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Abstract 
Autonomous driving systems must safely navigate in increasingly diverse and challenging conditions, which necessitate 
the incorporation of vehicle dynamic models capable of accurately capturing a vehicle's behavior in diverse conditions. 

Moreover, these models need to be easily and rapidly developed to meet the needs of rapid autonomous driving software 

updates. Currently used models have limited accuracy, require extensive parameter tuning, and cannot meet these demands. 

This paper introduces the Combination of Neural Network and Kinematics Model (CNKM). A neural network is utilized 

to model the nonlinear characteristics of vehicle subsystems (powertrain, braking, steering, tires) and various unknown 

factors. It ultimately outputs accelerations that are fed into a planar kinematics model to derive the vehicle states. The 

neural network is trained using a dataset collected from natural driving. A weighting formula suitable for natural driving 

data is proposed to mitigate the impact of an uneven dataset distribution. This model is compared with commonly used 

models under typical and high lateral acceleration scenarios, and the position and heading errors of CNKM are 15.34% and 

14.71% of those of the nonlinear dynamic model, respectively. 
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RNN             Recurrent Neural Network 

 

 

1 Introduction 

Autonomous driving is considered as an effective 
technical solution of traffic congestion, pollution, and 

road safety [1]. With the significant improvement of 

artificial intelligence technology and increased 

computing power, the autonomous driving is making 

rapid progress [2, 3]. 

In autonomous driving systems, precise vehicle 

models are essential for planning and tracking 

subsystems to generate safe trajectories and minimize 

trajectory-following errors [4, 5], and extensive 

simulation is necessary to validate software functionality 

before testing in real-world environments [6]. This 

highlights the importance of an accurate vehicle model 
to simulate a car’s behavior as realistically as possible[7, 

8]. 

As autonomous driving systems continue to advance, 

they must operate safely in unconventional conditions 

(e.g., emergency braking, sharp turns with high lateral 

acceleration) [9], and the control subsystems must 

perform well in these scenarios[10, 11]. To validate 

algorithms before real vehicle testing, abundant 

unconventional condition tests must be considered [12], 

resulting in the demand for easily constructed models 

that accurately portray a vehicle's behavior in 

emergencies. A straightforward and sufficiently precise 

model that captures the nonlinear behavior of vehicles 

would be advantageous from both aspects. 

1.1 Related Works 

Physics-derived models are widely applied in vehicle 

control and simulation due to their ease of understanding. 

These models, based on physical principles and the 

modeler's empirical insights into the application 
environment, include kinematic models, linear and 

nonlinear single-track dynamic models [13], as well as 

dual-track and multi-body dynamics models. When 

constructing a physical model, it is crucial to identify 

which factors to consider and which to disregard based 

on their significance in the operating environment [14]. 

For instance, an accurate tire model is vital for the 

precision of a nonlinear vehicle model, as the forces 

originating at the tire-road contact patch primarily affect 

the vehicle motion. Commonly used tire models include 

the Pacejka, Fiala, brush, and Magic Formula models 

[15]. Numerous parameters need to be determined before 
creating a physical model, such as the tire model and the 

driving and braking system. Obtaining  the precise values 

of the parameters requires a laborious and tedious 

calibration; some of them are often acquired through 

specialized experiments and are generally not subject to 

dynamic adjustment. Allowing for the dynamic 

adjustment of parameters can enhance accuracy in 

specific operating conditions [16]. A more accurate 

model should consider more dynamic factors, which 

increases complexity [17]. Furthermore, higher-

precision physical models generally require more 
calibration parameters. In summary, constructing a high-

quality physics-based vehicle model requires meticulous 
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consideration of specific factors and extensive parameter 

calibration. 

The intelligence level of mass-produced vehicles has 

continuously improved, and the abundant driving data 

has been generated and easily obtained [18]. This makes 
a data-driven approach possible to identify critical 

parameters, thereby eliminating the need for extensive 

calibration [11, 19]. Sebastian et al. [20] verified the 

feasibility of using long-term natural driving data for 

vehicle model parameter identification by collecting one 

year of natural driving data and estimating vehicle model 

parameters using least squares. The results indicated that 

long-term natural driving datasets are adequate to 

identify vehicle dynamics characteristics. Furthermore, 

once the amount of data used for identification reaches a 

certain threshold, increasing the size of the dataset 

further does not significantly improve model accuracy. 
Hyunki et al. [21] introduced a model parameter 

identification method based on hyperparameter 

optimization to enhance the control performance of 

autonomous vehicles at high speeds. The proposed 

approach effectively identified parameters such as tire 

models and engine curves compared to traditional 

methods. To compare the predictive capabilities of data-

driven parameter identification models with physics-

based models, Bernardo et al. [22] collected 108 km of 

driving data from a real vehicle to identify an LTI state-

space model. The simple data-driven model 
outperformed a complex nonlinear physical model under 

normal driving conditions. However, the aforementioned 

studies are linear state-space models with a small 

assumption space and cannot reflect more accurate 

vehicle dynamics [23]. 

