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Abstract: In container terminal operations, truck lifting accidents pose a serious threat to the
safety and efficiency of automated equipment. Traditional detection methods using visual
cameras and single-line Light Detection and Ranging (LiDAR) are insufficient for capturing
three-dimensional spatial features, leading to reduced detection accuracy. Moreover, the
boundary features of key accident objects, such as containers, truck chassis, and wheels, are
often blurred, resulting in frequent false and missed detections. To tackle these challenges,
this paper proposes an accident detection method based on multi-line LiDAR and an
improved PointNet++ model. This method uses multi-line LiDAR to collect point cloud
data from operational lanes in real time and enhances the PointNet++ model by integrating
a multi-layer perceptron (MLP) and a mixed attention mechanism (MAM), optimizing
the model’s ability to extract local and global features. This results in high-precision
semantic segmentation and accident detection of critical structural point clouds, such as
containers, truck chassis, and wheels. Experiments confirm that the proposed method
achieves superior performance compared to the current mainstream algorithms regarding
point cloud segmentation accuracy and stability. In engineering tests across various real-
world conditions, the model exhibits strong generalization capability.

Keywords: multi-line LiDAR; PointNet++; mixed attention mechanism; point cloud
semantic segmentation; truck lifting accidents

1. Introduction
With the rapid development of container terminals and the widespread adoption of

automation technology, the efficiency of loading and unloading operations at terminals has
significantly improved. The container truck, as the key link between the container and the
port machinery, directly affects the smooth operation of the entire terminal. During un-
loading operations at the terminal, when the lock on the truck’s chassis does not separate
from the corner fittings of the container, the truck may be lifted together with the container,
a situation commonly referred to as a truck lifting accident. These truck lifting accidents
not only result in damage to containers and equipment failure but also pose safety threats
to workers. Therefore, the prevention and management of such accidents have become
important tasks in the management of modern ports. Figure 1 shows nine different types
of truck lifting accidents during the operation of 40-foot containers.
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Figure 1. Nine different types of truck lifting accidents.

Currently, the traditional truck lifting accident detection methods mainly rely on
visual cameras and single-line LiDAR, both of which exhibit specific limitations that
this study aims to address. Vision-based detection systems [1,2] process image data,
which lack three-dimensional spatial information, making it difficult to accurately capture
the geometric characteristics of objects. Additionally, vision-based systems are highly
sensitive to environmental lighting conditions, further reducing their reliability in real-
world operational environments. On the other hand, single-line LiDAR-based detection
systems [3] acquire a limited number of points due to their single scanning line. These
systems can be categorized into horizontal and vertical scanning types and are prone to
installation effects. The impact of installation can lead to incomplete or inconsistent data
capture, resulting in high rates of missed detections. Therefore, while these two methods are
applicable in specific situations, they exhibit shortcomings regarding precision and stability.

Compared to the above two methods, multi-line LiDAR provides richer three-dimensional
raw feature data through multiple scanning channels, offering higher spatial resolutions
and depth information. This provides a new approach for addressing truck lifting acci-
dent detection.

This paper proposes a detection method based on multi-line LiDAR and an improved
PointNet++ algorithm to address the constraints of the current detection techniques and
methodologies. This method uses multi-line LiDAR to collect real-time point cloud data
from operational lanes and enhances the PointNet++ model by integrating a multi-layer
perceptron (MLP) and a mixed attention mechanism (MAM), enhancing the model’s capac-
ity to capture both local and global features, enabling high-precision semantic segmentation
and accident detection of critical structures such as containers, truck chassis, and wheels.

The contributions of this paper are as follows:
(1) A truck lifting accident detection system based on multi-line LiDAR is designed to

overcome the limitations of traditional vision cameras and single-line LiDAR in terms
of three-dimensional information acquisition and environmental lighting conditions.

(2) An improved PointNet++ network model that combines an MLP and MAM is pro-
posed, addressing the limitations of the traditional PointNet++ in extracting features
from blurry boundary regions and capturing global features.

