& remote sensing

Article

A Railway Lidar Point Cloud Reconstruction Based on Target
Detection and Trajectory Filtering

Hao Liu ¥*, Lianbi Yao !, Zhengwen Xu !, Xianzheng Fan 2, Xiongfeng Jiao 2 and Panpan Sun 2

Citation: Liu, H.; Yao, L.; Xu, Z.;
Fan, X,; Jiao, X.; Sun, P. A Railway
Lidar Point Cloud Reconstruction
Based on Target Detection and
Trajectory Filtering. Remote Sens.
2022, 14, 4965. https://doi.org/
10.3390/rs14194965

Academic Editor: Riccardo Roncella

Received: 23 August 2022
Accepted: 30 September 2022
Published: 5 October 2022

Publisher’s Note: MDPI stays neu-
tral with regard to jurisdictional
claims in published maps and institu-

tional affiliations.

Copyright: © 2022 by the authors. Li-
censee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and con-
ditions of the Creative Commons At-
tribution (CC BY) license (https://cre-

ativecommons.org/licenses/by/4.0/).

1 College of Surveying and Geo-informatics, Tongji University, Shanghai 200092, China
2 China Railway Shanghai Design Institute Group Corporation Limited, Shanghai 200070, China
* Correspondence: 2032020@tongji.edu.cn

Abstract: The traditional railway survey adopts a manual observation method, such as a total sta-
tion measuring system. This method has high precision, but the amount of data is small, and the
measurement efficiency is low. Manual measurement cannot meet the requirements of dynamic
continuous high-precision holographic measurement during railway outages. Mobile laser scanning
is a mobile mapping system based mainly on a laser scanner, inertial measurement unit (IMU) and
panoramic camera. Mobile laser scanning has the advantages of high efficiency, high precision and
automation. However, integrating inertial navigation data and mobile laser scanning data to obtain
real 3D information about railways has always been an urgent problem to be solved. Therefore, a
point cloud reconstruction method is proposed based on trajectory filtering for a mobile laser scan-
ning system. This paper corrects the odometer data by identifying railway feature points through
deep learning and uses Rauch-Tung-5Striebel (RTS) filtering to optimize the trajectory results. Com-
bined with the railway experimental track data, the maximum difference in the east and north co-
ordinate direction can be controlled within 7 cm, and the average elevation error is 2.39 cm. This
paper applies a multi-sensor integrated mobile detection system to railway detection. It is of great
significance to the healthy development of the intelligent railway system.

Keywords: mobile laser scanning; point cloud; feature recognition; deep learning;
inertial measurement unit; multi-sensor

1. Introduction

In recent years, with the continuous advancement of China's strategy of strengthen-
ing China's transportation, the scale and speed of railway tunnel construction have made
remarkable achievements. By the end of 2020, 16,798 railway tunnels had been built and
operated across the country, with a total length of about 19,630 km, and the total mileage
of the built subway tunnels exceeds 6000 km. Railway operating enterprises attach great
importance to tunnel safety and invest a lot of manpower and material resources to carry
out disease investigation, deformation monitoring, operation and maintenance inspec-
tion, etc. [1-4]. In different stages of rail transit construction, operation and maintenance,
comprehensive testing with high precision, high reliability and high efficiency are neces-
sary to ensure operational safety.

With the continuous growth of railway operating mileage and its proportion to pub-
lic transportation, the operation and maintenance costs are high, and the demand for ef-
ficient inspection and engineering monitoring during the operation period is also increas-
ing rapidly. The traditional method uses manual inspection, total station and level to
monitor the structural deformation, but the operation efficiency is difficult to meet the
detection needs of the normal maintenance and maintenance of the super-large-scale net-
work in the future [5]. In the context of the rapid expansion of railways, the operation and
maintenance department urgently needs an efficient, precise and comprehensive
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inspection technology to replace the traditional inspection method in order to inspect the
operating tunnel during the skylight time.

In recent years, non-contact detection methods based on laser scanning have been
rapidly developed. As technology has advanced, efficient and intelligent comprehensive
detection technologies have been developed for the rail transit industry. In particular, la-
ser scanning technology has the advantages of miniaturization of equipment, measure-
ment and imaging, no need for lighting, and low operating cost. In recent years, it has
been widely used in the construction and operation of railways and subways [6-11].
Shanghai, Nanjing, Shenzhen, Guangzhou, Tianjin, Wuhan and other cities have generally
applied laser scanning technology for regular convergence and deformation surveys and
structural disease surveys. The railway mobile laser measurement system used in this
study has a fast measurement speed and richer results, and it is 5-10 times more efficient
than traditional measurement methods.

For complex scenes such as railways, relevant research institutes at home and abroad
have developed various types of orbital mobile laser scanning systems. Sturari et al. [12]
proposed a new method to mix visual and point cloud information, using a hybrid of the
Felix robot's multi-view camera and linear laser. This method is effective for railway safety
and infrastructure change detection. Stein et al. [13] used template matching and spatial
clustering to process the laser scanning data of the railway and obtained the rail detection
results through quantitative and qualitative experiments. The GRP5000 developed by
Amberg [14] in Switzerland is equipped with a PROFILER 6012 3D scanner, which inte-
grates a tilt sensor, an odometer and a displacement sensor. During the mobile scanning
process, the prism installed on the car body is tracked and measured by the total station
to obtain the absolute coordinates of the track. The point cloud results can be used for
track scanning, central axis extraction, gap analysis, boundary and deformation detection.
The VMX-RAIL mobile laser measurement system of Riegl, Austria [15] uses three high-
speed laser scanners to reduce scanning shadows and achieve 130 km/h high-speed syn-
chronous acquisition of point clouds and images. It supports third-party software for
cross-section measurement, limit measurement, asset survey, etc. Li [16] et al. measured
the high-precision 3D curves of railway tracks using a rail trolley equipped with a laser-
assisted inertial navigation system (INS)/odometer system. A model for measuring the
irregularity of the track curve was established, and the actual track irregularity was meas-
ured. SUN [17] et al. proposed a tunnel environment disease and deformation detection
system with laser scanning as the main sensor. This system provided functions such as
tunnel structure deformation and disease extraction. CHEN [18] proposed a track extrac-
tion algorithm based on generalized neighborhood height differences. Based on the track
extraction with the last track, it can accurately extract the track information of the entire
railway.

