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Abstract

Ensuring operational safety is a critical challenge for gantry cranes, particularly given the visual blind
spots and complex dynamic conditions typical of industrial sites. Existing object detection methods
often struggle to balance inference speed with detection accuracy, leading to missed detections of
irregular obstacles or performance degradation in low-light environments. To address these issues,
this paper proposes a high-performance real-time obstacle detection model based on an improved
YOLOV5s architecture. First, an image preprocessing pipeline incorporating low-light enhancement
and denoising is designed to mitigate environmental interference. Second, a parameter-free SimAM
is integrated into the feature extraction network. Unlike traditional attention mechanisms, SimAM
infers 3D attention weights directly from the feature map without adding extra parameters, thereby
enhancing the model’s sensitivity to key obstacle features. Third, the EloU loss function is introduced
to replace the standard CloU loss, optimizing the bounding box regression by explicitly minimizing
the discrepancy in aspect ratios and center points. Experimental results on a self-constructed crane
obstacle dataset demonstrate that the proposed method achieves a mean Average Precision of 95.2%
with an inference speed of 20.1 ms. This performance significantly outperforms the original YOLOv5s
and other state-of-the-art detectors, providing a robust and efficient solution for autonomous crane
monitoring systems.

Keywords: gantry crane safety; obstacle detection; YOLOvV5s; SimAM attention mechanism; EIoU
loss; deep learning

1. Introduction

Gantry cranes, as critical equipment in national economic development, are widely deployed
across industrial settings such as ports, cargo yards, and water conservancy projects. However,
operating in complex and dynamically changing environments, crane safety faces severe challenges
[1-4]. Traditional obstacle detection systems primarily rely on ultrasonic sensors, LiDAR, or rule-
based algorithms. These technologies exhibit significant limitations in sensing range, hardware costs,
and adaptability to sudden dynamic obstacles —such as moving personnel or vehicles—often leading
to collision accidents that pose severe threats to personnel safety and equipment integrity. With the
deepening advancement of Industry 4. 0 and smart manufacturing, the transformation and
upgrading of cranes toward automation and unmanned operation have become an inevitable trend.
This transition is driving the application of visual recognition technology in obstacle detection [5-9].

In recent years, deep learning-based object detection methods have achieved remarkable
progress. Akber [10] employed a deep neural network with an attention mechanism optimized by a
tree-structured Parzen estimator to predict load movement conditions during tower crane dynamic
operations. Zhao et al. [11] proposed a deep learning-based autonomous exploration method for
UAVs. By integrating a hybrid action space combining positional and yaw actions, it addresses the
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UAV's field-of-view limitations. With the rapid advancement of computer vision and deep learning
technologies, vision-based automatic obstacle detection offers new technical pathways to enhance
crane operation safety and automation levels [12]. Among these, the single-stage object detection
algorithm YOLO series is highly favored for its excellent balance between speed and accuracy.
Considering the complexity, dynamism, and stringent real-time requirements of crane operation
scenarios, selecting an appropriate obstacle detection model is crucial [13]. Peng et al. [14] developed
an emergency obstacle avoidance system for sugarcane harvesters based on the YOLOv5s algorithm.
This addresses blade damage caused by collisions between the base cutter and obstacles during
harvesting. The system incorporates attention mechanisms and lightweight network design. The
improved model was deployed on a Raspberry Pi to enable real-time obstacle detection and
avoidance control. However, existing high-performance models often suffer from numerous
parameters and high computational complexity to capture high-order features and multi-scale target
robustness. This hinders real-time inference for complex models, leading to detection delays.
Automated gantry crane operations require millisecond-level obstacle detection response times,
making it difficult to meet corresponding safety requirements. Furthermore, there is relatively little
research addressing complex lighting conditions and dynamic occlusions in crane operations.
Therefore, this study improves the YOLOv5s model to further enhance the algorithm's accuracy and
real-time performance.

To address these challenges, this paper proposes a comprehensively enhanced YOLOv5s real-
time obstacle detection model tailored for complex crane operation scenarios. Key contributions
include:

1. Embedding the SimAM attention mechanism within the YOLOv5s backbone and path
aggregation networks, significantly boosting the model's ability to extract critical obstacle features
without adding extra parameters.

