
PLOS One | https://doi.org/10.1371/journal.pone.0338917  December 26, 2025 1 / 22

 

 OPEN ACCESS

Citation: Liu Y, Liu P, Shi Y (2025) State 
estimation of multi-sensor systems based 
on error-state Kalman. PLoS One 20(12): 
e0338917. https://doi.org/10.1371/journal.
pone.0338917

Editor: Lei Zhang, Beijing Institute of 
Technology, CHINA.

Received: September 22, 2025

Accepted: November 30, 2025

Published: December 26, 2025

Copyright: © 2025 Liu et al. This is an open 
access article distributed under the terms of 
the Creative Commons Attribution License, 
which permits unrestricted use, distribution, 
and reproduction in any medium, provided the 
original author and source are credited.

Data availability statement: All relevant 
data are within the paper and its Supporting 
Information files.

Funding: The author(s) received no specific 
funding for this work.

Competing interests: The authors have 
declared that no competing interests exist.

RESEARCH ARTICLE

State estimation of multi-sensor systems based 
on error-state Kalman

Yang Liu *, Peng Liu, Yu Shi

Department of Communication Electronic Countermeasure, Aviation University of Air Force, Changchun, 
China 

* liuyang_com2jam@163.com

Abstract 

With the rapid advancement of multi-sensor systems, the capabilities of robots in 

complex scenes are gradually improving. A multi-sensor system state estimation 

algorithm based on error-state Kalman filter is proposed to address the issues of 

noise interference, sensor data loss, and interference from moving targets in dynamic 

scenes. Firstly, the state estimation method of multi-sensor system based on sequen-

tial fusion framework is designed to effectively integrate and process different sensor 

data. On this basis, further research is conducted to design a lightweight detection 

algorithm based on multi-sensor data for identifying and processing moving targets 

in dynamic scenes, thereby reducing their interference with state estimation. Finally, 

a sequential fusion odometer based on error-state Kalman filtering is constructed 

to enhance the accuracy and stability of state estimation, and further optimize the 

performance of the entire state estimation system. Experimental results show that the 

proposed algorithm achieves an estimation error of only 0.36, significantly outper-

forming the comparison algorithms. The mean average precision on the KITTI and 

NuScenes datasets reaches 0.89 and 0.85, respectively. The algorithm maintains 

stable efficiency across varying data scales, with low packet loss rates and controlla-

ble false detection rates in medium-to-long-term state estimation. Packet loss rates in 

noisy environments and dynamic target interference scenarios are 0.53% and 1.07%, 

respectively. The multi-sensor fusion state estimation algorithm proposed in the 

study can effectively handle the interference problem in dynamic scenes, significantly 

improving the localization and mapping performance of robots in complex environ-

ments. The research provides an effective solution for the stable positioning and 

mapping of robots in complex dynamic environments, which is of great significance 

for improving the application performance of robots in fields such as autonomous 

driving and special operations.
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1  Introduction

With the widespread application of robot technology in complex dynamic environ-
ments, the importance of state estimation in multi-sensor systems is becoming 
increasingly prominent [1,2]. In dynamic scenarios, robots face many challenges, 
such as noise interference, sensor data loss, and interference from moving targets. 
Accurately estimating the robot’s state and achieving stable positioning and mapping 
in complex environments is a key prerequisite for ensuring the efficient operation of 
robots in fields such as autonomous driving and special operations [3,4]. Multi-sensor 
systems involve various types of sensors, such as LiDAR, visual sensors, and inertial 
measurement units, among which there are nonlinear correlations and dynamic 
coupling relationships between sensor data [5]. Traditional state estimation methods, 
such as the Extended Kalman Filter (EKF), often face problems such as insufficient 
estimation accuracy and poor stability when dealing with high-dimensional, nonlinear, 
and dynamically changing sensor data.

Error-State Kalman Filter (ESKF) is a special Kalman filtering algorithm mainly 
used to deal with error correction problems in system state estimation, and is broadly 
utilized to enhance the accuracy and stability of system state estimation [6]. For 
example, Y. Wang et al. proposed a method based on a trackless Kalman filter and 
interactive multi-model approach to enhance vehicle path planning capabilities. 
Experimental results validated its high accuracy and adaptability [7]. Scholars such 
as D. He proposed a real-time state estimation method based on ESKF to address 
the problem of difficulty in uniformly generalizing the state evolution of robots on 
manifolds. Experimental results showed that the proposed method could simplify cal-
culations while improving performance and computational efficiency [8]. T. Chang et 
al. proposed a state estimator based on variational Bayesian and ESKF for real-time 
description of robot motion estimation to solve the problem of difficulty in describing 
robot states due to dynamic influences. Experiments showed that the performance of 
the proposed state estimator was improved and the optimization effect was good [9]. 
Z. Wang et al. designed an odometer system based on the sliding window method 
using ESKF to achieve more accurate state estimation. The findings showed that the 
robustness of the proposed system was enhanced [10]. D. Shen et al. addressed the 
shortcomings of existing micro-short-circuit fault diagnosis methods by proposing an 
adaptive Kalman filter-based approach. This method diagnosed faults by calculating 
online short-circuit resistance, with experiments verifying its rapid convergence capa-
bility [11]. It can be seen that the relevant research of ESKF mostly focuses on single 
sensor error correction, which does not solve the dual problems of inability to correct 
errors when data is lost in multi-sensor dynamic scenarios and observation distortion 
caused by dynamic target interference. Moreover, it does not establish a quantita-
tive correlation with target detection technology, making it difficult to distinguish the 
robot’s own motion error from external interference error [12].

You Only Look Once version 5 (YOLOv5) is a version of the You Only Look Once 
(YOLO) series object detection model, which has been widely used in multiple fields 
due to its real-time performance, lightweight, and high efficiency. For example, 
X. Liang et al. designed a detection network based on YOLOv5 to achieve more 
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streamlined object detection. Findings denoted that the performance of the proposed detection network was significantly 
improved [13]. J. Han et al. proposed a lightweight image detection system based on Light-YOLOv5 to improve the accu-
racy of object detection. The experiment showed that the performance and efficiency of the proposed detection system 
were significantly improved, and the two were well balanced [14]. It can be seen from this that existing target detection 
and filtering methods only use detection results to simply eliminate dynamic area data, do not establish a quantitative 
correlation between detection semantics and filtering error models, and do not solve the multi-sensor time asynchronous 
problem [15].