(3) Building upon the improved PointNet++ network, this paper introduces a new ap-
proach for the accurate and efficient detection of truck lifting accidents by computing
the shortest distance between the point clouds of the container and the truck chassis.
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2. Related Work
With the rapid development of 3D point cloud machine learning, LiDAR-based detec-

tion and measurement technologies have been widely applied in industrial fields, especially
in port logistics. Examples include container lock pin detection [4], unmanned truck nav-
igation and obstacle avoidance [5], container ship guide rail segmentation [6], and bulk
carrier cargo hold and material detection [7]. These applications show that LiDAR can
stably provide reliable and accurate detection capabilities in complex environments with
unstable lighting conditions.

In order to meet the demand for high-precision three-dimensional information for
containers and truck chassis in truck lifting accident detection, point cloud segmentation
algorithms have become a key research direction. Traditional unsupervised clustering algo-
rithms, such as K-means [8], are limited in handling complex and high-dimensional point
cloud data. Support Vector Machines (SVMs) [9], as a supervised learning method, per-
form well in classification tasks but still face challenges in point cloud segmentation tasks.
With the advent of deep neural networks (DNNs) [10], PointNet [11], PointNet++ [12],
and PointCNN [13], the processing capabilities regarding point cloud data have been sig-
nificantly improved. In particular, PointNet++ can directly handle raw point cloud data
through hierarchical feature learning and local feature extraction, enabling both global
classification and local segmentation tasks. This has greatly advanced the research on
point cloud object recognition and semantic segmentation. Recently, PointNet++ has been
widely applied across various fields. Zhang and Wang [14] proposed a convergence seg-
mentation method based on PointNet++ and edge information, effectively improving
the accuracy of cervical vertebra segmentation. Fan et al. [15] addressed the difficulty
of tree species classification due to uneven point cloud quality and quantity from air-
borne LiDAR and validated the feasibility of using PointNet++ in addressing these issues.
Hu et al. [16], facing the challenge of recognizing complex regional terrain features, pro-
posed a multi-information fusion method based on PointNet++, effectively improving the
accuracy of Digital Elevation Model (DEM) construction. Lin and Knudby [17] developed
and tested an automated method based on PointNet++ for the global extraction of bathy-
metric photons from ICESat-2 ATLAS data. Patel et al. [18] used multiple deep learning
models, including PointNet++, for plant organ segmentation and extracted phenotypic
features based on segmentation results, verifying the potential application of LiDAR point
cloud data in plant phenotyping. Therefore, given the numerous advantages of PointNet++,
including its ability to effectively process unstructured point cloud data, capture both local
and global features, adapt to point clouds of varying densities, and its extensive successful
applications in engineering fields, this paper selects PointNet++ as the base architecture.

Despite the good performance of PointNet++ in point cloud segmentation tasks, it
still has some limitations, such as sensitivity to point cloud density and inadequate fea-
ture extraction ability for blurry boundary regions. Researchers have proposed several
improvement methods to address these issues. Jing et al. [19] introduced the Squeeze-
and-Excitation PointNet++ (SE-PointNet++) architecture, incorporating an SE module
to enhance the selectivity of feature channels. Guo et al. [20] proposed an improved
PointNet++ model that combines deep learning with clustering algorithms, optimizing
the Density-Based Spatial Clustering of Applications with Noise (DBSCAN) algorithm
and incorporating an improved attention module to enhance semantic segmentation ac-
curacy. Chen et al. [21] proposed a point cloud segmentation and depth measurement
approach based on PointNet++ and the Depth Measurement for Cigarette Perforation
(DMCP) algorithm, using clustering and an attention mechanism to solve issues such as
the identification of small holes and depth calculation. Cheng and Gu [22], to address the
limited ability of PointNet++, proposed the Shuffle Attention and Offset-Attention Point-
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Net++ (SO-PointNet++) architecture, combining Shuffle Attention and Offset-Attention to
enhance feature extraction ability and solve the gradient vanishing problem. Yu et al. [23]
introduced the Double Self-Attention Mechanism PointNet++ (DSPNet++) network using a
double self-attention mechanism for airborne LiDAR point cloud segmentation, leveraging
local feature aggregation modules and self-attention convolution networks to adaptively
extract semantic features from the point cloud. However, their approach primarily focused
on improving the segmentation accuracy of specific types of point cloud data, such as
airborne LiDAR or small-scale objects, and did not fully address the challenges of handling
complex high-dimensional point cloud data with blurry boundary features, which are
common in industrial environments like container terminals. Additionally, while these
improvements have enhanced the performance of PointNet++ in certain scenarios, they
often lack the ability to effectively balance the extraction of local and global features, which
is crucial for accurate semantic segmentation tasks in dynamic and complex operational
environments. This limitation becomes particularly evident in applications such as truck
lifting accident detection.

