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Abstract 

In epidemic prevention and control measures, unmanned devices based on autonomous driving technology 

have stepped into the front lines of epidemic prevention, playing a vital role in epidemic prevention measures 

such as protective measures detection. Autonomous positioning technology is one of the key technologies of 

autonomous driving. The realization of high-precision positioning can provide accurate location epidemic 

prevention services and a refined intelligent management system for the government and citizens. In this paper, 

we propose an unmanned vehicle (UV) positioning system REW_SLAM based on lidar and stereo camera, 

which realize real-time online pose estimation of UV by using high-precision lidar pose correction visual 

positioning data. A six-element extended Kalman filter (6-element EKF) is proposed to fusion lidar and stereo 

camera sensors information, which retains the second-order Taylor series of observation and state equation, 

and effectively improves the accuracy of data fusion. Meanwhile, considering improving lidar outputs quality, 

a modified wavelet denoising method is introduced to preprocess the original data of lidar. Our approach was 

tested on KITTI datasets and real UV platform, respectively. By comparing with the other two algorithms, the 

relative pose error and absolute trajectory error of this algorithm are increased by 0.26 m and 2.36 m on average, 

respectively, while the CPU occupancy rate is increased by 6.685% on average, thereby proving the robustness 

and effectiveness of the algorithm. 
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1. Introduction 

With the continuous development of information technology, smart city construction has gained 

prominence, with its development involving the design and implementation of transportation, safety, and 
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other fields [1]. Similarly, artificial intelligence is also gaining traction as a global cutting-edge 

technology [2]. In the background of smart city and artificial intelligence, autonomous driving technology 

is widely used in various fields of transportation, which can improve safety, reduce traffic congestion, 

and save on time [3]. Due to the onset of the coronavirus disease 2019 (COVID-19) pandemic, autonomous 

driving technology has quickly taken part in the struggle against COVID-19, such as protection detection 

of medical staff, personal protection detection, body temperature measurement, and dense personnel 

statistics. COVID-19 is caused by the severe acute respiratory syndrome coronavirus [4]. Yang et al. [5] 

and Sahraoui et al. [6] have conducted numerous researches on COVID-19 prevention and other measures 

based on patient contact networks and Internet of vehicles, respectively.  

Applying autonomous driving technology to epidemic prevention and control can reduce the stress of 

medical staff and the probability of cross infection in tandem. Therefore, groundbreaking autonomous 

driving technology is of great significance to the application of unmanned vehicle (UV) in epidemic 

prevention, along with 5G technology being applicable to data processing, computing, and communication 

of autonomous driving technology [7, 8]. Specifically, 5G is a new communication medium, and its high 

speed and low delay can solve the problem of low work efficiency of UV attributed to a large amount of 

data [9]. Meanwhile, Cao et al. [10-12] also conducted in-depth research on network resource allocation 

based on virtual network embedding (VNE) to improve the utilization of physical resources.  

UVs and unmanned aerial vehicles [13, 14] are most widely used in the field of autonomous driving. 

This paper mainly studies the accuracy of SLAM positioning based on UV. Khanh et al. [15] proposed a 

wireless indoor positioning system based on Wi-Fi. In addition, wireless sensor networks have also been 

successfully applied to UV positioning and navigation, but wireless sensor networks have strict data 

confidentiality requirements and information security needs to be fully considered [16]. Compared with 

Wi-Fi and wireless sensor networks, camera (visual SLAM) and lidar (laser SLAM) are two more 

commonly used sensors for SLAM positioning. Based on whether the described features are extracted or 

not, visual odometry includes the feature point method and direct method. In addition to the feature 

extraction algorithm, the traditional methods of vision-based positioning and navigation system also 

adopt clustering and matching algorithms [17]. Compared with visual sensors, lidar can collect spatial 

and motion information of objects [18], and obtain a large number of high-resolution and accurate 3D 

point clouds from the surrounding environment [19, 20]. However, due to the high requirements for 

positioning accuracy of autonomous driving, it is difficult to achieve high-precision positioning through 

a single solution, which mainly uses multi-sensor fusion [21] to improve the robustness of system 

positioning. However, most fusion schemes have trouble obtaining high-precision positioning 

information in large and complex environments to date, and do not take into account the existence of data 

noise. To solve the above-mentioned problems, this paper proposes a real-time and high-precision UV 

positioning system REW_SLAM based on lidar and stereo camera, which is applicable to UV equipment 

in large and complex environments such as the detection of protective measures against COVID-19. The 

main contributions of this paper are as follows: 

1) The modified wavelet transform algorithm: Different from soft threshold and hard threshold 

functions, the proposed threshold function can solve the problem of soft threshold distortion and 

hard threshold pseudo-Gibbs effect in tandem. The modified wavelet transform method is used to 

preprocess the original data of lidar, which can improve the quality of feature extraction of the 

surrounding environment. 