In summary, existing filtering methods cannot accurately identify the source of errors, and the error correction direction 
deviates, making it difficult to meet the needs for high-precision estimation in dynamic scenarios. However, existing target 
detection methods lack a quantitative coordination mechanism with the filtering system and cannot convert the detected 
dynamic target characteristics (such as movement speed and occlusion rate) into quantitative parameters for filtering error 
correction. The detection results cannot effectively guide filtering optimization, which limits the performance of the overall 
system in dynamic scenes. In addition, existing fusion methods lack the design of dynamic target perception and fusion 
and cannot solve the allocation problem under dynamic interference [16]. Compared with existing parallel fusion (which 
requires synchronization of all sensor data, and is prone to overall failure due to single sensor packet loss) and central-
ized fusion (which has high computational complexity and is difficult to adapt to embedded devices), Sequential Fusion 
(SF) can support the orderly access and information integration of multiple types of sensors, fill data gaps through packet 
loss compensation, and can also dynamically adjust the observation weight of each sensor to distinguish the robot’s 
own motion errors and dynamic interference errors, achieve accurate attribution correction, and avoid low-precision data 
interference [17,18]. In addition, You Only Look Once version 5s (YOLOv5s) significantly reduces computational complex-
ity by simplifying the model structure and reducing the number of parameters while ensuring a certain level of detection 
accuracy. It dynamically allocates detected dynamic target features and combines static target anchor points to assist 
packet loss completion to adapt to complex dynamic scenarios. Therefore, research is conducted on state estimation of 
multi-sensor systems based on SF, and use YOLOv5s adaptive accuracy adjustment and ESKF parallel calculation to 
quantify parameters and perform filtering corrections to achieve a balance between accuracy and real-time performance. 
Ultimately, a multi-sensor system state estimation method is constructed based on error-state Kalman. The research 
aims to effectively integrate multi-sensor data and improve state estimation accuracy and stability. The innovations of this 
study are: (1) establishing a quantitative mapping relationship between detection semantics and filtering errors through 
the dynamic weight allocation mechanism of SF; (2) designing an integrated process for multi-sensor spatio-temporal 
alignment and packet loss compensation to break through the limitations of data asynchrony and loss; (3) proposing a 
collaborative optimization strategy for lightweight detection and filtering calculations to balance accuracy and real-time 
performance.

2  Research design

2.1  State estimation of multi-sensor systems based on sequential fusion

Robots often face multiple challenges brought by complex dynamic environments in practical application scenarios such 
as autonomous driving and special operations. In practical applications, the state estimation method of a single sensor 
is limited by the characteristics of the sensor itself and difficult to adapt to complex and changing environments. Existing 
Multi-Sensor Fusion (MSF) strategies often use simple data concatenation or parallel fusion modes, which do not fully 
consider the spatio-temporal asynchrony and observation confidence differences of each sensor data, resulting in insuf-
ficient consistency of the fused data and inability to maximize the collaborative advantages of multiple sensors [19,20]. 
Therefore, in response to the problems of noise interference, data loss, and motion target interference faced by robot 
multi-sensor systems in complex dynamic scenes, a multi-sensor system state estimation algorithm based on SF is pro-
posed. The algorithm mainly consists of SF and ESKF, and the operation of ESKF is shown in Fig 1.
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As shown in Fig 1, the design of a multi-sensor state estimation method first ensures the authenticity of state prediction 
by introducing noise, extracts effective observation information from sensors, and calculates packet loss compensation 
observation values. After integrating the data, the state mean and covariance are dynamically adjusted to improve the 
estimation reliability [21,22]. To meet the actual scenario of robots moving in complex environments (such as changes in 
the position and posture of autonomous driving robots), noise is introduced to ensure the authenticity of state prediction, 
as shown in equation (1).

	 mn+1 = f (mn) + Γnzn	 (1)

In equation (1), mn+1 represents the system’s state at time n+ 1; f () means a nonlinear state transition function; Γn 
means the covariance matrix of state transition noise; zn means the process noise. SF can achieve the optimal balance of 
performance while adapting to the practical engineering needs of multi-sensor systems. Therefore, studying the fusion of 
SF and ESKF for multi-sensor system state estimation, the structure of SF is shown in Fig 2.

As shown in Fig 2, the observation target passes through multiple sensors such as sensor 1 to sensor A. Each sensor 
combines the introduced noise to extract effective observation information and generate corresponding estimates, ulti-
mately achieving SF estimation [23,24]. To further analyze the process of extracting effective observation information after 
introducing noise, the effective observation information of each sensor is extracted after introducing noise, as shown in 
equation (2).

	 u(a)n = w(a) (mn) + c(a)n , a = 1, 2, . . . ,A	 (2)

In equation (2), u(a)n  means the observation value of the a th sensor at time n; w(a) () means the nonlinear observa-
tion function of the a th sensor; c(a)n  stands for observation noise; A is the total number of sensors. Then, the packet 
loss compensation observation is calculated to mitigate the impact of missing data from a single sensor on the 
overall state estimation, ensuring data continuity and reducing estimation bias caused by packet loss, as shown in 
equation (3).

	
L(a)n = b(a)n u(a)n +

(
1 – b(a)n

)
u(a)
n
∣∣n–1	 (3)

Fig 1.  ESKF timetable.

https://doi.org/10.1371/journal.pone.0338917.g001

https://doi.org/10.1371/journal.pone.0338917.g001
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In equation (3), L(a)n  is the compensated observation value of the a th sensor at time n; b(a)n  is the packet loss 
compensation coefficient; u

(a)
n
∣∣n–1 is the observation value predicted based on the observation value at time n – 1. The 

observation data, integrated with packet loss compensation, is shown in equation (4).

	

{ ∏
a (n+ 1) =

{
L(1)n+1, L

(2)
n+1, . . . , L

(a)
n+1

}
∏

(n+ 1) =
{∏

A (0) ,
∏

A (1) , . . . ,
∏

A (n+ 1)
}
	 (4)

In equation (4), 
∏

a (n+ 1) is the information set of the a th sensor at time n+ 1, which includes all the observation 
data received from the sensor. These data are obtained after packet loss compensation processing; 

∏
(n+ 1) is the joint 

information set of all sensors at time n+ 1, which includes the information set of all sensors and is used for state estima-
tion. By using conditional probability density to determine the degree of impact of newly added sensor information on state 
estimation, the state mean and covariance can be dynamically adjusted to improve the reliability of the estimation, as 
denoted in equation (5).

	
h

(
mn+1

∣∣∣∣∣
∏

(n) ,
∏
a

(n+ 1)

)
= N

(
mn+1;ma

n+1,W
ma

n+1
∣∣n+1

)
, n ≥ 0

	 (5)

In equation (5), h
(
mn+1

∣∣∏ (n) ,
∏

a (n+ 1)
)
 is the conditional probability density function of state mn+1 under the condi-

tion of all measurement information 
∏

(n) at the current time n and the measurement information 
∏

a (n+ 1) of the a th 

sensor at time n+ 1; N
(
mn+1;ma

n+1,W
ma

n+1
∣∣n+1

)
 means a Gaussian normal distribution with a mean of ma

n+1  and a 

covariance matrix of Wma

n+1
∣∣n+1

, which describes the state estimation without fusing the information from the a th sensor. 
Information is progressively fused from the first sensor to the A th sensor, ultimately yielding a globally optimal estimate as 
shown in equation (6).