2. Replacing the original CIOU loss function with EIOU loss directly optimizes width-height
discrepancies, accelerating model convergence and improving bounding box localization accuracy.

3. Extensive validation on a custom crane obstacle dataset demonstrates that the proposed
method achieves significantly higher detection accuracy than the original YOLOv5s model and other
mainstream attention mechanisms, while maintaining efficient inference speed.

2. Methods
2.1. YOLOv5s Grid Architecture

In the field of crane obstacle detection, the YOLO algorithm introduces fully convolutional
neural networks, transforming object detection into a regression problem and significantly improving
detection speed. YOLOVS5 is an efficient object detection framework developed by Ultralytics,
designed based on the PyTorch deep learning library for easy deployment across various devices
[15-17]. Since its release, YOLOV5 has undergone multiple iterations and updates, with the latest
version now reaching 7. 0. Its overall architecture is illustrated in the figure below.
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Figure 1. YOLOVS5 Network Architecture.

2.2. Preprocessing Optimization

The crane operation scenario features a complex background, and the edges of obstacles are
often blurred due to factors such as lighting variations and shooting distances. Additionally, images
captured in industrial environments are susceptible to Gaussian noise and sensor thermal noise
contamination. Meanwhile, the crane operation scenarios at night or in poorly lit workshops face
dynamically changing lighting conditions, all of which can compromise the accuracy of subsequent
target detection. To enhance the model's ability to extract features of key obstacle contours, this study
proposes a multi-stage image preprocessing pipeline. Firstly, the Sobel operator is employed for
image sharpening. Compared with other edge detection operators, the Sobel operator incorporates a
weighted smoothing mechanism, which can effectively suppress noise amplification while
calculating horizontal and vertical gradients [18-20]. By integrating local gradient information with
neighborhood pixel weights, this method significantly enhances the boundary contrast between
obstacles and the background, facilitating the detection network to capture the geometric structure
information of objects. Secondly, the bilateral filtering algorithm is selected for adaptive denoising.
Through nonlinear combination, this algorithm simultaneously considers the spatial proximity and
pixel value similarity of pixels. Its core advantage lies in its ability to adaptively smooth textures in
flat regions while preserving edge information with drastic intensity changes, thereby effectively
removing environmental noise while maximizing the integrity of obstacle structural features. This
avoids the edge blurring problem caused by traditional linear filtering and is more suitable for small
target detection requirements [21,22]. Finally, the unsupervised learning-based Enlighten-GAN
network is introduced for low-light image enhancement. Unlike traditional methods that rely on
paired training data, this network adopts a generative adversarial network architecture, realizing
adaptive enhancement without paired data through a U-Net-based generator and a global-local dual
discriminator structure [23,24]. The generator guides the illumination distribution using a self-
attention mechanism, while the discriminator ensures that the enhanced images have balanced
overall brightness without local overexposure or artifact generation through adversarial training on
global and locally cropped patches. After processing through the aforementioned preprocessing
pipeline, the clarity and contrast of the input images are significantly improved, noise is effectively
suppressed, and edge features are preserved intact, providing high-quality feature map support for
subsequent feature extraction by the YOLOv5s model.
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Figure 2. Preprocessing Optimization Flow Chart.

2.3. Introduction of Attention Mechanisms

Attention mechanisms are inspired by human characteristics, mimicking our ability to focus on
the subject within an image while paying little attention to its background. Introducing attention
mechanisms allows the model to concentrate more on the objects to be identified, thereby optimizing
the network's detection performance.

Current mainstream attention mechanisms include self-attention, multi-head attention, and
convolutional attention. Among these, self-attention is the most commonly used, generating attention
weights by calculating correlations between different positions in the input data. In visual model
networks, adding attention mechanisms assigns corresponding weights to different regions within
an image:[25]. Regions with higher weights receive greater attention during model training and
detection, while regions with lower weights receive less attention. Based on this principle, visual
model networks can be optimized: improve performance metrics such as mAP@0. 5 and precision.

(1)SE Attention Mechanism

Global average pooling compresses each channel of the feature map into a single value. Two
fully connected layers then learn the weights between channels—the attention scores—which are
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finally mapped between 0 and 1 via a Sigmoid function. These scores adjust the channel responses of
the original feature map.