In summary, researchers have partially solved the limitations of PointNet++ in han-
dling different types of point cloud data by introducing attention mechanisms, optimizing
loss functions, and combining clustering algorithms. However, there is still room for im-
provement in feature extraction capabilities for blurry boundary regions and the fusion
of local and global features. To fill the gaps in the current research, this paper proposes
a truck lifting accident detection method based on multi-line LiDAR and an improved
PointNet++, which aims to further enhance the model’s feature extraction ability and
segmentation accuracy for key structures by integrating an MLP and a mixed attention
mechanism, providing reliable technical support for the safe and efficient operation of
container terminals.

3. Truck Lifting Accident Detection Method
3.1. Hardware System

This paper designs a truck lifting accident detection system for container terminals
based on multi-line LiDAR. The system’s hardware platform consists of a single multi-line
LiDAR and an edge computing module, which can be mounted on various container
handling machinery at container terminals, such as gantry cranes and rail-mounted gantry
cranes. As shown in Figure 2, the LiDAR is mounted on the rigid leg of a rail-mounted
gantry crane, facing the truck operational lane for scanning. Compared to the flexible leg,
the rigid leg structure is more stable, making it suitable for installing precision equipment
such as LiDAR, avoiding sensor malfunctions caused by vibrations. The edge computing
module is installed in the electrical room above the rigid leg and is responsible for receiving
and processing point cloud data collected by the LiDAR during container lifting operations.
Additionally, it listens to the status information of the gantry crane’s Programmable Logic
Controller (PLC), such as the spreader lock and unlock status and the height encoder,
to accurately determine when the system triggers accident detection and alarms.
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Figure 2. LiDAR installation and data collection. (a) Shows LiDAR installation; (b) shows a point
cloud of a container being lifted as captured by the LiDAR.

3.2. Algorithm Design
3.2.1. Truck Lifting Accident Detection Process Framework

In the detection of truck lifting accidents, the quantification of boundary features for
accident-related objects (such as containers, truck chassis, and wheels) is based on the
spatial distribution and geometric relationships of points in the point cloud, including
geometric attributes such as curvature, normal vectors, and the density of neighboring
points. These features are crucial for distinguishing between different objects or compo-
nents, especially in regions where boundaries are blurred. In this paper, an improved
PointNet++ model is used to extract these boundary features from the point cloud and
represent them as high-dimensional feature vectors, thereby enhancing the model’s ability
to recognize blurry boundary regions.

The truck lifting accident detection process based on multi-line LiDAR and the im-
proved PointNet++ model is shown in Figure 3. First, multi-line LiDAR collects real-time 3D
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point cloud data from the scene. Through 3D Region of Interest (ROI) cropping, the point
cloud data are preprocessed to extract the point cloud from the container lifting operation
area, reducing data redundancy while retaining key features. The processed point cloud is
then input into the improved PointNet++ model, which incorporates MLP to enhance the
high-dimensional feature expression of the point cloud. It also combines MAM to optimize
feature extraction for blurry boundary regions from both local and global perspectives.
Through point cloud segmentation, the model can accurately identify key structures such
as containers, truck chassis, and wheels, and further detect if there is any adhesion be-
tween the truck and the container after the container is lifted based on a distance threshold
method, thus determining whether a truck lifting accident has occurred.

Figure 3. Truck lifting accident detection process.