Neural network technology has advanced rapidly and 

has been mathematically proven as a universal 

approximator, capable of approximating arbitrary 

models given sufficient data [24, 25]. Hence, research 

has been conducted on vehicle models based on neural 

networks [26, 27]. In their design of vehicle control 

algorithms approaching the friction limit, Spielberg et al. 
[28] developed a DNN-based vehicle dynamics model to 

circumvent the parameter calibration of the physical 

model. The model was trained using datasets collected 

from dry and snow-covered roads and had better 

prediction accuracy than the physical model on both 

types of roads. To showcase the modelling capability of 

neural networks, parametric dynamic models of varying 

precision have been utilized to produce training data. As 

the accuracy of the data generation model improves, the 

error of the neural network model is notably less than that 

of the identified linear model, indicating a powerful 
modelling capability [23]. To enhance the precision of 

vehicle models required for simulation testing in highly 

dynamic scenarios for autonomous driving systems, 

Leonhard et al. [9] proposed to use a vehicle model based 

on GRU networks. The training data was obtained from 

an autonomous race car. The proposed model could 

reflect high-order vehicle dynamic features without 

explicit modelling. Shu et al. [7] proposed an integrated 

vehicle model architecture combining basic models with 

residual networks to build a precise vehicle model in an 

autonomous driving simulation platform. They tested 

various residual network architectures, including CNN, 

DCNN, and Transformer, which significantly improved 

the prediction accuracy. Yongjun et al. [17] and Mauro 
et al. [29] constructed longitudinal neural network-based 

dynamics models which outperformed physical rule-

based models. Xiaobo et al. [30] constructed DNN-based 

longitudinal and lateral vehicle models and compared 

their predictions with those of a multibody dynamics 

model. Sibling et al. [31] employed RNN models to 

couple vehicles' longitudinal and lateral dynamics, which 

enhanced the predictive accuracy during high-speed 

steering manoeuvres. 

1.2 Motivations and Contributions 

Commonly used physics-based vehicle models cannot 

capture the complex characteristics of vehicles, while 

detailed physics-based models that consider more 

dynamic factors are unsuitable for rapid development 

due to the amount of the parameter calibration. Recent 

research has shown that data-driven approaches can 

construct accurate vehicle models with ample driving 

data. However, vehicle models based on the LTI state 

space for parameter identification have a limited 

assumption space and are prone to overfitting when there 

is a large amount of driving data. With advancements in 
artificial intelligence, neural networks show potential in 

vehicle modelling. However, their direct application 

does not match the characteristics of vehicles, as the 

inputs have complex nonlinear relationships with the 

outputs, and there are integral relationships between 

certain state variables, which face difficulty in fitting. 

Additionally, contemporary vehicle models using neural 

networks incorporate multiple historical states as parts of 

the inputs. Typically, the state variables of vehicles do 

not exhibit substantial changes within the sampling 

interval. The connection weights related to the inputs of 
the historical state tend to be relatively large in the 

trained network, while connection weights linked to 

other inputs are easily optimized to 0. 

Based on the above analysis, a vehicle modelling 

method based on the Combination of Neural Network 

and Kinematics Model (CNKM) is proposed, which 

considers the vehicle's characteristics and the neural 

network's modelling capabilities. A natural driving 

dataset is gathered to train the model's neural network. 

To mitigate the bias resulting from the uneven 

distribution of the dataset, weights are assigned to 

training samples based on the attachment characteristics 
of the vehicles in natural driving. The proposed model is 

compared with commonly used vehicle models in normal 

and close to the adhesion limit conditions. The main 

contributions of this paper are as follows: 

⚫ A vehicle dynamics model that integrates a 

neural network and a kinematic model is 

proposed, considering vehicle characteristics 

and the modelling capabilities of neural 

networks. 



 
Fig.1 Overview of CNKM and Training Process 
 

⚫ A long-term natural driving dataset is collected 

and weighting formulas are developed based on 
distribution characteristics. This addresses 

model mismatches resulting from non-uniform 

dataset distributions, thus enabling the use of the 

natural driving dataset for all-regime vehicle 

model training. 