2) The vision pose estimation system: Feature screening adopts “bucketing plus aging” to achieve 

more effective feature matching. Specifically, it sorts all features according to age error, and the 

size of age error determines the priority of feature matching. In addition, we use the PnP-ICP 

combination method to realize feature matching and pose estimation, which can match more 

features compared to a single PnP or ICP algorithm. 

3) A more efficient fusion algorithm: The proposed six-element extended Kalman filter (6-element 

EKF) is more suitable for SLAM algorithm based on multi-sensor fusion, which is used for 

autonomous localization of UV and epidemic prevention and control. It can avoid the error caused 
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by linearization and reduce the odometry drift. Compared to the traditional EKF, the positioning 

accuracy is significantly improved. 

4) Performance evaluations: We evaluate our proposed algorithm REW_SLAM on KITTI datasets 

and real UV platform, respectively, and benchmarked it with two other advanced algorithms to 

verify the robustness of this algorithm. 

The rest of this paper is structured as follows. The second part describes the overall system framework. 

The third part describes the fusion method in detail. The fourth part gives the experimental results and 

analysis of KITTI datasets and UV platform. Lastly, the fifth part summarizes this paper.  

 

2. System Overview 

The system is mainly composed of three parts, which are lidar odometry, visual odometry and data 

fusion, as shown in Fig. 1. 

 

 
Fig. 1. System overview of the proposed unmanned vehicle location algorithm, mainly  

including lidar odometry, visual odometry, & data fusion. 

 

Due to the defects of lidar or the influence of external environmental factors, the output original data 

has noise data inconsistent with the actual data, with the effect of greatly influencing the accuracy of 

system positioning. Therefore, a modified wavelet filtering algorithm is proposed in this paper. The laser 

points data is preprocessed by this modified wavelet filtering algorithm, and the processed points data is 

used for lidar pose estimation. In the lidar odometry park, the ICP is used for a pose estimate of lidar. In 

the visual odometry part, we extract the ORB features in each frame image and filter the features using 

“bucketing plus aging.” The filtered feature points are used to match the points in the local map, and then 

the camera pose is estimated using a combination of PnP and ICP. In the data fusion part, the 6-element 

EKF method is used to fuse the sensor data of lidar and sensor camera. Compared with the traditional 

EKF, it ensures the accuracy of data processing and avoids linearization error. Then, the position 

collected by the camera is used as the input of the system, while the position collected by the lidar is used 

as the measured value of the system. The positioning data obtained by the camera is corrected by using 

the position information of the lidar to realize data fusion and obtain the optimal position estimation. 

In this paper, the problem to be solved is to estimate the UV's motion. The sensors carried by the UV 

are lidar and a camera. We calibrate the camera and lidar jointly, so the two sensors can use the same 

coordinate system and project the laser point cloud coordinates onto the camera coordinate system. The 

left uppercase superscription is used to represent the coordinate systems, with each coordinate system 

being defined as follows [22]: 

⚫ Image projection coordinate system {I}: is set at the top left corner of the image projection plane. 

The right indicates the  x-axis (u-axis) direction. The bottom indicates the  y-axis (v-axis) direction. 
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⚫ Camera coordinate system {C}: is set at the optical center of the camera. The left indicates x-axis 

direction, and the top indicates the  y-axis direction. The front indicates the  z-axis direction, which 

coincides with the camera spindle. 

⚫ Lidar coordinate system {L}: is set at the optical center of the lidar. The front indicates  x-axis 

direction, while the left indicates the y-axis direction, and the top indicates the  z-axis. 

⚫ World coordinate system {W}: its starting position coincides with the camera coordinate system 

 

3. Lidar-Vision Odometry Based on Loose Coupling 

In order to estimate the pose of the UV more robustly, we need to preprocess the lidar and fuse it with 

the stereo camera through loose coupling to obtain the visual-laser odometry. 

 

3.1 Modified Wavelet Transform Algorithm 

Due to the influence of lidar itself and the surrounding environment, there will be some noise data in 

the output data of lidar that is not in the original data. For example, complex environment, changeable 

scene, and obstacle occlusion will lead to uneven or missing distribution of laser point cloud. To solve 

the above problems, we preprocess the laser point cloud to extract the surrounding environment features 

accurately, efficiently, and completely from the large-scale complex environment.  

Lidar output data includes distance information, angle, reflection intensity, time stamp, and other 

information. But in this paper, we mainly deal with the distance value. The denoising process of lidar 

data using the wavelet transform method roughly includes three steps as follows. Firstly, the appropriate 

wavelet base and decomposition layer N are selected according to the demand, and the lidar data is 

decomposed into N layers by a wavelet transform; secondly, the appropriate threshold function is selected 

to quantify the refine coefficient of each layer through different thresholds; and finally, based on the 

approximate coefficients of the N-th layer and the quantized refine coefficients on all decomposition 

layers, the data is reconstructed by an inverse wavelet transform. 

