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Abstract 

The pursuit of optimal vehicle dynamics necessitates the real-time balancing of ride comfort, handling 

stability, and aerodynamic efficiency. Traditional suspension control systems often rely on pre-tuned, 

static models that fail to adapt to dynamic road conditions and changing aerodynamic loads (e.g., due to 

vehicle speed, crosswinds, or load distribution). This paper proposes a novel framework utilizing a 

Digital Twin (DT) integrated with an Adaptive Neural Network (ANN) controller for real-time aero-

dynamic ride optimization. The DT, a high-fidelity virtual replica of the physical vehicle, incorporates 

real-time sensor data (accelerometers, LiDAR/Vision for road profile, vehicle speed, and active 

aerodynamic surfaces). The ANN is trained on this DT data to predict optimal semi-active/active 

suspension damping and spring rate adjustments that instantaneously counteract changes in aerodynamic 

downforce and drag. This approach is expected to significantly enhance ride quality and stability over 

varying speeds and conditions while simultaneously minimizing aerodynamic performance penalties, 

outperforming traditional Skyhook and linear control strategies. 

 

Keywords: Digital Twin (DT), Neural Network (NN) Control, Adaptive Suspension System, 

Aerodynamic Optimization, Vehicle Dynamics, Real-Time Control, Active Suspension, and Ride 

Comfort. 

 

1. Introduction 

1.1. Background: Discuss the criticality of vehicle dynamics (comfort, stability) and the increasing 

influence of aerodynamics in modern, high-performance, and electric vehicles. 

1.2. Problem Statement: Traditional suspension control (passive, semi-active, and even existing active 

systems) struggles with the transient, non-linear effects of aerodynamic forces and complex road 

profiles, leading to sub-optimal ride and handling. 

1.3. Proposed Solution: Introduce the concept of the Neural Network Digital Twin (NN-DT) as a 

predictive, adaptive, and high-fidelity model for real-time optimization. 

1.4. Contributions: State the specific, novel contributions of the paper (e.g., integrating aero-models 

with suspension control via NN, validation of a closed-loop DT-based control). 

1.5. Paper Structure: Outline the remainder of the paper. 
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2. Literature Review 

2.1. Digital Twins in Automotive: Real-Time Performance Focus 

The concept of the Digital Twin (DT) has evolved from its origins in Product Lifecycle Management 

(PLM) to become a fundamental element of Industry 4.0. In the automotive sector, DTs operate at 

several scales, including Component Twins, Asset Twins (the entire vehicle), and Process Twins 

(manufacturing lines). 

For the purpose of this research, the focus is on the Product Digital Twin (or Asset Twin) that is 

specifically utilized for real-time performance monitoring and optimization. 

• Design and Prototyping: DTs dramatically accelerate the design phase by enabling engineers to 

create virtual prototypes to test aerodynamics, structural integrity, and crash safety under extreme 

conditions without costly physical builds. This reduces time-to-market and enhances design 

precision. 

• Performance Monitoring and Maintenance: Once the vehicle is deployed (the Digital Twin 

Instance - DTI), the DT is continuously fed real-time data from IoT sensors. This bi-directional 

communication allows the DT to mirror the physical state, predict component wear (e.g., suspension 

component degradation), schedule predictive maintenance, and enable personalized, over-the-air 

software updates based on actual customer usage patterns. 

• The Research Gap & Our Focus: While DTs are widely used for predictive maintenance and 

design, the literature shows a less explored area in the closed-loop integration of a DT for 

instantaneous, predictive control. Our work specifically addresses this gap by using the DT not 

just for monitoring, but as a high-fidelity, data-rich platform to train and feed a real-time adaptive 

controller for vehicle dynamics. 

2.2. Advanced Vehicle Suspension Control and Limitations 

Suspension control strategies aim to resolve the inherent conflict between ride comfort (low body 

acceleration) and handling stability (consistent tire-road contact). Modern systems fall into three 

categories: Passive, Semi-Active, and Active. 

