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Abstract: Centimeter-level localization and precise rotation angle estimation for flatbed trucks pose
significant challenges in unmanned forklift automated loading scenarios. To address this issue, the
study proposed a method for high-precision positioning and rotation angle estimation of flatbed
trucks using the BeiDou Navigation Satellite System (BDS) and vision technology. First, an unmanned
forklift equipped with a Time-of-Flight (ToF) camera and a dual-antenna mobile receiver for BDS
positioning collected depth images and localization data near the front and rear endpoints of the
flatbed. The Deep Dual-Resolution Network-23-slim (DDRNet-23-slim) model was used to segment
the flatbed from the depth image and extract the straight lines at the edges of the flatbed using
the Hough transform. The algorithm then computed the set of intersection points of the lines.
A neighborhood feature vector was designed to identify the endpoint of a flatbed from a set of
intersection points using feature screening. Finally, the relative coordinates of the endpoints were
converted to a customized forklift navigation coordinate system by BDS positioning. A rotation angle
estimation was then performed using the endpoints at the front and rear. Experiments showed that
the endpoint positioning error was less than 3 cm, and the rotation angle estimation error was less
than 0.3°, which verified the validity and reliability of the method.

Keywords: unmanned forklift; automated loading; feature construction; BDS and vision localization;
rotation angle estimation

1. Introduction

With the rapid development of e-commerce and supply chain management, the logis-
tics industry is facing the requirement of being more efficient and intelligent. In warehouse
logistics, automated truck loading is a key part of improving efficiency, reducing costs, and
avoiding the risks associated with manual operations [1-3]. The accurate positioning and
rotation angle estimation of flatbed trucks pose a challenge due to the uncertainty associated
with manually parking trucks [4] and the complexity of various types of flatbed trucks.

Several researchers have already studied the positioning of trucks in the automatic
loading process. Positioning sensors can be categorized into two types based on their
installation position: fixed sensors, which are installed in specific positions [4-7], and
semi-free sensors, which are mounted on stationary devices such as conveyor belts [8-10].
Positioning based on a single fixed sensor results in large errors due to the long observation
distances. Positioning based on multiple fixed sensors or semi-free sensors can meet the
demand for pallet loading, but it requires drivers to have better parking skills. Conveyor
belts and other fixed installations have a high level of automation and standardization.
However, this scheme is more suitable for newly built logistics parks due to the high
cost associated with retrofitting old logistics parks that did not consider automation and
intelligence during the initial construction phase.

Free sensors, those mounted on unmanned forklifts, are often used for localizing the
forklift itself [11], as well as for identifying and locating pallets [12,13] during the loading
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and unloading of trucks. Limited research has been conducted on the localization of trucks
using visual sensors mounted on forklifts. However, this positioning method offers the
advantages of cost-effectiveness, high accuracy, and low requirements for truck driver
parking skills.

This study aims to explore and address the issue of flatbed truck localization and
rotation angle estimation in the automated loading process. Combining the advantages
and disadvantages of the aforementioned sensors, we have developed a high-precision and
stable method for positioning and estimating the corners of flatbed trucks. The advantage
of this method is that it does not require human intervention or installation of fixtures,
making it conducive to achieving intelligent loading in older logistics parks. It is compatible
with outdoor all-day operation scenarios and allows for the automatic loading of flatbed
trucks of varying lengths.

The main innovations are as follows: (1) Visual sensors and BeiDou Navigation Satel-
lite System (BDS) dual-antenna receivers were installed on unmanned forklifts to enable
flatbed truck positioning. The shorter measuring distance and high-precision BDS position-
ing have enhanced the accuracy of flatbed truck positioning. (2) Endpoint neighborhood
feature vectors were designed, and endpoint pixel coordinates were accurately obtained us-
ing the feature screening method. This approach is beneficial for enhancing the positioning
accuracy of flatbed trucks.

In this paper, a review of truck localization and measurement methods related to
automated truck loading is presented. The detailed steps for designing and implementing
our proposed method are presented in Section 2. Furthermore, experiments are conducted
to validate the practicality and applicability of this method in Sections 3 and 4. Finally, the
study concludes by discussing its findings, limitations, and future directions for expansion
in Section 5.