The focus of the wavelet denoising method is the selection of wavelet base and threshold size. Here, 

the number of decomposition layers is 5, with a threshold size of 30 and the wavelet basis function as the 

Daubechies (dbN). At present, wavelet denoising methods based on soft threshold and hard threshold 

functions are the most commonly used ones. But both methods have their inherent shortcomings in that 

the hard threshold function undergoes a sudden change and the signal processed by the hard threshold 

will contain new noise. Meanwhile, there will be a pseudo-Gibbs effect, which is far less than the 

smoothness of the previous signal. Although there is no sudden change in the soft threshold function, the 

high-frequency components will be filtered over due to the difference between the estimated and real 

values, while the processed signal will be distorted. Therefore, this paper adopts a modified wavelet 

denoising method, which can overcome the above shortcomings, and the new threshold function is 

denoted as: 
 

𝜔𝑚 = {𝜔 −𝜔 |
𝜆

𝜔
|

|𝜔|
𝜆

, |𝜔| ≥ 𝜆

0, |𝜔| < 𝜆

 (1) 

 

where 𝜔 and 𝜆 represent distance values in the lidar output data and thresholds, respectively. The new 

threshold function, which is distributed between the soft and hard threshold functions, is a nonlinear 

function, so the advantages and disadvantages described above can be taken into account. 

 

3.2 Lidar Sensor 
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Before the pose estimation of lidar, wavelet filtering is used to filter the noise of laser points data, 

while the feature point extraction method is similar to LOAM algorithm. However, due to the high 

sampling frequency of lidar, the number of laser-ranging points is large, affecting the accuracy and 

execution speed of pose estimation. Therefore, compared to LOAM, we only select the points with sharp 

edges and planar surface patches as the key points. Smoothness of the local surface 𝑆 is defined as 

denoted below: 
 

𝑆 =
1

|𝛾𝑘
𝑖| ⋅ ‖ 𝑋𝐶 𝑘

𝑖‖
‖ ∑ ( 𝑋𝐶 𝑘

𝑖 − 𝑋𝐶 𝑘
𝑗
)

𝑗∈𝛾𝑘
𝑖 ,𝑗≠𝑖

‖ (2) 

 

where 𝑘  represents the k-th scan. 𝑖 , 𝑗  represents 𝑖  and 𝑗  points, respectively. 𝑋𝐶 𝑘
𝑖  and 𝑋𝐶 𝑘

𝑗
 are the 

coordinates of 𝑖 and 𝑗 points in the coordinate system {𝐶} in the k-th scan, respectively. 𝛾𝑘
𝑖  is the set of 

ten points closest to point 𝑋𝐶 𝑘
𝑖  in the k-th scan. In each scan, all points are sorted by the 𝑆 value. Select 

the point with a lower 𝑆 value as the plane point and the point with a higher 𝑆 value as the edge point. 

In addition, the number of channels of the key points needs to be obtained. The laser point clouds in 

each scan is matched by comparing between the smoothness of key points and the number of channels. 

To improve the matching accuracy, it is essential to formulate a rule to select these point clouds for 

matching. Assume that the distance between the two matched keys is 𝑑, and then calculate the average 

distance �̄� between all matches. According to the two critical values 𝑠 and 𝛥𝑑 that we set, the matched 

points where matching distance 𝑑 is greater than 𝑠�̄� are deleted, and simultaneously, the average distance 

�̄� until �̄� < 𝛥𝑑 is recalculated. 

The position of the first scan will be used as the coordinate system {𝑊} of the map. The correct 

matching points between the k-th and (k-1)-th scans are represented by 𝑋𝑘
𝑖  and 𝑋𝑘−1

𝑖 , respectively. Define 

𝜌 and 𝜙 as the conversion of scanning (k-1)-th and k-th, which can be denoted as follows: 
 

𝑋𝐶 𝑘
𝑖 = 𝜙 ⋅ 𝑋𝐶 𝑘−1

𝑖 + 𝜌 (3) 

 

In order to apply most of the key point pairs to Equation (3), the ICP method is used. 
 

𝑇∗ = 𝑎𝑟𝑔𝑚𝑖𝑛
𝑇𝑘

1

2
∑ ‖ 𝑋𝐶 𝑘

𝑖 − (𝜙 ⋅ 𝑋𝐶 𝑘−1
𝑖 + 𝜌)‖

𝑖∈∑𝑘,𝑘−1

 (4) 

 

The ICP problem is solved by the Levenberg-Marquardt (LM) nonlinear optimization. Different 

components of pose transformation are calculated to estimate pose, while the different components of 6-

DoF transformation are solved by plane and edge features in continuous scanning. The plane features 

extracted from the ground are used to obtain, and the edge feature extracted from the segmented point 

cloud is used to obtain the rest of the transformation by matching. 