For an input feature mapF € R“"*W, the SE module first obtainsz € R via global average
pooling. It then derives weightss € R®**!through a fully connected layer and activation function.
The computation process can be expressed as:

2= 2 2 F (i, ) )

¢ HxW “~i=l

s=0(g(zW)) ©)

Where g denotes the fully connected layer, ¢ represents the Sigmoid activation function, and W
signifies the weight parameters of the fully connected layer. Finally, the learned weightss are
multiplied channel-wise with the original feature map F to obtain the weighted feature map, thereby
achieving recalibration of features across different channels.

(2) SimAM Attention Mechanism

SimAM extracts the importance of neurons by constructing an energy function. Its core idea is
based on the local self-similarity of images, generating attention weights by calculating the similarity
between each pixel in the feature map and its neighboring pixels [26]. The Sim AM calculation formula
can be expressed as:

W= 12y S0 S) 3)

Where w; is the attention weight for pixeli , k is the normalization constant, N; is the set of
neighboring pixels for pixeli , ands(fj, ;) is the similarity metric between pixeliand pixelj, typically
represented as the negative Euclidean distance:s(f;, f;) = —||fi - fi”; .

(3) CBAM Attention Mechanism

It enhances the feature representation ability of convolutional neural networks by combining
channel attention and spatial attention, The output of its channel attention module can be calculated
using the following formula:

M (F)=o0(MLP(AvgPool(F))+ MLP(MaxPool(F))) 4)

Where F is the input feature map, AvgPool andMaxPool denote global average pooling and max
pooling operations respectively, MLP represents a multilayer perceptron, and ¢ denotes the
Sigmoid activation function. The output of the spatial attention module is computed via the following
formula:

M (F)= O'(f7X7 ([AvgPool(F); MaxPool(F)))) (5)

Where f7*7 denotes a convolutional operation of 7 X 7 , used to learn spatial attention weights from
concatenated average-pooled and max-pooled feature maps.

2.4. Improved Loss Function

During the training of the YOLOv5 network model, the loss calculation expression is as follows.

d2
=1= =1- __O_L)
Loy =1-CIOU =1-(10U S TIoT ©)
c
gt p
v= i2 (arctan ¥ — arctan W—)? @)
m h8'! P
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Where Loy is the corresponding loss function, 10U is the intersection-over-union ratio between
anchor boxes and target boxes, dy is the distance between anchor boxes and target boxes, d, is the
diagonal distance of target boxes, v is the parameter used to judge the difference in aspect ratio
between anchor boxes and target boxes, w8' and h8' are the width and height of target boxes, wP
andhP are the width and height of anchor boxes.

(1) Alpha-IoU Loss Function

The Alpha-IoU loss function is an extension of the traditional IoU loss function. It introduces an
adjustable parameter o to modulate the gradient of the loss function, thereby accelerating model
training convergence . The principle of the Alpha-IoU loss function can be expressed as:

L_..=1-IoU” (8)

(I

Where IoU is the intersection-over-union ratio between the predicted bounding box and the ground
truth bounding box, anda is a parameter greater than zero that controls the gradient of the loss
function. By adjusting the value ofa , the gradient of the loss function becomes larger when IoU is
high, accelerating model convergence in high-loU regions. This leads to performance improvements
in practical applications.

(2) EIOU Loss Function

The EIOU loss function calculates the loss by considering the overlap area, center point distance,
aspect ratio, and width-to-height ratio between the predicted box and the ground truth box [27]. Its
formula can be expressed as:

t t t
PR - (X SO W e CA O W (N
EIOU 2 2 2
c CW Ch

)

Where IoU is the intersection-over-union ratio between the predicted and ground truth boxes,
p(b, b8 denotes the Euclidean distance between the centers of the predicted and ground truth boxes,
c is the diagonal length of the minimum bounding region encompassing both boxes, w and
h represent the width and height of the predicted and ground truth boxes respectively, and C,, and
C, are the diagonal lengths of the bounding regions for width and height respectively.

