Gap Corridor is uneven. Falling significantly below the target gap incurs a high penalty; if it is slightly 
lower, only a small progress cost is incurred after this state persists. Such asymmetry is relatively harmless on 
highways because a large temporary gap can absorb a deceleration wave without immediate acceleration. The 
terminal term equals the ego-kinetic energy at the predicted traffic state at the horizon boundary. Without this 
term, a short-horizon optimizer will delay braking beyond the visible horizon and thus create a false energy 
advantage that disappears in the next update. 

𝜙𝜙(𝑑𝑑) = 𝑚𝑚𝑚𝑚𝑚𝑚(0,𝑑𝑑𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑑𝑑) + 𝑚𝑚𝑚𝑚𝑚𝑚(0,𝑑𝑑 − 𝑑𝑑𝑚𝑚𝑚𝑚𝑚𝑚) Eq.(7) 
The corridor penalty is activated only outside the lower and upper bounds. A relatively large excess clearance 
can be used as a buffer instead of a small acceleration. 

Horizon objective includes energy, progress, gap-corridor violation, acceleration, jerk and terminal traffic-wave 
mismatch. Normalized terms are still interpretable for vehicle mass and speed. Hard constraints limit speed, 
acceleration, jerk, wheel power and predicted headway; non-negative slack is only allowed in the soft gap 
corridor and is subject to a large penalty. 

𝑣𝑣𝑚𝑚𝑚𝑚𝑚𝑚 ≤ 𝑣𝑣𝑖𝑖 ≤ 𝑣𝑣𝑚𝑚𝑚𝑚𝑚𝑚 , 𝑎𝑎𝑚𝑚𝑚𝑚𝑚𝑚 ≤ 𝑎𝑎𝑖𝑖 ≤ 𝑎𝑎𝑚𝑚𝑚𝑚𝑚𝑚 Eq.(8) 
Velocity and acceleration limits define the basic feasible envelope for every predicted stage and are inherited 
by the low-level longitudinal command. 
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|𝑎𝑎𝑖𝑖 − 𝑎𝑎𝑖𝑖−1|
𝛥𝛥𝛥𝛥

≤ 𝑗𝑗𝑚𝑚𝑚𝑚𝑚𝑚 ,𝑑𝑑𝑖𝑖 ≥ 𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 − 𝜀𝜀𝑖𝑖, 𝜀𝜀𝑖𝑖 ≥ 0 Eq.(9) 

The jerk and headway inequalities impose dynamic comfort and safety bounds. Slack is restricted to the soft 
corridor formulation and cannot relax the hard physical headway monitor. 

Bounded Residual Learning and Safety Projection 

The residual agent is trained with soft actor-critic on randomized traffic, grade, payload, wind, and sensor noise. 
Its reward measures the improvement over the nominal optimizer during the same state transition. This 
difference reward discourages the policy from relearning basic car following and directs capacity toward model 
mismatch and short-lived traffic patterns. Replay sampling overweights rare cut-ins and high forecast errors. 

𝑎𝑎𝑘𝑘𝑟𝑟𝑟𝑟𝑟𝑟 = 𝑎𝑎𝑘𝑘𝑀𝑀𝑀𝑀𝑀𝑀 + 𝛽𝛽(𝜎𝜎𝑘𝑘 , 𝑝𝑝𝑘𝑘𝑐𝑐𝑐𝑐𝑐𝑐)𝛥𝛥𝑎𝑎𝑘𝑘𝑅𝑅𝑅𝑅  Eq.(10) 
The raw proposal adds a learned correction to the feasible nominal action. Because the correction is residual, 
the learned policy does not replace the predictive controller. 

Domain randomization is applied at episode reset and during selected transitions. Payload varies by 300 kg, 
rolling resistance by 18% , drag by 12% , wind from -8 to 8 m/s , radar noise by operating range, and 
communication latency from 0 to 0.4 s. Traffic agents span cautious, nominal, and aggressive parameter sets. 
The residual policy is thus trained to recognize when the nominal model is slightly wrong, not to depend on one 
deterministic simulator. A curriculum begins with steady following, adds rolling grade, and then introduces 
traffic waves and cut-ins after the projection rate falls below a predefined threshold. 