2. Method

Our method can be divided into five modules: depth image acquisition and prepro-
cessing, image segmentation, endpoint extraction, BDS data acquisition, and coordinate
conversion with rotation angle estimation. Firstly, the double-antenna mobile receiver was
installed on the unmanned forklift to acquire the position and yaw angle of the forklift.
Additionally, an RGB-D camera was installed to capture depth images near the front and
rear endpoints of the flatbed. The truck flatbed was segmented from the depth image using
the Deep Dual-Resolution Network-23-slim (DDRNet-23-slim) [14]. Straight lines were
extracted from the edges of the flatbed using the Hough transform [15], and the intersec-
tion sets of these lines were computed. A neighborhood feature vector was subsequently
designed to locate the endpoint of a flatbed from a set of intersection points through feature
screening. Finally, the relative coordinates of endpoints were converted to the absolute
coordinate system using the BDS positioning. This process determined the precise position
of the flatbed truck, and the rotation angle estimation was performed based on the front
and rear endpoints. The flowchart is shown in Figure 1.

2.1. Depth Image Acquisition and Preprocessing

An unmanned forklift equipped with a Time-of-Flight (ToF) camera receives a loading
task, travels to the first observation point to observe, records the results, and then moves to
the second observation point for further observation. The unmanned forklift’s movement
path from the first observation point to the second observation point was planned by an
autonomous path planning algorithm integrated into the forklift. The navigation mode
was BDS fusion inertial combination navigation.
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Figure 1. Flowchart of the overall methodology.

The location of the observation point is related to the length of the flatbed, the parking
space line, the camera’s view and ranging accuracy, the length of the fork, and the forklift
motion control error. Flatbed trucks were backing into parking spaces, and their rearward
movement was limited by the placement of wheel chocks. The second observation point
was located along the extension of the rear parking space line. The distance from the first
observation point to the second observation point along the side parking space line is equal
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to the length of the flatbed. The vertical distance between the observation points and the
near sideline of the parking primarily depends on the camera’s viewing angle and ranging
accuracy. It must meet the following conditions: (1) One endpoint of the flatbed must be
within the camera’s view, even if the vehicle is parked at an angle, and there are errors in
the forklift motion control. (2) Observation points should not be located too close to flatbed
trucks to prevent safety accidents. (3) To maximize ranging accuracy, the observation
point should not be too far away from the truck’s position line because ranging accuracy
decreases with distance. The location of the observation point is determined artificially
by combining the above conditions. The details of the observation point, loading truck’s
space number, type, flatbed length, and loading task are provided to the forklift. Among
them, the second observation point is associated with the parking space number, while the
first observation point is determined by the second observation point and the length of the
flatbed. The distribution of observation points is shown in Figure 2, where L denotes the
length of the flatbed and D denotes the vertical distance between the observation points
and the near sideline of the parking.

First observation point

Second observation point

Figure 2. Schematic diagram of observation points.

To eliminate interfering pixels in the depth image, the segmentation threshold T
was set to the maximum depth of the target. By removing depth data larger than T,
the segmented image should contain the target, with most of the non-target depth data
eliminated. The threshold T is greater than the distance D from the observation point to
the near parking sideline but less than the distance from the observation point to the other
parking sideline.

The manufacturing accuracy and assembly deviation of the lens lead to the distortion
of the original image [16], which needs to be corrected using the internal and external
parameters of the camera. The depth jitter at the edges of the object is strong and there
is noise interference on the depth map. Therefore, Gaussian filtering on a large scale was
applied to smooth the image and reduce the noise.

2.2. Image Segmentation

For a wide variety of flatbed trucks (Figure 3), coupled with the inconsistent degree of
deformation due to use, traditional methods of image processing are difficult to be compatible
with these cases. Therefore, deep learning algorithms were used for image segmentation.
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(a) Front views. (b) Rear views.

Figure 3. Front and rear views of flatbed trucks with different styles.

