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Abstract

Steer-by-wire (SBW) systems in wheel-steering vehicles enhance maneuverability by elimi-
nating mechanical linkages. However, they are susceptible to delays between steering input
and pinion response, which can compromise control precision and safety. To mitigate these
delays, we developed a machine learning-based compensation method employing a hybrid
architecture of convolutional neural networks (CNNs) and gated recurrent units (GRUs) to
predict and adjust pinion behavior in real time. The model was trained using experimental
data collected from a four-wheel steering test platform, including steering angle inputs,
motor signals, and pinion position feedback. By learning the relationship between steering
commands and rack force, the model enables dynamic delay correction under both nominal
and fault conditions. The system is implemented on an NXP microcontroller and validated
through experimental testing, and compared with other hybrid model configurations for
performance evaluation. The results demonstrate that the CNN-GRU approach reduces
the average steering delay to 3 ms, outperforming conventional PID tuning methods while
maintaining high accuracy and system stability.

Keywords: 4-wheel steering; steer-by-wire; steering delay; hybrid model; CNN; GRU; rack
force estimation

1. Introduction

Recent advancements in vehicle technology have increasingly emphasized the
development of steer-by-wire (SBW) systems [1]. These systems, particularly those incor-
porating active front- and rear-wheel steering, offer enhanced vehicle stability compared
to conventional steering mechanisms. SBW systems reduce mechanical movement and
friction, but their reliability remains a critical concern [2]. In 2013, Nissan became the
first manufacturer to mass-produce SBW systems, integrating high safety standards and
mechanical redundancy.

Although researchers have focused on improving the reliability of steering systems
and reducing faults during driving, there remains a notable gap in addressing delays
between steering commands and pinion angle responses [3]. According to ISO 26262
guidelines [4], permissible response delays must not exceed 0.5 milliseconds. Current
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research efforts aim to reduce these delays by optimizing SBW architectures through
frameworks that incorporate steering commands, pinion angle feedback, and rack force
prediction to determine the front wheel angle.

A three-loop proportional-integral-derivative (PID) motor control strategy uses the
steering motor angle as an input to the system controller. While this strategy is simple
and generally stable, it suffers from instability due to motor dynamics, which limits its
effectiveness in improving the overall performance. Figure 1 illustrates the experimental
setup of the four-wheel steer-by-wire vehicle used in this study.
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Figure 1. Experimental setup for the optimized steer-by-wire.

Rack displacement has been also researched through equivalent transmission ratio
calculations, but these methods address only minor disturbances within the steering sys-
tem. To enhance safety and reliability, we introduced a deep learning-based rack force
prediction method designed to reduce delay and improve system robustness [5]. Efficient
and practical algorithms were employed for vehicle signal estimation, leveraging adaptive
and deep learning techniques to align with advanced sensor inputs and maintain high
performance. Through the experimental determination of steering input and pinion angle,
along with the collection of corresponding rack force data, response delay was corrected
and minimized using the NXP model-based design toolbox (MBDT) implemented on an
embedded controller. Rack force prediction was achieved using a hybrid CNN-GRU model,
and the delay between the steering command and pinion angle response was significantly
reduced through a hybrid CNN-GNN architecture.

The remainder of this paper is organized as follows: Section 2 presents the experimen-
tal model and the deep learning-based framework for delay reduction. Section 3 provides
a detailed analysis of rack force prediction. Section 4 discusses the model-based study
and compares the experimental results with the predicted outcomes. Finally, Section 5
concludes the paper with a summary of the findings and implications.

2. Optimization of Steer-by-Wire (SBW) System
2.1. Model Construction

Figure 2 presents the motor control strategy combining current, speed, and position
control in a unified loop. The system uses cascaded PID controllers for regulating the

current, speed, and position, ensuring precise motor behavior [6]. The sensor decoder
measures rotor position (0,,), which is processed through Clarke and Park transforms
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to convert three-phase signals into the dg-axis for control. The inverse park transform
converts the control signals back to the three-phase reference frame for space vector pulse
width modulation generation and motor actuation. Additionally, reinforcement learning
is used to adjust PID gains to improve performance under varying conditions [7]. This
control architecture ensures accurate and responsive control of the motor in real time.
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Figure 2. Control strategy of the 4WS NXP-based MBDT system.