⚫ The prediction errors of CNKM and commonly 

used vehicle models are compared under normal 

and close to vehicle adhesion limits conditions. 

The remainder of this paper is structured as follows. 

Section 2 covers the problem statement. Section 3 

introduces the proposed CNKM, as shown on the right 

side of Fig. 1. Section 4 describes the natural driving 
dataset acquisition process and the training of CNKM, as 

shown at the left side of Fig. 1. In Section 5, the 

performance of the model is compared with commonly 

used models. The paper concludes with Section 6. 

2 Problem Statement 

The vehicle dynamics model can be generally described 
as 

 1 ( , ) 0,1, ,t t tx f x u t N+ = =  (1) 

where t  is the sampling step, 
n

tx R  is the n-

dimensional state vector, 
m

tu R  is the m-dimensional 

control input vector, ( )f    is the state transition function 

of the vehicle system, and N  is the total number of 

predicted steps. 

Given initial state 0x  and control sequence

( 0,1, , )tu t N= , iteratively applying the state transition 

function yields the predicted state sequence

( 1,2, , 1)tx t N= + . 

The process of vehicle dynamics modelling is to find 

the best system state transition function ( )f   in a given 

application environment, so that the error between the 

predicted state sequence tx  and the real vehicle state is 

the smallest. 

The vehicle's vertical motion is discarded in this paper, 

and the motion is simplified to a two-dimensional plane 

with three degrees of freedom. The state vector can be 

expressed as 

 [ , , , , , ]x yx X Y v v r=  (2) 

where X , Y  represent the position of the vehicle in the 

inertial system.   is the heading angle, and xv , yv , r  

are the respective longitudinal velocity, lateral velocity, 

and yaw rate in the body coordinate system. The control 

input vector is 

 [ , , ]u T P=  (3) 

where   is the steering wheel angle, T is the drive 

torque request, and P  is the pressure of the master 

cylinder in the braking system. 

3 CNKM Model 

Based on the theory of vehicle dynamics, the driver's 

control inputs are processed through the vehicle's 

different subsystems to generate forces on the tires' 

contact patches with the ground, which primarily impact 

the vehicle's movement. The vehicle's relative movement 

with the air leads to additional aerodynamic forces, 

which together constitute the overall external forces 
influencing the motion of the vehicle disregarding the 

impact of longitudinal incline. The ratio of the 

cumulative external forces at the center of mass to the 

total vehicle mass determines the vehicle's acceleration, 

and the ratio of the torque around the center of mass to 

the vehicle's moment of inertia determines its angular 

acceleration. Integrating the acceleration offers an 

accurate evaluation of the vehicle's state. 

The relationship between the driver's control inputs 

and the tire forces is inherently complex and nonlinear, 

influenced by a combination of the powertrain, braking 
system, steering system, suspension, and tire dynamics. 

Developing mathematical models for each subsystem 

presents significant challenges, often leading to the 

neglect of some contributing factors. The most 

commonly used approach is based on fitting observed 

data from specific experiments, such as the Magic 

Formula tire models. Integrating these diverse 

subsystems inevitably involves simplifications, which 

introduce potential sources of error. 

In contrast, once the quantities of acceleration and 

angular acceleration are obtained, the derivation of 



vehicle states involves an integration process with no 

unknown or challenging-to-model factors at play. Any 

errors primarily arise from the integration method itself. 

CNKM is proposed based on the analysis of 

fundamental dynamics mentioned above. Initially, a 
neural network model is employed to capture the 

complex nonlinear mapping between the driver's input 

and the overall vehicle acceleration. The end-to-end 

model encompasses all interactions between the vehicle 

subsystems and the ground. Upon obtaining the 

acceleration quantities, the vehicle's state variables are 

derived through the integration of the planar kinematic 

vehicle model. 

3.1 Neural Network Part 

Given that the vehicle system itself is an inertial system, 

the states at the current and past moment are closely 

related. Therefore, the input of the neural network model 

includes the states of multiple previous time steps. The 

input for a single time step is expressed as 

 , ,[ , , , , , ]t x t y t t t t th v v r T P=  (4) 

The overall input and output of the neural network 

model are expressed as 

 nn 1 2([ , , , , ])t t t t t na f h h h h− − −=  (5) 

 , , ,[ , , ]t x t y t vz ta a a a=  (6) 

where nn ( )f  is a multilayer feedforward neural network, 

and ta  is the output, which is a vector composed of the 

longitudinal acceleration ,x ta , lateral acceleration ,y ta , 

and yaw angular acceleration ,vz ta . 