3.2.2. Improved PointNet++ for Point Cloud Segmentation Model

PointNet++ effectively captures local features on multi-scale structures through its
hierarchical feature extraction mechanism, making it suitable for general point cloud
segmentation tasks. However, when processing point cloud data from complex container
terminal scenarios, PointNet++ still suffers from insufficient dependence on local and
global features, especially in segmenting point clouds with blurry boundary features in
truck lifting accident detection. Therefore, this paper proposes the following improvements
to address these issues:

(1) At the input stage, an MLP module [24] is introduced to enhance the model’s
ability to learn high-dimensional features, particularly when handling complex geometric
structures. This enables the model to better capture subtle differences in boundary regions,
such as minor relative positional changes between container and truck chassis, thereby im-
proving segmentation accuracy. Additionally, through adaptive feature learning, the MLP
enables the model to learn more suitable feature representations based on the varying
scales of objects, further enhancing overall performance.

(2) At the feature abstraction stage, a feature extraction module based on MAM is intro-
duced. MAM can perform weighted processing on different modalities of input data, such
as point cloud positional data and boundary features, enabling the model to automatically
focus on critical regions. This enhances the extraction of boundary features and strength-
ens the model’s global perception capabilities. The MAM includes a channel attention
mechanism (CAM) [25] for channel feature enhancement and a self-attention mechanism
(SAM) [26] for global feature extraction. The CAM learns the correlations between different
channels, assigning higher weights to important channels, thus improving the model’s
detection accuracy in truck lifting accident regions. The SAM enhances the model’s ability
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to capture global point cloud features, enabling more comprehensive analysis of boundary
features between containers and truck chassis.

As shown in Figure 4, the improved PointNet++ network introduces MLP and MAM
into the classic PointNet++ model, specifically adapting and optimizing it for complex
container lifting scenarios to enhance point cloud segmentation performance.

Figure 4. Improved PointNet++ network structure.

(1) Multi-layer Perceptron

In this paper, the input point cloud features are represented by the position coordinates
of each point. Through the nonlinear transformations of hidden layers, the MLP can
map these raw features into a higher-dimensional space, resulting in more abstract and
discriminative feature representations.

As shown in Figure 5, the input point cloud feature matrix X ∈ RN×d0 , where N is the
number of points and d0 is the initial feature dimension of each point. After processing by
the MLP, the high-dimensional transformed features F ∈ RN×d are obtained, where d is the
feature dimension after the high-dimensional transformation. The MLP consists of L fully
connected layers, and the input and output features of each layer are represented by z(l−1)

and z(l). The output of layer l is calculated as follows:

z(l) = σ
(

W(l)z(l−1) + b(l)
)

(1)

where W(l) ∈ RCl×Cl−1 represent the weight matrix and Cl−1 and Cl represent the feature
dimensions of the previous and current layers, respectively. b(l) ∈ RCl is the bias, σ is the
activation function used to introduce nonlinear transformations, and z(0) = X represents
the input features of the first layer.

Figure 5. Multi-layer perceptron.
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(2) Mixed Attention Mechanism

The classic PointNet++ model struggles to capture local and global feature depen-
dencies effectively when processing point cloud data from complex container terminal
scenarios. This is mainly due to the complex and variable structural features of contain-
ers and trucks. Therefore, we propose a feature extraction module based on MAM that
combines both channel attention and self-attention to enhance the model’s overall feature
learning ability.

The implementation mechanism of MAM is shown in Figure 6, with the specific steps
as follows:

Step One: Input the feature matrix F ∈ RB×N×(d+C), where B is the batch size, N is
the number of points in each sample, and C is the point set feature dimension.

Step Two: Enhance the cross-channel feature learning through the channel attention
module, generating the feature vector Fc ∈ RB×N×(d+CC), where CC is the feature dimension
output by CAM.

Step Three: Simultaneously, the self-attention module strengthens the global feature
dependencies between distant points in the point cloud, generating the feature vector
Fs ∈ RB×N×(d+CS), where CS is the feature dimension output by SAM.

Step Four: By concatenating Fc and FS, the feature representation capability of the
point cloud features is enhanced while compensating for any geometric feature loss. The en-
hanced feature can be represented as F′ = Concat(Fc, Fs).

Step Five: Output the new feature matrix F′ ∈ RB×N×(d+C′), where C′ = CC + CS.

Figure 6. Feature extraction module based on mixed attention mechanism.