Classical semantic segmentation networks typically prioritize high accuracy at the
expense of heavy computation and long inference times. However, for unmanned forklifts,
minimizing inference time is crucial, and excessive computation is undesirable. DDRNet-
23-slim introduces deep high-resolution real-time semantic segmentation, achieving a
balance between speed and accuracy by increasing the model’s width and depth [14]. The
architecture of the DDRNet-23-slim is shown in Table 1.

Table 1. The architecture of the DDRNet-23-slim.

Stage Output DDRNet-23-Slim
convl 112 x 112 3 x 3,32, stride 2
3 x 3,32, stride 2
conv2 56 x 56 3x3,32 2
3x3,32
3x3,64
conv3 28 x 28 {3 % 3.6 4] 2
3 x 3,128 2 3x3,64 5
conv4 14 x 14,28 x 28 3 x 3,128 3 x3,64
Bilateral fusion
3 x 3,256 > 3x3,64 5
3 % 3,256 3x3,64
Bilateral fusion
convb_1 7 x 7,28 x 28 1x1, 256 1x1, 64
3x%x3,256| x1 3x3,64 | x1
1x1,512 1x1,128

High-to-low fusion
convb_2 7x7 1% 1,1024

7 x 7 global average pool

Ix1 1000-d fc, softmax

The segmentation results are shown in Figure 4.

After segmenting out the flatbed, the depth image was masked to retain only the
depth information of the flatbed region. Afterwards, the non-null values in the masked
depth image were set to 255, while the null values were set to 0 to generate the binary
depth image.
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(a) Depth image of flatbed. (b) Segmentation result. (c) Overlay image of depth and result.

Figure 4. Segmentation results.

2.3. Endpoint Extraction

Edge detection is a common method for segmenting images based on gray-level
variations, which essentially involves extracting the features of the discontinuous parts
of the image [17]. Canny edge extraction [17] was performed on the depth binary image,
followed by the extraction of straight lines using the Hough transform [15]. The lines that
were identified as approximately horizontal and vertical, i.e., lines with angles close to 0
and 90 degrees to the upward direction, were labeled as set At and set By, respectively.
The intersection of the lines in set Ay with the lines in set B was then calculated. The set
of intersection pixels was denoted as J.

The intersection point should be located at a specific distance of N pixels from the
edge. Otherwise, the subsequent intersection screening process is not possible. Therefore,
the intersection points that fall within the shaded area shown in Figure 5 were eliminated.
The remaining set of intersection pixels was denoted as J;. The depth of the flatbed truck
in Figure 5 was illustrated using color bars, with red representing the closest end and blue
indicating the farthest end.

Figure 5. Schematic of the image edge area.

The set J; contains endpoints and some non-endpoints as shown in Figure 6. A
neighborhood template matching method was proposed for selecting the endpoints from J;.
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Figure 6. Schematic diagram of the intersection set.

Depending on the observation direction, the depth image, the endpoint schematic
image, and the neighborhood pixel values in the upper-left, upper-right, lower-right, and
lower-left sectors of the endpoints theoretically fall into the following two cases.

The depth image is unstable at the boundary, resulting in endpoints that do not align
precisely with the theoretical pixel features. Therefore, the statistical range of neighborhood
features has been expanded. A square window with a side length of 2N + 1, N € Z pixels
was constructed centered on the intersection point, as shown in Figure 7. The pixel values
in the upper-left, upper-right, lower-right, and lower-left sectors of this intersection point
were recorded as its features. Taking case 1 in Table 2 as an example, this intersection pixel is
characterized by the vector F = [F,, Fy, Fj,, Fyj], where F,; = [0,0,...,0], F,r = [0,0,...,0],
F, = [255,255,...,255], F; = [0,0,...,0], and each vector contains N elements.

0 0
" X

CmEs
L

'S 4
0 255

% Intersection point pixel
Z

Figure 7. Neighborhood window.
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Table 2. Features of endpoint neighborhood pixels for various observation directions.