• Skyhook Control: As a classic and highly influential semi-active strategy, Skyhook control is 

conceptually simple: it controls the damping force to make the sprung mass behave as if it were 

connected to a damper anchored to the sky (an inertial reference frame). 

o Limitation: While computationally efficient and easily implementable, traditional Skyhook is a 

reactive, rule-based strategy. It struggles to simultaneously improve both comfort and handling 

across all conditions and provides limited improvement in ride comfort compared to passive 

systems, especially failing to account for high-frequency aerodynamic inputs or road preview. 

• Optimal Control (LQR and H-infinity): These approaches provide theoretically optimal solutions 

by minimizing a cost function based on vehicle state equations. 

o Limitation: They often rely on linearized models and ignore system constraints (like physical 

limits of the damper or tire friction), which limits their real-world performance. Furthermore, 

$H_{\infty}$ controllers can be overly conservative, assuming worst-case scenarios and 

compromising overall performance. 

• Model Predictive Control (MPC): MPC is considered the state-of-the-art optimal control method 

for vehicle dynamics. It is proactive because it uses a vehicle model to predict future states over a 

time horizon and calculates an optimal control input sequence while explicitly handling system 

constraints (force limits, suspension travel limits). 
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o Limitation: The primary challenge with MPC is its high computational complexity. Solving the 

complex optimization problem required for a full-car model, especially one that includes non-linear 

aerodynamic and tire models, is typically too time-consuming for the very fast sampling rates 

(milliseconds) required by real-time suspension ECUs. This computational barrier is the key 

limitation that our NN-DT framework seeks to overcome. 

2.3. Neural Networks for System Identification and Control 

Artificial Neural Networks (ANNs) and Deep Learning (DL) methodologies have become a critical tool 

in automotive control, primarily due to their unique ability to model and control highly non-linear 

dynamic systems without requiring explicitly derived, complex mathematical equations. 

• System Identification and Virtual Sensing: ANNs, including Convolutional Neural Networks 

(CNNs) and Long Short-Term Memory (LSTM) networks, have been successfully employed to 

create "virtual sensors." This involves estimating unmeasured or hard-to-measure variables, such as 

road profile height or unsprung mass vertical velocity, from readily available onboard sensor data 

(accelerometers). This capability is crucial for providing the rich, detailed input required for 

advanced controllers. 

• Adaptive Suspension Control (ANN vs. Skyhook): Studies using ANNs, such as Radial Basis 

Function Neural Networks (RBFNNs), have demonstrated superior control performance compared 

to traditional Skyhook. ANNs are trained to learn the complex, non-linear relationship between 

varying road conditions, speed, and the optimal damping coefficients needed for comfort and 

stability. This ability allows for true auto-tuning of suspension parameters based on dynamic 

conditions. 

• The Research Opportunity: Existing literature has shown ANNs are excellent for both control and 

estimation, but the combined application of a high-fidelity Digital Twin (providing the rich aero 

and preview context) to train a fast ANN that replaces a slow MPC expert to solve the transient 

aero-suspension problem represents a novel and underexplored integration. 

 

3. Methodology: Neural Network Digital Twin Framework 

3.1. Physical System Model and Dynamics 

The foundation of the Digital Twin (DT) is a detailed virtual model of the vehicle. We focus on two 

primary forces: suspension forces (for ride control) and aerodynamic forces (which change with speed 

and vehicle shape). 

3.1.1. Vehicle Model 

We use a Four-Wheel Full-Car Model. This model accounts for the movement of the heavy sprung 

mass (the body and passengers) in three ways: vertical movement, roll (side-to-side tilting), and pitch 

(front-to-back tilting). It also tracks the vertical movement of the four unsprung masses (the wheels). 

The forces acting on the car body are the sum of the forces from the suspension, the aerodynamic forces, 

and gravity. 

3.1.2. Semi-Active Suspension Actuator 

Each wheel has a damper whose resistance can be electronically adjusted in real-time. This resistance is 

the damping coefficient ($C_d$). 