 

3.3 Camera Sensor 

We select the most commonly used oriented FAST and Rotated BRIEF (ORB) methods to realize 

feature extraction and matching, and consider the spatial distribution and temporal evolution of feature 

points, so we screen the extracted feature points to reduce the drift of visual odometry. Because the 

measurement range of the stereo camera is short, some extracted features may not provide depth values. 

Therefore, the condition of feature extraction is relaxed, so that more features can be obtained in the close 

region of the input image. 

 

3.3.1 Initialize local map 

Before estimating the motion, we initialize the local map. The ORB features in each input image are 

extracted. 𝑃𝐼 𝑘
𝑖 = [𝑢, 𝑣]𝑇  and 𝑃𝐶 𝑘

𝑖 = [ 𝑋𝐶 𝑘
𝑖 𝑌𝐶 𝑘

𝑖 𝑍𝐶 𝑘
𝑖 ]𝑇  represent the coordinates of point 𝑖  in the 
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coordinate system {𝐼} and {𝐶} in the k-th frame, respectively. 𝑃𝑊
𝑘
𝑖  represent the coordinates of point i  

in the {𝑊} in the k-th frame. The relationship between 𝑃𝐶 𝑘
𝑖  and 𝑃𝐼 𝑘

𝑖  can be represented by (5): 
 

[
𝑢
𝑣
1
] = [ 𝑃𝐼 𝑘

𝑖

1
] =

1

𝑍𝐶 𝑘
𝑖 𝐹 ⋅ 𝑃𝐶 𝑘

𝑖  (5) 

 

where 𝐹 is the camera internal parameter, which can be obtained during calibration. Move 𝑍𝐶 𝑘
𝑖  in (5) to 

the left of the equation and let 𝑃𝑊
𝑘
𝑖  replace 𝑃𝐶 𝑘

𝑖  to obtain the following mathematically: 
 

𝑍𝐶 𝑘
𝑖 ⋅ [ 𝑃𝐼 𝑘

𝑖

1
] = 𝜋(𝐹𝑇𝑘 ⋅ 𝑃𝑊

𝑘
𝑖) = 𝐹(𝜙 ⋅ 𝑃𝑊

𝑘
𝑖 + 𝜌) (6) 

 

where 𝜋 represents the transformation from homogeneous coordinates to non-homogeneous coordinates. 

𝜌 and 𝜙 represent translation and rotation, respectively, with their homogeneous coordinate format as 𝑇𝑘. 

Based on the properties of homogeneous coordinates, Equation (6) can be modified to the following: 
 

𝑃𝐼 𝑘
𝑖 = 𝜋(𝐹𝑇𝑘 ⋅ 𝑃𝑊

𝑘
𝑖) (7) 

 

Since the world coordinate is initialized by the first frame, there are 𝑇0 = 𝐼4, and the first local map 

point can be obtained according to (7). 

 

3.3.2 Feature screening 

To achieve more effective matching, it is highly necessary to screen the feature points in the current 

frame. The tracked features are uniformly distributed along the image by the bagging method, and all the 

points used for feature matching are obtained from those buckets. 

In addition, the age of features also has a significant impact on the quality of pose estimation, so we 

further screen features according to the age. The age of all initially tracked features is zero, increasing in 

increments of one for each successfully detected feature in the future. The measured positions of all 

features in the k-th frame are compared with the predicted positions, where the predicted positions are 

obtained according to the ground truth of the motion parameters provided by KITTI. If 𝑃𝑘−1 is a point in 

the (k-1)-th frame, its corresponding measurement feature in the next frame is 𝑃𝑘 , with the average 

interframe error of feature points 𝑃𝑘−1 denoted as: 
 

𝐸𝑟𝑟𝑜𝑟 =
1

𝐴𝑔𝑒
∑‖𝑃𝑘 −𝑁𝑘−1|𝑘 ⋅ 𝑃𝑘−1‖

𝐴𝑔𝑒

𝑘=1

 (8) 

 

where 𝐴𝑔𝑒 is the survival age of the point 𝑃𝑘−1, and 𝑁𝑘−1|𝑘  is the motion matrix. 𝑃𝑘 − 𝑁𝑘−1|𝑘 ⋅ 𝑃𝑘−1 

represents the interframe error between measured and predicted positions. 

The interframe error depends on the tracking quality. Therefore, these features are selected according 

to the error size, while the features with a smaller error have higher motion estimation priority. The 

“bucketing plus aging” method only selects better features for pose estimation according to the interframe 

error, and does not filter out too many features. Also, the extraction conditions have been relaxed during 

feature extraction, so the pose estimation accuracy of the camera will not be affected by over-filtering. 