Most of the current research on POS (position and orientation system) focuses on
different types of combined navigation and odometer combined methods, filtering and
smoothing models, and precise single-point positioning technology. However, the error
characteristics of the odometer in the actual harsh environment are less involved, and
there is no mature error suppression or elimination method [19-21]. Because of the special
environment of railway tunnels with poor positioning, domestic and foreign researchers
have done a lot of research. Tsujimura et al. [22] proposed a localization scheme for tunnel
robots that rely on fixed orbits for navigation. This method utilizes a magnetic flux posi-
tion measurement system installed on the ground and underground tunnel robots to lo-
cate the robot. However, this positioning scheme is only suitable for robots with fixed
orbits, and it is difficult to achieve high dynamic continuous positioning. JING et al. [23]
achieved accurate 3D reconstruction of objects using a tunnel robot to obtain depth and
true-color images. JING et al. used an improved iterative closest point to obtain single-
point positions and assembled dense point cloud reconstruction.

In the above research on orbital mobile laser scanning systems, these systems are
costly in terms of hardware and software. Because of the large volume and weight of



Remote Sens. 2022, 14, 4965

3 of 26

measuring equipment, workers spend more time on installation and operation. The soft-
ware offers only a single mode of data processing, and the software cannot be customized
to the complex Chinese railway environment. There is no corresponding filtering method
for the odometer and INS data fusion in the POS calculation. At the same time, there is a
lack of a method to reduce the accumulation of odometer errors. Therefore, how to study
a low-cost, high-precision, and efficient railway mobile measurement system is an urgent
problem to be solved.

In this study, a mobile laser scanning system is used for data collection, and ortho-
photo images are used to realize the automatic identification of feature points and mileage
correction. The trajectory data are optimized by the Kalman filter (KF) to obtain high-
precision trajectory data.

In Section 2, we introduce the hardware and software design of the railway mobile
laser scanning system. Section 3 introduces the generation method of orthophoto, the
method of mileage and pose correction and the method of high-precision point cloud gen-
eration. Section 4 evaluates the accuracy of the railway laser scanning results. In Sections
5 and 6, future research prospects and recommendations, as well as the final findings of
this paper, are discussed.

2. Railway Mobile Laser Scanning System

In order to achieve the purpose of three-dimensional absolute coordinate measure-
ment, it is necessary to integrate the laser scanner and the position and attitude system
into the system platform. Furthermore, the instrument platform is mounted on the mobile
carrier to perform fast dynamic scanning during the carrier movement. Therefore, it is
necessary to design a set of railway mobile laser scanning devices in-house. The self-de-
veloped system integrates two-dimensional cross-section laser scanners, INS, panoramic
cameras, and a tablet into a mobile carrier that can run on the track.

Considering the ease of installation and disassembly of the platform, the occlusion of
the camera’s field of view, the occlusion of the Global Navigation Satellite System (GNSS)
antenna, and the stability of sensor installation, a multi-sensor integration box is designed.
The platform integration design is shown in Figure 1, which mainly includes: GNSS an-
tennas, panoramic camera, laser scanner, tablet, and IMU. 10 mm aluminum alloy plates
splice the main structure, and each plate has a weight reduction design. The outside is
bent and welded by stainless steel plates to reduce exposed screws. The raw materials of
each component must meet the requirements of lightweight and high rigidity. The data of
scanner, INS, panoramic camera, and mileage are collected through a tablet, which adopts
a capacitive touch screen and embedded wall-mounted installation. The present invention
completes the startup of the device, the expansion of the power supply, and the transmis-
sion and downloading of data through the control panel, thereby simplifying the data
transmission process. In the present invention, the scanner is fixed in the instrument case
through the threads on both sides, which is convenient for installation and disassembly.
A threaded interface is designed on the base of the instrument, which is suitable for vari-
ous rail cars and official vehicles. The platform reserves total station and prism installation
interfaces, and corresponding workbenches can be added according to subsequent needs.
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Figure 1. Schematic diagram of the mobile railway inspection vehicle, including a laser scanner,
IMU, GNSS antenna, a tablet, an odometer, and the panoramic camera.

The laser scanner selected in this paper is the German Z+F 9012 section scanner,
which adopts the principle of laser ranging, emits laser pulses to the target surface, and
records information such as distance, angle, and reflection intensity. To achieve fast and
high-density acquisition of a large number of point cloud data of objects, the scanning rate
of the system exceeds 1 million points per second, the maximum scanning speed is 200
rpm, and the distance resolution is 0.1 mm.

The inertial navigation system used in this article is the XD300A-DGI, which consists
of a cost-effective closed-loop fiber optic gyroscope, an accelerometer, and a high-end
GNSS receiving board. The bias stability of the inertial accelerometer is 5 x 10° g, and the
bias stability of the gyro is 0.02°/h. The IMU consists of three accelerometers and three
fiber optic gyroscopes. It is responsible for measuring the acceleration and angular veloc-
ity of the carrier and sending this information to the information processing circuit. The
information processing circuit utilizes the acceleration and angular velocity measured by
the inertial measurement unit for navigation and settlement. At the same time, using the
satellite navigation information received by the GNSS board as a reference, comprehen-
sive navigation is performed to correct the navigation error of the inertial navigation.

3. Methodology

This paper divides the process of target detection and trajectory filtering into four
steps: orthophoto generation, mileage localization method based on You Only Look Once
(YOLO), location update and RTS trajectory filtering, and high-precision 3D point cloud
reconstruction. The calculation flow chart is shown in Figure 2.
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Figure 2. Flow chart of data processing of railway mobile laser scanning.