𝛽𝛽 = 𝛽𝛽0𝑒𝑒𝑒𝑒𝑒𝑒(−𝜆𝜆𝜎𝜎𝜎𝜎𝑘𝑘)(1 − 𝑝𝑝𝑘𝑘𝑐𝑐𝑐𝑐𝑐𝑐) Eq.(11) 
The scaling coefficient decreases with increased calibrated forecast uncertainty and cut-in probability. Therefore, 
the residual authority will be reduced automatically when the traffic prediction is less reliable. 

Figure 2 shows the online decision sequence of uncertainty calibration, nominal optimisation, residual scaling, 
barrier-based projection, torque allocation and experience logging. The Safety layer computes the closest 
admissible acceleration to the proposed command. A single-step control barrier constraint ensures that the 
positive headway margin is not violated by the learned residual request. 

 
Figure 2. Online optimization, bounded residual adaptation, and safety-projection workflow. 

 

𝑟𝑟𝑘𝑘 = −�𝑃𝑃𝑘𝑘bat 𝛥𝛥𝛥𝛥 + 𝑞𝑞𝑑𝑑𝜙𝜙(𝑑𝑑𝑘𝑘)2 + 𝑞𝑞𝑗𝑗𝑗𝑗𝑘𝑘2� − 𝑞𝑞𝑝𝑝�𝑎𝑎𝑘𝑘
proj − 𝑎𝑎𝑘𝑘raw � Eq.(12) 

The residual reward charges battery energy, corridor deviation, jerk, and any disagreement with the safety 
projection. Projection effort becomes an explicit training signal rather than an invisible supervisory correction. 
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Training ends when energy improvement, safety interventions, and policy entropy stabilize on a held-out 
scenario set. At deployment, learning weights are frozen. Only lightweight normalization statistics and the 
physical mass estimate update online, avoiding policy drift. The controller reports prediction variance, active 
constraints, residual magnitude, and projection events as diagnostic channels for engineering review. 

ℎ𝑘𝑘 = 𝑑𝑑𝑘𝑘 − 𝑑𝑑0 − 𝑇𝑇ℎ𝑣𝑣𝑘𝑘 Eq.(13) 
The barrier function expresses available clearance after subtracting standstill distance and the speed-dependent 
headway requirement. A nonnegative value identifies the admissible longitudinal region. 

𝑎𝑎𝑘𝑘
proj = 𝑎𝑎𝑎𝑎𝑎𝑎𝑚𝑚𝑚𝑚𝑚𝑚

𝑎𝑎
(𝑎𝑎 − 𝑎𝑎𝑘𝑘raw )2  s.t.  ℎ𝑘𝑘+1 ≥ (1 − 𝛾𝛾)ℎ𝑘𝑘 Eq.(14) 

The final action is the closest acceleration to the raw proposal that satisfies the one-step barrier condition. This 
quadratic projection preserves continuity while preventing the learned correction from crossing the certified 
boundary. 

Experimental Evaluation and Data Analysis 

Experimental Platform, Scenarios, and Metrics 

A high-fidelity longitudinal co-simulation was assembled from a 1,920 kg battery-electric sport-utility vehicle, a 
400 V battery, an efficiency-map motor and inverter, tire rolling resistance, aerodynamic drag, regenerative 
limits, and a 50 Hz actuator model. Traffic trajectories were generated with calibrated human-driver and 
automated-vehicle agents. The 60 km test route combined 22 km of flat motorway, 18 km of rolling terrain with 
grades from −4.2% to 4.5%, and 20 km of variable-density traffic. Five condition families-steady flow, rolling 
grade, stop-and-go waves, aggressive cut-ins, and degraded preview-contained 288 episodes each, resulting in 
1,440 episodes. Random seeds changed desired speeds, vehicle mix, payload, wind, initial gaps, and sensor noise. 