 

3.3.3 Error function 

The feature points for pose estimation are obtained according to “bucketing plus aging.” Due to the 

limited detection distance of the stereo camera, the depth data of one pixel may or may not be detected. 

Therefore, we use the PnP-ICP combination algorithm to estimate the camera pose. Compared to the 

single PnP and ICP algorithms, this combined method can match more features and improve the accuracy 

of pose estimation. Since the existence of noise will lead to inaccurate estimation results and data loss, 
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we use bundle adjustment, a nonlinear optimization method, to estimate the camera pose. Assuming that 

𝛺𝑘
1 and 𝛺𝑘

2 are features with accurate depth values and features without depth values 𝑃𝑊
𝑘−1
𝑖  and 𝑃𝐼 𝑘

𝑖 , 

respectively, are the matching points in the local map corresponding to feature, the following can be 

obtained mathematically: 
 

𝑇∗ = 𝑎𝑟𝑔𝑚𝑖𝑛
𝑇𝑘

1

2
(∑‖𝜋(𝐹𝑇𝑘( 𝑃𝑊

𝑘
𝑖 − 𝑃𝑊

𝑘−1
𝑖 ))‖

𝑖∈𝛺𝑘
1

+ ∑‖ 𝑃𝐼 𝑘
𝑗
− 𝜋(𝐹𝑇𝑘 ⋅ 𝑃𝑊

𝑘−1
𝑗
)‖

𝑗∈𝛺𝑘
2

) (9) 

 

In order to obtain a relatively accurate 𝑇𝑘, the LM method is also used to solve the function. When 

each estimation is made, the local map should be updated and optimized according to these matched 

feature points. 

 

3.4 Fusion Method 

According to the previous chapters, we have obtained the lidar and camera poses. The complete pose 

of the UV includes the translation part (𝑥 𝑦 𝑧) and rotation part (𝑦𝑎𝑤 𝑝𝑖𝑡𝑐ℎ 𝑟𝑜𝑙𝑙). Our fusion 

algorithm is the 6-element EKF, which mainly includes two processes consisting of firstly, the nonlinear 

transformation and secondly, the data fusion. 

 

3.4.1 Nonlinear transformation 

In [23], the system has a linearization error because the higher-order term in the Taylor series is 

ignored. The accumulation of this error over time makes the estimation results divergent and the 

positioning inaccurate. Therefore, in our method, we retain the second-order Taylor series. Compared to 

the traditional EKF algorithm, it can avoid the error attributed to linearization and improve the data 

accuracy. Firstly, we expand the state and observation equations by the second-order Taylor series 𝑑∗: 
 

𝑓(𝑥𝑘) ≈ 𝑓(𝑥𝑘) + 𝐹𝑘 + 𝑑∗ (10) 
 

where 𝐹𝑘 can be expressed as follows: 
 

𝐹𝑘 =
𝜕𝑓

𝜕𝑥
|𝑥𝑘|𝑘 (11) 

Also, 

𝐻𝑘 =
𝜕ℎ

𝜕𝑥
|𝑥𝑘+1|𝑘 (12) 

 

In the EKF method, the state and observation equations are expressed as follows: 
 

{
𝑥𝑘+1 = 𝑓(𝑥𝑘) + 𝐵𝑘𝑢𝑘 + 𝑤𝑘

𝑧𝑘 = ℎ(𝑥𝑘) + 𝑣(𝑘)
 (13) 

 

where 𝑥𝑘 is the state vector, 𝑧𝑘 is the observation vector. ℎ is the observation matrix, and 𝑓 is the system 

transfer matrix. 𝑤, 𝑣 represent the state and observation noises. 

Bring Equation (10) into Equation (13) to obtain the following equation of state denoted as: 
 

𝑥𝑘+1 = 𝐹𝑥𝑘 + 𝑢𝑘 + 𝜀𝑘 , 𝜀𝑘 = 𝑤𝑘 + 𝑑∗ (14) 
 

In the above formula, in order to optimization the linearization error, 𝑑∗ in the linearization process 

and the system noise 𝑤𝑘 are combined into 𝜀𝑘, which represents virtual noise. 

Similarly, the observation equation can be expressed as follows: 
 

𝑧𝑘 = 𝐻𝑥𝑘 + 𝜆𝑘 , 𝜆𝑘 = 𝑣𝑘 + 𝑑∗ (15) 
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In the above formula, 𝑑∗ in the linearization process is combined with the observation noise 𝑣𝑘, with 

𝜆𝑘 representing virtual observation noise. 