3.1. Orthophoto Generation

The laser sensor emits a laser beam with a specific transmission power, and the laser
beam is reflected and scattered when it reaches the surface of the object and is received by
the laser sensor [24]. The received echo power is obtained after processing by the internal
system. The receiver converts the received power into voltage and digitally outputs an
integer value, which is the intensity value. According to the scan lines, raster grayscale
images are generated by performing projection expansion. The intensity value of the Z+F
9012 series laser scanner is stored in a 16-bit data length, and the acquired point cloud
intensity range can be exported as [0, 1] or [0, 65525] and other different grayscale ranges.

In order to highlight the difference in the point cloud intensity values of railway scan-
ning feature objects, it is necessary to enhance the acquired point cloud intensity values.
The full-scale grayscale histogram stretching method is adopted. The original intensity
range is mapped to [0, 1] through a linear change. Let Q be the laser point set, and the
original intensity value of each point is W(i), i€ Q. Get the min and max in the raw inten-
sity as follows:

. . 1

Winin = rlnelpn W (i) (1)
, 2

Winax = r?e";},x W (i) )

Linearly map it to 0 and 255, respectively, to get the stretched strength
value Wstretch(i):

255 (©)
Witreten (i) = —————— (W (i) — Wyyin)

Winax = Win
The original scanned point cloud has a small number of intensity minimum or max-
imum points. Only using this method to stretch the point cloud intensity value has certain
defects. In order to solve this defect, on the basis of stretching the full-level grayscale his-
togram, an intensity value stretching method considering the number of point clouds is
adopted. The minimum number of point clouds is used as a threshold to reduce the influ-
ence of intensity noise points. As a result, the intensity of the point cloud is firstly counted,
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the number of point clouds corresponding to each intensity value in the intensity value is
obtained, and the histogram curve is drawn. As shown in Figure 3, the minimum and
maximum strengths with points greater than the threshold are counted as the minimum
and maximum strengths of strength stretching. The intensity image is shown in Figure 4.

Points ¢
remove noise
-
___‘_.‘..n|\|||H\I\I\Ilﬂlﬁ" ’ ‘ \In..‘.,..munll\nmnmlh..ml\l\I\I‘”|||I|H||H||I|m.
I 2000 » Intensi
0 165 255 ntensity

Figure 3. Removal of unusual parts of the intensity values (red parts) by intensity histogram filter-
ing.

(@) (b)

Figure 4. Intensity image generated from partial railway point cloud data:(a) Before intensity filter-
ing;(b) After intensity filtering.



Remote Sens. 2022, 14, 4965

7 of 26

A depthimage, also known as a range image, refers to an image that uses the distance
from the image collector to each point in the scene as a pixel value. The laser scanning
system realizes the calculation of the depth image by comparing the time delay or phase
of the transmitted signal and the received signal.

Firstly, the discrete laser point cloud data are resampled by the regular grid to obtain
a digital depth (distance) matrix. Resampling is a method to determine the pixel value for
any unknown point based on the four adjacent known pixel points. The pixel value of the
unknown point is obtained by a first-order linear calculation in the horizontal and vertical
directions. Different depth values are grayscale quantized and stretched. Taking this as
the pixel value, we get a depth image that only contains the distance information. In this
imaging process, interpolation errors are generated during resampling. For fewer errors,
adaptive filtering of the resulting depth image is required.

Adaptive filtering is the process of dividing an image into sub-blocks and detecting
the noise by applying it to the pixels in each sub-block. After adaptive filtering, the noise
in the original image is suppressed, the main features of the image become more obvious,
and the depth image is shown in Figure 5.

(@) (b)

Figure 5. Depth image generated from partial railway point cloud data:(a) Before adaptive filter-
ing;(b) After adaptive filtering.

The point cloud intensity filtering eliminates the influence of some external factors
on the intensity value so that the point cloud intensity value is only related to the target
reflectivity, which can improve detection accuracy. On the other hand, the distribution
range characteristics of point cloud laser intensity values have been clarified by scanning
various objects. The processing of point cloud depth images is mainly to enhance the ex-
pression of characteristic structures through image processing. Adaptive filtered images
are used for target classification and identification based on geometric and spatial features
of the structure.



Remote Sens. 2022, 14, 4965

8 of 26

3.2. Mileage Correction
3.2.1. YOLO Target Detection

At present, the method of mileage value acquisition is mainly based on an odometer.
But the accuracy of the odometer is easily affected by complex environments such as
wheel slippage, detection speed, and rail wear, resulting in cumulative errors in measure-
ment results [25]. In this study, the deep learning YOLOv3 target detection algorithm is
used to extract regular feature points such as fasteners in the orthophoto. The method of
equal-spaced correction is used to reduce the cumulative error effect caused by abnormal
mileage values.

As one of the representative detection networks in the field of object detection, the
YOLOV3 model is widely used in the field of rapid detection of small objects. YOLOvV3 is
a target detection algorithm with both accuracy and speed. It inherits and integrates the
network structure of other target detection algorithms so that its overall performance has
reached a high level. Its network structure is shown in Figure 6 [26-28]. As YOLOvV4,
YOLOV5, and others, have also been proposed one after another, it has been proved that
the YOLO algorithm still has great potential for improvement [29,30].

Since the track fasteners to be identified are small object targets, the input of the net-
work is modified from 416x416x3 to 533x533x3, and the resolution improvement is bene-
ficial to retain more useful information. The multi-scale fusion operation of the feature
pyramid is realized through multiple convolutions and up-sampling functions between
the scale feature maps.YOLOv3 not only deepens the network depth through a large num-
ber of residual structures but also uses various methods such as feature fusion, multi-scale
prediction, and bounding box regression to achieve a great improvement in detection
speed and accuracy.

| DBL | Rest }f Res2 |

7 _ Concat DBL | Conv |+ Feal

oot | ups DBLS DBL [ Conv H Fea2
Res4 H DBLS | DBL | conv | Feas

Figure 6. YOLOv3 network structure.

The relationship between the YOLOvV3 target box and the prior box is shown in Fig-
ure 7. YOLOV3 does not directly predict the position and size of the target but obtains the
offset of the grid cell of the feature map by regression to determine the target's center
position. The size of the target is determined according to the scale factor of the target box
size relative to the prior box.
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Cy

Figure 7. Bounding boxes with dimension priors and location prediction.

