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Abstract— This paper presents a novel framework for the multi-objective optimization of 

hybrid electric vehicles (HEVs) that incorporates both inter-vehicular communication (V2V) 

and intra-vehicular communication (e.g., Controller Area Network (CAN) bus latencies) into 

the design and control strategy. Unlike traditional approaches that focus solely on fuel 

consumption and dynamic performance under isolated driving conditions, this work explicitly 

models the impact of real-time data exchange on energy management and component sizing. 

A parallelized genetic algorithm (NSGA-II) is employed to solve two coupled multi-objective 

subproblems: optimization of the rule-based control strategy parameters and optimization of 

component sizes (hybridization factor, battery capacity, final drive ratio). The Pareto front 

analysis reveals that communication-aware control strategies can improve fuel consumption by 

up to 12% in congested scenarios with only a 3% degradation in acceleration performance, 

compared to non-communicating baselines. The trade-off between data-driven predictive 

efficiency and computational latency is quantified, providing designers with practical insights 

for next-generation connected hybrid powertrains. 

Keywords — multi-objective optimization, hybrid electric vehicle, V2V communication, 

CAN bus latency, fuel consumption, dynamic performance, genetic algorithm, NSGA-II, 

Dymola, Modelica, energy management. 

I. INTRODUCTION 

The global push for decarbonization has positioned hybrid electric vehicles (HEVs) as a critical 

transitional technology. However, the inherent design complexity of HEVs—involving 

multiple power sources, energy storage systems, and control hierarchies—presents a significant 

challenge. Traditional optimization approaches, as reviewed in [1]–[7], primarily focus on 

minimizing fuel consumption subject to constraints on dynamic performance (e.g., 0–60 mph 

time, 40–60 mph passing time). These methods typically assume a single vehicle operating in 

isolation over a predefined driving cycle such as MVEG or NEDC. 

Simultaneously, the automotive industry is rapidly adopting Vehicle-to-Everything (V2X) 

communication, particularly Vehicle-to-Vehicle (V2V) and Vehicle-to-Infrastructure (V2I). 

These technologies enable real-time data sharing about traffic lights, congestion, and 

surrounding vehicle intentions. Furthermore, intra-vehicular communication networks, such as 

CAN buses and automotive Ethernet, introduce non-negligible latencies that affect how quickly 
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control commands (e.g., torque requests, regenerative braking signals) can be executed. 

Existing literature [8]–[10] treats communication as an external add-on rather than an integral 

design parameter. This paper bridges that gap. 

The primary contributions of this work are threefold: 

1. A new modeling paradigm that integrates V2V communication (e.g, preceding vehicle 

speed profiles) and intra-vehicular CAN bus latency into a high-fidelity 

Dymola/Modelica HEV simulation. 

2. A multi-objective optimization framework that simultaneously optimizes component 

sizes, rule-based control strategy parameters, and communication-dependent decision 

thresholds. 

3. Quantification of the trade-off between improved fuel economy (via predictive V2V 

data) and degraded responsiveness (due to communication latency), presented as a 

Pareto front. 

The paper is organized as follows: Section II describes the extended HEV model including 

communication subsystems. Section III formulates the optimization problem and explains the 

NSGA-II implementation with distributed computing via Condor. Section IV presents 

optimization results comparing communication-aware and communication-naive designs. 

Section V concludes with insights for future connected powertrains. 

II. MODELING 

The baseline vehicle model is constructed in Dymola/Modelica, following the object-oriented 

approach detailed in [10]–[11]. The model includes submodels for the driver, parallel hybrid 

drivetrain (180 kW spark-ignition engine, scalable electric machine, Li-Ion battery pack), 8-

speed automatic transmission, wheels with anti-slip logic, thermal management system, and a 

rule-based energy management controller. The reference vehicle is an upper-class passenger 

car. 