(a) Channel Attention Mechanism

CAM assigns different weights to different channels, enabling the model to prioritize
critical features while suppressing irrelevant ones. This mechanism helps the model to
better distinguish between overlapping or closely positioned objects. CAM achieves this
by performing global max pooling and global average pooling on the input features,
followed by a shared-weight MLP to generate channel attention weights. These weights are
then applied to the original features, enhancing the representation of important channels.
The main principle is illustrated in Figure 7, with the specific steps as follows:

The input point cloud feature F has dimensions B × N × C, where C is the number
of channels. F is subjected to global max pooling and global average pooling, resulting in
two feature vectors with dimensions B × 1 × C:

Fmax = MaxPool(F) (2)

Favg = AvgPool(F) (3)
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These two feature vectors are then input into a shared-weight MLP for dimensionality
reduction as follows:

Mc = σ
(
MLP

(
Favg

)
+ MLP(Fmax)

)
(4)

where σ is the Sigmoid activation function; Mc is the channel attention weight.
Mc is then multiplied with the original input feature F to obtain the enhanced channel

feature Fc.
Fc = F ⊙ Mc (5)

Figure 7. Channel attention mechanism.

(b) Self-Attention Mechanism

SAM complements the function of CAM by capturing long-range dependencies within
the point cloud data. SAM calculates attention weights for each point by learning the
internal relationships between points, thereby adaptively adjusting the importance of each
point. This mechanism is particularly effective in handling irregular and complex structures.
By strengthening global feature dependencies, SAM ensures that the model can accurately
capture the spatial relationships between distant points. The workflow of SAM is shown in
Figure 8 and is described as follows:

Similar to the CAM described earlier, the input point cloud feature F has dimensions
B × N × C. Through three independent linear layers, the query matrix Q, key matrix K,
and value matrix V are generated, which are expressed as follows:

Q = FWq (6)

K = FWk (7)

V = FWv (8)

where Wq, Wk, and Wv represent the weight matrices for Q, K, and V, each with dimensions
C × C′, and are shared across all samples in the batch.

The dot product similarity between Q and k is calculated, normalized using the
Softmax function to obtain the attention weight matrix, which is then multiplied with the
value matrix V to generate the weighted feature matrix F′:

F′ = Softmax

(
QK⊤
√

C′

)
V (9)

The point cloud feature F′ is subsequently processed through convolutional linear
transformations, batch normalization, and the ReLU activation function. Finally, the pro-
cessed feature is added to the original feature vector, and the sum is computed to obtain
the final output point cloud feature matrix Fs.
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Figure 8. Self-attention mechanism.

3.2.3. Truck Lifting Accident Detection Algorithm

Based on the segmentation results from the network model, truck lifting accidents are
precisely detected by analyzing the geometric relationship between the container and the
truck chassis. The judgment logic is as follows: when the container is lifted to a detection
height, if the container point cloud and the truck chassis point cloud still have adhesion,
it may result in a truck lifting accident. By detecting the minimum distance between the
two point clouds, we can effectively determine if an accident has occurred.

Assume the point set for the container lifting operation is represented by P ={
pi | pi ∈ R3, i = 1, 2, . . . , N

}
, where pi = (xi, yi, zi) is a point in the point set. After pro-

cessing through the above point cloud segmentation network, we obtain the point set
for container Pcontainer and the point set for truck chassis Pchassis. The minimum value of
Pcontainer on the y-axis and the maximum value of Pchassis on the y-axis can be expressed as

ycontainer
min = min

pj∈Pcontainer
yj (10)

ychassis
max = max

pk∈Pchassis
yk (11)

The minimum distance between Pcontainer and Pchassis along the y-axis can be repre-
sented as

d = ycontainer
min − ychassis

max (12)

By setting a safety threshold τ, when the container is lifted to the detection height,
the accident detection status Saccident is as follows:

Saccident =

{
1, If d < τ

0, If d ≥ τ
(13)

This means that, if the minimum distance d between the container and the chassis is
less than the safety threshold τ, a potential accident is detected (Saccident = 1); otherwise,
if the distance exceeds or equals the threshold, the situation is deemed safe (Saccident = 0).

