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SUMMARY: In this paper, we first construct a vehicle kinematics model using longitudinal 

acceleration and implement real-time ramp angle estimation by Kalman filter algorithm. 

Subsequently, it is improved to a dynamics estimation method with extended Kalman filter, and 

the results of the two estimation nodes are data fused by analyzing the shortcomings of the 

dynamics and vision schemes in order to achieve redundant and complementary results. The 

average absolute error and root-mean-square error of this paper's model, VB-EKF, are reduced 

by at least 50% compared with the comparison model, which reduces the oscillation error of 

the estimation results when the vehicle enters and exits the ramp; and the estimation accuracy 

of the VB-EKF model in special working conditions is significantly improved. The real-vehicle 

test of roadway lateral slope estimation based on VB-EKF shows that the average absolute 

error and root-mean-square error of the method are reduced by more than 60% compared with 

the comparison model, and its estimation error is controlled within 2%, with better robustness 

and stability of the model. This paper provides a new and more accurate method for dynamic 

slope detection and automatic tracking and positioning accuracy estimation. 
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1 Introduction 

Slope is an important concept in geography and civil engineering, which is directly related to 

the design and construction of roads, buildings and terrain. Accurately detecting and analyzing 

slope can assist in rational planning of geography, designing reasonable slopes, reducing the 

risk of road traffic accidents, improving driving comfort, reducing energy consumption, and 

enhancing building stability and improving building safety [1-4]. For example, a slope greater 

than 10% is likely to lead to insufficient vehicle power, affecting transport efficiency, and when 

the slope increases, tire wear increases and costs increase [5]. In terms of terrain design, by 

detecting slopes in geographic terrain, the complexity and diversity of the terrain can be 

assessed, which helps to produce accurate terrain models and provide basic data for geological 

studies [6]. In addition, in agricultural planning and urban storm drain design, reasonable slopes 

can increase the seedling rate of agricultural machine seeding, reduce the risk of soil erosion, 

drain water quickly and effectively, reduce the risk of urban flooding, and protect water sources 

and soil [7-9]. 

In the current road slope detection work, the inspectors generally use static detection method, 

that is, the use of slope ruler on each section of the road point by point detection, each section 

of the test several times, in order to obtain accurate slope information, this detection method is 
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not only a huge amount of workload, but also consumes a long time, and the accuracy of the 

resulting data is also relatively low. Gradually, some researchers have proposed other methods. 

Literature [10] utilizes an adjustable camera to capture pavement slope data, and upgrades this 

captured two-dimensional image into three-dimensional point cloud data, which is processed 

by real-time data correction to increase the accuracy of the data, in order to detect the slope. 

Literature [11] describes three methods of slope value estimation, which are geometric 

principles, covariance, and local features, by analyzing and calculating the images captured 

instantly by the camera, the first two methods emphasize on the use of two-dimensional road 

lines, and the method of local features is based on the use of the camera images to estimate the 

actual slope changes. Literature [12] combines machine vision and spatial convolutional neural 

network algorithms to capture and compute the lane line information in front of the vehicle to 

compute the road side slope values respectively. Literature [13] utilized open LiDAR point 

cloud analysis to automate the detection of rock avalanche road gradients with up to 100% 

accuracy while maintaining high detection speed. However, most of the studied dynamic 

detection methods are unstable in terms of correctness and consider a single factor. 

In addition, the accuracy of the positioning correction after road slope detection is affected 

by both geographical environmental factors such as trees and movement carriers, and the 

satellite signal is weak, the positioning error increases, which is not conducive to the 

implementation of automatic tracking and positioning [14, 15]. If the dynamic detection 

method can be used, through some corresponding equipment or tools, to obtain the slope 

condition of each point of the whole journey, it will improve the efficiency of slope detection 

and automatic tracking and positioning accuracy. The Kalman filter (KF) algorithm, on the 

other hand, is a technique used for estimating the system state, which dynamically adjusts the 

estimate of the system state by fusing the sensor measurements and the predictions of the system 

model to provide an optimal estimate of the system state [16]. It has a wide range of applications 

and plays an important role especially in the fields of navigation, image processing, and robotics. 