The regression formula is:

b, = o(ty) +cy @
b, =a(t,) +c, ©)
b, = p, et (6)
by, = ppet @)

In the formula, (cy, ¢, ) represents the center coordinates of the preset bounding box
on the feature map; (py,pn ) represents the width and height of the prior box on the fea-
ture map; (t,,t,) represents the offset of the prediction center relative to the grid point;
(tw,tn ) represents the predicted bounding box width and height scaling ratio;
(bw, bp, by, b)) represents the final predicted target bounding box; o represents the use of
an activation function to scale the prediction offset into the interval 0 to 1.

In order to improve the speed of model training, the K-means method is used to per-
form cluster analysis of the data set, and the initial prediction frame parameters that are
closer to the detection target in the orthophoto image are obtained. During the training
process, in order to prevent overfitting caused by too many iterations, a loss value protec-
tion function is added to improve the stability of model training.

3.2.2. Performance Evaluation Indicators

The loss function is an important indicator for evaluating the model's performance.
During the model's training process, the parameters in the network are continuously ad-
justed, and the value of the loss function loss is optimized to minimize the model's value
to complete the model's training. The loss function of YOLOV3 consists of three parts,
including confidence loss (Lcons), class loss error (Lgq) and localization loss (L),
A~ A3+ A3 arebalance weight coefficients. The loss function can be specifically expressed
by the following formula:

L(O' o, P' b, l' g) = /11Lconf + /12Lcla + /13Lloc (8)

The target confidence loss (L¢ony) is expressed as:
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Li(0,p) = = Y (o;In(p' ) + (1 0ln (1 = p') ©)
p'i = Sigmoid(p;) (10)
In the formula, p; represents the confidence score, and oi represents the ratio of the

predicted box to the ground-truth box.
The target class loss (L;,) is expressed as:

Lyo(0,P) = — Z Z 0y In(P'}) + (1= 0;))in (1 - P})) (11
i€ePos jecla

In the formula, Oij represents the binary cross-entropy loss, and Pij represents the
probability of the existence of the j-th object in the predicted object bounding box.
The target localization loss is expressed as:

Lioc(Lg) = Z Z (" — g™)? (13)
i€Pos mefx,y,w,h}

In the formula, I[" represents the value of the coordinate offset processed by the ac-
tivation function, and g;" represents the coordinate offset between the real frame and the
default frame.

The algorithm test in this paper uses Mean Average Precision (mAP), Recall, and Pre-
cision to evaluate the performance of the algorithm. The evaluation formulas are:

fo AP (14)
m
In the formula, AP represents the accuracy rate corresponding to each target, and m

represents the total number of target object categories.

mAP =

TP (15)
Recall = m
TP (16)
p .. —
recision —TP TFP

In the formula, TP is the positive detection rate, that is, the calibration is a positive
sample, and the actual detection is also a positive sample; FP is the false detection rate,
that is, the calibration is a negative sample, and the actual detection is a positive sample.
EN is the missed detection rate; it is calibrated as a positive sample, and the actual detec-
tion is a negative sample.

The target detection system filters out useless target boxes below the threshold ac-
cording to the settings of the confidence threshold and the intersect over the union thresh-
old. If the threshold is too high, it may cause some real targets to be filtered out and
missed. If the threshold is set too low, some targets for model error detection will not be
filtered out and will be treated as normal targets. This paper selects the best confidence
threshold through multiple tests. When the confidence threshold is 0.50, and the intersect
over union threshold is 0.55, more targets are correctly detected, and no false targets occur.
Finally, we use the above thresholds for model training to ensure that more correct targets
are detected.

3.2.3. Mileage Constraints and Positioning

Due to the complex environment of mobile scanning, the YOLO target detection al-
gorithm has certain errors, and only deep learning cannot extract all the coordinate infor-
mation of feature points. Therefore, this paper first adopts the method of distance cluster-
ing to segment the target set of fasteners identified by deep learning. If the number of
targets in the clustering set is less than three, the set is not calculated. This method can
effectively eliminate the feature information that is wrongly identified and count the num-
ber of missing feature points. Secondly, the missing fastener feature points are comple-
mented using Lagrangian interpolation, and their coordinate values can be expressed as:
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y(©) = Z <H <§,~ :i)) Vi (17)

j=0 i=0

J#l

In the formula, t is the missing feature node; p0, p1, p2, ..., pn are the feature points
obtained by clustering. y0, y1, y2, .., yn are the abscissa values in the pixel coordinate
system corresponding to the cluster feature points.

According to the obtained abscissa information of the feature points and the starting
and ending mileage information of the measurement interval, the accurate mileage value
corresponding to each feature point can be obtained, which solves the problem that the
image coordinates do not match the actual mileage in the mobile measurement. The main
calculation process is as follows:

(1) Mileage constraint: Calculate the total length D of the interval according to the
information of the starting and ending mileage plates. According to the target detection
result, the pixel interval y; of the feature point is obtained. Combined with the change
value y of the abscissa of the start and end pixels, the interval value d; of each feature
point is calculated. We obtain the mileage value between the feature points according to
the pixel value interpolation method:

y.
di =di_;+ ;‘ *D (18)

In the formula, D represents the length of the known start and end points, and d;
represents the mileage value of the feature points identified by target detection. y repre-
sents the pixel interval between start and end points, y; represents the pixel interval of
consecutive feature points.

(2) Initial positioning: Starting from the initial feature point mileage, iteratively accu-
mulate the interval values of each feature point to obtain the mileage value of each feature
point. According to the position of the pixel in the pixel interval m;, we obtain the mileage
value of the pixel point s';:

o m;
sy =diy +—xd; (19)
Yi

In the formula, s’; represents the initial mileage of any pixels, and m; represents the
pixel values within adjacent feature points.