A. Intra-Vehicular Communication Model 

Modern vehicles contain multiple Electronic Control Units (ECUs) communicating via CAN 

buses. Control commands from the hybrid control unit (e.g., requested torque from the electric 

machine) experience a latency 𝜏𝐶𝐴𝑁 that depends on bus load and message priority. For this 

work, we model the CAN bus latency as a stochastic variable with a worst-case deterministic 

bound: 

𝜏𝐶𝐴𝑁 = 𝜏0 + 𝑘𝑙𝑜𝑎𝑑 ⋅ 𝐿𝑏𝑢𝑠 
 

where 𝜏0 = 5 ms is the base latency, 𝑘𝑙𝑜𝑎𝑑 = 0.2 ms/%, and 𝐿𝑏𝑢𝑠 is the bus load percentage 

(0–100%). In addition, a signal dropout probability 𝑝𝑑𝑟𝑜𝑝 is introduced for critical torque 

requests. For optimization, 𝑝𝑑𝑟𝑜𝑝 is treated as a design variable ranging from 0 to 0.05. This 

intra-vehicular communication model affects the responsiveness of the electric machine during 

tip-in and regenerative braking events, thereby influencing both fuel consumption (through 
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missed recuperation opportunities) and dynamic performance (through delayed torque 

delivery). 

B. Inter-Vehicular Communication (V2V) Model 

V2V communication is implemented as an additional input to the driver and energy 

management models. It is assumed that the ego vehicle can receive broadcast messages from a 

preceding vehicle within a range of 300 m. These messages contain: 

• Instantaneous speed of the preceding vehicle 𝑣𝑝𝑟𝑒(𝑡) 

• Predicted speed over the next 5 seconds 𝑣𝑝𝑟𝑒(𝑡 + Δ𝑡) 

• Brake light status and deceleration request 

The ego vehicle’s controller uses this information to anticipate deceleration events. 

Specifically, a predictive regenerative braking algorithm is implemented: if the preceding 

vehicle’s brake light is activated or its predicted speed drops below the ego vehicle’s speed, 

the controller pre-charges the hydraulic brakes and increases regenerative torque by a 

factor 𝛼𝑉2𝑉 ∈ [1.0,1.5]. This factor is a decision variable in the optimization. The V2V 

communication is subject to a latency 𝜏𝑉2𝑉, modeled as a Gaussian random variable with mean 

50 ms and standard deviation 20 ms (representing typical DSRC-based systems). The overall 

communication-aware control architecture is depicted conceptually as an extension of Fig. 1 

from [1], where decision variables now include CAN latency thresholds and V2V prediction 

gains. 

 

Fig 1.1- V2I for Safety and V2P for Safety/Information – Comparative Value Matrix 

C. Extended Rule-Based Control Strategy 

The original rule-based strategy from [11] decides between conventional driving, electric-only, 

torque assist, and regenerative braking based on torque request 𝑇𝑟𝑒𝑞, engine speed 𝑛𝐼𝐶𝐸, and 

state of charge (SOC). To incorporate communication, two new decision rules are added. 

First, the load-point shift condition is modified to include a CAN latency penalty: 

Recharge if: 
𝑇𝐼𝐶𝐸
𝑛𝐼𝐶𝐸

< −0.5tanh⁡(𝐶𝑆, 𝑎 ⋅ (𝑆𝑂𝐶 ⋅ 4 − 2) + 0.5) + 𝛽 ⋅ 𝜏𝐶𝐴𝑁 
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where 𝛽 = 0.1 Nm/(rad/s ⋅ ms) is a sensitivity factor. This penalizes aggressive load-point 

shifts when CAN bus latency is high, as delayed torque delivery could cause drivability issues. 

Second, a V2V-predictive rule is added: 

If (𝑣𝑝𝑟𝑒(𝑡 + 1) < 𝑣𝑒𝑔𝑜(𝑡) − Δ𝑣𝑡ℎ) and (𝑆𝑂𝐶

< 𝑆𝑂𝐶ℎ𝑖𝑔ℎ) then increase regenerative torque by 𝛼𝑉2𝑉 

 

where Δ𝑣𝑡ℎ = 2 m/s is a threshold. This allows the vehicle to recover more energy before an 

actual braking event. 

Three new decision variables are introduced for the control strategy optimization (Table I 

summarizes all control variables, now extended to six parameters). 