As mentioned in the literature [17], the KF algorithm can cope with the positioning errors 

caused by the short path effect defects of GNSS, but the positioning accuracy still needs to be 

improved, so the authors added a climbing motion model to constrain the short-range multipath 

effect in the adaptive KF algorithm, which greatly improves the accuracy of positioning. 

Literature [18] utilizes the extended KF algorithm to calculate the road slope and combines the 

forgetting factor recursive least squares method to calculate the vehicle mass, which realizes 

the dynamic estimation of the two. Literature [19] constructed a road slope estimation model 

by the improved Sage-Husa adaptive KF, and the vehicle's form speed and road slope roughness 

are used as the input values of the model, which can instantly output the current slope value. 

In this paper, we first preprocess the vehicle speed and longitudinal acceleration signals 

input from the bus, and construct the Kalman filter equation to estimate the road slope based 

on the relationship between slope and vehicle speed and longitudinal acceleration. Then, 

considering the influence of the noise variance parameter on the slope estimation results in the 

Kalman filtering process, the Extended Kalman Filtering Dynamics road slope estimation 

model filter is designed to optimize the slope estimation results. In order to get the estimation 

results closer to the real values, the dynamics model will be further investigated in this paper to 

derive the extended Kalman filter dynamics lateral slope estimation model. Subsequently, its 

estimation results are fused with the visual estimation results by Kalman filtering, and the real-

time and effectiveness of the slope estimation algorithm is verified by simulation test and real 

vehicle test. 
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2 Dynamic slope detection and localization algorithm based 

on VB-EKF algorithm 

2.1 Ramp angle estimation based on Kalman filter algorithm modeling 

2.1.1 Vehicle kinematic modeling 

The vehicle longitudinal acceleration [20] signal acquired by the sensor consists of the 

component of gravity acceleration in the ramp direction and the longitudinal component of the 

self-vehicle acceleration. 

According to the principle of longitudinal acceleration acquisition, it is known: 

 senx CANva gsini a   (1) 

where senxa  is the longitudinal acceleration collected by the acceleration sensor, g is the 

gravitational acceleration, i  is the road ramp angle, /CANva dv dt  is the acceleration 

estimation of the vehicle, v  is the bus speed signal, and t  is the time. When senxa  and CANva  

are known, the ramp angle estimation can be calculated according to equation (1). However, 

the accuracy of the speed signal of the bus is low, and the CANva  component fluctuates greatly 

when the sampling period is short. The actual ramp angle takes the vehicle pitch angle signal 

collected by the sensor as a reference. Due to the drastic jitter of the roadway ramp angle 

estimation, the estimation result has a large error and the data cannot be used. 

2.1.2 Kalman filter ramp angle estimation algorithm 

(1) Kalman filtering 

The Kalman filter algorithm [21, 22] is relatively mature, and its iterative process includes 

time update and measurement update. The time update is to predict the state and error 

covariance at the next moment: the measurement update mainly calculates the Kalman gain 

coefficient, and the state value and error covariance at the current moment are calculated 

according to the Kalman gain coefficient. The filtering equations are as follows: 
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where: ˆ , ˆ
kk

x x  is the k -moment system state prediction, output value, , kk
P P  is the k -

moment system state covariance prediction, output value, respectively, kK  is the Kalman gain 

at k  moments, I  is the unit matrix, and ,Q R  are the process noise variance and 

observation noise variance, respectively. 

(2) Longitudinal kinematic equation discretization 
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Define the system state quantity [  ]T

senxx v a i , the observation quantity [  ]T

senxz v a , and 

discretize the state system, taking  sin i i  when the ramp angle is small: 
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 (3) 

where: ( )v k  is the vehicle speed at the current moment; ( )senxa k  is the acceleration sensor 

measurement result at the current moment; ( )i k  is the ramp angle at the k  moment; T  is 

the discretization time period, and according to the actual bus signals, the sampling period is 

set to 10ms; 1 2 3( ), ( ), ( )w k w k w k  are the process noise for velocity, acceleration and ramp angle, 

respectively. 