	

{
mj
n+1 = mA

n+1

Wmj

n+1
∣∣n+1

= WmA

n+1
∣∣n+1	 (6)

In equation (6), mj
n+1 represents the state estimation obtained by sequentially fusing all sensor information at time 

n+ 1; mA
n+1 is the state estimation obtained by fusing information from the A th sensor at time n+ 1; mN

n+1 means the 

Fig 2.  Sequential fusion structure diagram.

https://doi.org/10.1371/journal.pone.0338917.g002

https://doi.org/10.1371/journal.pone.0338917.g002
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covariance matrix of the state estimation error obtained by fusing all sensor information at time n+ 1; WmA

n+1
∣∣n+1

 means the 
covariance matrix of the state estimation error after the fusion of information from the A th sensor at time n+ 1. Therefore, 
the process of state estimation for multi-sensor systems based on SF is shown in Fig 3.

As shown in Fig 3, the process involves introducing noise, extracting observations, compensating for packet loss, and 
fusing multi-sensor information. Then, the estimated values and error ranges are obtained through conditional probability 
density evaluation and dynamic adjustment. Subsequently, the information from each link is sequentially fused to output 
the globally optimal state estimation result [20].

2.2  Fusion of laser and visual detection data for motion target detection

The state estimation method for multi-sensor systems based on SF has achieved packet loss compensation and dynamic 
weight allocation for multi-source sensor data, laying the foundation for data integration and error suppression in complex 
dynamic environments. However, the interference of moving targets in dynamic scenes can directly affect the effective-
ness of sensor observation data, and relying solely on data level fusion is difficult to completely eliminate the impact of 
such interference on the final state estimation results. Therefore, it is necessary to further combine the three-dimensional 
(3D) spatial perception capability of LiDAR with the target recognition advantages of visual sensors, and achieve precise 
detection and localization of moving targets through multimodal data fusion, thereby providing key technical support for 

Fig 3.  Flowchart for state estimation in multi-sensor systems.

https://doi.org/10.1371/journal.pone.0338917.g003

https://doi.org/10.1371/journal.pone.0338917.g003
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optimizing state estimation accuracy and reducing errors caused by dynamic interference in the future [21,22]. First, the 
3D point coordinates in the LiDAR Coordinate System (CS) are transformed into 3D point coordinates in the camera CS, 
achieving spatial coordinate alignment between the two sensors, as shown in equation (7).

	



x1
y1
q1


 = B



x2
y2
q2


+ P

	 (7)

In equation (7), x1, y1, and q1 are the coordinates of the point in the camera CS, respectively; x2, y2, and q2 are the 
coordinates of the point in the LiDAR CS, respectively; B is a 3 × 3 rotation matrix used to describe the rotation relation-
ship between two CSs and to rotate points from the LiDAR CS to the camera CS; P is a 3 × 1 translation vector used to 
describe the translation relationship between two CSs and to translate points from the LiDAR CS to the camera CS. Then, 
the LiDAR homogeneous coordinates are converted to camera homogeneous coordinates, as shown in equation (8).

	



x1
y1
q1
1


 =

[
B P
0 1

]


x2
y2
q2
1



	 (8)

In equation (8), 



x1
y1
q1
1


 is the homogeneous coordinate of the point in the camera CS; 



x2
y2
q2
1


 is the homogeneous 

coordinate of a point in the LiDAR CS; 
[
B P
0 1

]
 is a 4 × 4 transformation matrix that combines rotation and translation 

operations, used to convert points in the LiDAR CS to the camera CS. When detecting moving targets through LiDAR and 
camera fusion, only by converting the points in the LiDAR CS to the camera CS can the point cloud data and image data 
be matched for unified processing, achieve data fusion, and accurately detect and recognize targets. The principle of CS 
transformation is shown in Fig 4.

Fig 4(a) shows the transformation from camera CS to image CS, where light rays are projected onto the image plane 
to form image coordinate points, etc; Fig 4(b) shows the conversion process from the image CS to the pixel CS, clearly 

Fig 4.  Coordinate system transformation schematic diagram.

https://doi.org/10.1371/journal.pone.0338917.g004

https://doi.org/10.1371/journal.pone.0338917.g004
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presenting the transition from the camera to the image and then to the pixel CS [23]. The 3D coordinates in the cam-
era CS are projected onto the two-dimensional (2D) image plane to obtain the image plane coordinates, as shown in 
equation (9).

	

{
x′o = J x1q1
y′o = J y1q1 	 (9)

In equation (9), x′o and y′o are the coordinates of 2D points on the image plane, respectively; J  is the focal length of 
the camera. The homogeneous CS of the camera’s 3D coordinates is scaled to output 2D image plane coordinates. This 
provides standardized 2D image plane coordinates for subsequent pixel coordinate transformations, ensuring projection 
accuracy across different cameras (or different calibration states of the same camera). This reduces detection errors 
caused by device variations, as shown in equation (10).

	

q1



x′o
y′o
1


 =



J 0 0 0
0 J 0 0
0 0 1 0






x1
y1
q1
1



	 (10)

In equation (10), 



J 0 0 0
0 J 0 0
0 0 1 0


 is a 3 × 4 projection matrix that scales the coordinates in homogeneous coordinates 

according to the focal length J , while keeping the q1 coordinates unchanged. Correcting the system deviation from image 
plane coordinates to pixel coordinates yields the final pixel coordinates of the moving target within the image, as shown in 
equation (11).

	

{
g = x′o

dx + g0
l = y′o

dy + l0 	 (11)

In equation (11), g0 and l0 are the offset of pixel coordinates, which may be due to camera installation pose (such as 
image origin offset caused by camera optical axis not overlapping with laser CS), calibration error compensation, etc., 
used to correct system deviation during the conversion from physical coordinates to pixel coordinates, ensuring the accu-
racy of target localization on the image after laser and visual data fusion; g0 and l  are the pixel coordinates of the target 
on the image plane, corresponding to the horizontal and vertical pixel positions of the moving target in the visual detection 
image. They are the basic data output of visual detection and used to locate the location of the target in the image. By 
integrating the above formulas, the conversion from the 3D physical coordinates of the camera to the 2D pixel coordinates 
of the image can be achieved uniformly, as shown in equation (12).