 

3.4.2 Data fusion 

Through the above analysis, the state Equation (14) and observation Equation (15) for 6-element EKF 

positioning have been obtained. Take the camera pose as the system input 𝑢𝑘. The position information 

is obtained by the lidar as the actual observation value 𝑧𝑘+1  and matched with the environmental 

characteristics corresponding to the observation prediction value. Assuming that there are m pairs of 

matched environmental characteristics, the gain of each pair is denoted as: 
 

𝐾𝑘+1 = 𝑃𝑘+1|𝑘𝛻𝐻𝑘+1
𝑇 𝑆𝑘+1

−1  (16) 

 

where 𝑃 is prediction variance and 𝑆 is variance based on the pose estimation obtained by lidar. 

Status update is as follows: 
 

𝑥𝑘+1|𝑘+1 = 𝑥𝑘+1|𝑘 +
1

𝑚
∑(𝐾𝑘+1𝑦𝑘+1) (17) 

 

The prediction estimation covariance matrix update is as follows: 
 

𝑃𝑘+1|𝑘+1 = (𝐼 −
1

𝑚
∑𝐾𝑘+1𝐻𝑘)𝑃𝑘+1|𝑘 (18) 

 

4. Experimental Results and Analysis 

This part mainly evaluates the positioning accuracy of the algorithm. Our algorithm REW_SLAM is 

compared to ORB_SLAM2 and VISO_LOAM_TF algorithms on KITTI datasets and ORB_SLAM2 and 

LOAM on the UV platform. 

 

4.1 KITTI Datasets Test 

In the experiment, the KITTI datasets is used for testing. Also, we use relative pose error (RPE) and 

absolute trajectory error (ATE) to evaluate the accuracy of the algorithm. Compare the following algorithms 

as listed: 

⚫ REW_SLAM: our proposed algorithm set. 

⚫ Laser_visual: REW_SLAM without a wavelet transform. 

⚫ Laser: single-laser odometry. 

⚫ Visual: single-visual odometry. 

⚫ ORB_SLAM2: an open source visual SLAM system. 

⚫ VISO2_LOAM_TF: a vision-lidar loosely coupled algorithm proposed in [24]. 

Table 1 shows the RPE of the three algorithms. The REW_SLAM and VISO2_LOAM_TF algorithms 

have smaller errors in all sequences compared with ORB_SLAM2. The error of the VISO2_LOAM_TF 

algorithm on sequences 02, 09, and 10 is better than our algorithm, but our algorithm has a better effect 

on other sequences. The average RPE of REW_SLAM is only 0.31, which is the smallest of the three 

algorithms, while the smallest RPE is attained on sequence 05, which is only 0.054. 

As shown in Table 2, REW_SLAM also achieved good results with respect to ATE. The error range 

of VISO2_LOAM_TF on 00, 01 and 02 is too large, especially on sequence 01, with the maximum error 

reaching 25.389. The error of ORB_SLAM2 is smaller than VISO2_LOAM_TF, while the minimum 

ATE of 0.2 is attained on sequence 04. The maximum ATE of ORB_SLAM2 is 10.4, while the maximum 

ATE of REW_SLAM is only 7.547 and the average ATE is only 2.467, which is better than 

ORB_SLAM2. 
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Table 1. Relative pose error of REW_SLAM, ORB_SLAM2, and VISO2_LOAM_TF 

Sequence 00 01 02 04 05 06 07 08 09 10 Average 

REW_SLAM 0.162 0.248 0.257 0.076 0.054 0.103 0.095 0.309 1.545 0.254 0.310 

ORB_SLAM2 0.702 1.391 0.764 0.489 0.407 0.510 0.502 1.057 0.872 0.603 0.730 

VISO2_LOAM_TF 0.210 2.457 0.205 0.249 0.112 0.124 0.130 0.344 0.153 0.142 0.413 

Bold font indicates the best performance of the three methods in each test. 

 

Table 2. Absolute trajectory error of REW_SLAM, ORB_SLAM2, and VISO2_LOAM_TF 

Sequence 00 01 02 04 05 06 07 08 09 10 Average 

REW_SLAM 1.023 4.359 5.103 0.267 0.621 0.348 0.435 4.049 7.547 0.918 2.467 

ORB_SLAM2 1.344 10.402 5.719 0.293 0.851 0.820 0.524 3.607 3.291 1.037 2.789 

VISO2_LOAM_TF 13.305 25.389 17.115 0.792 2.691 0.832 1.005 4.703 1.367 1.889 6.909 

Bold font indicates the best performance of the three methods in each test. 

 

Fig. 2 shows the distribution of translation error and rotation error with trajectory on sequence 00, with 

as the translation error and the rotation error. The peak of error is usually caused by the turning of the 

vehicle, which produces a large amount of drift. The translation error is always less than 1.25 m, while 

the rotation error is less than 4.5°. The average translation and rotation error are 0.16 m and 0.34°, 

respectively. Compared to the results proposed in [25], the average translation and rotation error of our 

proposed algorithm are lower. 