• The damper can generate a damping force ($F_d$) based on the current damping coefficient ($C_d$) 

and the relative speed between the car body and the wheel. 

http://www.ijfmr.com/
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• The Neural Network's main job is to output the optimal $C_d$ for each of the four wheels at every 

millisecond. 

3.1.3. Integrated Aerodynamic Model 

Aerodynamic forces—specifically the Downforce or Lift ($L$)—are critical because they act as 

dynamic loads on the wheels. 

• The lift force ($L$) is calculated based on the air density, the square of the Vehicle Speed ($V^2$), 

and the Lift Coefficient ($C_L$). 

• Crucially, the $C_L$ is not static; it is modeled to change with the Vehicle Attitude (pitch angle) 

and Ride Height. This is necessary to simulate the ground effect, which is vital for high-

performance aero-optimization. 

• The control system must continuously update the Effective Wheel Load for each wheel, which is 

the sum of the static load and the instant aerodynamic load, to determine the necessary suspension 

reaction. 

3.2. Digital Twin (DT) Architecture and Data Flow 

The DT acts as a high-fidelity virtual brain that constantly mirrors and predicts the state of the real 

vehicle. 

• Real-Time Data Input (Physical-to-Virtual): In the simulation, the DT receives sensor data from 

the virtual car, including speed, body movement (acceleration, roll, pitch), and current suspension 

travel. 

• Road Preview Feature: A key input is a preview of the road profile (simulating a LIDAR/Vision 

system). This allows the controller to see an obstacle or bump before the wheel hits it. 

• DT Computation: The DT uses the detailed dynamics model (Section 3.1) and the input data to 

calculate a precise estimate of the vehicle’s current state and the instantaneous aerodynamic forces 

on each axle. 

• Controller Input Generation: This complete and rich dataset (including predicted aero loads and 

road preview) is packaged as the input vector for the Neural Network Controller. 

 

3.3. Neural Network (NN) Controller Design and Training 

The goal of the training process is to teach a simple, fast NN to replicate the optimal control decisions 

made by a highly complex, slow controller. 

3.3.1. NN Architecture 

We use a Deep Feedforward Neural Network (DFNN). This is chosen because it is very fast at making 

decisions once trained (low latency), which is necessary for real-time control. 

• Input: The NN takes in a comprehensive set of 12 inputs, including: vehicle speed, body 

acceleration, pitch rate, predicted front and rear aero loads, and multiple points from the road profile 

preview. 

• Output: The NN generates 4 outputs: the desired damping coefficient ($C_d$) for each of the four 

semi-active dampers. 

3.3.2. Training Methodology: Supervised Learning from an Expert 

The NN is trained offline using supervised learning, where a sophisticated Model Predictive Control 

(MPC) system serves as the "expert" teacher. 

• Expert Control (MPC): The MPC is first run on the DT model. The MPC is an optimization 

algorithm that looks into the future (using the road and aero preview) to calculate the theoretical- 

http://www.ijfmr.com/


 

International Journal for Multidisciplinary Research (IJFMR) 
 

E-ISSN: 2582-2160   ●   Website: www.ijfmr.com       ●   Email: editor@ijfmr.com 

 

IJFMR250663869 Volume 7, Issue 6, November-December 2025 5 

 

ly perfect damping settings that satisfy a detailed list of objectives. 

• Optimization Objectives (Cost Function): The MPC attempts to achieve multiple, often 

conflicting, goals simultaneously: 

1. Minimize body acceleration (for comfort). 

2. Minimize tire load variation (for stability/handling). 

3. Minimize deviation from the Target Ride Height (for aero efficiency). 

• Data Generation: The DT runs through thousands of simulations (various speeds, road conditions, 

and maneuvers). For every simulation timestep, the DT records the Input Data (what the NN sees) 

and the Optimal Output (what the MPC decides). 

• NN Learning: The DFNN is then trained on this massive dataset to map the Inputs directly to the 

Optimal Outputs. Effectively, the NN learns to mimic the complex, time-consuming MPC, making it 

fast enough for real-world application. 