	



g
l
1


 =




1
dx 0 g0
0 1

dy l0
0 0 1





x′o
y′o
1



	 (12)

In equation (12), 




1
dx 0 g0
0 1

dy l0
0 0 1


 is a 3 × 3 transformation matrix that combines scaling and translation operations, 

converting physical coordinates in the camera CS to pixel coordinates in the image CS; 



g
l
1


 is the pixel coordinate in the 

image CS. In dynamic scenes, moving targets such as pedestrians and other mobile devices can interfere with the validity 
of sensor observation data, leading to bias in state estimation. YOLOv5s, with its lightweight characteristics, can efficiently 
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identify moving targets within the coverage area of LiDAR and visual sensors while ensuring a certain detection accuracy. 
It can accurately locate the pixel coordinates of targets in the image (by combining with CS conversion to achieve the 
correspondence between laser point cloud and visual image data), providing a basis for eliminating the interference of 
moving targets on state estimation in the future, and reducing false positives and false negatives caused by target motion 
blur and occlusion [25]. The structure of YOLOv5s algorithm is denoted in Fig 5.

As shown in Fig 5, starting from the input data, the Backbone module first extracts features, then the Neck module 
performs feature fusion and upsampling, and finally the Head’s Detect module completes object detection. By utilizing 
YOLOv5s to balance the contributions of the three loss functions, the overall performance of motion object detection is 
enhanced, as shown in equation (13).

	 F = αF1 + βF2 + λF3	 (13)

In equation (13), F  is the total loss function, which is the weighted sum of different loss terms; α, β, and λ are differ-
ent weight parameters used to balance the contributions of different loss items in the total loss; F1 stands for classifica-
tion loss, which is used to predict the difference between a category and the true category; F2 is the target loss used to 
measure the accuracy of predicting the presence or absence of a target; F3 is the localization loss used to measure the 
difference between the predicted bounding box and the true bounding box. The false positive and false negative caused 
by target motion blur and occlusion in dynamic scenes can be better distinguished by binary cross entropy loss to help the 
model distinguish the presence or absence of targets, further reducing the false negative rate. The calculation formula is 
shown in equation (14).

Fig 5.  YOLOv5s architecture diagram.

https://doi.org/10.1371/journal.pone.0338917.g005

https://doi.org/10.1371/journal.pone.0338917.g005
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FBCE = –

1
K

∑
k
[e ln r+ (1 – e) ln (1 – r)]

	 (14)

In equation (14), FBCE  is the binary cross entropy loss, which is a loss function used for classification problems and is 
used in object detection to evaluate the difference between the predicted class probability of the model and the true class; 

K  is the number of samples, which refers to the number of images or frames used during the training process; e is the 
true label, which means whether the target exists or not; r  is the probability of predicting the existence of the target. In 
dynamic scenes, moving targets may change in shape due to changes in posture. By calculating, both position and shape 
deviations can be corrected simultaneously, improving the fit between the bounding box and the real target, as shown in 
equation (15).

	
F3 = 1 – FIoU +

S2 (v′, v)
d2

+ κφ
	 (15)

In equation (15), FIoU is the intersection to union ratio, which measures the degree of overlap between two bounding 
boxes. In object detection, the accuracy of predicting bounding boxes is evaluated by calculating the intersection to 
union ratio of two bounding boxes; S2 (v′, v) is the square of the distance between the predicted bounding box v′ and 
the real bounding box v ; d is the diagonal length of the smallest bounding box (the smallest rectangle that covers both 
bounding boxes) where the predicted bounding box and the real bounding box are located; φ and κ are coefficients that 
limit the shape (aspect ratio) of the bounding box. Then, multiple data from laser and visual inspection are fused, as 
shown in Fig 6.

Fig 6.  Multi-feature fusion diagram.

https://doi.org/10.1371/journal.pone.0338917.g006

https://doi.org/10.1371/journal.pone.0338917.g006
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As shown in Fig 6, the sensor data is first time-synchronized to ensure temporal consistency, followed by spatial align-
ment for analysis within a unified CS. Data alignment and feature fusion are then performed through preprocessing and 
feature extraction to obtain richer feature representations. Finally, object tracking is conducted using the YOLOv5s algo-
rithm, with tracking accuracy enhanced through multi-loss optimization.

2.3  Construction of sequential fusion odometer based on error-state Kalman filter

As the core part of robot positioning and navigation, the accuracy of odometer directly determines the reliability of 
equipment motion control and path planning. There are obvious limitations in traditional single sensor odometry meth-
ods: wheeled odometry is prone to cumulative errors due to ground slippage, inertial measurement units are affected by 
zero bias drift and have poor short-term accuracy, and visual odometry is prone to failure in scenarios with changes in 
lighting or missing features. MSF can greatly improve the performance of odometry. By aligning the spatial coordinates 
of LiDAR and visual sensors, performing homogeneous coordinate transformation, and balancing the optimization of 
classification loss, target loss, and positioning loss using YOLOv5s algorithm, accurate detection of moving targets in 
dynamic scenes and multi-modal data feature fusion can be further achieved. This effectively reduces the problem of 
false detection and missed detection caused by blurry and occluded moving targets, and eliminates key interference 
sources for subsequent system state estimation. On this basis, to further improve the accuracy of robot motion posi-
tioning and trajectory reconstruction, the error correction capability of ESKF is deeply combined with the advantage of 
SF of multi-sensor information integration to construct an SF odometer adapted to complex dynamic environments, as 
shown in Fig 7.

Fig 7.  Flowchart of the sequential fusion odometer based on ESKF.

https://doi.org/10.1371/journal.pone.0338917.g007

https://doi.org/10.1371/journal.pone.0338917.g007
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As shown in Fig 7, the raw data from the LiDAR, vision sensor, and inertial measurement unit were first acquired. 
Standardized fused data was output through time synchronization (calibrating the time of multiple sensors based on 
high-frequency sampling of the IMU) and spatial coordinate transformation (transforming the LiDAR 3D point cloud to the 
camera CS through rotation and translation, and then projecting it onto the image pixel coordinates). Then, YOLOv5s was 
used to improve the detection accuracy. Next, the pixel coordinates were reverse-mapped to the LiDAR 3D coordinates to 
generate a dynamic target spatial mask. Then, the preprocessed data was retrieved through the SF framework, and the 
data gaps were filled by the packet loss compensation formula. The sensor data weights were adjusted in combination 
with the dynamic target mask (the weight of dynamic areas was reduced, and the weight of static areas was maintained). 
At the same time, ESKF was embedded throughout the entire process. It first introduced noise through the state transition 
formula to ensure the authenticity of the prediction, and then dynamically adjusted the state mean and covariance based 
on the conditional probability density to correct sensor noise and IMU drift errors. Finally, it integrated all sensor informa-
tion and error correction results, built an SF odometry, and output state parameters such as robot position, attitude, and 
speed, forming a complete closed loop of interference elimination, data fusion, and error suppression.