A fully connected (FC) layer is expressed as 

 1( )i i i iact −= +a W a b  (7) 

Where ia , 1i−a , iW  and ib are the output, input, weight 

matrix, and bias vector, of layer i , respectively, and  

( )act   is an activation function, chosen as Leaky ReLU, 

as shown in Fig. 2. When the input is less than zero, the 

slope of the activation function is nonzero, ensuring that 

neurons will not die. In addition, the calculation is faster 

than that of the nonlinear activation function. 

nn ( )f  consists of multiple FC layers. The number of 

layers and neurons is determined during hyperparameter 

tuning (see Section 4). 

 

 

Fig.2 Leaky ReLU activation function 

 

3.2 Kinematics Model Part 

When the height of the vehicle's center of mass is ignored, 

the vehicle is regarded as a rigid body moving in a two-

dimensional plane (see Fig. 3). Its states of motion are 

described by Eq. (2), and the relationships between each 

state are described as 

 .
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where xa , ya , vza  are inputs to the model.  Eq. (8) can be 

simplified to 

 km

.

( , )t t tx f x a=  (9) 

which can be discretized with Euler integration to yield 

the following equation, used to determine the state 1tx +    

given  both ta  and tx  

 km1 ( , )t t t tx x t f x a+ = +   (10) 

 
Fig.3 Schematic diagram of planar vehicle model 

 

3.3 Structure of CNKM 

Fig. 4 shows the structure of the CNKM model. The 

current control input [ , , ]tu T P=   is concatenated with 

the velocity to generate state th , which is then 

concatenated with the previously stored state 

1 2[ , , , ]t t t nh h h− − −   as the input of the neural network. 



The output of nn ( )f  is the acceleration vector [ , , ]x y vza a a , 

which is then input to the kinematics model. The state at 

the next moment is calculated using Euler integration.  

 
Fig.4 Structure of CNKM 

 

Combining Eq. (5) and (10) results in the recursive 

dynamics equation 

 
km n

1 CNK

n 1

M

( , ([ , , , ]))

( , )

t t t t t n

t t tx

x t f x f h h h

f x u

−

+

−+

=

= 
  (11) 

4 Data Collection and Model Training 

In this section, the collection of the training data and the 
training process of the neural network in CNKM are 

introduced. Firstly, the approach to gather the natural 

driving dataset (NDD) is outlined. Then, the 

characteristics of the collected NDD are analyzed, and a 

suitable weighting formula is proposed. This formula 

adapts the weights of training examples based on ground 

adhesive ratio features, facilitating the use of imbalanced 

NDD in vehicle dynamic modeling. The best 

hyperparameters are chosen through grid search and are 

used to train the network. 

4.1 Data Collection Method 

 
Fig.5 NDD data acquisition process 

 

A natural driving data collection platform was built 

using the autonomous driving simulation software Carla 

0.9.13 [32], CarSim 2019.0, and a driving simulator (see 

Fig. 5). Carla was employed to create random driving 

scenarios, which were visualized and presented on the 

driving simulator. The driver's interactions in the 

simulator were inputted to CarSim to simulate the 
vehicle's dynamic response, which was returned to Carla 

to visualize the actual vehicle posture. The driver's inputs 

and the vehicle's dynamic response were recorded as the 

natural driving dataset. 

 

Table 1. Basic Vehicle Parameters  

Parameter Value Unit 

Mass 1270.000 kg 

Wheelbase 2.910 m 

Distance from front axle to 

CoG 
1.015 m 

Distance from rear axle to 

CoG 
1.895 m 

Centroid height 0.540 m 

Front track 1.675 m 

Rear track 1.675 m 

Yaw moment of inertia 1536.700 kg·m2 

Steering ratio 17.500 - 

 

The driving scenarios encompassed urban roads and 

highways, with other traffic participants showing the 
random behavior. Table 1 shows the basic parameters of 

the vehicle model, while the gathered physical quantities 

are listed in Table 2, with a sampling frequency of 2000 

Hz. Three drivers, representing aggressive, conservative, 

and normal driving styles were chosen for data collection, 

each with approximately 36 hours of driving duration. 

 

Table 2. Recorded Physical Quantities 



Physical Quantities Symbol Unit 

Steering wheel angle   ° 

Drive request torque T  N·m 

Brake master cylinder 

pressure 
P  Mpa 

Longitudinal speed xv  km/h 

Lateral speed yv  km/h 

Yaw rate r  °/s 

Longitudinal acceleration xa  g 

Lateral acceleration ya  g 

Yaw acceleration va z  rad/s2 

 

4.2 NDD Statistical Analysis 

The total duration of the dataset was 106.7 hours. 