Case Depth Images Abstract Images Endpoint Neighborhood Pixels
0 0
. 7
. Endpoint /
1 2
0 255
7
/// Endpoint pixel
Z
0 0
Endpoint v 7
z 2
255 0

% Endpoint pixel
/7

For any intersection point, if the number of elements in the F,;, F,r, and F; vectors
with a value of 255 was less than 1/5 of N and the number of elements in the F;, vector with
a value of 255 was more than 4/5 of N, the intersection point was considered an endpoint.
The set consisting of multiple endpoints was denoted as J,. As shown in Formula (1),
where FL Fi,, Flll” and Flil denote the ith element in the feature vectors F,;, F,;, F;;, and F,,
respectively, and N denotes the number of elements in the vector.

Zr NFlll[ 1
55 < Nx 3

Z’NFZW 1
S5kt <N*§

Zlel 4
=55t > Nxg

Zz NFIII 1
w5 <Nxg3

1)

J2 is an endpoint cluster where the distance between each element should be small.
The average of the pixel coordinates of each element was then calculated to determine the
endpoint pixel coordinates.

The depth at the endpoint obtained from the above calculation might be null, which
in the binary image was represented by a value of 0. The first pixel with a non-null depth
in the lower-right or lower-left direction of the neighborhood was selected as the corrected
endpoint. For example, in case 1 of Table 2, the first pixel with a non-null depth in the lower-
right direction of the intersection point was considered the corrected endpoint; in case 2 of
Table 2, the first pixel with a non-null depth in the lower-left direction of the intersection
point was considered the corrected endpoint. The corrected endpoint localization results
are shown in Figure 8, where the red hollow circles indicate the corrected endpoints.
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(a) Case 1. (b) Case 2.

Figure 8. Endpoint localization results.

2.4. BDS Data Acquisition

A BDS reference station was established near the logistics center, and a dual-antenna
mobile receiver was mounted on top of the forklift, as illustrated in Figure 9. The data from
the BDS reference station and the mobile receiver were differentially processed to eliminate
errors such as atmospheric delays and receiver clock differences. This process aimed to
obtain the precise position and yaw angle of the forklift.

Figure 9. Diagram of the dual-antenna mobile receiver installation locations.

2.5. Coordinate Conversion and Rotation Angle Estimation

The depth image was mapped to the point cloud data using the camera’s internal and
external references. Subsequently, the spatial location of the flatbed endpoint under the
camera coordinate system was determined by indexing the pixel coordinate in the depth
image. To navigate effectively, the camera coordinate system must be converted to the
forklift navigation coordinate system. In this paper, a custom plane coordinate system was
used for forklift navigation.

The coordinates of the forklift itself in the custom coordinate system are actually the
position of the main antenna, set as (X}, Y},), because the forklift navigation depends on the
antenna to receive signals.

Before loading the flatbed truck, the logistics warehouse management system should
allocate the goods based on the flatbed truck type and load capacity. Subsequently, the type
of flatbed truck and the loading task were assigned to the forklift. The height of the flatbed
truck and the lifting fork during loading is determined by the type of flatbed truck. The
data collected from the in-place sensor on the forklift, rather than the height of the flatbed
truck, were used to determine the status of cargo stacking. Therefore, measuring the height
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of the flatbed truck is meaningless. Consequently, the coordinates of the target endpoint
were simplified to (x1,z1) by disregarding the height information.

The antenna coordinate system was established by translating the camera coordinate
system after dimensionality reduction, as depicted in Figure 10. Assuming that the origin
of the camera plane coordinate system is shifted to the left by Ax along the X-axis direction
and shifted downward by Az along the Z-axis direction to coincide with the antenna
coordinate system, the coordinates of the target endpoint under the antenna coordinate
system would be (x1 + Ax,z1 + Az).

Camera
coordinate
system

Antenna
coordinate
system

Figure 10. Positional relationship diagram between camera coordinate system, antenna coordinate
system, and custom coordinate system.

Taking the custom coordinate system mentioned above as an example, let us as-
sume that the antenna coordinate system rotated counterclockwise by an angle 6 to align
with the local coordinate system. Then, the target endpoint (x; + Ax,zq + Az) in the
antenna coordinate system was converted to the customized coordinate system as shown
in Formulas (2) and (3), where (X}, Y},) represents the position of the main antenna.