3  Results

3.1  Performance verification and comparative analysis of error-state Kalman filter

To ensure the pertinence and effectiveness of the experiment, the study selected EKF-YOLOv5s, YOLOv5s, ESKF-LiDAR, 
and Transformer-LiDAR as baseline algorithms. These algorithms have certain advanced representation in the fields of 
multi-sensor state estimation and robot positioning. EKF is a traditional classic filtering algorithm in the field of multi-sensor 
fusion. EKF-YOLOv5s adopts a filtering-target detection fusion framework. Only the filtering module is different. As a classic 
framework, it can independently verify the suppression effect of ESKF on nonlinear errors. YOLOv5s is a mainstream model 
in the field of lightweight target detection. It only retains the target detection function and has no filter module. It can quantify 
the advantages of the filter-detection fusion architecture compared to a single detection technology. As a benchmark for light-
weight target detection, it has become a basic detection model in resource-constrained scenarios with small parameters, fast 
reasoning, and balanced accuracy, and represents the advanced direction of lightweight visual detection. LiDAR is a single 
sensor, which contrasts with multi-sensor fusion and can verify the improvement of state estimation by the complementarity 
of multi-source data. At the same time, ESKF is used to eliminate interference from differences in filtering algorithms. Trans-
former represents an emerging technology. Comparing it with traditional filter fusion (ESKF-YOLOv5s) can quantify the differ-
ence in performance between the two technologies, verify the value of research on improving traditional filtering technology, 
and then highlight its real-time advantages over emerging feature fusion technology.

To verify the accuracy of the MSF state estimation algorithm based on ESKF-YOLOv5s, data were randomly selected 
from the KITTI dataset, and EKF-YOLOv5s, YOLOv5s, Transformer-LiDAR, and ESKF-LiDAR state estimation algorithms 
were selected for comparative experiments. The estimated values of the algorithms were recorded separately, and the 
error between the estimated values and the true values was calculated, as shown in Table 1.

Table 1.  Error analysis of estimation algorithms.

Algorithm Estimated value Actual value Error

x y x y

ESKF-YOLOv5s 18.23 6.78 18.01 6.55 0.36

EKF-YOLOv5s 18.56 6.99 18.01 6.55 0.49

YOLOv5s 19.12 7.34 18.01 6.55 0.82

Transformer-LiDAR 18.34 6.89 18.01 6.55 0.41

ESKF-LiDAR 18.45 7.01 18.01 6.55 0.48

https://doi.org/10.1371/journal.pone.0338917.t001

https://doi.org/10.1371/journal.pone.0338917.t001
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According to Table 1, the estimated value x of ESKF-YOLOv5s algorithm was 18.23, y was 6.78, and the error was 
only 0.36, which was the smallest among all compared algorithms; The estimated values of x and y by the Transformer-
LiDAR algorithm were 18.34 and 6.89, respectively, with an error of 0.41, second only to ESKF-YOLOv5s; The ESKF-
LiDAR algorithm estimated x to be 18.45, y to be 7.01, with an error of 0.48; The EKF-YOLOv5s algorithm estimated x 
to be 18.56 and y to be 6.99, with an error of 0.49. These two algorithms had similar errors and were slightly higher than 
Transformer-LiDAR; The YOLOv5s algorithm estimated x to be 19.12 and y to be 7.34, with an error of 0.82, which was 
the largest error among all compared algorithms. Comparison showed that the ESKF-YOLOv5s algorithm had the small-
est error and significantly better accuracy than the comparison algorithm. To verify the stability of the MSF state estimation 
algorithm based on ESKF-YOLOv5s, 150 sets of data were randomly selected from the KITTI dataset. The estimation 
algorithms of ESKF-YOLOv5s, EKF-YOLOv5s, Transformer-LiDAR, and ESKF-LiDAR were set up for experiments, and 
the Root Mean Square Error (RMSE) and velocity RMSE of the algorithms were calculated at different data volumes, as 
shown in Fig 8.

In Fig 8(a), as the amount of data increased, the position RMSE curve of the ESKF-YOLOv5s algorithm continued 
to decrease, from 0.33 to 0.20; The initial RMSE of the EKF-YOLOv5s algorithm was 0.50, which decreased to 0.38; 
The position RMSE of ESKF-LiDAR algorithm decreased from 0.44 to 0.28; The Transformer-LiDAR algorithm was 
reduced from 0.41 to 0.29. In Fig 8(b), as the data volume increased, the RMSE curve of the velocity of ESKF-YOLOv5s 
decreased from 0.21 to 0.13; EKF-YOLOv5s decreased from 0.39 to 0.31; ESKF-LiDAR decreased from 0.33 to 0.24; 
Transformer-LiDAR reduced from 0.29 to 0.21. The results showed that the RMSE of the ESKF-YOLOv5s algorithm for 
position and velocity estimation gradually decreased with increasing data volume. Comparison showed that the ESKF-
YOLOv5s algorithm outperformed the comparative algorithm in terms of accuracy and stability of position and velocity 
estimation, with significant advantages. To further validate the accuracy of the MSF state estimation algorithm based on 
ESKF-YOLOv5s, 90 sets of data were randomly selected from the KITTI dataset and the experiment was repeated 10 
times. The estimation trajectories of the ESKF-YOLOv5s and EKF-YOLOv5s estimation algorithms were recorded, as 
shown in Fig 9.

Fig 9(a) shows the change in x-axis position, where the ESKF-YOLOv5s (blue) trajectory closely matched the 
true value (green). At data points 30 and 60, the estimated value had minimal deviation from the true value; The 

Fig 8.  RMSE curve for estimating the position and velocity of the algorithm.

https://doi.org/10.1371/journal.pone.0338917.g008

https://doi.org/10.1371/journal.pone.0338917.g008
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EKF-YOLOv5s (red) trajectory deviated significantly, with large deviations at data points 15 and 75. Fig 9(b) shows the 
change in y-axis position, where the ESKF-YOLOv5s (yellow) trajectory closely matched the true value (blue) and almost 
overlapped at data points 45 and 60; The EKF-YOLOv5s (purple) trajectory fluctuated greatly and deviated significantly, 
with prominent errors at data points 30 and 90. Comparison showed that the ESKF-YOLOv5s algorithm estimated tra-
jectories closer to real trajectories in the x and y directions, indicating better accuracy. In addition, to verify the computa-
tional efficiency of the MSF state estimation algorithm based on ESKF-YOLOv5s, 60 sets of (small-scale) and 300 sets 
of (large-scale) data were randomly selected from the KITTI dataset, and the processing speed (ms/frame) of ESKF-
YOLOv5s, EKF-YOLOv5s, Transformer-LiDAR, and ESKF-LiDAR estimation methods for data of different scales were 
recorded, as shown in Fig 10.