(3) Speed analysis: According to the scanning frequency f of the laser scanner, the
time interval T; of the scanning line is calculated. The corresponding speed v'; is ob-
tained based on the finite element method, and the mean filtering method is used to fur-
ther optimize the speed value. The influence of the noise in the system on the speed value
is weakened, and the speed value v; of the moving carrier in each period is obtained.

vy =" = s"i-)/T; (20)
v =g’ w) @D

In the formula, g represents the mean filter, and w represents the window size of
mean filtering. T; represents the time interval between adjacent scan lines, v'; repre-
sents the initial velocity value, and v; represents the filtered velocity value.

(4) Mileage correction: Correct the initial mileage value according to the optimized
speed value to obtain the final mileage value s,,.

Sy, = Z M; = Z v;T (22)

n n
=0 =0

In the formula, M; represents the mileage value of adjacent pixels after filtering, and
s, represents the mileage value of the target point after filtering.
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3.3. Inertial Navigation Data Processing Model
3.3.1. Location Update Algorithm

Dead reckoning is a technology that uses the known position, combined with the
moving speed and bearing, to estimate the existing position [31]. Because it does not need
to receive external signals, it is suitable for estimating the position of the mobile measure-
ment system in the position without a GNSS signal. Furthermore, we can form an inertial
navigation system with the data of the GNSS navigation data to overcome the shortcom-
ing that the accumulated error will increase with time.

When the inertial navigation data are used as the original data for position update,
the attitude update adopts the quaternion algorithm, and the formula is as follows:

Q(490, 91,92, 93) = qo + 41l + 42j + g3k (23)
In the formula, qo, ¢4, g2, q3 are real numbers, i,j,k are both mutually orthogonal
unit vectors and imaginary units v—1.
The projection of the carrier measured by the accelerometer relative to the inertial
frame into the local coordinate system, namely:

f?b (tk+1) ~ %(Ci (tk) + Cle; (tk+1))f?b (tk+1) (24')
In the formula, f%, (t,,,) represents the specific force output of the accelerometer,
and f§,(tys1) represents the specific force projected to the local coordinate system.
C;(tx+1) and Cj(t;) represent the pose matrices of two adjacent moments, respectively.
Using rectangular integration for the velocity differential equation gives:

Ve(tien) = V() + [ (£, (6) — 205, ve (6) + g° (D)dt
= Ve (ty) + (£ (tern) — 205, v (t) + 8°(6))At

In the formula, v®(t,.,) represents the velocity of the motion carrier obtained in the
current epoch, v®(t) represents the velocity of the motion carrier in the previous epoch,
At represents the epoch interval, Qf, is an obliquely symmetric matrix formed by the an-
gular velocity of the carrier rotating relative to the local geographic coordinate system,
and g° represents the local gravity vector at the location of the carrier.

It is easy to derive from the position differential equation:

t
r(tisn) = r°(60) + [ ve(Odt (26)
Usually using trapezoidal integration to solve the above equation, we get:

(25)

P (ten) = 14000 + (v (00 + v (60) 5 @)

In the formula, r¢(t;) and ré(t.,) represent the position of the motion carrier at ad-
jacent times.

For the case of fusion calculation of odometer and inertial navigation data, it is nec-
essary to use vehicle non-integrity constraints to assist in the calculation. For the conven-
ience of research, the odometer measurement coordinate system is established, the y-axis
is in the ground plane in contact with the carrier wheels and points to the front of the
vehicle body, the z-axis is perpendicular to the ground plane and is positive, and the x-
axis points to the right. Assuming that the carrier trolley does not drift, derail, and shake
up and down when the vehicle runs as normal on the railway, the sky and lateral velocities
can be set to 0 as constraints. According to the above definition, the speed output of the
odometer in the navigation coordinate system can be obtained:

v =[0 vy 0] (28)
vl = G vl (29)

In the formula, vp represents the forward speed of the odometer, v}l represents the
speed vector of the odometer in the odometer coordinate system, and vy represents the
speed vector of the odometer in the navigation coordinate system.
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The components of the odometer in the east, north, and sky directions of the naviga-
tion system are:

VopgE = —VopC0sOsing
VopN = Vopcosfcosp (30)
Vopuy = UODSine

3.3.2. Installation Declination Error

In the inertial navigation system, the velocity measured by the odometer is usually
projected to the inertial navigation coordinate system. In practical applications, the odom-
eter coordinate system and the inertial navigation coordinate system often do not coin-
cide, and an installation error needs to be calibrated and compensated, as shown in Figure
8.

Figure 8. Installation declination error of the odometer coordinate system and the inertial navigation
coordinate system.

Assuming that the transformation matrix between the odometer coordinate system
and the inertial navigation coordinate system is Cg, @. . y represent the pitch angle,
roll angle, and heading angle of the odometer coordinate system relative to the inertial
navigation coordinate system. The attitude matrix is:

Ci1 C12 Cy3
Cy=|Ca1 C2 Cp3
C31 C32 Cs3 31
33 . o . (31)
cos ffcos y —sin asin Bsin y cos fsin y + sin asin fcos y —sin fcos a
= —cos asin y CcOSs acos y sin a

sin Scos y + sin acos Bsin y sin Ssin y — sin acos fcos y  cos acos f§
In the case that the three installation error angles are all small angles, the above atti-
tude matrix can be simplified as follows:

1 vy -B
ci=|-r 1 a l (32)
f —a 1
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Let o =[a B y]7, then:
B=(c)) =U+ex (33)
In the formula, I is the identity matrix; ¢x represents the cross-product antisymmetric
matrix constructed by each component of .
The projection of v on the inertial navigation coordinate system is:

v = Chvd = (I + @ x)v? = v + (@ x)v! (34)
Arrange to get:
0 0 -vp
W—vi=(-vix)p=|0 0 0 [¢ (35)
vp O 0

The speed of the vehicle in the navigation system can be obtained from the inertial
navigation system output and the attitude transformation matrix CP is obtained from the
inertial navigation output. Taking the quantity on the left side of the equal sign in the
formula as the measured value and ¢ as the estimated value, the corresponding state can
be estimated by the recursive least squares method.