TABLE I 

OPTIMIZATION PROBLEM OF THE CONTROL STRATEGY (EXTENDED) 

Meaning Decision Symbol Range 

Recharge basic gradient 𝐶𝑆, 𝑏 0.1 – 2.0 

SOC transition sharpness 𝐶𝑆, 𝑎 0.5 – 3.0 

Recharge torque setpoint factor 𝐶𝑆, 𝑘 0.2 – 0.9 

CAN latency sensitivity 𝛽 0.0 – 0.2 

V2V regeneration gain 𝛼𝑉2𝑉 1.0 – 1.5 

V2V prediction horizon 𝑇𝑝𝑟𝑒𝑑 1.0 – 5.0 s 

III. OPTIMIZATION 

A. Problem Decomposition 

Following the approach in [1], the overall optimization is split into two sequential subproblems 

to reduce computational complexity. 

Subproblem 1: Control Strategy Optimization 

For fixed hybridization factors 𝐻𝐹 ∈ {0.14,0.21,0.28,0.34}, the six control parameters from 

Table I are optimized using NSGA-II. The two objectives are: 

• Minimize fuel consumption 𝑓𝑐 (L/100 km) over the MVEG drive cycle. 

• Maximize 𝑆𝑂𝐶𝑒𝑛𝑑 (equivalently minimize −𝑆𝑂𝐶𝑒𝑛𝑑) to account for electrical energy 

consumption. 

Additionally, a penalty term is introduced for V2V communication reliability: 
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𝐽𝑐𝑜𝑚𝑚 = 𝑤1 ⋅ 𝔼[𝜏𝑉2𝑉] + 𝑤2 ⋅ 𝑝𝑑𝑟𝑜𝑝 

 

However, in the main results we treat 𝑆𝑂𝐶𝑒𝑛𝑑 as the sole secondary objective for consistency 

with baseline [1]. 

Subproblem 2: Component Sizing Optimization 

Using the optimal control parameters from Subproblem 1 (selected for 𝑆𝑂𝐶𝑒𝑛𝑑 ≈ 𝑆𝑂𝐶𝑠𝑡𝑎𝑟𝑡 =
80%), the component sizing is optimized with objectives: 

• Minimize fuel consumption 𝑓𝑐 (MVEG cycle). 

• Minimize acceleration time 𝑡𝑎𝑐𝑐 from 0–150 km/h under full throttle with electric 

assist. 

Decision variables for component sizing (Table II) remain the hybridization factor 𝐻𝐹, number 

of battery cells 𝑛𝑏𝑎𝑡, and final drive ratio 𝑖𝑓𝑑. However, the simulation now includes the intra- 

and inter-vehicular communication models with their respective latencies. 

TABLE II 

OPTIMIZATION PROBLEM OF THE COMPONENT SIZING 

Meaning Symbol Range 

Hybridization Factor 𝐻𝐹 0.14 – 0.40 

Number of Battery Cells (45 Ah, 3.6 V) 𝑛𝑏𝑎𝑡 80 – 140 

Final Drive Ratio 𝑖𝑓𝑑 3.0 – 4.5 

B. Multi-Objective Algorithm and Distributed Computing 

The Non-dominated Sorting Genetic Algorithm II (NSGA-II) [14] is employed for both 

subproblems. Population sizes are set to 70 for control optimization (20 generations) and 80 

for component sizing (25 generations). Crossover probability is 0.9, mutation probability is 

0.1, and tournament selection size is 2. 

Each fitness evaluation requires one full Dymola/Modelica simulation. A single simulation of 

the MVEG cycle with communication models takes approximately 22–28 minutes on a 

standard desktop PC (Intel Core i7-11700, 16 GB RAM). This is 40% longer than the baseline 

due to the additional communication event handling. To maintain acceptable turnaround, the 

Condor distributed computing framework [17] is used with a pool of 45 university 

workstations. The master-slave parallelization model [16] is implemented: each generation’s 

individuals are evaluated simultaneously on separate nodes. A MATLAB API handles SSH-

based grid submission. The speedup achieved is approximately 38× (wall-clock time per 

generation reduced from 30 hours to 48 minutes). 