Fig.6 illustrates the probability density distribution with 

respect to longitudinal and lateral acceleration, where the 

black envelope denotes the vehicle's adhesion limit. The 

data distribution is unbalanced, with a higher probability 

density observed closer to the origin. Furthermore, 
approximately 90% of the data falls within the lateral 

acceleration range of 0.25g , as shown in the green area 

of Fig.6 . 

 
Fig.6 Distribution density of dataset with longitudinal and 

lateral acceleration 

 

 
Fig.7 Distribution density of dataset within stable envelope 

region 

 

Fig. 7 illustrates the dataset distribution with respect 

to the sideslip angle and yaw rate. The black envelope 

represents the vehicle's stable handling region. It is 

evident that some of the data points fall beyond this, and 

approximately 90% of the data falls in the green area. 

4.3 NDD Weighting Formula 

The above analysis indicates that the distribution of 

NDD is uneven. Directly training a model on this dataset 

may result in a bias toward small longitudinal and lateral 

acceleration. To address this issue, we propose a 

weighting formula based on the road adhesion ratio to 

assign weights to each training sample. On a road surface 

with a consistent coefficient of friction, the road adhesive 

ratio is directly proportional to the combined 
longitudinal and lateral forces and, hence, to the 

combined acceleration (the vector sum of the 

longitudinal and lateral acceleration). 

 
Fig.8 Distribution probability of training data with vehicle 

acceleration 

 
Fig. 8 illustrates the probability distribution of the 

training data with respect to combined acceleration. The 

range of combined acceleration is divided into 50 

equidistant bins. The samples within each bin are 

counted, and their distribution frequency is calculated. 

The red line is the distribution frequency curve, which is 

fit with a Weibull distribution: 

 
1( ) 0

( , , )

0 0

kk x
x

f x k

x

  

−


= 
 

 (12) 

The fitting result is 0.04707k = , and1/ 3.812k = . 

The blue line in Fig. 8 is the fitted Weibull distribution 

curve. Then, the weighting formula is derived as 

 
1

( )
w

f a
=  (13) 



 
Fig.9 Training process with and without weights 

 

Fig. 9 shows the training processes for models with 

and without weights. It is apparent that the assignment of 

weights to samples leads to a notable reduction in the 

mean squared error on the test set and maintains it at a 

lower level. The average loss is merely 17.27% of that 

without the application of weights. 

4.4 Model Training 

The model was implemented and trained using 

PyTorch 2.0 with Python version 3.7. The hardware was 

equipped with AMD R7 4800H CPU, Nvidia 2060 GPU, 

and 16 GB of DDR4 memory. 

The NDD was partitioned into 5,915,401 samples, 

with 15% reserved for validation. The loss function was 

 
T

1

1
ˆ ˆ( ) ( )

N

t t t t

i

J a a a a
N =

= − −  (14) 

Model training used the Adam optimizer. 
Hyperparameters, such as the number of hidden layers, 

units per layer, and learning rate, were chosen through 

grid search. Table 3 displays the final model parameters. 

 

Table 3. Neural Network Hyperparameter Settings  

Hyperparameter Group Hyperparameter Value 

Neural Network Architecture hidden layers 3 

 units on first layer 256 

 units on second layer 512 

 units on third layer 256 

 number of parameters 272,899 

 activation function Leaky ReLU 

Training Process batch size 64 

 initial learning rate 0.001 

 early stop patience 20 

Training Algorithm gradient decay factor 0.900 

 
squared gradient 

decay factor 
0.990 

 bias 81 10−  

 

After hyperparameter tuning, the model was retrained 

on the complete dataset. The final training process is 

shown in Fig. 10. 

 
Fig.10 Final training process of neural network 

5 Model Evaluation 

CNKM was evaluated using both open-loop and 

receding horizon methods, and compared with linear and 

nonlinear models, as well as LSTM-based, GRU-based, 

and NN-based models. Furthermore, the effects of lateral 
acceleration, longitudinal velocity, and sampling time on 

model performance were investigated. Below is a brief 

introduction of the baseline models. 

The linear dynamics model assumes a small steering 

wheel angle, a small slip angle, and a linear tire model, 

and is expressed in a standard state space form as 

 x Ax Bu= +  (15) 
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 (17) 

with the state vector 

 
T[ , , ]y xx v r v=  (18) 

And the input vector 

 
T[ , , , , ]e b e bu T P T P  =  (19) 

where yv  and xv  are the respective lateral and 

longitudinal velocity at the center of mass of the vehicle,  

r  is the yaw rate, eT   is the driving torque at the wheel, 

bP   is the brake pressure, and    is the front wheel 

steering angle. 