Fig 9.  Comparison of estimated trajectories from estimation algorithms and actual trajectories.

https://doi.org/10.1371/journal.pone.0338917.g009

Fig 10.  Processing speed of estimation algorithms across different data sizes.

https://doi.org/10.1371/journal.pone.0338917.g010

https://doi.org/10.1371/journal.pone.0338917.g009
https://doi.org/10.1371/journal.pone.0338917.g010
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Fig 10(a) shows small-scale data. The processing speed of ESKF-LiDAR algorithm remained stable at 12ms/frame, 
with the highest efficiency; The processing speed of ESKF-YOLOv5s algorithm remained at 18ms/frame, with small fluctu-
ations and overall stability; The processing speed of EKF-YOLOv5s algorithm was 20ms/frame; The processing speed of 
Transformer-LiDAR was 25ms/frame, which was relatively slow. Fig 10(b) shows large-scale data. The ESKF-LiDAR algo-
rithm maintained a relatively efficient processing speed of 9ms/frame; The processing speed of ESKF-YOLOv5s algorithm 
was 16ms/frame; The processing speeds of EKF-YOLOv5s algorithm and Transformer-LiDAR algorithm were 18ms/frame 
and 24ms/frame, respectively. Overall comparison showed that regardless of whether it was small-scale or large-scale 
data, ESKF-LiDAR had the best processing speed, followed by ESKF-YOLOv5s, showing differences in computational 
efficiency among different algorithms in MSF state estimation. This also indicated that due to the influence of multi-sensor 
data, the processing ability of ESKF-YOLOv5s algorithm was lower than that of ESKF-LiDAR algorithm with a single 
sensor. However, ESKF-YOLOv5s algorithm had more advantages in multi-data processing speed, and ESKF-YOLOv5s 
algorithm provided reference for the efficiency selection of algorithm practical applications.

To verify the generalization ability of the MSF state estimation algorithm based on ESKF-YOLOv5s, the ESKF-
YOLOv5s, ESKF-YOLOv8n, ESKF-YOLOv7-tiny, EKF-YOLOv5s, and YOLOv5s algorithms were selected for experi-
ments. 240 groups of samples were selected from the KITTI data set (conventional urban roads) and the NuScenes data 
set (complex cities) to test and record the parameter amount (M), inference time (ms/frame), energy consumption (W), 
and mean average precision (mAP) of the algorithm. The mAP index adopts the evaluation standard with an IoU threshold 
of 0.5 (mAP@0.5), as shown in Table 2.

According to Table 2, ESKF-YOLOv5s had the same parameter amount as EKF-YOLOv5s and YOLOv5s (7.2M), 
which was slightly higher than ESKF-YOLOv8n (6.1M) and lower than ESKF-YOLOv7-tiny (8.9M). On the KITTI data set, 
the inference time of ESKF-YOLOv5s (18.5ms/frame) was higher than ESKF-YOLOv8n (16.2ms/frame) and YOLOv5s 
(17.8ms/frame), and was lower than ESKF-YOLOv7-tiny (22.7ms/frame) and EKF-YOLOv5s (20.3ms/frame). On the NuS-
cenes dataset, their inference time (20.1ms/frame) still maintained a relative advantage, only higher than ESKF-YOLOv8n 
(17.9ms/frame), and was lower than the other three algorithms. The energy consumption of ESKF-YOLOv5s was at a 
medium level on both data sets; ESKF-YOLOv5s had the highest mAP@0.5 on both data sets, the KITTI data set (0.89) 
and the NuScenes data set (0.85). The data shows that the ESKF-YOLOv5s algorithm has a balanced performance in 
parameter quantity, inference time, energy consumption, and detection accuracy, and shows excellent performance on 
different scene data sets, with outstanding generalization ability.

3.2  Practical application scenarios and scenario adaptability analysis

To verify the effectiveness of the MSF state estimation algorithm based on ESKF-YOLOv5s in practical application sce-
narios, EKF-YOLOv5s, YOLOv5s, Transformer-LiDAR, and ESKF-LiDAR state estimation systems were selected for 
comparative experiments. The RMSE, Mean Squared Error (MSE), and Structural Similarity Index Measure (SSIM) of the 
algorithm were tested in dynamic and static scenarios, respectively, as shown in Table 3.

Table 2.  Comparison of algorithm metrics.

Algorithm KITTI NuScenes

Parameter quantity Time Energy mAP@0.5 Parameter quantity Time Energy mAP@0.5

ESKF-YOLOv5s 7.2 18.5 85.3 0.89 7.2 20.1 88.7 0.85

ESKF-YOLOv8n 6.1 16.2 81.5 0.86 6.1 17.9 84.3 0.81

ESKF-YOLOv7-tiny 8.9 22.7 90.1 0.84 8.9 24.5 93.5 0.79

EKF-YOLOv5s 7.2 20.3 87.6 0.82 7.2 22.5 90.2 0.76

YOLOv5s 7.2 17.8 83.2 0.78 7.2 19.6 85.8 0.71

https://doi.org/10.1371/journal.pone.0338917.t002

mAP@0.5
mAP@0.5
mAP@0.5
mAP@0.5
https://doi.org/10.1371/journal.pone.0338917.t002
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According to Table 3, the RMSE (0.23) and MSE (0.15) of ESKF-YOLOv5s in dynamic scenes were lower than 
ESKF-LiDAR (0.27, 0.21), YOLOv5s (0.35, 0.32), Transformer-LiDAR (0.29, 0.23), EKF-YOLOv5s (0.25, 0.18). The 
SSIM (0.92) of ESKF-YOLOv5s was higher than other algorithms; In static scenarios, the RMSE (0.12) and MSE (0.08) 
of ESKF-YOLOv5s were optimal, and the SSIM (0.95) was also higher than EKF-YOLOv5s (0.90), YOLOv5s (0.82), 
Transformer-LiDAR (0.93), and ESKF-LiDAR (0.94). The comparison results showed that ESKF-YOLOv5s performed bet-
ter in state estimation than the comparison algorithms in multiple scenarios, especially in dynamic scenarios where accu-
racy, stability, and map quality were significantly improved. At the same time, it also had significant performance in static 
scenes. To further verify the reliability of the MSF state estimation algorithm based on ESKF-YOLOv5s, a two-tailed t test 
was used, and the significance level α = 0.05 was set. Taking ESKF-YOLOv5s as the experimental group, EKF-YOLOv5s, 
YOLOv5s, Transformer-LiDAR, and ESKF-LiDAR as the control groups respectively, it tested whether the difference in 
position RMSE and MSE between the two groups of algorithms in dynamic and static scenes is statistically significant 
(p < 0.05 means the difference is significant), as shown in Table 4.