3.3.3. RTS Filtering

A Kalman filter is an estimation method. Kalman filtering can estimate parameters
in the system in real-time, such as continuously changing position and velocity, among
others. The estimator is updated with a series of noise-contaminated observations, which
must be a function of the parameter to be estimated, but may not contain enough infor-
mation to determine a unique estimate over a given time.

After obtaining adequate information, the Kalman filter uses prior knowledge, such
as deterministic and statistical properties of system parameters, as well as observations to
obtain the optimal estimate, which is a Bayesian estimate. On the basis of the provided
initial estimates, the Kalman filter performs a weighted average of the prior values and
the new values obtained from the latest observation data through recursive operations to
obtain the latest state estimates [32]. In order to achieve the optimal weighting of data, the
Kalman filter has estimation uncertainty and can give the correlation measure between
estimation errors of different parameters. This is achieved with step-by-step iterations of
parameter estimation, which also incorporates the uncertainty of observations due to
noise.

Since the 3D point cloud generation based on multi-sensor fusion uses the original
data to estimate the trajectory position error as the observation update of the Kalman fil-
ter, when there is an observation update, the error of the position estimation and its co-
variance is tiny. However, due to the existence of residual systematic errors, the position
measurement estimation error and its covariance between two observation updates will
gradually increase with time. In order to obtain a high-accuracy position estimate in the
whole measurement process, it is necessary to make full use of all observations to update
the constraint error through an appropriate algorithm, which is a typically fixed interval
smoothing problem. In the fixed interval smoothing algorithm, the commonly used meth-
ods mainly include the forward and backward Kalman filter smoothing algorithm and the
RTS smoothing algorithm. The two algorithms are equivalent in theory, and the RTS
smoothing algorithm is relatively simple to implement. In this paper, the RTS smoothing
algorithm is used to process the data in the orbit measurement interval [33-35].

The RTS smoother consists of a typical forward Kalman filter and a reverse smoother.
After each system propagation and observation update, the system state vector, error co-
variance matrix, and state transition matrix are recorded. After the data reaches the end,
the data is smoothed from the endpoint to the start point in the reverse direction. The
calculation flow of the RTS smoothing algorithm is shown in Figure 9:
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Figure 9. RTS smoothing algorithm flow.

The forward filtering of the RTS smoothing algorithm is a typical Kalman filter, and
the smooth estimated value of the state vector is a weighted combination of two filtering
estimated values. The calculation process is as follows:

Xop=F*Xeay (36)

Pl =Fy* Py * T+ TQ LT (37)

Koy = Py« By [Hy * POy« H + R, (38)
Xep = Xip + Ky % [Z, — Hy * Xi] 39)
(40)

Pt,fz[I_Kt*Ht]*PtTf

In the formula, X, rand P represent the optimal filter estimation value and its co-
variance matrix of the forward filtering state vector at time t, X;r and P, represents the
optimal one-step predicted value of the state vector and its covariance matrix at time t of
the forward filtering, H, is the observation matrix at time t, and K, is the optimal gain
matrix of the forward filtering at time t. F, represents the system state transition matrix,
which can be obtained from the system error matrix A4;, and I} isthe discrete noise matrix
at time t of the forward filter.

The inverse smoothing process can be expressed as:

. 41
Kip = Pejg* FtT * (Pt+1,f) “h

_ 42

Xep = Xep + Kepp * [Xt+1,b - Xt+1,f] “2)
(43)

- T
Pep = Peop+ Kep * [Peyrp — Plaa gl * Kep

In the formula, X;, and P, are the optimal smoothing estimation value and its er-
ror covariance matrix of the RTS smoothing algorithm at time t. K, is the optimal
smoothing gain matrix of the RTS smoother at time ¢.

3.4. High-Precision Point Cloud Generation

One of the keys to multi-source data fusion of mobile scanning systems is time reg-
istration. First, the field data acquisition achieves zero-time identity through the synchro-
nous control of integrated acquisition software. In the post-processing process, the data
matching of the adjacent moments is carried out through the phase time interval to realize
the consistency of the data, as shown in Figure 10.
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Figure 10. Fixed-time synchronization of laser scanning data and IMU data.

After the time synchronization between the sensors is completed, the relevant sensor
data under the same time reference can be obtained, and the spatial calibration of the sys-
tem hardware can unify the relevant sensor data on the same spatial reference. According
to the transformation relationship between the coordinate systems and the model param-
eters, the scan data can be converted from the scanner coordinate system to the vehicle
body coordinate system by using the calibration parameters of the system. Combined with
the position and attitude data of the vehicle body coordinate system with the GNSS an-
tenna phase center as the origin of the coordinate system calculated by the INS, the
scanned data can be converted from the vehicle body coordinate system to the data in the
absolute coordinate system. Finally, the 3D point cloud data based on the absolute coor-
dinate system is obtained by completing the fusion processing of multi-source data.

The point cloud calculation formula for converting the point cloud data from the
scanner coordinate system to the absolute coordinate system is:

Xcl  [AXge AXqB X
Yc| = |AYsc |+ Rpc(|AYqE [ + Ry le) (44)
7l 1azg, AZgg zq

In the formula, (xQ, Yo ZQ)Tis the section coordinates based on the scanner coor-
dinate system after the original Z+F 9012 scan data is parsed; the original data is recorded
by the inertial navigation system. Combined with the body trajectory position parame-
ters(AXpc,AYge, AZpc)T, the rotation matrix Rp. is provided by the combination of three

attitude angles (yaw, pitch, roll); The translation matrix (AXQB,AYQB, AZQB)Tand rotation
matrix Ryp are obtained from the system calibration obtained from the scanner coordi-
nate system to the vehicle body coordinate system.

Through the above calculation formula, the original data obtained by the scanner can
be used to post-process the data of the inertial navigation system, combined with the
transformation principle of the coordinate system, and finally, the 3D point cloud data
based on the absolute coordinate system can be obtained.