The nonlinear dynamic model considers the 

conditions at large tire slip angles and integrates a 

nonlinear tire model to couple the longitudinal and lateral 

characters. The nonlinear model is described as 
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(20) 

where bW  is the wheelbase, and ( , ),ijx yF is the 

longitudinal or lateral force of the corresponding wheel, 

which is calculated using the Dugoff tire model [33]. 

The LSTM and GRU models are suitable for 

processing sequential data and theirs inputs and outputs 

are represented as 

 1 Seq 1 2 3 4([ , , , , ])t t t t t tx f h h h h h+ − − − −=  (21) 

where the definitions of x   and h  are consistent with 

CNKM. The number of cells and layers are determined 

by the hyperparameters tuning [34]. 

An end-to-end NN-based model has been developed 

for comparison. The model's input and output are as 

shown as 

 1 NNE2E 1 2 3 4([ , , , , ])t t t t t tx f h h h h h+ − − − −=  (22) 

where the input is consistent with the CNKM model and 

the output represents the required state variables rather 
than the acceleration intermediates used in the CNKM 

model. Thus, the contribution of the kinematic model 

part to the overall performance of the CNKM model is 

highlighted. The internal structure of the model consists 

of fully connected hidden layers, with the number of 

hidden layers and units in each layer determined by the 

hyperparameter tuning. 

5.1 Open-loop Evaluation 

The open-loop comparison uses a model to forecast 
the system's state given the initial state and a sequence of 

control inputs over a specific period and then compares 

the predicted and actual states. Separate assessments of 

each model's longitudinal and lateral modeling 

capabilities were first conducted, followed by the 

selection of a segment from the test dataset to 

simultaneously evaluate their longitudinal and lateral 

performance. 

 

Fig.11 Inputs of longitudinal evaluation condition 

 
Fig.12 Validation of longitudinal velocity in longitudinal 

evaluation condition 

5.1.1 Longitudinal Dynamics 

Fig.11 illustrates the longitudinal evaluation condition 
with the steering wheel input set at 0. The initial velocity 

is set at 20 km/h. The first 10 seconds demonstrates an 

acceleration segment with five cycles of sinusoidal 

fluctuation in the accelerator pedal, followed by a 

deceleration segment including two cycles of the brake 

pedal fluctuation in the subsequent 10 seconds. 

Fig.12 presents the predicted longitudinal velocity for 

each model. The LSTM, GRU, and NN models show 

marked deviations from the actual values due to their 

sensitivity to cumulative error. The linear and nonlinear 

models display a bias in their predicted values compared 
to the actual values, which is attributed to omitting 

critical factors in the modelling process. CNKM strongly 

aligns with the actual velocity curve and delivers precise 

predictions. 

 
Fig.13 Inputs of lateral evaluation condition 

 

 
Fig.14 Validation of yaw rate in lateral evaluation condition 

 



 
Fig.15 The input for combined longitudinal and lateral evaluation 

 

5.1.2 Lateral Dynamics 

To evaluate the lateral dynamics modelling capability, 

a S-shaped slalom maneuver was performed at a speed 
of 65 km/h, as illustrated in Fig. 13, with the steering 

wheel angle showing a sinusoidal oscillation pattern. The 

accelerator pedal was opened slightly to maintain a 

constant longitudinal velocity. 

Fig.14 displays the predicted yaw rate for each model. 

The LSTM, GRU and NN models, which are susceptible 

to cumulative error, quickly show substantial deviation 

after the initial segment. The linear dynamics model, 

which assumes a small steering wheel angle, generates 

large peaks. The nonlinear dynamics model performs 

better than the linear model. CNKM effectively forecasts 
yaw rate values, with its trend closely matching the 

actual values. 

5.1.3 Combination of Longitudinal and Lateral 

 
Fig.16 Validation in longitudinal velocity and yaw rate 

 
Fig.17 Correlation between ground truth and predicted states 

over test lap 

A 150-second segment from the test dataset was 

selected to assess the capability of longitudinal and 

lateral modelling simultaneously. The input of the 

vehicles is depicted in Fig.15. 