Therefore, the discretized equation of state expression is given by: 
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where: 
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, 
1 2 3( ) [ ( ), ( ), ( )]Tw k w k w k w k , 

1 2( ) [ ( ), ( )]Tv k v k v k , 1 2( ), ( )v k v k  are the observation noise for velocity and acceleration, 

respectively. 

2.2 Filter fusion model for slope estimation 

In order to get the estimation results closer to the real values, the dynamics model will be further 

investigated in this section to derive the extended Kalman filter dynamics lateral slope 

estimation model, and subsequently its estimation results will be fused with the visual 

estimation results by Kalman filtering. The filter fusion process for Kalman filter-based slope 

estimation is shown in Fig. 1. 
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Figure 1: Based on kalman filtering slope estimation filter fusion process 

2.2.1 Extended Kalman filter dynamics road slope estimation model 

The Kalman filtering algorithm is considered to reduce the fluctuation as well as the error of 

the dynamics estimation results. The classical Kalman filter model equations are linear 

equations, which cannot be directly applied to nonlinear systems, so this section applies the 

extended Kalman filter algorithm [23] to the dynamics slope estimation model to obtain more 

accurate and less fluctuating dynamics estimation results, in order to provide reliable data for 

the subsequent fusion algorithm. 

According to the vehicle degree of freedom model can be obtained: 
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where m  is the mass of the vehicle; v  is the lateral speed of the vehicle; 
yrwF  is the lateral 

force at the rear wheels of the vehicle; 
yfwF  is the lateral force at the front wheels of the vehicle; 

u  is the longitudinal speed of the vehicle; r  is the vehicle's transverse angular velocity;   

is the angular estimate of the roadway's lateral gradient, v t    ; a  is the distance from 

the center of mass of the vehicle to the front axle; b  is the distance from the center of mass of 

the vehicle to the rear axle; and l  is the rotational inertia of the vehicle body around the Z axis. 

A nonlinear model can be obtained by further analyzing the above equation. Assuming that 

the longitudinal velocity of the vehicle is slowly changing during its travel, at each step, the 

time-varying nonlinear system can be approximated by a linear process: 
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where [ , ]T

d yx v r  is the state vector, [ , ]T

d yy a r  is the measurement output vector, 

du   is the control input vector, and the matrices ( ), ( ), ( )d d dA t B t C t  and ( )dD t  are shown 

in the following equation: 
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Can be derived from equation (5): 
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Since the measured values of the sensors are partially perturbed, there: 
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where d  is the sensor bias. At this point, the extended Kalman filter can be constructed based 
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on the above equation, which will be forward Eulerian to further obtain the discrete model: 
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At this point in the equation, [ , ,sin , ] : [ , ]T sen T
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sampling period. 

( )dw k  and ( )dv k  are the process noise and measurement noise Eqs. ( ), ( ), ( )d d dA t B t C t  

and ( )dD t  turn out: 
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In order to obtain the Jacobi matrix, the linearization of Eq. (10) for the partial derivatives 

leads to the correlation matrix of the extended Kalman filter as: 
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d d
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Then the time update equation for the state space of the system is obtained from the above 

equation: 
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Temporal updating is the process of predicting the state vector and the output vector of the 

next moment from the state vector of the current moment, and calculating the error covariance 

after updating. The difference between the predicted value and the actual output value at the 

next moment is taken as the new interest, which is used to calculate the Kalman gain value, and 

the state prediction value is corrected according to the new interest and the Kalman gain value 
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to obtain the a posteriori estimation value, and the state covariance is further updated. The new 

interest defined by Kalman filtering is as follows: 

 ˆ( ) ( ) ( )d de k y k y k   (14) 

The new interest is very important for the Kalman filter system, which provides key 

information for the feedback correction of the system and directly affects the final estimate. 