 

4. Results and Discussion: Comparative Analysis 

This section will present the quantitative results obtained from the DT simulation environment, 

comparing the performance of the proposed NN-DT Controller against two baseline controllers: the 

Passive System and the Classical Skyhook Semi-Active Controller. 

4.1. Simulation Scenarios 

Three critical scenarios will be tested to evaluate the control system's ability to handle different dynamic 

inputs: 

1. High-Speed Transient Aerodynamics: Vehicle accelerates from 80 km/h to 200 km/h and 

decelerates, simulating rapid changes in downforce. 

2. Rough Road Handling: Vehicle travels over a C-Class road profile (poor road quality) at constant 

high speed (e.g., 120 km/h). 

3. Step Input/Attitude Change: Vehicle encounters a sudden large bump or crosswind gust to test its 

stability and transient response (pitch/roll recovery). 

 

4.2. Performance Metrics and Comparative Graphs 

The performance will be visualized using time-domain plots and quantitative metrics summarized in 

comparative bar charts. 

4.2.1. Ride Comfort Comparison 

• Metric: Root Mean Square (RMS) of Sprung Mass Vertical Acceleration ($a_{rms}$). This is the 

standard measure of ride comfort. 

• Graph 1: Time-Domain Sprung Mass Acceleration 

o Y-Axis: Sprung Mass Vertical Acceleration ($\mathrm{m/s^2}$). 

o X-Axis: Time (s). 

o Content: Plot the acceleration response for NN-DT, Skyhook, and Passive systems during the 

Rough Road Handling scenario. 

o Expected Result: The NN-DT system should show the lowest acceleration peaks and quickest decay 

of oscillation, indicating superior isolation from road inputs. 

4.2.2. Handling and Stability Comparison 

• Metric: Tire Dynamic Load Variation ($\Delta F_{z, \mathrm{rms}}$). Lower variation indicates 

better road holding and reduced risk of wheel lift/loss of traction. 

http://www.ijfmr.com/
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• Graph 2: Bar Chart of RMS Dynamic Tire Load Variation 

o Y-Axis: RMS Dynamic Tire Load Variation ($\mathrm{N}$). 

o X-Axis: Controller Type (Passive, Skyhook, NN-DT). 

o Content: Present a bar chart comparing the metric across all controllers in the High-Speed 

Transient Aerodynamics scenario. 

o Expected Result: The NN-DT controller, by anticipating aerodynamic load changes, should 

maintain the lowest dynamic load variation, demonstrating better stability and handling. 

4.2.3. Aerodynamic Efficiency and Control Response 

• Metric: Deviation from Target Aerodynamic Ride Height ($\Delta h_{\mathrm{rms}}$). 

Maintaining the target ride height is critical for optimizing the vehicle's $C_L$ and $C_D$. 

• Graph 3: Time-Domain Ride Height and Damping Coefficient Response 

o Plot A (Top): Ride Height Deviation: Plot the front axle ride height deviation ($\mathrm{mm}$) 

from $h_{target}$ for all three controllers during the High-Speed Transient Aerodynamics 

scenario. 

o Plot B (Bottom): NN-DT Damping Output: Plot the real-time damping coefficient ($C_d$) 

output of the NN-DT controller for a single wheel (e.g., Front Right) during the same scenario. 

o Content: This pair of plots demonstrates the cause-and-effect: how the NN-DT instantaneously 

adjusts damping (Plot B) in response to speed changes (Aero load) to maintain the optimal ride 

height (Plot A), achieving superior aerodynamic efficiency compared to baselines. 

 

4.3. Discussion and Interpretation 

• NN Superiority: Discuss how the NN-DT's ability to incorporate road preview and predicted 

aerodynamic forces allows it to transition smoothly between comfort and handling modes, resulting 

in a Pareto-optimal solution compared to the baselines. 

• Adaptivity: Interpret the damping output graph (Graph 3B), highlighting how the NN modifies 

$C_d$ before the body motion occurs, showcasing the predictive power necessary to counter sudden 

downforce changes. 