Four baselines were evaluated: a production-style proportional adaptive cruise controller (P-ACC), a connected 
cruise controller with traffic-wave preview (C-ACC), an economic model predictive controller without learned 
prediction (EMPC), and the proposed predictor-plus-MPC controller with the residual disabled (P-MPC). All 
controllers used identical speed limits, a nominal 1.4 s headway, and the same low-level actuator. Energy was 
measured at the battery terminals. Additional metrics were trip time, speed error, minimum headway, 
emergency-braking count, root-meansquare acceleration, 95th-percentile jerk, regenerative loss, and 
computation time. 

Each comparison used paired traffic seeds. Reported intervals are bootstrap 95% confidence intervals over 
episodes. Energy savings were accepted only when trip time differed from P-ACC by less than 1.5%. Collision 
and constraint counts were inspected episode by episode. Statistical comparisons used a paired Wilcoxon test 
with Holm correction, and effect magnitude was reported alongside significance to avoid interpreting negligible 
differences as engineering gains [26]. 

Train the temporal predictor on 186,000 six-second sequences and use 24,000 disjoint sequences for validation. 
No route seed used for controller evaluation appeared in the predictor training. Optimization weights were 
optimised in a separate 120-episode development set and then frozen. The residual policy accumulated 3.2 
million transitions, and 17 per cent of these were cut-in or high-error states because prioritized replay 
deliberately retained rare events. Evaluation used the deterministic policy mean and did not sample actions. 
These divisions reduce the gap between tuning and reported results, and it is easier to compare paired 
controllers. 

The simulation has achieved an Energy Balance. Battery discharge, regenerative braking, auxiliary consumption, 
wheel work and modelled losses were all within 0.35% of the route. A secondly integrated vehicle speed and 
distance comparison was performed, and runs with a numerical drift exceeding 0.05% were rejected. A car-
grade eight-core processor was selected for computation, and one core was designated for longitudinal planning. 
Predictor and optimizer timing included data transfer and constraint assembly, but not offline logging. This 
definition avoids unrealistically favourable time windows derived solely from neural network inference. 
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Comparative Performance and Scenario Analysis 

Figure 3 (a) shows mean battery energy values of 10.84,10.31,9.91,9.69, and 9.35kWh/100 km for P-ACC, C-
ACC, EMPC, P-MPC, and the proposed controller, respectively. Figure 3(b) gives corresponding savings of 
0.0%, 4.9%, 8.6%, 10.6%, and 13.7%, with 95% intervals no wider than 1.1 percentage points. Figure 3(c) 
shows trip times between 42.6 and 43.1 min, confirming that the energy result was not obtained through 
materially slower travel. The reduction of 1.49kWh/100 km relative to P-ACC was significant after correction 
and exceeded the variation attributable to payload randomization [27]. 

 
Figure 3. Overall energy and mobility comparison: (a) battery energy consumption; (b) relative energy saving with confidence intervals; (c) 

trip-time distribution. 
 

Figure 4(a) resolves the energy saving across steady-flow, rolling-grade, stop-and-go, cut-in, and degraded-
preview scenarios, producing reductions of 9.2%, 16.8%, 18.5%, 10.7%, and 8.9%, respectively. Figure 4 (b) 
shows regenerative loss falling from 1.17 to 1.06kWh/100 km overall, with the largest reduction of 14.6% 
occurring in stop-and-go traffic. Figure 4(c) presents speed-error distributions whose median remains below 
0.42 m/s for every scenario. The gain in rolling terrain follows from anticipatory load shifting, while the stop-
and-go benefit comes from refusing short and inefficient gap-recovery accelerations [28]. 

 
Figure 5(a) overlays a 180 s cut-in episode. After the gap drops from 34.2 to 16.5 m, the controller reaches a 
minimum headway of 1.24 s and restores the soft corridor without oscillation. Figure 5(b) shows acceleration 
confined to -2.31 to 1.47 m/s2, compared with -2.78 to 1.83 m/s2 for P-ACC. Figure 5(c) shows the jerk density, 
with the proposed controller's 95th percentile reaching 1.21 m/s3 rather than 1.76 m/s3. Across all episodes, 
root-mean-square acceleration falls by 18.6% , while zero collisions and zero hard-headway violations are 
recorded [29]. 
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Figure 4. Scenario-resolved performance: (a) energy saving across five highway conditions; (b) regenerative-loss comparison; (c) speed-

tracking error distributions. 
 