X = (x1 4+ Ax)cosd + (z1 + Az)sin + X, ()

Y = —(x1 + Ax)sinf + (z1 + Az)cosd + Y, ©)]

In the custom coordinate system, the front endpoint of the flatbed truck was labeled
as (X1,Y1), and the rear endpoint was labeled as (X, Y). The linear Equation (4), which
can be used to determine the cargo position, is constructed as follows.

X-X _ Y-Y

= 4
X=X Y2—M @
The truck rotation angle & was calculated as shown in Formula (5).
Y, —Y.
[ — arCtan(}(i_){i) /Pl X 180O (5)

The flatbed truck was rotated as shown in Figure 11.
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X1, Y
Cargo (X1, Y1)

locations

] (X2, Y2) ]
Cargo location Cargo location
Platform

Figure 11. Example diagram of a rotated truck.

3. Experiments
3.1. Forklift and Sensor Selection

The hardware equipment used in this research includes a forklift body, a ToF camera,
and a BDS dual-antenna mobile receiver. The forklift body is produced by Hefei Banyitong
Technology Development Co., Ltd. in Hefei, China. The motion control precision of the
unmanned forklift is 3 cm. The camera is manufactured by Shanghai Tuyang Information
Technology Co., Ltd. in Shanghai, China. The camera has a range error of 9 mm at a
distance of 2 m. The BDS dual-antenna mobile receiver is manufactured by Beijing Beidou
Star Navigation Technology Co., Ltd. in Beijing, China. Based on the Real-Time Kinematic
(RTK) accuracy measurement specification in the General Specification for BDS/GNSS RTK
Receiver [18], when there are no obstacles within 15 degrees of the circumferential height
angle above the mobile receiver, the positioning accuracy can reach 1.2 cm.

3.2. Experimental Site

These experiments were conducted at Shunhe International Intelligent Logistics Park
in Linyi City, Shandong Province. The field situation is illustrated in Figure 12. It should
be noted that the method is intended for outdoor loading scenarios. During the loading
process, it is essential to ensure that there are no obstructions above the forklift’s path
to guarantee that the BDS receiver can acquire the satellite signal. In this case, the BDS
receiver can achieve an accuracy of 1.2 cm.

Figure 12. Map of the experimental field scene.
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On the basis of the known parking space and the length of the flatbed truck, the vertical
distance from the first and second observation points to the near sideline of the parking
space was set at 2 m. These points were located near the front and the rear of the truck,
respectively. The unmanned forklift arrived at the first observation point to acquire and
preprocess depth data, perform image segmentation, extract endpoints, collect BDS data,
and calculate positions. Then, using the forklift motion control module, the unmanned
forklift was directed to move to the second observation point for the aforementioned
procedure. Subsequently, the rotation angle estimation was conducted after determining
the position of the rear of the flatbed.

3.3. Flatbed Image Segmentation Datasets

A total of 1378 flatbed segmentation data were produced. Twenty percent of the data
was allocated to the validation dataset, while the remaining eighty percent was assigned to
the training dataset. The overall accuracy test of the method was conducted after training;
therefore, a separate test dataset was not established. Parts of the datasets are shown in
Figure 13.

Images

Labels

Figure 13. Some images with labels in the datasets.

During the training of the DDRNet-23-slim, the initial learning rate was set to 0.0003,
the batch size was 32, and the number of training epochs was 200. The learning rate was
dynamically adjusted using the cosine annealing function.

3.4. Parameters Setting
3.4.1. Preprocessing Parameters Selection

In this scene, the segmentation threshold was set at 2.3 m, taking into account the
positioning accuracy of the camera and the control precision of the unmanned forklift. This
decision resulted in excluding data with a depth exceeding 2.3 m while preserving depth
data equal to or less than 2.3 m. The Gaussian filter window size was set to 9 x 9.

3.4.2. Line Extraction and Screening Parameters Setting

The set of straight lines with line segments longer than a specific length in the edge
information was extracted. The length was set to 120 pixels for set A and 20 pixels for set B.