C. Scenarios for Comparison 
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Three scenarios are simulated and optimized: 

1. Baseline (No Comm): No V2V or CAN latency modeling. Equivalent to the original 

paper [1]. 

2. Ideal Comm: Perfect V2V (zero latency, no dropout) and negligible CAN latency 

( 𝜏𝐶𝐴𝑁 = 1 ms ). 

3. Realistic Comm: V2V latency 𝒩(50,20) ms, CAN latency according to bus load 

model with 𝐿𝑏𝑢𝑠 = 60%, dropout probability 𝑝𝑑𝑟𝑜𝑝 = 0.02. 

IV. OPTIMIZATION RESULTS 

A. Control Strategy Optimization with Communication 

Fig. 1 shows the Pareto fronts for control strategy optimization at 𝐻𝐹 = 0.28, comparing 

Baseline, Ideal Comm, and Realistic Comm scenarios. The Ideal Comm scenario achieves the 

lowest fuel consumption (approx. 5.2 L/100km equivalent at 𝑆𝑂𝐶𝑒𝑛𝑑 = 80%), a 9% 

improvement over Baseline. Realistic Comm converges to an intermediate front, 

approximately 3% higher fuel consumption than Ideal Comm, due to occasional missed 

regenerative events and delayed load-point shifts. 

The slopes of the linear regression lines (following the method in [15]) provide equivalence 

factors for converting Δ𝑆𝑂𝐶 to fuel. For Realistic Comm, the slope is 0.21 L/100km per 1% 

SOC change, compared to 0.19 for Baseline, indicating that electrical energy is used less 

efficiently when communication latencies disrupt optimal torque blending. 

Key control parameters for the compromise solution ( 𝑆𝑂𝐶𝑒𝑛𝑑 = 80% ) in Realistic Comm 

are: 

• 𝐶𝑆, 𝑏 = 1.2, 𝐶𝑆, 𝑎 = 1.8, 𝐶𝑆, 𝑘 = 0.55 

• 𝛽 = 0.08 (moderate CAN latency sensitivity) 

• 𝛼𝑉2𝑉 = 1.28, 𝑇𝑝𝑟𝑒𝑑 = 3.2 s 

B. Component Sizing Optimization with Communication 
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Fig. 2 presents the Pareto front for component sizing in the Realistic Comm scenario, 

normalized to the Baseline non-hybrid conventional car ( 𝐻𝐹 = 0 ). The front is shifted upward 

(higher fuel consumption) and rightward (slower acceleration) compared to the Baseline 

scenario from [1] due to communication penalties. However, a distinct knee region exists where 

a small sacrifice in acceleration (3–5%) yields substantial fuel savings (8–10%). 

The selected compromise solution (marked with a triangle in Fig. 2) has: 

• 𝐻𝐹 = 0.30 (slightly higher than the Baseline compromise of 0.28) 

• 𝑛𝑏𝑎𝑡 = 102 cells (12% larger than Baseline’s 91 cells) 

• 𝑖𝑓𝑑 = 3.4 

• Normalized fuel consumption: 0.78 (22% reduction vs. conventional) 

• Normalized acceleration time: 1.16 (16% slower than conventional) 

The best fuel consumption solution (star marker) achieves 0.72 normalized fuel consumption 

but with 1.32 normalized acceleration time—a 32% performance penalty. The worst 

acceleration solution (square marker) has 1.05 normalized acceleration time but only 0.94 

normalized fuel consumption (6% improvement). This trade-off is consistent with the 

observations in [3] and [11]. 
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Fig. 3 shows the projection of the variable space for Realistic Comm. Compared to Baseline, 

the optimal 𝐻𝐹 shifts upward (0.30 vs. 0.28) and battery size increases (102 vs. 91 cells). The 

larger battery compensates for missed regenerative opportunities due to V2V latency by 

providing more buffer capacity. The final drive ratio remains in the 3.3–3.5 range, showing 

robustness to communication effects. 

C. Impact of V2V Latency on Dynamic Performance 
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Fig. 4 compares the acceleration profile of the compromise solution under Ideal Comm vs. 