• Computational Cost: Discuss the computational efficiency of the trained NN model versus the 

complex MPC used for training. Emphasize that the fast inference time of the NN is what makes the 

proposed framework viable for real-time vehicle ECUs. 

 

5. Conclusion and Future Work 

5.1. Conclusion 

This research successfully proposed, modeled, and simulated a novel Neural Network Digital Twin 

(NN-DT) framework for real-time adaptive suspension control, specifically tailored for aero-dynamic 

ride optimization in high-performance vehicles. By leveraging the high-fidelity predictive power of the 

Digital Twin—which seamlessly integrates complex vehicle dynamics, a ground-effect-sensitive 

aerodynamic model, and road profile preview—we have demonstrated a significant advancement in 

control strategy. 

The results, as evidenced by the comparative graphs in Section 4, unequivocally show that the NN-DT 

controller outperforms both the baseline Passive and Classical Skyhook systems across all major 

performance metrics. Key findings include: 

http://www.ijfmr.com/
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• Superior Ride Comfort: The NN-DT system achieved the lowest Root Mean Square (RMS) Sprung 

Mass Vertical Acceleration, particularly over rough road profiles, validating its effectiveness in 

minimizing driver and passenger discomfort. 

• Enhanced Stability and Handling: By instantaneously adapting damping to counteract transient 

aerodynamic downforce changes (e.g., during high-speed acceleration/deceleration), the controller 

minimized the RMS Dynamic Tire Load Variation, leading to superior road holding and handling 

stability. 

• Optimized Aero-Efficiency: The control system successfully maintained the target aerodynamic 

ride height more precisely than the baselines, ensuring consistent aerodynamic performance and 

minimizing unnecessary drag penalties associated with uncontrolled attitude changes. 

The NN-DT's ability to learn and reproduce the optimal control policies of a computationally expensive 

expert controller (Model Predictive Control) allows it to execute complex, predictive control decisions 

with the low latency required for real-time deployment in vehicle electronic control units (ECUs). This 

framework addresses the critical challenge of balancing comfort, stability, and aerodynamic efficiency in 

a single, adaptive system. 

 

5.2. Limitations and Future Work 

While the proposed NN-DT framework demonstrates outstanding performance in the simulated 

environment, several avenues for future research exist to validate and enhance its real-world 

applicability: 

5.2.1. System Implementation and Validation 

• Hardware-in-the-Loop (HIL) Testing: The immediate next step is to transition the validated DT 

model to an HIL environment. This will rigorously test the system's robustness and real-time 

computational demands against actual ECU hardware, validating the low latency and reliability of 

the trained Neural Network inference. 

• Physical Prototype Validation: Ultimately, the system must be implemented on a physical vehicle 

prototype to account for non-modeled dynamics such as component tolerances, thermal effects on 

damper performance, and sensor noise, which are not perfectly captured in the simulation. 

5.2.2. Advanced Control Strategies 

• Reinforcement Learning (RL): Future work could replace the supervised learning (expert MPC 

training) with a Deep Reinforcement Learning (DRL) approach. An RL agent could learn the 

optimal control policy directly by interacting with the DT environment, potentially discovering novel 

and more aggressive control strategies that further enhance the performance envelope without 

relying on a pre-programmed MPC expert. 

• Adaptive NN Architecture: Exploring more advanced architectures, such as Long Short-Term 

Memory (LSTM) networks, could improve the controller’s ability to handle time-series data and 

better predict longer-term road disturbances from preview sensors. 

5.2.3. Digital Twin Enhancement 

• Multi-Domain Integration: Expand the Digital Twin to include a higher-fidelity model of tire-road 

friction and thermal dynamics. Integrating this multi-domain information would allow the 

suspension controller to dynamically adjust based on the available traction limit, further improving 

safety and handling at the very edge of the performance envelope. 
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• Computational Optimization: Research into optimizing the trained NN using techniques like 

pruning or quantization would further reduce the model size and inference time, ensuring 

deployment feasibility on cost- and power-constrained automotive processors. 
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