According to Table 4, in dynamic and static scenarios, the p values of RMSE and MSE comparing ESKF-YOLOv5s 
with EKF-YOLOv5s, YOLOv5s, Transformer-LiDAR, and ESKF-LiDAR were all less than 0.05. The data shows that the 
accuracy advantage of ESKF-YOLOv5s has significant statistical significance. To verify the anti-interference ability of the 
MSF state estimation algorithm based on ESKF-YOLOv5s, experiments were conducted in environments with Signal-to-
Noise Ratios (SNR) of -10dB, -5dB, 0dB, 5dB, and 10dB. The RMSE, Absolute Trajectory Error (ATE), and SSIM of the 
estimation algorithms based on ESKF-YOLOv5s, EKF-YOLOv5s, Transformer-LiDAR, and ESKF-LiDAR were measured, 
as shown in Fig 11.

In Fig 11(a), as the SNR increased from -10dB to 10dB, the RMSE value of ESKF-YOLOv5s decreased significantly 
from 1.17 to 0.45; The RMSE curve of EKF-YOLOv5s gradually decreased from 1.39 to 0.77; The RMSE of Transformer- 
LiDAR decreased from 1.68 to 1.33; The RMSE of ESKF-LiDAR decreased from 1.43 to 0.99. In Fig 11(b), as the SNR 
changed, the ATE value of ESKF-YOLOv5s decreased from 2.07 to 0.66; EKF-YOLOv5s reduced from 2.57 to 0.93; The 
ATE of Transformer-LiDAR decreased from 2.85 to 1.21; The ATE curve of ESKF-LiDAR continued to decrease from 2.65 
to 1.06. In Fig 11(c), as the SNR increased, the SSIM of all algorithms increased, with the ESKF-YOLOv5s algorithm con-
sistently having the highest SSIM. In summary, under different noise environments, the optimization amplitude of RMSE, 

Table 3.  Analysis of the estimation system’s performance in real-world application scenarios.

System Dynamic scene Static scene

RMSE MSE SSIM RMSE MSE SSIM

ESKF-YOLOv5s 0.23 0.15 0.92 0.12 0.08 0.95

EKF-YOLOv5s 0.25 0.18 0.89 0.15 0.11 0.90

YOLOv5s 0.35 0.32 0.85 0.22 0.18 0.82

Transformer-LiDAR 0.29 0.23 0.87 0.14 0.09 0.93

ESKF-LiDAR 0.27 0.21 0.89 0.13 0.09 0.94

https://doi.org/10.1371/journal.pone.0338917.t003

Table 4.  Significance test results.

System Dynamic scene Static scene Conclusion

RMSE(p-value) MSE(p-value) RMSE(p-value) MSE(p-value)

EKF-YOLOv5s 0.032 0.028 0.035 0.025 The difference is significant

YOLOv5s 0.008 0.006 0.009 0.007 The difference is significant

Transformer-LiDAR 0.038 0.031 0.042 0.036 The difference is significant

ESKF-LiDAR 0.026 0.021 0.039 0.033 The difference is significant

https://doi.org/10.1371/journal.pone.0338917.t004

https://doi.org/10.1371/journal.pone.0338917.t003
https://doi.org/10.1371/journal.pone.0338917.t004
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ATE, and SSIM of ESKF-YOLOv5s with SNR variation was better than that of the comparative algorithm, and its anti-
interference performance was more outstanding. To further verify the anti-interference ability of the MSF state estimation 
algorithm based on ESKF-YOLOv5s, estimation algorithms based on ESKF-YOLOv5s, EKF-YOLOv5s, and ESKF-LiDAR 
were selected for experiments, and the false positive rates of the estimation algorithms in static environment and dynamic 
target interference were recorded, as shown in Fig 12.

In Fig 12(a), as the data volume changed, the false positive rate of ESKF-YOLOv5s remained stable in the range of 
[0.020, 0.030] with minimal fluctuations. At data points 20, 40, and 60, the false positive rate was close to 0.030; The 
false positive rate of EKF-YOLOv5s fluctuated within the range of [0.039, 0.053]; The false positive rate of ESKF-LiDAR 
remained at [0.065, 0.081], with higher overall false positive rates and slight fluctuations within data points 80–100. In  
Fig 12(b), as the data volume increased, the false positive rate of ESKF-YOLOv5s showed a decreasing trend, from 0.060 
to 0.033, with a significant decrease and small fluctuations, always lower than other algorithms; The false positive rate 
of EKF-YOLOv5s fluctuated between [0.069, 0.111], although there was a slight decrease, the overall false positive rate 
was high; The false positive rate of ESKF-LiDAR fluctuated between [0.094, 0.126], with data point 20 being 0.126. The 

Fig 11.  Variation in RMSE and ATE of estimation systems across different noise environments.

https://doi.org/10.1371/journal.pone.0338917.g011

https://doi.org/10.1371/journal.pone.0338917.g011
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downward trend was not significant, and the false positive rate was also higher than that of ESKF-YOLOv5s. The exper-
imental results showed that ESKF-YOLOv5s had better false positive rate control, significantly better anti-interference 
ability and state estimation robustness. In addition, to verify the stability of the MSF state estimation algorithm based on 
ESKF-YOLOv5s, 15 repeated tests were conducted in noisy and dynamic target interference environments. The packet 
loss rates of the estimation systems based on ESKF-YOLOv5s, EKF-YOLOv5s, Transformer-LiDAR, and ESKF-LiDAR 
were detected and recorded as the computational complexity increased, as shown in Fig 13.

In Fig 13(a), as the computational load increased, the packet loss rate of ESKF-YOLOv5s decreased from 
1.12% to 0.53%, with a clear downward trend and the lowest value; ESKF-LiDAR decreased from 2.50% to 1.42%; 
Transformer-LiDAR decreased from 2.92% to 1.80%; EKF-YOLOv5s decreased from 2.20% to 1.07%, and the packet 

Fig 12.  Estimated false positive rate of the system under different dynamic target interferences.

https://doi.org/10.1371/journal.pone.0338917.g012

Fig 13.  Estimated packet loss rate of the system in different environments.

https://doi.org/10.1371/journal.pone.0338917.g013

https://doi.org/10.1371/journal.pone.0338917.g012
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loss rates of the latter three were higher than ESKF-YOLOv5s. In Fig 13(b), as the computational load increased, the 
packet loss rate of ESKF-YOLOv5s decreased from 1.78% to 1.07%, with a continuous decrease and small fluctuations; 
ESKF-LiDAR decreased from 2.78% to 1.77%; Transformer-LiDAR decreased from 3.17% to 2.25%; EKF-YOLOv5s 
decreased from 2.40% to 1.65%. In summary, under both interference environments, the packet loss rate of ESKF-
YOLOv5s decreased with increasing computational load, and its value was lower than other algorithms. It performed 
better in stability testing, and the stability of MSF state estimation algorithm was more prominent. To verify the stability of 
the MSF state estimation algorithm based on ESKF-YOLOv5s, the experiment set up the robot to conduct 15 repeated 
experiments in different terrain environments A1, A2, A3, A4, and A5, recording the corresponding estimated and actual 
positions, as shown in Table 5.