Errors in the longitudinal velocity and yaw rate were 

assessed. Fig.16 clearly shows that CNKM accurately 

estimates the longitudinal velocity and yaw rate, 

representing the longitudinal and lateral characteristics, 

respectively. The LSTM, GRU and NN models exhibit 
notable errors attributed to error accumulation and an 

inadequate longitudinal modelling capability. The 

fundamental reason is that the three models output the 

state values of the next moment. Since a car is an inertial 

object, state values between consecutive moments 

exhibit minimal changes. This leads to the strong 

dependency on the previous state in the models and the 

heightened sensitivity to cumulative errors. Due to 

unaccounted factors in longitudinal modelling, both 

linear and nonlinear models show biases compared to 



actual values. Notably, the nonlinear model demonstrates 

superior performance over the linear model. 

In Fig.17, a correlation plot illustrates the association 

between each model's predicted and actual values. Table 

4 displays the mean errors for each model over the test 
lap. 

 

Table 4. Mean Errors of Each Model 

Model Longitudinal velocity Yaw Rate 

Linear Dynamic Model 9.92433 0.0365092 

Nonlinear Dynamic Model 2.27361 0.0740135 

LSTM Model 12.86140 0.0774324 

GRU Model 19.82180 0.0133235 

NN Model 8.37460 0.0780873 

CNKM 0.143614 0.0122606 

 

5.2 Receding Horizon Evaluation 

The model performance within the receding horizon 

was evaluated, which is a common pattern in model 
predictive control. The vehicle was operated by the 

driver in specific scenarios, and its control commands, 

actual responses, and driving trajectory were recorded. 

Then, the vehicle's initial state and future control actions 

were input to the model offline to simulate in a receding 

horizon fashion over a horizon of 2.5sT = . The 

predicted and actual trajectories of the vehicle were 

compared. The model operated with a time interval of

50ms .The model performance was thoroughly evaluated 

in urban driving and track racing scenarios. 

5.2.1 Evaluation in Urban Driving 

In urban driving scenarios, the vehicle maintained a 

speed below 70 km/h, with the longitudinal and lateral 

acceleration less than 0.2g. Fig.18 illustrates the actual 

trajectory and speed of the vehicle under typical driving 

conditions, where the speed is visually represented 

through color variation. Two points were chosen to 

illustrate the error between the predicted and actual 

trajectories. 

Fig.19 illustrates the positional and yaw errors at the 

20th step. It is apparent that, aside from the linear 

dynamic model, the forecast errors of the remaining 
models are insignificant. Of particularly notable is the 

abrupt surge in the prediction error of the linear dynamic 

model at the U-shaped road section, attributed to the 

large steering wheel angle of the vehicle at this location, 

which leads to a significant error induced by the linear 

tire model and the small steering angle assumption. 

By the time the prediction reaches the 50th step 

(Fig.20), the errors of each model show notable 

variations, primarily due to cumulative errors. The 

LSTM, GRU and NN models also show a substantial 

increase in position error, attributed to their constrained 

modelling capacity in the longitudinal motion. 

 
Fig.18 Actual trajectory and speed of vehicle under urban 

driving scenario 

 

 
Fig.19 Errors of position and heading at 20th step 

 

In summary, except for the linear dynamic model, the 

prediction errors of the models are generally comparable. 

The performance of CNKM closely approximates that of 

nonlinear vehicle dynamic models. 



 
Fig.20 Errors of position and heading at 50th step 

 

5.2.2 Evaluation in Large Lateral Acceleration 

Scenario 

In track racing scenarios, the maximum speed 

approaches 130 km/h, and the maximum longitudinal 
acceleration can reach 1g, with the maximum lateral 

acceleration at ±0.7g. Fig. 21 depicts the actual trajectory 

and speed of the vehicle in this large lateral acceleration 

condition. 

 
Fig.21 Actual trajectory and speed of vehicle under large 

lateral acceleration 

 
Fig.22 Errors of position and heading at 20th step 

 

 
Fig.23 Errors of position and heading at 50th step 

 

Fig.22 illustrates the positional and yaw error at the 
20th step. The errors of the proposed model are smaller 

than those of the other models. The LSTM, GRU and NN 

models demonstrate larger positional errors. However, 

the higher vehicle speed and smaller steering angles in 

this scenario result in a return to normally predictive 

accuracy for the linear dynamic model. As the model 

predicts to the 50th step (Fig.23), the absolute prediction 



error increases due to the influence of the cumulative 

error, accompanied by noticeable fluctuations. 

In summary, when the vehicle operates in conditions 

with significant nonlinear characteristics, the commonly 

used models based on physical principles show large 
prediction errors. The proposed vehicle model 

outperforms the other models in such conditions. 