Under the premise of calculating the new interest, the estimates can be further updated and 

predicted: 
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2.2.2 Extended Kalman Filter and Machine Vision Fusion Methods 

The Extended Kalman Filter fused with machine vision for lateral slope estimation (referred to 

as VB-EKF) is as follows: by first considering the dynamics estimation results and the vision 

estimation [24] results as sensor measurements, a linear dynamic system can be built: 

 
1 1 1k k k k

k k k

x Ax Bu t q

y Hx r

     


 
 (16) 

where 1kx   is the slope estimation result of the dynamics at the 1k   moment; 1ku   is the 

slope estimation result of the machine vision at the 1k   moment: kq  is the process noise; 

kr  is the observation noise; t  is the step size; ky  is the observed value at moment k . Since 

the road gradient generally does not undergo large abrupt changes, ,A H  and B  can be 

regarded as the unit matrix. 

At this point, assuming that the covariance matrices of process noise and observation noise 

are Q  and R  respectively, the a priori estimated covariance at k  moments is 

( | 1)( | 1)P k k k k   and the a posteriori estimated covariance is ( | )P k k , then one iteration of 

Kalman filtering process is: 

State Prediction: 

 1( | 1) ( 1| 1)k k kx k k x k k u t       (17) 

Kalman gain matrix: 

 
1( ) ( | 1)[ ( | 1) ]K k P k k P k k R      (18) 

Computing Kalman filtering new interest: 

 ( ) ( | ) ( | 1)e k y k k y k k    (19) 

Status Follow-Up: 
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 ( | ) ( | 1) ( ) ( )x k k x k k K k e k    (20) 

Calculate the estimated covariance matrix: 

 ( | ) ( ( )) ( | 1)P k k I K k P k k    (21) 

3 Analysis of the application effect of VB-EKF algorithm in 

slope detection and positioning accuracy 

3.1 Simulation experiment of road slope estimation based on VB-EKF 

In order to investigate the effectiveness of the lateral slope estimation method based on the 

fusion of extended Kalman filter and machine vision, a human-vehicle-road model is built in 

the CarSim-Simulink-PreScan environment for simulation verification. Set the lateral slope and 

dynamic parameters of the road, install virtual sensors on the vehicle body, and introduce 

Gaussian white noise to simulate the real environmental noise to interfere with the sensor 

measurements, build the same ramp through PreScan, and install a camera above the setup 

vehicle at a distance of 1.2m from the ground to obtain the road image in front of it, and 

synchronize the video frame rate with the frequency of sensor data acquisition, and use 

Simulink to Build a slope estimation model to estimate the slope. 

The slope of the road in the road model is the slope data of a randomly selected section with 

a total mileage of 15030m. The maximum value of the random slope is 14.25% and the 

minimum value is -3.07%. 

In order to evaluate the estimation effect of the VB-EKF road slope estimation method 

proposed in this paper, the EKF and EKFK slope estimation methods are used as a control, and 

10 slope estimation simulations are performed for each of the three methods. In order to 

objectively evaluate the estimation effect of the three methods, the estimation effect of the three 

methods is evaluated by taking the mean absolute error MAE and the root mean square error 

RMSE as the indexes, and the specific formula for the evaluation indexes is: 
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 (22) 

where: n  is the length of the slope sequence; ie  is the estimated value of the slope at moment 

i ; ia  is the actual value of the slope at moment i . 

3.1.1 Objective evaluation of simulation slope estimation results 

Figure 2 shows the objective evaluation index values of the simulation slope estimation results. 

The results show that the MAE value of the model VB-EKF in this paper is reduced by 92.13% 

and 55.63% than the EKF algorithm and the EKFK algorithm, respectively; the RMSE value is 

reduced by 92.85% and 67.52%. On the whole, the VB-EKF estimation accuracy is greatly 

improved over the other two algorithms. This is because the EKF is able to fuse the machine 

vision estimates with the vehicle dynamics model estimates, which fully utilizes the advantages 

of the two methods and makes the estimation results of the VB-EKF model more accurate. 

In addition, machine vision can provide aggregate information about the road, while the 
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vehicle dynamics model takes into account the motion state and physical characteristics of the 

vehicle, so the combination of the two can make up for the shortcomings of a single method. 