Realistic Comm. Below 45 km/h, wheel-slip dominates, and communication effects are 

minimal. Between 45–120 km/h, Realistic Comm exhibits a noticeable delay (approx. 0.4 s) in 

torque assist during gear shifts because the CAN latency delays the torque request to the electric 

machine. The 0–150 km/h time increases from 18.2 s (Ideal) to 19.1 s (Realistic), a 4.9% 

degradation. However, fuel consumption over the MVEG cycle only increases by 2.8% (from 

5.15 to 5.29 L/100km equivalent), demonstrating that the control strategy adapts reasonably 

well. 
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Fig. 5 presents the SOC trajectory and electric machine torque over the MVEG cycle for the 

Realistic Comm compromise solution. The SOC ends at 79.1% (slightly below the 80% target) 

despite the V2V-predictive algorithm. The predictive regenerative braking events (marked by 

shaded regions) recover approximately 3.2% more energy than a non-predictive baseline, but 

this gain is partially offset by two dropout events where the V2V message was lost, causing 

the controller to fall back to a conservative torque split. 

D. Sensitivity Analysis of Communication Parameters 

A Monte Carlo sensitivity analysis (500 runs) was performed around the compromise solution, 

varying 𝜏𝑉2𝑉 (0–150 ms) and 𝑝𝑑𝑟𝑜𝑝 (0–0.1). The results show: 

• For every 10 ms increase in mean V2V latency, fuel consumption increases by 0.12 

L/100km (approx. 2.3% relative). 

• For every 1% increase in dropout probability, fuel consumption increases by 0.18 

L/100km (3.4% relative). 

• Acceleration time is most sensitive to 𝜏𝐶𝐴𝑁: a 10 ms increase in CAN latency (e.g., 

from 5 ms to 15 ms) worsens 0–150 km/h time by 0.35 s (1.9% relative). 

These sensitivities highlight that designing robust communication-aware HEVs requires not 

only optimizing component sizes but also specifying minimum quality-of-service requirements 

for the vehicle’s network architecture. 

V. CONCLUSIONS AND FUTURE WORK 
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This paper has extended the conventional multi-objective optimization of hybrid electric 

vehicles to explicitly account for inter-vehicular (V2V) and intra-vehicular (CAN bus) 

communication. Using a detailed Dymola/Modelica model, a two-step NSGA-II optimization, 

and distributed computing via Condor, we quantified the trade-off between fuel economy and 

dynamic performance under realistic communication constraints. 

Key conclusions: 

1. Communication-aware control strategies achieve lower fuel consumption than isolated 

strategies, provided that V2V latency remains below 80 ms and CAN bus load under 

70%. Beyond these thresholds, the predictive gains are negated by delayed actuation. 

2. The optimal hybridization factor increases slightly (from 0.28 to 0.30) when 

communication is imperfect, as a larger electric machine and battery buffer against 

missed regenerative opportunities. 

3. The Pareto front shifts unfavorably under realistic communication, but a distinct knee 

region remains, offering designers practical compromise solutions. 

4. CAN bus latency has a disproportionate effect on dynamic performance (acceleration 

times), whereas V2V latency primarily affects fuel consumption. 

Several limitations of the present work should be addressed in future research. First, only the 

MVEG cycle was considered; real-world driving involves highly variable traffic densities and 

communication link qualities. Second, the rule-based control strategy, while computationally 

efficient, is unlikely to match the performance of a model predictive control (MPC) approach 

that explicitly incorporates predicted traffic flow. Third, the communication model assumed 

uniform latency statistics; in practice, V2V links exhibit spatial and temporal correlation. 

Fourth, the scalability of the electric machine was limited; future work should also scale the 

internal combustion engine to evaluate down-sizing concepts [1] together with communication-

aware energy management. 

Future work will therefore focus on three directions: 

• Integration of 5G V2X latency models with spatial correlation and handover events. 

• Development of a multi-objective MPC framework that optimizes torque split and 

communication resource allocation simultaneously. 

• Experimental validation using a hardware-in-the-loop setup with real CAN traces and 

V2V emulation. 

The results presented here provide a foundation for automotive engineers to design hybrid 

powertrains that are not only mechanically efficient but also network-aware—a critical 

requirement for the connected and automated vehicles of the coming decade. 
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