2.2. Control Strategy for SBW

Figure 3 presents a hybrid control loop integrating Al prediction and motor control
for vehicle systems. The input sensor data from the vehicle signals, such as speed, steering
angle, or environmental data, are fed into the system. The deep neural network is used to
train the model with CNN + GRU that predicts motor-related variables such as pinion angle
or rack force based on the input data. A motor control strategy is employed to generate
predictive values that are integrated into a Simulink-based control block, which utilizes
PID controllers for regulating current, speed, and position, as illustrated in the previously
referenced motor control diagram. Subsequently, these control commands are applied to
the vehicle system model, targeting either the electric motor or the steering mechanism to
simulate real-time behavior. The system outputs motor position, rack force, or speed, which
serve as feedback signals. Within the feedback loop, the output is compared against the
predicted values, and the resulting error is used to retrain or fine-tune the neural network.
This process establishes a closed-loop learning-based control system that continuously
adapts to improve performance.

Figure 3. Hybrid learning and control architecture for vehicle motor system.
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3. Prediction of Rack Force

3.1. Hybrid CNN and GRU Model
3.1.1. CNN-Based Learner

The steering system plays a critical role in the SBW architecture by capturing steering
angle data, which is essential for predictive modeling. To ensure stable and accurate
predictions, 2D CNN is employed to automatically extract common features from the input
data. The CNN model is trained using the calculated pinion angle responses corresponding
to steering commands and their associated delays [8]. To preserve essential features during
the pooling process, the network is designed to retain all relevant information. The layers in
the CNN are configured with 125 and 64 neurons, respectively, and the rectified linear unit
(ReLU) activation function is utilized to mitigate overfitting. The mathematical expression
is as follows:

f(x) = max(0,x) M

where x is the input value of the activation function.

3.1.2. GRU-Based Model

A gated recurrent unit (GRU)-based model is implemented to process continuous
input data comprising steering angles, pinion angles, and rack force measurements [9].
This framework enables the generation of updated memory states for each input sequence,
enhancing temporal feature learning [10]. The GRU model operates as follows: upon
receiving input data, the memory state is updated; the output from the first GRU layer is
passed to a second GRU layer; the output from the second layer is then forwarded to a
dense layer following a dropout operation; and finally, the model produces a prediction.
The dense layers in the GRU model are also configured with 125 and 64 neurons. The final
output of the GRU network is the predicted rack force. Table 1 presents the parameters of
the hybrid CNN-GRU model. To assess the model’s effectiveness in predicting rack force
and minimizing delay, two evaluation metrics were employed. The results demonstrate
that the proposed hybrid model significantly enhances the performance of the optimized
SBW system by improving prediction accuracy and reducing response latency. The hybrid
model structure is presented in Figure 4.

MAE and RMSE are calculated using Equations (2) and (3).

1
MAE = EZLl Yactual — Ypredicted (2)
1 n 2
RMSE = " Z (yactual - ypredicted) (3)
i=1

where n represents the total data points; I represents the index of each data point; v,.4,,4 is
the actual measured value; and yegicteq is the predicted value.

Table 1. Parameter settings of the proposed hybrid CNN and GRU model.

Model Parameter Value
Time step 5
Convolution layer kernel size 3x3
Pooling layer kernel size 2x2
Convolutional layer activation function ReLU
Loss function MSE
Optimization iteration algorithm Adam

Dropout ratio/ % 10
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Figure 4. Hybrid model of the CNN and GRU model for the rack force prediction.