Furthermore, the model in this paper can decouple the superposition of vehicle body inclination 

and road slope angle by discretizing the vehicle longitudinal kinematics equations, so as to 

obtain the real value of road lateral slope more accurately. 

 

Figure 2: The evaluation of the simulation slope is evaluated objectively 

3.1.2 Time dimension estimation results and errors 

Figure 3 shows the estimation results and errors in the time dimension, where (a) and (b) 

represent the results and errors, respectively. It is found that EKF performs very poorly in 

special conditions, and the large estimation error in special conditions also affects its estimation 

in the initial stage of non-special conditions.EKFK, because it follows the slope value of the 

previous moment of the special conditions in special conditions, and the duration of the special 

conditions is generally shorter except for the stopping condition, in which the road slope does 

not change, the estimation error of the The estimation error of EKFK is significantly decreased 

than EKF. However, the estimation error of EKFK is also larger because it stops estimation in 

special conditions, and usually the braking condition precedes the stopping condition. Therefore, 

the error in the braking condition will continue to the whole stopping condition, and the 

estimation result obviously cannot meet the actual demand. On the other hand, VB-EKF can 

predict the road gradient in special conditions based on the historical gradient data, so the 

estimation error in special conditions is not much different from that in non-special conditions, 

and the estimation accuracy of VB-EKF in special conditions is significantly improved 

compared with that of EKFK. 
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Figure 3: Estimate results and errors of the time dimension 

3.1.3 Distance dimension estimation results and errors 

Figure 4 shows the estimation results and errors for the distance dimension, where (a) and (b) 

represent the results and errors, respectively. It can be found that the special working conditions 

last for mostly shorter mileage, and the situation fits the feature of high accuracy of vision 

machine (VB) in short sequence prediction, so the application of VB for short-distance gradient 

prediction in special working conditions makes VB-EKF can follow the trend of gradient 

change very well with high gradient estimation accuracy, while EKF and EKFK are in stark 

contrast to it. However, the prediction accuracy of VB becomes worse as the prediction length 

becomes longer, and if the average speed within the special conditions is higher, the mileage 

traveled under the special conditions becomes larger and the estimation error of VB becomes 
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larger. The simulation results validate the effectiveness of the VB-EKF slope estimation method 

proposed in this paper. 

 

(a)Results 

 

(b)Error 

Figure 4: Estimation results and errors of distance dimensions 

3.2 Real-vehicle test of VB-EKF-based roadway lateral gradient 

estimation 

The simulation results verify the effectiveness of VB-EKF, and in order to evaluate the 

effectiveness of the algorithm in real scenarios, real-vehicle road tests are conducted. In this 

paper, a real vehicle platform of a line-controlled chassis patrol car equipped with a camera and 

an industrial computer is used to collect the vehicle driving data and the road image in front of 

the vehicle through the navigation system and the monocular camera, and the communication 

node is established through the ROS system in the industrial computer to estimate the lateral 

slope of the road, and the EKF estimation node, VB estimation node and the data fusion node 

are respectively established, and the results of EKF estimation and VB estimation are fused in 
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the data fusion node to obtain the final VB-EKF estimation value. The EKF estimation results 

and VB estimation results are fused in the data fusion node to get the final VB-EKF estimation 

value, and the test method is the same as above. The trajectory of the test section is a special 

test interval for vehicle gradient detection in GD province (the whole 15000m), and the gradient 

value of the test section is measured at fixed points by a level meter, and the elevation is 

measured every 1m, and the measured roadway elevation is interpolated and fitted to get the 

real value of the gradient. And under the influence of strong light, the lane lines can still be 

accurately recognized, and the lateral slope of the road ahead can be estimated by the recognized 

lane lines. 

3.2.1 Analysis of measured results of real-vehicle driving data 

The measured results of the real vehicle traveling data are shown in Fig. 5, where (a) and (b) 

represent the lateral acceleration and transverse swing angular velocity, respectively. The results 

show that the lateral acceleration and transverse angular velocity of the vehicle in the test 

process have large oscillations due to the influence of the accuracy of the navigation system. 