4. Point Cloud Segmentation Experiment Validation and Results Analysis
4.1. Container Lifting Operation Dataset

The improved PointNet++ model for truck lifting accident detection is applied to
real container terminal handling machinery to effectively prevent truck lifting accidents.
The hardware equipment includes the WLR-720 16-line LiDAR from Wanji Technology and
an edge computing module. Figure 9 shows the point cloud data collection process for
20-foot and 40-foot container lifting accidents.
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Figure 9. Point cloud dataset collection process. (a) Shows the collection process for a truck lifting
accident involving a 20-foot container; (b) shows the collection process for a truck lifting accident
involving a 40-foot container.

The main parameters of the LiDAR are shown in Table 1. Additionally, its maximum
ranging distance is 60 m. To ensure point cloud density while covering the height of
the truck unloading operation (0–3.5 m vertically), the LiDAR should be positioned at a
horizontal distance of 2–8 m from the truck.

Table 1. Main parameters of the LiDAR.

Parameter Value

Horizontal Scan Resolution 0.2 °
Vertical Scan FOV −16°~14°

Vertical Scan Resolution 2°
Scan Frequency 10 Hz

Each scene is divided into six categories for point cloud segmentation: “Ground”,
“Container”, “Truck Cab”, “Truck Chassis”, “Truck Wheel”, and “Others”, with the data
annotated using CloudCompare software.

4.2. Experiment Environment Configuration

To verify the effectiveness of the proposed model, experiments were conducted based
on a custom container lifting operation point cloud dataset. Table 2 outlines the hardware
and software configurations utilized in the experiment.

The experimental training involved a total of 8911 point cloud samples, divided into
training and test sets in an 8:2 ratio. Among these, 6230 samples represent normal scenar-
ios (before and after normal container lifting), while 2681 samples represent anomalous
scenarios (multiple types of truck lifting accidents). The training set contains 2145 accident
samples, whereas the test set contains 536 accident samples. This distribution ensures a
balanced representation of both normal and anomalous conditions during model training
and evaluation.
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Table 2. Experiment training environment configuration.

Hardware/Software Configuration Parameters

CPU Intel Xeon Processor E5 2680 v4
GPU NVIDIA GeForce RTX 3090

Memory 64GB
Operating System Ubuntu 20.04

Deep Learning Framework Pytorch 1.8

4.3. Model Evaluation Metrics

The evaluation of boundary features is conducted after the point cloud segmentation.
Based on the extracted boundary features, the model segments the point cloud into different
categories. The accuracy of the segmentation is evaluated using the mean Intersection over
Union (mIoU), where a higher mIoU value indicates better accuracy in boundary feature
extraction and segmentation. Additionally, the Overall Accuracy (OA) and mean Class
Accuracy (mAcc) are used to further quantify the model’s overall performance in boundary
feature extraction and segmentation tasks. These metrics are used to comprehensively
evaluate the performance of point cloud segmentation. The formulas for calculation are
as follows:

OA =

C
∑

i=1
TPi

N
(14)

mAcc =
1
C

C

∑
i=1

TPi
TPi + FNi

(15)

mAcc =
1
C

C

∑
i=1

TPi
TPi + FNi

(16)

where C is the number of categories. TPi, FPi, and FNi represent the true positive, false
negative, and false positive for category i.

4.4. Comparison Experiments and Analysis

In the experiment environment configuration used in this study, the following training
parameters were set during model training: a batch size of 8, a total of 4096 sampling points,
and the Adam optimization algorithm. The initial learning rate was set to 0.001, and the
number of epochs was 200.

To explore the performance differences between the proposed optimized model and
mainstream point cloud segmentation networks, comparison experiments were conducted
using the same training parameters and sample training data. The comparison results of
the training are shown in Table 3.

Table 3. Segmentation test results of different models.

Model OA (%) mAcc (%) mIoU (%) Training Time
(h)

Throughput
(ins./s.)