 

  
(a) (b) 

Fig. 2. Percentage positioning error of our proposed algorithm relative to the real trajectory on 

sequence 00 with as (a) translation error and (b) rotation error. 

 

Fig. 3 shows the RPEs of the three algorithms on sequences 00, 04, 07 and 10. Blue represents our 

algorithm REW_SLAM, green represents algorithm ORB_SLAM2, and red represents algorithm 

VISO2_LOAM_TF. ORB_SLAM2 has the largest error range on these four datasets, especially on 

sequence 07, with the maximum error being more than 1.3 m. The effect of VISO2_LOAM_TF is better 

than ORB_SLAM2. The maximum error of VISO2_LOAM_TF on sequences 00 and 10 is the smallest 

of the three algorithms, while the median error on sequence 10 is also the best of the same three. Our 

algorithm achieves the best results on sequences 00, 04, and 07. Based on the above analysis, it can be 

concluded that REW_SLAM has good positioning accuracy and minimum drift. 

The prediction trajectory of algorithms on sequences 01, 07, and 10 is shown in Fig. 4, and Fig. 4(a), 

4(b), and 4(c) are the resultant comparisons of REW_SLAM, laser, and visual algorithms. The black 

dotted line is the real trajectory of the datasets, while the green and red bars are the trajectories of laser 

and visual algorithms, respectively, and the blue bar is the trajectory of REW_SLAM. As shown above, 

our algorithm can significantly reduce the error and estimate the UV's pose more accurately compared 

with laser and visual algorithms. Moreover, the trajectory generated by our algorithm in each sequence 

several times almost overlaps the real trajectory. Fig. 4(d), 4(e) and 4(f) are the resultant comparisons 

between REW_SLAM, laser_visual algorithms. The blue is the trajectory of REW_SLAM and the green 
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is the trajectory of the laser_visual algorithms. Although the laser_visual algorithms can estimate the 

pose of the UV, its accuracy is poor compared with REW_SLAM. This shows that the modified wavelet 

denoising method designed by us has a good optimization effect on the positioning accuracy of the UV, 

and verifies the effectiveness and robustness of the modified wavelet denoising method. 

 

  
(a) (b) 

  
(c) (d) 

Fig. 3. Box plot of REW_SLAM, ORB_SLAM2, and VISO2_LOAM_TF on (a) sequence 00,  

(b) sequence 04, (c) sequence 07, and (d) sequence 10. 

 

   
(a) (b) (c) 

   
(d) (e) (f) 

Fig. 4. Trajectory estimated and the corresponding ground truth. (a–c) Predicted trajectories of 

REW_SLAM, laser, and visual; the trajectories of sequences 01, 07, and 10, respectively. (d–f) 

Predicted trajectories of REW_SLAM and Laser_Visual; the trajectories of sequences 01, 07, and 10,  

respectively. 

 

4.2 Robot Platform Test 

The camera and lidar adopt Orbbec Astra Pro and C16 lidar, respectively. They are mounted on a ROS 

UV. All algorithms run on a Lenovo laptop, which has a i5 core processor and 8 GB memory. The 
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onboard system runs on the 64-bit Ubuntu 16.04 operating system. The algorithm is implemented in the 

framework of a ROS operating system. 

Due to the limited equipment, we could not get the true value of the test trajectories, and we could not 

calculate the RPE and ATE. So, we used the following three methods to evaluate our algorithm, namely 

static positioning experiment, CPU occupancy rate, Euclidean distance error. 

In the static positioning error, the UV is kept stationary, and the fluctuation of pose data is analyzed. 

The camera and lidar sensors form a rigid body, so the conversion between them is constant. We analyze 

the position fluctuations in three 𝑥 , 𝑦, and 𝑧 directions. The specific pose fluctuation curve of static 

positioning is shown in Fig. 5. The green curve represents the position fluctuation before fusion (only use 

a camera sensor), and the blue curve represents the position fluctuation after fusion. It is obvious from 

Fig. 5 that the position fluctuation after fusion is smoother. Meanwhile, the variance of position 

fluctuation in each direction is also calculated, as shown in Table 3. It can be seen from Table 3 that the 

fluctuation variance of the fused system is less than that of the non-fused system. Experimental results 

show that the fusion localization algorithm proposed by us improves the stability of localization. 

 

 
Fig. 5. Pose fluctuation curves of the proposed fusion algorithm and single sensor localization algorithm 

in  x,  y, and z directions, respectively. 