 

(a)Lateral acceleration 

 

(b)Angular velocity 

Figure 5: Real car line driving data measured results 
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3.2.2 Real vehicle estimation results and errors 

The results of the values of the objective evaluation indicators are shown in Figure 6. It can be 

seen that compared with EKF and EKFK, the VB-EKF model reduces 64.44% and 48.09%, 

respectively, in the MAE index; and 73.96% and 66.46%, respectively, in the RMSE index. 

This shows that the real-vehicle estimation results of the model in this paper are associated with 

lower errors and the model is more generalizable. 

  

Figure 6: Objective evaluation of the results of the index 

In this section, only EKF is used as a comparison model for testing. The estimation results 

of the real vehicle on the road lateral slope value are shown in Fig. 7, which show that compared 

with the EKF algorithm, the estimation value of the road lateral slope by the VB-EKF algorithm 

is closer to the real value.The maximum estimation error of the EKF reaches 6.16%, while the 

estimation error of the VB-EKF is controlled to be less than 2%, which is a significant decrease 

compared with the estimation error of the EKF algorithm, and the VB-EKF algorithm has 

higher stability. From the experimental point of view, the actual vehicle test is more conducive 

to the improvement of estimation accuracy. 

In addition, it may also be due to the measurement accuracy of the inertial navigation system, 

which leads to the large fluctuation of the data of the lateral acceleration of the vehicle. The 

relative error of the estimation value of the VB-EKF method is within 2%, which indicates that 

it can better solve the problem of oscillation of dynamics estimation. Since it takes some time 

for the algorithm to converge, we speculate that the estimation results will be more accurate 

with the extension of time. 
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Figure 7: The estimate of the slope of the road side slope 

The estimation error of the real vehicle on the value of the lateral slope of the road is shown 

in Figure 8, the VB-EKF method is more accurate and has a better degree of convergence 

compared to the EKF algorithm, but the estimation results of the two algorithms in some 

positions still have a certain degree of error, such as in this paper in the test was found in the 

two models have a large error between 6~10s. Through analysis, it is concluded that the error 

may be due to the actual route in the vehicle driving process there is a certain deviation caused. 

In addition, this test vehicle is a low-speed electric vehicle, its suspension, tires and other 

structures and the actual road vehicles have certain differences, especially at higher speeds there 

may be dynamics of the estimated oscillation of the problem. However, the actual vehicle is 

smoother and more stable than the low-speed electric vehicle when traveling. From the 

experimental point of view, the actual vehicle test is more conducive to the improvement of 

estimation accuracy. Therefore, the road test in this paper does not affect the validity of the 

algorithm validation even though low-speed electric vehicles are used and tested at low speeds. 

 

Figure 8: The estimation error of the road side slope value of the real car 
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4 Conclusion 

In order to solve the problem that the existing algorithms are difficult to accurately estimate the 

lateral slope of the road in the process of dynamic slope detection and automatic tracking and 

positioning, a road lateral slope estimation method based on the fusion of extended Kalman 

filter (EKF) and machine vision (VB) is proposed. The simulation and real-vehicle test results 

show that the VB-EKF algorithm proposed in this paper can estimate the lateral slope of the 

road ahead more accurately, compared with the EKF algorithm, which significantly improves 

the slope estimation accuracy, and the average absolute error and the root mean square error in 

the simulation test have been reduced by 92.13% and 92.85%, respectively, and the oscillation 

error of the estimation results when the vehicle enters and exits the ramp has been reduced. In 

the case simulation test, the average absolute error of this paper's model is reduced by 64.44% 

and 73.96% respectively compared with the comparison model; the RMSE index is reduced by 

73.96% and 66.46% respectively; the estimation error can be controlled within 2%, and the 

model's practical test results are good. 

However, although the VB-EKF algorithm greatly improves the estimation accuracy of 

lateral gradient, the EKF algorithm is based on the 2-degree-of-freedom steady-state model, 

which will lead to a reduction in the estimation accuracy when the vehicle is traveling at high 

speed and variable speed, which can be considered in the subsequent high-speed and variable-

speed conditions and combined with the change of longitudinal gradient for research. 
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