The upper edge contour of the flatbed truck is long and approximately transverse,
while the side edge is short and approximately vertical, as illustrated in Figure 14. A set
of straight lines A, whose angles with the upward direction (clockwise as positive and
counterclockwise as negative) fell within the threshold range of [T}, T>], was selected from
set A to align with the upper edge of the flatbed. Here, T} was set at 88°, and T, was set
at 92°. When the flatbed truck is parked at an angle, the upper edge of the flatbed truck
in the depth image will rotate accordingly. Therefore, the threshold range above can be
appropriately increased. Similarly, a set of straight lines Br, whose angles with the upward
direction fell within the threshold value of [T3, T4], was selected to align with the side edges
of the flatbed from the set B, where T3 was set to be —0.5° and T, was set to be 0.5°.

3.4.3. Number of Feature Vector Elements

The number of feature vector elements, N, was determined based on the thickness
of the flatbed truck and the location of the observation point, which was set to 10 in
this experiment.
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The upper edge

Figure 14. Image of the rear depth of a flatbed truck.

4. Evaluation

Three measurements were taken at each endpoint using RTK, and the average value
was considered as the reference data. These data were then compared with the results
obtained using the method described in this paper. The absolute error (AE) was used to
quantify the difference between an observed value and a reference value. For endpoints, AE
represents the Euclidean distance between the observation value and the reference value,
as illustrated in Formula (6). Where AEéndpoint denotes the AE between the coordinate
value of the endpoint of the ith observation and the reference value. The endpoint of the
ith observation obtained with the method described in this paper was labeled with the
endpoint coordinates (ri, r;), and the reference coordinate was labeled as (Ry, Ry). For
angles, AE represents the absolute value of the difference between the calculated angle and
the reference angle, as shown in Formula (7), where AEfmgle denotes the AE between the
rotation angle of the ith observation and the reference value. The rotation angle of the ith
observation calculated by the method in this paper was denoted as %, and the reference

angle was denoted as Rj;.

. . ) 2
AE;ndpoint = \/(1’; B RX)Z + (rly B RV) 6)

AEL =

angle

i
r,— Ra

(7)

Since the loading operation was carried out simultaneously on both sides of the flatbed
truck, the front and rear endpoints on each side were tested 20 times. The AE for each obser-
vation at each endpoint and angle was calculated separately. The minimum (Formula (8)),
maximum (Formula (9)), and mean (Formula (10)) of the AE for 20 observations at each
endpoint were calculated, where 1 represents the number of observations.

AEMin — min(AEl,AEz, . ..,AE”) (8)
AE™ — max (AEl,AEZ, N .,AE") )

n
AEMmean _ %2 (AE'+ AE? + ..+ AE") (10)

i=1
In addition, to measure the degree of dispersion of the observed data, the standard
deviation (STD) was used as an evaluation indicator, as shown in Formulas (11) and (12),
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where STD ¢ gpoint and ST Dy, g1, denote the standard deviation of the endpoint observation
data and the angle calculation data, respectively. The endpoint coordinate of the ith
observation obtained with the method described in this paper was labeled as (r%, r;). The n
represents the total number of observations, and the average of 1 observations is denoted
as (7x, ry). The rotation angle of the ith observation calculated by the method in this paper
was denoted as r’, and the mean value of the rotation angle for 1 observations was denoted

as 7.
24 (r; —ry)z} (11)

~—

1¢ S
STDendpoint = \/le |:(1’§C —Tx

i=1

n

1 S
STDungie = 1/ Y- (rh —72)” (12)
i=1

The recognition results for each endpoint are shown in Table 3.

Table 3. Table displaying recognition results of endpoints.

Serial Number Depth Images Image Segmentation Results Endpoint ! Recognition Results

1 Endpoints are depicted as red circles in the images.
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Evaluation indices were calculated for each endpoint and for the inclination angles on
both sides. The results are shown in Tables 4 and 5.

Table 4. Error between the reference and predicted coordinates of endpoints.