According to Table 5, among the five terrain environments A1-A5, the error in A1 environment was the smallest (0.03), 
the error in A3 environment was the largest (0.16), and the errors in other environments were in the range of [0.08, 0.13]. 
Overall, the environmental errors are at a relatively low level, indicating that the algorithm has controllable position estima-
tion bias in diverse terrains, demonstrates good stability, and can adapt to state estimation in different terrains.

4  Discussion

Experimental verification showed that the performance of ESKF-YOLOv5s was significantly better than the compared 
algorithms. From the perspective of state estimation methods, the measurement sequence fusion method proposed by W. 
Liu et al focused on situations where the probability distribution of noise was unknown. With the unique region family con-
struction and measurement value temporal fusion strategy, it achieved high accuracy and good time performance in turbo-
fan engine control simulation. However, this method mainly addressed noise issues and lacked effective mechanisms to 
deal with dynamic target interference in dynamic scenes. It is not as adaptable to complex scenes as the ESKF-YOLOv5s 
algorithm, which uses ESKF to fuse multi-sensor data and combines YOLOv5s to detect moving targets, and can better 
handle multi-source data and interference factors in complex environments, ensuring state estimation accuracy [26]. D. 
V. Nam et al. developed an adaptive robust state estimation scheme for autonomous mobile robots based on a frame-
work of second-class fuzzy inference systems and factor graph optimization. The experiment confirmed its accuracy and 
robustness, but the framework was relatively complex in terms of sensor fusion strategy and highly dependent on specific 
mobile robot hardware platforms. In contrast, the ESKF-YOLOv5s algorithm has a more flexible and universal way of inte-
grating LiDAR and visual sensor data. With the powerful object detection capability of YOLOv5s, it can stably improve the 
reliability of state estimation in different scenarios, and has better computational efficiency and universality performance 
[27]. Y. Luo et al. conducted research on secure fuzzy network state estimation for 2D systems, using fuzzy theory and 
various analysis techniques to derive error dynamics and ensure safety. However, this method is limited to the specific 
structure and fuzzy theory application of 2D systems, and lacks universality in MSF and state estimation error process-
ing. The ESKF-YOLOv5s algorithm, relying on Kalman filtering and object detection technology, can be widely applied to 
various multi-sensor systems, and has more advantages in state estimation performance in complex scenarios [28]. The 

Table 5.  Estimated position comparison of the system across different terrain environments.

Condition Actual value Estimated value Error

x y x y

A1 10.00 5.00 9.98 5.02 0.03

A2 20.00 12.00 19.95 12.06 0.08

A3 30.00 8.00 29.90 8.12 0.16

A4 15.00 20.00 15.05 19.92 0.10

A5 25.00 15.00 25.10 15.08 0.13

https://doi.org/10.1371/journal.pone.0338917.t005

https://doi.org/10.1371/journal.pone.0338917.t005
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ESKF-YOLOv5s algorithm focuses on state estimation in multi-sensor systems, and its object detection serves the overall 
state estimation needs. It can further optimize detection results using multi-sensor data and has stronger collaborative 
processing capabilities for object detection and state estimation in complex multi-source data fusion scenarios.

In summary, ESKF-YOLOv5s stands out in the field of multi-sensor system state estimation due to its SF strategy for 
multi-sensor data and its ability to detect moving targets. It demonstrates significant performance advantages in state 
estimation tasks in complex dynamic scenes by integrating the SF framework with YOLOv5s. Applying it to localization, 
mapping, and dynamic interference processing in scenarios such as robot autonomous driving and special operations is 
feasible and effective. Compared with other algorithms, ESKF-YOLOv5s is driving multi-sensor state estimation technol-
ogy towards more accurate and intelligent directions in terms of applicable scenarios, problem-solving entry points, and 
technical implementation paths. Future research can further explore the integration of the advantages of these algorithms 
to cope with more complex and diverse practical application scenarios.

5  Conclusion

An SF-based multi-sensor system state estimation algorithm was proposed to address the problems of noise interfer-
ence, sensor data loss, and motion target interference faced by robot multi-sensor systems in dynamic scenes. The 
YOLOv5s object detection model was then fused to construct an SF odometer adapted to complex dynamic environ-
ments, effectively improving the accuracy, stability, and anti-interference ability of robot state estimation. In the accuracy 
test of multi-sensor state estimation, data was selected from the KITTI dataset and compared with multiple algorithms. 
The ESKF-YOLOv5 algorithm’s estimated value (x = 18.23, y = 6.78) had an error of only 0.36 compared to the true value 
(x = 18.01, y = 6.55), which was the smallest error among all compared algorithms and significantly better than them. This 
indicated that it had a stronger accuracy advantage in dealing with nonlinear correlation and dynamic coupling prob-
lems of multi-source sensor data, laying the algorithm foundation for robot localization and mapping in complex dynamic 
environments. In the performance comparison experiment between dynamic and static scenes, the ESKF-YOLOv5s 
algorithm showed lower RMSE (0.23) and MSE (0.15) in dynamic scenes compared to other algorithms such as EKF-
YOLOv5s (RMSE = 0.25, MSE = 0.18) and YOLOv5s (RMSE = 0.35, MSE = 0.32); In static scenarios, its RMSE (0.12), MSE 
(0.08), and SSIM (0.95) were all optimal, verifying its reliability in feature extraction and state estimation tasks in different 
scenarios. In summary, the state estimation algorithm for multi-sensor systems based on ESKF-YOLOv5s has shown 
outstanding performance in accuracy, scene adaptability, and anti-interference ability, providing a new method for precise 
positioning, stable navigation, and safe operation of robots in fields such as autonomous driving and special operations.

6  Limitations and future work

In summary, there are limitations in the research, such as the limited adaptability of sensor types and the insufficient ability of 
dynamic object detection to cope with complex scenes. Subsequent research can further expand the types of sensors that can 
be adapted to provide more comprehensive technical support for multi-sensor state estimation of robots in more complex scenes.
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