PointNet 85.4 73.5 67.9 13.4 158
PointCNN 87.6 79.1 74.1 19.6 143
Point Transformer 90.3 81.2 76.2 26.3 71
PointNet++ 88.7 79.6 74.5 17.9 136
Ours 91.4 82.3 77.4 22.7 119

The experimental results show that PointNet, as a pioneering model in point cloud
segmentation, performs well in extracting global features but has limitations in handling



J. Mar. Sci. Eng. 2025, 13, 256 13 of 17

local geometric features. Its mIoU is relatively low at only 67.9%, showing a clear gap
compared to other models. Point Transformer performs better than PointNet, achieving a
mIoU of 76.2%, which surpasses PointNet++ (74.5%) and PointCNN (74.1%). However, it
still falls 1.2% behind the improved model in terms of mIoU. The proposed improved model
outperforms existing mainstream point cloud semantic segmentation models in terms of
performance metrics. Its OA, mAcc, and mIoU reach 91.4%, 82.3%, and 77.4%, respectively.
Compared to PointNet, PointCNN, Point Transformer, and PointNet++, the improved
model shows mIoU increases of 9.5%, 3.3%, 1.2%, and 2.9%, respectively.

In terms of training time, the proposed model requires 22.7 h, which is longer than
PointNet (13.4 h) and PointNet++ (17.9 h) but shorter than Point Transformer (26.3 h).
Despite the increased training time, the proposed model achieves higher accuracy and
robustness, making it suitable for truck lifting accident detection tasks. Additionally,
the proposed model achieves a throughput (119 instances per second) that surpasses Point
Transformer (71 instances per second) but slightly trails behind PointNet++ (136 instances
per second). Despite this slight drop compared to PointNet++, the proposed model still
maintains solid efficiency for real-time applications.

These results confirm that the proposed model has significant advantages in terms
of segmentation accuracy and robustness, making it suitable for truck lifting accident
detection tasks.

Figure 10 presents the visualized results of the segmentation comparison experiments.
Under various container lifting operation scenarios, the proposed model performs better in
accurately and clearly segmenting truck chassis and containers. In contrast, the baseline
PointNet++ model exhibits incorrect segmentation in some edge regions. This difference
is mainly due to PointNet++’s insufficient feature extraction ability in blurry boundary
regions and limited ability to capture global features. The proposed model, however,
enhances the learning of local detailed features and strengthens the interaction of features
across channel and spatial dimensions, thus achieving finer segmentation in the boundary
areas between containers and chassis.

Figure 10. Visualization of point cloud segmentation results. (a) Shows a container remaining
stationary without being lifted; (b) shows a container being lifted successfully under normal conditions;
(c) shows a lifting accident occurring with the front lock engaged; (d) shows a lifting accident
occurring with the rear lock engaged.

4.5. Ablation Experiment

To verify the improvement in point cloud segmentation performance achieved by
the MLP and MAM modules, a series of ablation experiments were conducted, using
PointNet++ as the baseline model. The experiments progressively added the improvement
modules, and the performance was recorded. The results are shown in Table 4.
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Table 4. Ablation experiment results comparison.

Model/Combination MLP CAM SAM OA(%) mAcc
(%)

mIoU
(%)

PointNet++ × × × 88.7 79.6 74.5
+ MLP ✓ × × 89.2 80.1 75.0
+ CAM × ✓ × 89.5 80.5 75.4
+ SAM × × ✓ 90.1 81.0 76.9
+ MLP + CAM + SAM (Ours) ✓ ✓ ✓ 91.4 82.3 77.4

As shown in Table 4, the OA, mAcc, and mIoU of PointNet++ are 88.7%, 79.6%,
and 74.5%, respectively. When MLP, CAM, and SAM are individually introduced, they
enhance the baseline model’s performance, demonstrating that these modules can improve
the ability to extract both local and global features to a certain extent. Among them,
MLP improves feature representation, resulting in a slight increase in mIoU to 75.0%,
although the improvement in mIoU is relatively small. CAM enhances the model’s focus
on important channels, improving feature selection, and increasing mIoU to 75.4%. SAM
performs the best among these three modules, leading to a significant increase in mIoU
to 76.9%. When MLP, CAM, and SAM are combined, the OA, mAcc, and mIoU reach
91.4%, 82.3%, and 77.4%, respectively, showing a significant improvement compared to the
baseline model. These results fully validate the effectiveness and complementarity of MLP
and MAM modules in enhancing point cloud segmentation performance.