Error (mm)
Endpoints AE
; STD
Min Max Mean
1 24.588 28.514 26.614 6.993
2 21.230 29.285 25.790 3.978
3 21.961 27.876 25.629 2.832
4 10.871 26.450 21.775 8.934
Table 5. Errors between the reference and predicted rotation angles.
Error (°)
Angles AE
. STD
Min Max Mean
1 0.002 0.271 0.051 0.070
2 0.104 0.271 0.201 0.101

From the above results, the AE of the endpoint is less than 3 cm, and the STD is less
than 1 cm, indicating lower dispersion of the prediction results. The angular errors AE and
STD are small. The precision requirements are fully met through the automatic loading test
conducted by the unmanned forklift at the logistics site.

5. Conclusions

This study aims to address the issue of localizing flatbed trucks and estimating rotation
angles in the automatic loading process in logistics. By collecting a large amount of sample
data on flatbed trucks, we have developed a high-precision positioning and rotation angle
estimation algorithm for flatbed trucks using BDS and vision technology. We validated the
effectiveness and reliability of this method in the automatic loading process. The results of
this research are of great significance for enhancing loading efficiency, minimizing human
operational errors, and advancing the field of intelligent logistics. In the future, we will
continue to enhance the algorithm to better address the challenges in various loading
scenarios and expand the application areas of this research.

6. Patents

This paper has resulted in a patent with application number CN202311047777.9,
titled “Flatbed Truck Positioning Method, Installation, and Storage Medium Based on
Depth Images”.

Author Contributions: Conceptualization, X.Y. (Xinli Yu), Y.R. and X.Y. (Xiaoxv Yin); Data Curation,
X.Y. (Xinli Yu); Formal Analysis, D.M.; Funding Acquisition, Y.R.; Investigation, X.Y. (Xiaoxv Yin);
Methodology, X.Y. (Xinli Yu), D.M. and H.Z.; Project administration, X.Y. (Xiaoxv Yin); Resources,
Y.R. and X.Y. (Xiaoxv Yin); Software, X.Y. (Xinli Yu); Supervision, X.Y. (Xiaoxv Yin); Validation, D.M.;
Visualization, X.Y. (Xinli Yu); Writing—Original Draft, X.Y. (Xinli Yu) and D.M. All authors have read
and agreed to the published version of the manuscript.

Funding: This research was funded by the National Key Research and Development Program of
China, grant number 2021YFB1407003, and the Key Technology Research and Development Program
of Shandong Province, grant number 2021SFGC0401.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.



Sensors 2024, 24, 1826 16 of 16

Data Availability Statement: Embargo on data due to commercial restrictions.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1.

10.

11.

12.

13.

14.

15.
16.

17.
18.

Carlan, V,; Ceulemans, D.; van Hassel, E.; Derammelaere, S.; Vanelslander, T. Automation in cargo loading/unloading processes:
Do unmanned loading technologies bring benefits when both purchase and operational cost are considered? J. Shipp. Trade 2023,
8, 20. [CrossRef]

Kim, K.W. Characteristics of forklift accidents in Korean industrial sites. Work 2021, 68, 679—-687. [CrossRef] [PubMed]

Hanson, R.; Agrawal, T.; Browne, M.; Johansson, M.; Andersson, D.; Stefansson, G.; Katsela, K. Challenges and requirements in
the introduction of automated loading and unloading. In Proceedings of the 11th Swedish Transportation Research Conference,
Lund, Sweden, 18-19 October 2022.

Park, D.; Park, S.; Byun, S.; Jung, S.; Kim, M. Container Chassis Alignment and Measurement Based on Vision for Loading and
Unloading Containers Automatically. In Proceedings of the 2006 International Conference on Hybrid Information Technology,
Cheju, Republic of Korea, 9-11 November 2006; pp. 582-587. [CrossRef]

Stentz, A.; Bares, J.; Singh, S.; Rowe, P. A robotic excavator for autonomous truck loading. Auton. Robot. 1999, 7, 175-186.
[CrossRef]

Liu, Z. Intelligent bulk grain loading system based on IO-Link technology. Port Oper. 2022, 6, 44—46+60.