 

Table 3. Variance of position fluctuations in x, y, and z directions 

 x y z 

Fusion before 0.0057453 0.0025308 0.0003180 

Fusion later 0.0057336 0.0025107 0.0003101 

 

Besides the location module, the autonomous driving system also needs target detection, path planning, 

and other modules. Therefore, under the limited computing resources, the amount of computation of 

algorithm should be reduced as much as possible, and the algorithm performance should be guaranteed 

in tandem. Therefore, we evaluate the CPU occupancy rate of the three algorithms under four different 

trajectories, with one of trajectories shown in Fig. 6. In the four tests, the running speed of the UV is 3.6 

m/s. In this paper, ORB_SLAM2 and LOAM are used as comparison algorithms. The three algorithms 

run under four different trajectories, while calculating and comparing the CPU occupancy rate of each 

algorithm. The test method is designed to record the CPU occupancy rate every 3 seconds, and then take 

the average value. The CPU occupancy rate of the three algorithms is shown in Table 4. The last column 

of Table 4 is the average value of the CPU occupancy rate of the three algorithms under all trajectories. 

It can be seen from the average value that the average CPU occupancy rate of the fusion algorithm in this 

paper is 25.49%, which is much lower than the other two algorithms. 
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In order to further evaluate the fusion location algorithm performance, the Euclidean distance error is 

selected as the performance index. The specific expression of the Euclidean distance error 𝑫 is denoted as: 
 

𝐷 = √(𝑥𝑖 − 𝑥𝑖)
2 + (�̂�𝑖 − 𝑦𝑖)

2 (19) 

 

where, (𝒙𝒊, �̂�𝒊) is the estimated pose of the UV, with (𝒙𝒊, 𝒚𝒊) as the actual pose of the UV. The above 

formula can be used to measure the degree of deviation between the estimated and real positions. 
 

 

Fig. 6. Trajectory estimation of algorithm REW_SLAM on trajectory 1. 

 

Table 4. CPU occupancy rate of REW_SLAM, ORB_SLAM2, and LOAM 

Sequence 1 2 3 4 Average 

REW_SLAM/% 25.703 24.710 26.231 25.354 25.499 

ORB_SLAM2/% 29.961 29.855 30.029 28.311 29.539 

LOAM/% 34.568 34.972 35.803 33.967 34.828 

Bold font indicates the best performance of the three methods in each test. 

 

We select the position data of the turning, starting, and end points of trajectory 2 (Fig. 7(a)) as the 

representative ones. During the experiment, when recording the real and estimated positions, their 

Euclidean distance error is calculated according to formula (19), while the Euclidean distance error curve 

is drawn as shown in Fig. 7(b). As such, the blue line represents our algorithm REW_SLAM, the red line 

the ORB_SLAM2 algorithm, and the green line the LOAM algorithm. 

 

  

(a) (b) 

Fig. 7. (a) Trajectory 2 and (b) Euclidean distance error curve of REW_SLAM, ORB_SLAM2, & 

LOAM in trajectory 2. 

 

It can be seen from Fig. 7 that the Euclidean distance error of a single-sensor positioning is significantly 

bigger than the fusion algorithm proposed in this paper at most positions. The Euclidean distance error 

curve located only by single-sensor data basically marks an upward trend, indicating that the single-
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sensor location algorithm has a cumulative error. Also, its error will increase with the passage of time, 

and the fusion algorithm in this paper is basically stable between 5 and 10. The increase of time is not 

correlated to a significant increase in the Euclidean distance error. The above experimental results show 

that the proposed fusion algorithm can significantly improve the positioning performance of the UV. 

 

5. Conclusion 

Under the background of detection of protective measures against COVID-19, the problem of how to 

improve the autonomous positioning accuracy of the UV has been studied in depth based on lidar and the 

stereo camera sensor. The visual-lidar SLAM fusion algorithm can realize the real-time and high-

precision positioning of the UV in a large and complex environment, thereby effectively improving the 

efficiency of the UV in the work of detecting protective measures against COVID-19, as well as providing 

a strong assurance for epidemic prevention and control work. As for technical contribution, we propose 

a 6-element EKF method, which can effectively fuse the sensor information of lidar and a stereo camera, 

and overcome the linear error and non-real-time problem of EKF. Compared with the traditional lidar 

and vision fusion algorithms, we have introduced the wavelet-denoising algorithm for the first time. The 

modified wavelet filter is used to preprocess the lidar data, which can further improve the positioning 

accuracy of the system. We evaluated the proposed method on KITTI datasets and the UV platform. 

Accordingly, the experimental results show that the proposed algorithm has good performance in 

accuracy, stability, and CPU occupancy compared to the other two algorithms. In the future, we hope to 

improve the efficiency and accuracy of UV positioning by more effectively integrating IMU data. Also, 

we can try to build a loop detection to deal with the relocation problem without visual information. 
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