4. Experimental Results

In order to verify the feasibility and stability of the railway mobile scanning system,
in this study, the data acquisition and processing analysis test was carried out at the track
comprehensive test site of the Jiading Campus of Tongji University, as shown in Figure
11. The total mileage of the test area is about 200 meters, and multiple control points are
arranged in the middle of the test site as known points. In this study, multi-sensor inte-
gration was carried out at the test site, and a base station was established in an open area.
The above-mentioned railway mobile laser scanning hardware integration system is used
to collect and record the data of the scanner and the inertial navigation system and com-
plete time synchronization for multiple data sources. The trajectory data is filtered and
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corrected by using the method proposed in this paper. The accuracy is evaluated with the
Inertial Explorer (IE) solution data. The commercial software meets the needs of mobile
measurements for high accuracy positioning and attitude processing. Finally, multiple
data are fused to obtain the railway's 3D continuous point cloud data. Furthermore, we
compare the known points measured by the total station with the coordinate points ex-
tracted from the point cloud. The accuracy of the 3D point cloud was verified through the
above experiment.

o >

Figure 11. Mobile laser scanning system in experiment environment.

4.1. Target Detection and Mileage Calibration Accuracy

To the best of our knowledge, there is no standard dataset for railway fastener train-
ing and testing. Our previous study collected thousands of kilometers of mobile laser
scanning data from Chinese railways. Then, the position of the fasteners in the laser image
was marked by the tool Label-Image. Finally, a railway fasteners dataset was established.
We randomly selected 925 images as the training data and designated the other 322 im-
ages as the testing data. After obtaining the training model, we performed target detection
on the laser-scanned images for this experiment. At the same time, the positions of the
fasteners were manually marked as the true value data to verify the target detection accu-
racy.

The precision rate of rail fasteners extracted by YOLOV3 is above 91.3%, and the re-
call rate is above 89.6%. The recognition results of some fasteners are shown in Figure 12.
Using the method of feature point completion, the missing fasteners are interpolated and
completed, and the center point position information of all fasteners in the interval is ob-
tained.
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Figure 12. Feature point recognition results.

Since the electric carrier's moving speed remains unchanged, the initial mileage po-
sitioning result and the carrier running speed in this interval are calculated according to
the mileage constraint and the positioning algorithm. In order to avoid the influence of
factors such as motion vibration and track irregularity, velocity filtering is used to opti-
mize the results. Calculate the final interval mileage positioning result according to the
optimized speed value.

The comparison results between the actual measured value and the mileage position-
ing algorithm are shown in Table 1. The mileage positioning error before filtering is within
9 cm, the mileage positioning error after filtering is about within 6 cm, and the standard
error is 0.04. The accuracy of mileage positioning is high, which can better reduce the in-
fluence of the cumulative error of the odometer and meet the accuracy requirements of
the trajectory solution.

Table 1. Mileage positioning accuracy.

Before Filtering After Filtering Error Before Error After
Truth Value (m) ery . vy e
(m) (m) Filtering (m)  Filtering (m)

YK660 + 0.97 YK0660 + 0.94 YK660 + 0.98 0.03 -0.01
YK680 +0.23 YK680 +0.19 YK680 +0.22 0.04 0.01
YK?700 + 0.69 YK700 + 0.60 YK700 + 0.63 0.09 0.06
YK?720 + 0.45 YK?720 + 0.54 YK?720 + 0.50 -0.09 -0.05
YK740 +0.28 YK740 + 0.33 YK740 + 0.27 -0.05 0.01
YK760 + 0.01 YK760 + 0.08 YK760 + 0.02 -0.07 -0.01
YK?780 + 0.98 YK780 + 0.9 YK780 + 0.94 0.08 0.04
YK800 + 0.97 YKS800 + 0.94 YKS800 + 0.98 0.03 -0.01

Standard Deviation 0.07 0.04

4.2. Trajectory Correction Results

Before the on-board test, the installation deviation angle of the inertial navigation
system was pre-calibrated by using the odometer information and the reference position
point, and the heading angle (a) = —0.4579° and the heading angle (y) = 0.5457° were ob-
tained. The calibration results show that the installation deviation angle meets the require-
ments of a small angle. After adding the installation declination error, the influence of the
system error caused by the installation can be better corrected. At the same time, the
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divergence trend of the inertial navigation trajectory over time is also suppressed, as
shown in Figure 13.

6
3.463545 ¢ 1°

Truth-value
Odo+Pos(Correction)
Odo+Pos((Raw)

3.463544

3.463543

3.463542

3.463541

3.46354

East(m)

3.463539

3.463538

3.463537

3.463536

3.463535 L L L L . .
4.718 4.7185 4.719 4.7195 4.72 4.7205 4.721

North(m) x10°
Figure 13. The influence of installation declination on the trajectory.

In order to facilitate the analysis, the deviations in the east, north, and sky directions
of the original estimated data, the RTS smoothing filter, and the ground truth data were
calculated, respectively, as shown in Figures 14-16. The solid green line represents the
RTS, and the KF error is represented by the solid red line. It can be seen from the schematic
diagram that under the same conditions, the error of RTS in the north direction is the
smallest, and the error in the east direction is relatively unstable. The instability of the
inertial navigation system and the vibration of the system may cause direction anomalies.
Except for a single outlier in the east direction, the error is below 5 cm in all other direc-
tions. Experiments show that the RTS algorithm has a better correction effect than the KF
algorithm.
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Figure 14. Comparison of northward error between the KF and RTS.
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Remote Sens. 2022, 14, 4965

21 of 26

§ IR 1
L

0 100 200 400 500 600 700

300,
Time(s)
Figure 16. Comparison of elevation error between the KF and RTS.

4.3. 3D Point Cloud Generation Accuracy

After the data collection is completed, the trajectory data is filtered and smoothed to
calculate the positioning and attitude information of the trolley trajectory on the railway
track. Combining the solution trajectory, vehicle system calibration parameters, INS in-
formation, and scanning point cloud synchronization information for the calculation, the
conversion from the relative point cloud to the geographic coordinate system is realized.
The 3D point cloud data of the railway track in the Shanghai urban construction coordi-
nate system is obtained, as shown in Figure 17.