Yu, J.; Huang, L.; Tang, H.; Huang, G.; Chen, G. Incoming vehicle detection and planning system for automatic loading. Appl.
Laser 2022, 42, 91-100. [CrossRef]

Du, G.; Xv,J; Li, Y,; Jiang, D. A modification scheme of automatic train loading process for rail-type loading machine. Port Oper.
2023, 4, 57-60.

Lee, S.; Chang, TW.; Won, ].U.; Kim, Y.J. Systematic development of cargo batch loading and unloading systems. Int. J. Logist. Res.
Appl. 2014, 3, 75-85. [CrossRef]

Hua, W.; Xie, S. Design and application of automatic loading system for bagged cement robots. Robot. Tech. Appl. 2020, 1, 31-34.
Cao, WS.; Dou, L. Implementation method of automatic loading and unloading in container by unmanned forklift. In Proceedings
of the 2021 International Conference on Machine Learning and Intelligent Systems Engineering (MLISE), Chongging, China, 9-11
July 2021; pp. 503-509. [CrossRef]

Mohamed, 1.S.; Capitanelli, A.; Mastrogiovanni, F; Rovetta, S.; Zaccaria, R. Detection, localisation and tracking of pallets using
machine learning techniques and 2D range data. Neural Comput. Appl. 2020, 32, 8811-8828. [CrossRef]

Zhao, J.; Li, B.; Wei, X;; Lu, H,; Lii, E.; Zhou, X. Recognition and Location Algorithm for Pallets in Warehouses Using RGB-D
Sensor. Appl. Sci. 2022, 12, 10331. [CrossRef]

Pan, H.; Hong, Y.; Sun, W,; Jia, Y. Deep dual-resolution networks for real-time and accurate semantic segmentation of traffic
scenes. [EEE Trans. Intell. Transp. Syst. 2022, 24, 3448-3460. [CrossRef]

Ballard, D.H. Generalizing the Hough transform to detect arbitrary shapes. Pattern Recognit. 1981, 13, 111-122. [CrossRef]

Li, S;; Zhu, Y.; Zhang, C.; Yuan, Y.; Tan, H. Rectification of images distorted by microlens array errors in plenoptic cameras.
Sensors 2018, 18, 2019. [CrossRef] [PubMed]

Canny, J. A computational approach to edge detection. IEEE Trans. Pattern Anal. Mach. Intell. 1986, 6, 679-698. [CrossRef]
General Specification for BDS/GNSS RTK Receiver. Available online: http://www.beidou.gov.cn/yw/gfgg/201911/W0201911
26317485345710.pdf (accessed on 8 March 2024).

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1186/s41072-023-00146-9
https://doi.org/10.3233/WOR-203402
https://www.ncbi.nlm.nih.gov/pubmed/33612512
https://doi.org/10.1109/ichit.2006.253665
https://doi.org/10.1023/A:1008914201877
https://doi.org/10.14128/j.cnki.al.20224201.091
https://doi.org/10.1080/2287108X.2014.958210
https://doi.org/10.1109/mlise54096.2021.00105
https://doi.org/10.1007/s00521-019-04352-0
https://doi.org/10.3390/app122010331
https://doi.org/10.1109/TITS.2022.3228042
https://doi.org/10.1016/0031-3203(81)90009-1
https://doi.org/10.3390/s18072019
https://www.ncbi.nlm.nih.gov/pubmed/29937502
https://doi.org/10.1109/TPAMI.1986.4767851
http://www.beidou.gov.cn/yw/gfgg/201911/W020191126317485345710.pdf
http://www.beidou.gov.cn/yw/gfgg/201911/W020191126317485345710.pdf

	Introduction 
	Method 
	Depth Image Acquisition and Preprocessing 
	Image Segmentation 
	Endpoint Extraction 
	BDS Data Acquisition 
	Coordinate Conversion and Rotation Angle Estimation 

	Experiments 
	Forklift and Sensor Selection 
	Experimental Site 
	Flatbed Image Segmentation Datasets 
	Parameters Setting 
	Preprocessing Parameters Selection 
	Line Extraction and Screening Parameters Setting 
	Number of Feature Vector Elements 


	Evaluation 
	Conclusions 
	Patents 
	References