4.6. Engineering Application Comparison Test

To further study the generalization capability of the proposed improved PointNet++
model in real-world scenarios, multi-condition engineering application tests were con-
ducted in an actual container terminal environment. The tests focused on examining the
impact of different lighting and weather conditions on truck lifting accident detection.
In the experiment, a server with identical hardware configurations was used to perform
segmentation and detection on real-time point cloud data. To ensure comprehensive eval-
uation, each of the nine types of truck lifting accidents were artificially replicated under
every test condition. The test results are shown in Table 5, where each condition is tested
with a sample size of 500.

Table 5. Comparison of multi-condition real-world scene tests.

Condition
PointNet++ Ours

Acc (%) FPR (%) FNR (%) Inf. Time
(ms) Acc (%) FPR (%) FNR (%) Inf. Time

(ms)

Daytime 88.6 13.0 9.0 105 97.4 1.7 4.0 120
Nighttime 89.2 12.3 8.6 106 97.8 1.5 3.0 122
Light Rain 86.8 13.7 12.5 112 96.1 2.6 5.5 125

Heavy Rain 82.8 17.5 18.5 116 93.0 4.7 10.5 130
Foggy 83.2 16.0 18.0 113 94.5 4.4 7.0 128

As shown in Table 5, the proposed model demonstrates superior performance com-
pared to PointNet++ across all conditions. In stable conditions such as daytime and
nighttime, the detection accuracy (Acc) of the proposed model is 97.4% and 97.8%, re-
spectively, with false positive rates (FPRs) as low as 1.7% and 1.5% and false negative
rates (FNRs) of 4.0% and 3.0%. In contrast, PointNet++ achieves lower Acc of 88.6% and
89.2% under the same conditions, with significantly higher FPRs of 13.0% and 12.3% and
FNRs of 9.0% and 8.6%. The mean inference (Inf.) time of the proposed model is slightly
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longer (120 ms and 122 ms) compared to PointNet++ (105 ms and 106 ms), but the improve-
ment in accuracy and reduction in false positives and false negatives justify the additional
computational cost.

As weather conditions deteriorate, the detection performance of both models decreases
due to the reduction in the quality of the return signal from the LiDAR. During light rain,
the Acc of the proposed model drops slightly to 96.1%, while PointNet++ achieves an Acc
of 86.8%. In more adverse conditions such as heavy rain and fog, the detection performance
is significantly affected. The proposed model maintains Acc of 93.0% and 94.5% in heavy
rain and fog, respectively, with FPRs of 4.7% and 4.4% and FNRs of 10.5% and 7.0%.
In comparison, PointNet++ achieves lower Acc of 82.8% and 83.2% in heavy rain and fog,
with higher FPRs of 17.5% and 16.0% and higher FNRs of 18.5% and 18.0%.

Despite the slight increase in inference time, the proposed model demonstrates supe-
rior Acc, lower FPRs, and lower FNRs across all the conditions. By leveraging a continuous
multi-frame detection mechanism, the system can effectively mitigate the impact of adverse
weather conditions, maintaining its usability even in severe environments such as heavy
rain and fog.

5. Conclusions
This paper addresses the safety issue of truck lifting accidents during container ter-

minal operations by proposing a detection method based on multi-line LiDAR and the
improved PointNet++ model. By incorporating a multi-layer perceptron and a mixed atten-
tion mechanism, the feature extraction and point cloud segmentation performance of the
model are optimized, effectively improving the model’s ability to segment blurry boundary
regions. The experimental results show that this method significantly outperforms the
traditional methods in terms of point cloud segmentation accuracy and robustness, with all
the performance metrics showing substantial improvements. The real-world engineering
tests further validate the model’s reliability and stability under various conditions, espe-
cially under stable weather conditions. Compared with the existing detection methods
based on visual cameras or single-line LiDAR, the proposed method fully utilizes the rich
three-dimensional spatial information from multi-line LiDAR, providing higher precision
and stronger adaptability for truck lifting accident detection.
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