Figure 17. 3D point cloud effect of the railway.
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After obtaining the 3D point cloud of the railway track and its surroundings, in order
to test the actual accuracy of the 3D point cloud generated by the system, this paper uses
the absolute accuracy index of the scanned point cloud to evaluate that accuracy as shown
in Figure 18. For absolute accuracy, this paper selects 23 identification points and uses the
method of total station measurement to measure the coordinates, and the measurement
accuracy can reach the millimeter level. By comparing the coordinates of the identified
points in the corresponding 3D point cloud, the corresponding coordinate difference and
statistical difference are obtained. Table 2 lists the coordinate errors of 23 orbital points.
The average error of the absolute value in the north coordinate direction of the identifica-
tion point is 0.86 cm, the maximum difference is 4.6 cm, and the standard deviation is 1.65.
The average error of the absolute value in the east coordinate direction is 1.34 cm, the
maximum difference is 6.9 cm, and the standard deviation is 2.95. The average error of the
absolute value in the elevation coordinate direction is 2.39 cm, the maximum difference is
6.33 cm, and the standard deviation is 1.77. The point error of the system is 1.6 cm, which
proves that the system's overall accuracy is high.

Figure 18. Control point signs in different images:(a) Real scene image; (b) Grayscale image; (c)
Intensity scale image.
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Table 2. Point cloud accuracy.

Point Name AN(cm) AE(cm) AH(cm)
JDO01 1.20 -0.50 -0.17
JD02 1.00 -6.90 1.13
JD03 -1.80 -1.60 1.73
JD04 0.40 -3.20 0.03
JDO05 -0.30 -6.80 0.03
JD06 -0.50 3.10 5.63
JD07 1.30 -1.20 3.73
JD08 -0.30 —-4.55 3.78
JD09 -1.50 1.10 1.23
JD10 0.80 -2.85 3.13
JD11 0.30 -5.10 3.38
JD12 -1.50 2.35 0.48
JD13 1.30 -0.60 3.98
JD14 1.60 -3.40 3.43
JD15 -0.65 -1.40 3.53
JD16 -0.30 2.70 1.93
JD17 1.75 1.45 3.13
JD18 3.10 -3.60 6.33
JD19 2.10 -2.30 0.83
JD20 1.20 2.10 0.43
JD21 2.10 0.70 1.83
JD22 4.60 1.60 3.23
JD23 3.90 -2.00 2.03

Average Deviation 0.86 -1.34 2.38
Standard Deviation 1.65 2.95 1.77

5. Discussion

In this study, the deep learning method is used to extract the track feature points, the
Lagrange interpolation is used to complete the missing feature points, and the speed fil-
tering method is used to optimize the mileage in segments. In an interval of 20 meters, the
mileage accuracy is controlled within 1 decimeter so as to reduce the influence of the cu-
mulative error caused by the odometer as much as possible. In the traditional method, it
is necessary to reduce the influence of the cumulative error caused by the slippage of the
odometer by increasing the fixing device between the trolley and the track. Still, this
method will gradually increase the error over time and reduce the work efficiency. At
present, the target detection algorithm used in this paper is YOLOv3, and more advanced
target detection algorithms such as YOLOV7 can be used in the future to obtain better
recognition accuracy and speed of track feature points.

In this paper, the RTS smoothing algorithm is used to smooth the dead reckoning
results, and the experiments show that smoothing has a great effect on improving the
accuracy of post-processing. Due to the complex and changeable railway environment,
the GNSS signal is often blocked. At this time, it is necessary to use an appropriate method
to compensate for the drift of the inertial navigation system. In addition to the smoothing
algorithm proposed in this paper, the commonly used method of dynamic zero-speed
correction can only slow down the drift speed of the error but cannot completely limit the
drift of the error. Therefore, in order to obtain better trajectory results in the subterranean
environment, it is necessary to use higher-precision IMU in the future and continue to
study and optimize the proposed IMU trajectory error model to improve the practicability
of the system.
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In the future, we will add visual sensors and simultaneous localization and mapping
(SLAM) algorithms to optimize the trajectory to adapt to complex railway environments
such as mountain tunnels. At the same time, the conversion relationship between the
measurement coordinates and point cloud coordinates based on the control points is stud-
ied, and the trajectory data is further corrected by segmental fitting to obtain a higher-
precision railway three-dimensional point cloud.

6. Conclusions

In this study, we adopt a mileage correction algorithm based on visual feature points
and use deep learning to detect objects in the generated orthophoto. Then, RTS filtering is
used to optimize the dead reckoning trajectory, and the real motion trajectory of the mo-
bile carrier is restored. The multi-source data fusion method is used to obtain the railway
point cloud data in the absolute coordinate system.

The experimental results show that the mileage correction method has good posi-
tioning accuracy and stability, and the mileage positioning error is within about 6 cm,
which provides accurate mileage results for trajectory calculation. The 3D point cloud data
is generated by combining the trajectory generated by the RTS filtering algorithm and the
scanning data. The maximum errors of the 23 coordinate points measured are all within 7
cm. The average error of the point position is 1.60 cm, and the average error of the eleva-
tion is 2.39 cm.

Different from the traditional method that uses manual detection of railways, this
paper proposes a new method using the combination of calibrated mileage and inertial
navigation data. The mileage is calibrated segmentally using visual feature points, which
avoids multiple stops of the mobile laser scanning system for calibration. It reduces the
influence of the trajectory error increasing with time in the traditional method. There is
no relevant research on this method yet.

The measurement method combined with laser scanning and inertial navigation can
quickly obtain the real 3D scene point cloud in the absolute coordinate system. The speed
and amount of information at the measuring point far exceed traditional methods. In the
future, according to the point cloud data, we can complete the extraction of railway ele-
ments, including the track centerline, contact wire, and catenary wire. Moreover, 3D mod-
els of railway buildings can be built from point cloud data. At the same time, high-preci-
sion point cloud data can help us to complete the information of infrastructure along the
route quickly. It is of great significance in railway digital survey and design, intelligent
operation and maintenance, and digital transformation.
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