5.3 Effect of Lateral Acceleration 

Utilizing the data from the above scenarios, a 

statistical analysis of the prediction errors concerning 

lateral acceleration was performed, as displayed in Fig. 

24.. It is evident that as the lateral acceleration increases, 

the prediction errors for both the position and heading of 

the linear dynamic model also increase. Once the lateral 
acceleration surpasses 0.1g, the errors of the linear 

dynamic model increase significantly, making them 

incomparable with the errors of other models. When the 

lateral acceleration exceeds 0.4g, the heading error of 

these four models increases, among which CNKM has a 

comparatively lower level. The results indicate that 

CNKM effectively captures the vehicle's nonlinear 

characteristics under high lateral acceleration. 

 
Fig.24 The relationship between error and lateral acceleration 

 

5.4 Effect of Longitudinal Velocity 

As illustrated in Fig. 25, the impact of longitudinal 

velocity on the prediction errors was analyzed. 

Estimation errors are relatively large across all models at 

low speeds, with the linear vehicle model exhibiting the 

highest error. This is primarily due to the significant 

steering wheel inputs often associated with low-speed 

driving, causing the linearization assumption of the 

linear model invalid. As longitudinal velocity increases, 

the prediction errors of all models tend to stabilize. 

Notably, the errors of the CNKM model are minimally 

affected by longitudinal velocity, maintaining consistent 
stability, which indicates that the CNKM model 

effectively captured the distinct dynamic characteristics 

of the vehicle at both high and low speeds. 

 
Fig.25 The relationship between error and longitudinal 

velocity 

 

5.5 Effect of Sampling Time 

To analyze the error caused by discretization, two 

additional sampling times were utilized to calculate each 

model's average prediction error. 

 

Table 5. Mean Position Errors of Each Model           (m) 

Model 10ms 50ms 100ms 

Linear Dynamic 

Model 
0.06188360 326.5 10  582.6 10  

Nonlinear Dynamic 

Model 
0.09509120 1.530350 6.622470 

LSTM Model 0.06994860 2.563176 7.829292 

GRU Model 0.03799730 1.413220 4.961330 

NN Model 0.01564880 1.329190 2.937680 

CNKM 0.00897374 0.234747 1.412802 

 

Tables 5 and 6 present the average prediction errors of 

the four models under three sampling intervals. It is 

evident that as the sampling interval increases, the 

prediction error increases exponentially. When the 

sampling time is 10ms , the linear dynamic model 



demonstrates a slight performance advantage over the 

nonlinear dynamic model. As the sampling time 

increases, the gap between them gradually diminishes, 

and the nonlinear dynamic model significantly 

outperforms the linear dynamic model. CNKM is 
similarly influenced by the sampling time. Nevertheless, 

its performance remains better than the other four at each 

interval. 

 

Table 6. Mean Yaw Errors of Each Model               (°)  

Model 10ms 50ms 100ms 

Linear Dynamic 

Model 
0.6209860 98.649100 1570.46000 

Nonlinear Dynamic 

Model 
0.9521300 6.269310 16.63410 

LSTM Model 0.5581470 10.341400 20.41420 

GRU Model 0.3732240 4.641810 14.61200 

NN Model 0.1588710 3.091620 15.77820 

CNKM 0.0428300 0.921988 3.67879 

 

6 Conclusion 

This paper introduces a data-driven vehicle modelling 

scheme that integrates neural networks and kinematics 

models. The neural network captures the vehicle's 

nonlinear characteristics and various unknown factors. 
Training based on natural driving data substitutes the 

conventional parametric vehicle modelling approach. 

The acceleration values produced by the neural network 

model are converted into state quantities through a planar 

kinematics model. 

A weighting formula is proposed based on the 

statistical characteristics of natural driving data. 

Different weights are applied to training samples to 

address dataset imbalances and to reduce errors in the 

neural network, which allows the use of extensive 

unbalanced natural driving datasets for vehicle model 
training. Assigning weights to training samples 

significantly reduced the model's training error to only 

17.27% of the original and remained stable. 

In open-loop tests, the CNKM showed prediction 

errors of 6.32% for longitudinal velocity and 16.57% for 

yaw rate compared to the nonlinear model. In normal 

driving and large lateral acceleration conditions, the 

CNKM consistently demonstrated low prediction errors, 

maintaining performance stability even under significant 

lateral forces. The position and heading errors of the 

CNKM were 15.34% and 14.71%, respectively, 

compared to those of the conventional nonlinear 
dynamic model. These statistical results underscore 

CNKM's proficiency in accurately capturing the 

nonlinear dynamics of vehicles. 
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