 
Figure 5. Dynamic cut-in response and comfort: (a) speed, range, and headway trajectory; (b) acceleration-envelope comparison; (c) jerk 

probability density. 
 

The smoother response is not a consequence of excessive spacing. Mean headway increases by only 0.06 s, and 
lanelevel throughput in the traffic simulator changes by less than 0.8%. Barrier projection activates in 0.73% of 
control steps overall and in 3.9% of steps during the first two seconds after an aggressive cut-in. In 94% of 



AI-Enabled Adaptive Cruise Control for Energy Optimization in Autonomous Highway Driving 
https://doi.org/10.64972/jaat.2023v1.282p4e:48-61 

56 
 

interventions, the projection changes acceleration by less than 0.22 m/s2, indicating that the learned residual 
usually remains compatible with the feasible set [30]. 

Energy traces reveal where the aggregate saving is produced. During steady flow, the proposed controller spends 
83% of the trip inside a ±0.25 m/s2  acceleration band, compared with 68% for P-ACC. In rolling terrain, it 
permits speed to decrease by an average of 0.74 m/s near the final third of a climb and recovers speed using 
gravity after the crest. PACC instead holds the reference closely uphill and applies regenerative braking downhill. 
The resulting difference is 0.42kWh/100 km in positive traction work and 0.11kWh/100 km in unrecovered 
braking energy. 

Traffic-wave episodes exhibit a different mechanism. When a lead vehicle accelerates briefly into a queue, P-
ACC closes 41% of the available gap and then brakes within 9.6 s. The proposed controller closes only 19% 
because the predictor detects the downstream speed tendency. Peak wheel power falls from 78.4 to 64.1 kW, 
and the number of propulsion-to-regeneration sign changes decreases from 14.2 to 9.1 per 10 km. Since inverter 
and battery losses increase with power magnitude, fewer sign changes and lower peaks explain savings beyond 
what mean speed alone would predict. 

In degraded-preview episodes, the uncertainty gate contracts the residual bound from 0.45 m/s2 to a median 
of 0.17 m/s2. The controller then behaves closer to constrained P-MPC, which explains why the saving falls but 
safety remains unchanged. If the same episodes are replayed with the uncertainty gate disabled, mean saving 
improves by only 0.6 percentage points, while projection activity rises from 1.6%  to 5.9%  and minimum 
headway falls by 0.08 s. The small efficiency gain is insufficient to justify the additional supervisory-intervention 
burden. 

Passenger comfort was examined beyond a single jerk percentile. The fraction of time with absolute jerk above 
1.5 m/s3 declines from 6.8% for P-ACC to 2.7% for the proposed method. Low-frequency acceleration power 
in the 0.1 − 0.5 Hz  band decreases by 21.4% , indicating less sustained fore-aft motion. The cut-in subset 
remains the most demanding, yet its median deceleration onset occurs 0.34 s earlier because the predictor 
detects lateral approach cues before the range collapses. Earlier mild braking replaces a later sharp correction 
without increasing trip time. 

Ablation, Robustness, and Computational Analysis 
Figure 6(a) reports energy savings of 13.7% for the complete method, 9.8% without traffic prediction, 10.9% 
without grade preview, 8.5% without residual learning, and 7.6% without both learned modules. Figure 6(b) 
maps energy saving over prediction horizons from 2 to 10 s and traffic densities from 8 to 36 vehicles/km/lane; 
the peak region lies at horizons of 5 − 7 s and densities of 20-28 vehicles/km/lane. Figure 6(c) shows forecast 
root-mean-square error increasing from 0.54 m/s at 2 s to 1.93 m/s at 10 s, explaining why longer preview does 
not monotonically improve efficiency. Complementary contributions are evident because removing prediction 
and residual adaptation together costs more than either individual ablation [31]. 