3.2. Rack Force Estimation

In the proposed model, the CNN extracts local spatial features from sequential inputs
such as the steering angle and pinion response, capturing rapid variations and short-term
patterns [11]. GRU processes these features over time to learn the temporal dependencies
and dynamics of the steering behavior. This combination enables accurate rack force pre-
diction by leveraging both the spatial and temporal characteristics of the input signals. The
rack force (F,,) acting on the steering system is an essential parameter, as it is determined
by the moments generated at the tire-road contact patch, specifically the kingpin moment
(Mgp)- This is represented as follows:

Myp

4)

Frack = T gear

Here, Fy; is the force at the steering rack, and My, is the total moment acting on the
kingpin (steering axis) of the wheel. This moment typically includes contributions from
lateral tire force, self-aligning torque, and pneumatic trail. r¢,, is the effective gear ratio
(or transmission ratio) of the steering rack and pinion mechanism.

The kingpin moment My, itself can be further broken down, but for a general overview,
this relationship is often sufficient. It emphasizes that the rack force is a result of forces at
the wheel.

The self-aligning torque is a critical component influencing steering feel and rack force.
It is the moment that tends to return the wheel to a straight-ahead position.

M, = Fyt,, (5)

Here, M is the self-aligning torque (moment about the vertical axis of the tire), F; is
the lateral force generated by the tire, and ¢, is the pneumatic trail (the effective distance
behind the wheel’s geometric center where the lateral force acts). This equation is used to
explain one of the primary drivers of the forces that the steering system needs to counteract
or transmit.

Data collected from the steering command and the pinion angle were sent to for
training in the CNN and GRU hybrid model to estimate the rack force according to the
steering and the pinion angle movement (Figure 5) [12]. The final output is the efficient
output with the reduced delay. The novelty of the model is the rack force prediction of the
steering column, which is achieved for the first time.
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Figure 5. Hybrid model architecture to reduce delay.

4. Results and Discussion

The experiments were performed on a four-wheel vehicle equipped with an optimized
steer-by-wire system. Initially, the controller was designed and implemented using MBDT.
A PID controller was integrated to automatically minimize the delay between the steering
command and the pinion angle response, enabling real-time monitoring of delay charac-
teristics. This automation effectively eliminated the need for the time-consuming manual
delay correction process.

The results show the effect of the prediction of the rack force, which reduces the manual
effort of reducing the delay (Figure 6). The maximum pinion angle observed during the
experiment was approximately +200°, and all prediction models—CNN+GRU, BiGRU,
GRU, and LSTM—were able to track this value with varying degrees of accuracy. Among
these, the CNN+GRU model demonstrated the best performance, achieving a steady-
state error of only 0.5°, indicating a highly precise response to the steering command. In
contrast, the LSTM model showed the largest deviation, with an error of approximately
5°, highlighting its limitations in steady-state accuracy. In terms of rack force prediction,
the CNN+GRU model outperformed the others, maintaining a prediction error within 5 N
even during dynamic transitions, steering changes between 10 and 15 s. Meanwhile, LSTM
exhibited larger deviations, exceeding 12 N, especially in high-response zones, making
them less reliable for real-time control applications. Overall, the results confirm that the
proposed CNN+GRU model significantly reduced delay and enhanced prediction accuracy,
both in angular tracking and force estimation. This improvement not only lowers the need
for manual tuning but also aligns well with the ISO 26262 functional safety standards for
automotive steer-by-wire systems.
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Figure 6. Experimental results: performance comparison of machine learning models for pinion
angle tracking and rack force prediction in steer-by-wire systems: (a) experimental result for steering
command and actual pinion angle; (b) predicting model for pinion angle; (c) predicting model for
rack force.

5. Conclusions

The system developed in this study addresses the critical challenge of steering delays
in four-wheel steering SBW systems through the development of a novel hybrid CNN+GRU
model. The system facilitates real-time pinion behavior adjustment and accurate rack force
prediction, a capability explored for the first time concerning the steering column. The
experimental validation results revealed a significant reduction in the average steering
delay to 3 milliseconds, notably surpassing traditional control methodologies. Furthermore,
the CNN+GRU model exhibited superior accuracy in both pinion angle tracking (with
a steady-state error of approximately 0.5°) and rack force prediction (maintaining errors
within 5 N), demonstrating a distinct advantage over comparative models such as BiGRU,
GRU, and LSTM. The system significantly enhances control precision and system stability
and aligns with stringent ISO 26262 functional safety standards, substantially mitigating
the need for laborious manual tuning.
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