Figure 7(a) shows energy saving declining gradually from 13.7% under nominal sensing to 10.2% with 20% 
packet loss, 9.4% with 0.4 s latency, and 8.7% under both disturbances. Figure 7(b) plots the safety-projection 
rate against forecast uncertainty; intervention rises from 0.3% below a standard deviation of 0.5 m/s to 4.8% 
above 1.8 m/s. Figure 7 (c) gives computation-time distributions: median prediction, optimization, residual, and 
projection times are 3.1,21.7,0.8, and 0.4 ms, while the complete 99th-percentile execution time is 38.6 ms. The 
200 ms planning budget is therefore retained with substantial margin [32]. 
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Figure 6. Ablation and horizon sensitivity: (a) component-wise energy savings; (b) horizon-density energy-saving heat map; (c) forecast 

error versus horizon. 
 

 
Figure 7. Robustness and real-time performance: (a) sensing-degradation energy savings; (b) safety-projection rate versus uncertainty; (c) 

component computation-time distributions. 
 

Mass mismatch from −15% to +20% changes energy savings by at most 2.1 percentage points. A +20% mass 
error increases gap-corridor slack by 7.4% but does not create a hard violation because the projection uses 
measured range dynamics rather than relying exclusively on the energy model. A headwind of 8 m/s raises 
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absolute consumption for every controller; the proposed controller still saves 11.3% because it reduces 
avoidable acceleration rather than depending on a fixed drag estimate [33]. 

A policy-only variant without the predictive optimizer achieves 9.1% mean energy saving but produces 2.6 times 
more safety interventions and a 95th-percentile jerk of 1.58 m/s3. Conversely, E-MPC remains safe and smooth 
but cannot exploit recurring traffic-wave signatures, leaving 5.2% energy savings unrealized relative to the 
complete method. This comparison supports the intended division of labor: optimization provides a stable and 
feasible backbone, while learning improves forecasts and compensates for local mismatch [34]. 

Sensitivity to nominal headway was evaluated from 1.1 to 1.8 s. Energy saving increases from 11.6% at 1.1 s to 
14.2% at 1.6 s and then saturates, whereas trip time changes by less than 0.7 min. The selected 1.4 s setting 
yields a 13.7% saving and an observed minimum headway of 1.21 s, offering a practical balance between 
efficiency and traffic acceptance. Increasing the residual bound beyond 0.6 m/s2  provides no measurable 
energy benefit but doubles projection activity, so the deployed bound is fixed at 0.45 m/s2 [35]. 

The principal validity boundary is that all results originate from controlled co-simulation. The powertrain maps 
and traffic distributions are realistic, yet sensor faults, driver negotiation, road-surface variation, and thermal 
battery limits are necessarily simplified. The paired design and uncertainty tests reduce the chance that one 
convenient route produced the outcome, but proving transfer requires hardware-in-the-loop and closed-track 
stages before public-road deployment [36]. 

Prediction Ablation: Modification of Energy and Intervention Patterns. Without traffic prediction, the optimizer 
will use a constant-velocity lead model and respond slowly to traffic-wave compression. Energy saving is still 
9.8%, but the 95th percentile of wheel-power ramps rises by 24%. Removing the grade preview does not reduce 
traffic anticipation; therefore, performance in congestion is still good, but it has dropped by 6.1 percentage 
points for rolling terrain. Removal of the residual learning increases model-dependent bias after payload 
modification and raises speed error by 14.8 per cent. These patterns are for the different purposes of the three 
modules, and they do not suggest that several interchangeable artificial intelligence blocks coincidentally 
improve one reward. 

The heat-map optimum near a six-second horizon is the result of two competing effects. At two seconds, the 
optimizer cannot cover the distance of a typical acceleration-and-braking pulse and will start to lose ground too 
early. At ten seconds, forecast dispersion expands the safety margin and reduces the useful residual action. 
Dense traffic has more smoothing opportunities, but at a density of over 32 vehicles per kilometre per lane, 
feasible gaps for large trajectory changes become too small. A six-second horizon and 30 shooting intervals are 
selected to obtain a good median saving while keeping the optimisation problem relatively small for 
deterministic real-time execution. 

Robustness to sensor bias was tested separately from random noise. A +0.5 m/s range-rate bias reduces energy 
saving by 1.4 percentage points and increases projection activity to 2.2%. A -1.0 m range bias changes the 
reported headway but is detected by the consistency check within 1.8 sin 96% of trials. During that interval, the 
safety layer uses an inflated standstill clearance. A grade bias of 0.5 percentage points mainly shifts planned 
traction timing; it raises consumption by 0.18kWh/100 km but does not alter spacing metrics. These responses 
indicate graceful performance degradation rather than abrupt policy failure. 

Parameter Sweeps also show an engineering tuning boundary. Increasing the energy weight beyond the set 
value will continue to reduce positive wheel work, but at the same time, gap-corridor slack will accumulate in 
the controller and eventually approach the 1.5% trip-time limit. Increase the jerk weight to improve the comfort 
by about two times; otherwise, it will not meet the requirements for cut-in braking and a barrier intervention 
will be needed. The chosen weights are in a wide plateau where the energy saving is less than a per-cent. Such 
a plateau is preferable to a sharp optimum because calibration can tolerate vehicle-to-vehicle variation. 

Conclusion 
This paper built a hierarchical AI-enabled adaptive cruise control system that integrates temporal traffic 
prediction, an economic model predictive control approach, bounded residual reinforcement learning, and a 
hard safety projection. The structure can reduce the roughness of the longitudinal movement and interaction 
by keeping the learned component under the control of explicit headway, acceleration, jerk and actuator 
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constraints. The division of responsibilities in the proposed design is as follows: Prediction provides an accurate 
forecast of traffic in the near future; Constrained optimisation determines a physically plausible nominal 
trajectory; Residual learning addresses local modelling errors; and a projection layer prevents adaptation from 
entering an unsafe region. Based on the simulation results, the above components work together to improve 
energy efficiency, tracking accuracy, passenger comfort and computational stability under all conditions: steady 
traffic, rolling terrain, congestion waves, cut-ins and degraded preview. Therefore, the resulting controller 
provides a practical link for data-driven adaptation and meets the constraint transparency requirements of 
safety-critical highway automation. 

The study is limited by the use of controlled co-simulation and a single class of battery-electric vehicles. Although 
traffic behaviour, payload, grade, wind, sensing uncertainty and communication degradation have been 
randomised, simulations cannot replicate all the diversity of tire-road friction, component aging, localisation 
faults, battery temperature, actuator delay and human negotiation during merging. The deployment policy was 
also fixed after offline training; although this improved reproducibility, it could not adapt to long-term changes 
in the vehicle or regional traffic culture. In addition, the current safety projection only considers longitudinal 
movement and assumes that the lane-level reference remains valid. Therefore, unmodeled lane changes, 
abnormal road geometry, emergency maneuvers and simultaneous lateral-longitudinal conflicts may need to be 
covered by an extended reachable-set analysis. The above quantitative improvements should therefore be 
viewed as support for staged engineering validation and not as a guarantee of uniform road performance across 
the entire fleet. 

Future work will expand the energy model to include battery-temperature dynamics, accessory-load prediction, 
tire-condition estimation and degradation-aware power limits. Cooperative perception and infrastructure 
preview can be used when communication is available, and uncertainty-calibrated local prediction should 
maintain safe operation in case of packet loss or inconsistent messages. The controller will then be moved 
through a series of processor-in-the-loop, hardware-in-the-loop, proving-ground and supervised public-road 
experiments, and the energy, comfort, safety and timing indicators will remain unchanged at all stages. Joint 
longitudinal and lateral planning is another way; merging, overtaking and lane-change negotiation in mixed-
traffic conditions are representative examples. Formal reachable-set monitors and runtime assurance should 
accompany that extension. Finally, privacy-preserving fleet learning can update the prediction model in multiple 
vehicles through the collection of frequent traffic conditions and vehicle-specific efficiency characteristics 
without modifying the certified safety layer, and traceable vehicle-level guarantees can be maintained. 
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