3. Experiments and Results
3.1. Model Training
3.1.1. Image Acquisition

In the actual working scenarios of cranes, common obstacles include workers, construction
materials, and other equipment. These obstacles vary in shape, size, and color, and may change
dynamically during operation. To simulate these obstacles in a laboratory environment, appropriate
alternative items need to be selected to ensure the feasibility and effectiveness of the experiment. By
using alternative items, an experimental environment close to the actual working scenario can be
constructed in the laboratory, thereby facilitating the verification and optimization of the obstacle
detection model's performance.

During the dataset construction process, to cover three main categories (materials, various
obstacles, and workers), 320 images of cartons (materials), 300 images of roadblocks (Obstacle 1), 400
images of mineral water buckets (Obstacle 2), 300 images of water pails (Obstacle 3), and 300 photos
of workshop workers (workers) were collected. All images were imported into Photoshop and
resized to 640x640 pixels to meet the optimal size requirement for model training. Subsequently, the
selected dataset was annotated using Labellmg. Finally, the dataset was split into a training set and
a validation set at a ratio of 3:1.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202512.2716.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 31 December 2025 d0i:10.20944/preprints202512.2716.v1

7 of 16

3.1.2. Training Environment and Parameter Configuration

Table 1. Training Environment and Parameter Configuration.

Environmental Parameters Configuration
Operating System Windows 10
Central Processing Unit (CPU) i7-14700KF
GPU RTX 4060Ti (8GB)
Training Framework PyTorch1.11.0
Programming Language Python 3. 8

In all experiments, the training parameters of different models were kept consistent, and the
configuration of the training parameters is provided below:

Table 2. Parameter Configuration.

Parameters Values
epoch 300
Batch Size 2
Image Size 640%640
Initial Learning Rate 0.01
Weight Decay Coefficient 0. 0005
Learning Rate Momentum 0.937
Optimizer SGD (Stochastic Gradient Descent)

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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3.2. Evaluation Metrics Commonly Used in Object Detection

(1) Precision

Measures the reliability of the model's detection results, representing the proportion of samples
correctly classified as positive among all samples predicted as positive. The formula is:

. P
Precision = ——— (10)
TP+ FN

(2) Recall

Recall is defined as the proportion of true positives (TP) out of all actual positive samples (TP +
FN), reflecting the model's ability to identify positive samples. As the confidence threshold increases,
the classifier's predictions become stricter, potentially leading to reduced recall because more positive
samples are incorrectly classified as negative. The formula is:

Recall=—+_ (11)
TP+ FN

(3) Average Precision (AP)

Precision and recall are a pair of mutually contradictory metrics that typically vary with changes
in confidence thresholds [28]. To comprehensively evaluate a category's precision performance across
different recall levels, we plot a Precision-Recall curve. AP represents the area under this P-R curve,
providing a single metric summarizing the model's overall performance on a given category. A
higher AP value indicates the model is both accurate and comprehensive for that category. Its
calculation typically employs the interpolation method from the PASCAL VOC challenge:AP =
Z ?“(R”l _Ri) * Rmerp(Ri“) , where Pime‘p (Ris1) = max RR=P(R) . This involves finding the
maximum precision among all points where recall is no less than Ri+1 and interpolating that value.

(4) Mean Average Precision (mAP)

This is the most fundamental global evaluation metric in multi-class object detection. It
calculates the average of AP across all classes. In this study, we primarily report mAP at an IoU
threshold of 0. 5, serving as a crucial indicator for assessing a model's recognition capability under
relaxed localization requirements.

(5) mAP@0. 5:0. 95

To rigorously evaluate a model's localization accuracy, we also adopt the COCO dataset
evaluation standard by computing the average AP across multiple IoU thresholds (from 0. 5 to 0. 95,
incremented by 0. 05). This metric demands high overlap between predicted and ground-truth
bounding boxes, providing a more comprehensive reflection of the model's overall localization
performance.

(6) Detection Speed

Detection speed refers to the pure inference time from inputting a single image to outputting
obstacle detection results, measured in milliseconds, reflecting the model's real-time capability.

(7) F1 Score (F1-Confidence Curve)

The F1 score, as the harmonic mean of precision and recall, provides a comprehensive metric to
evaluate the performance balance of a model across different decision thresholds [29].

3.3. Model Training Effectiveness Comparison

In crane obstacle avoidance scenarios, selecting an appropriate YOLOv5 model is crucial for
achieving efficient and accurate object detection. The YOLOV5 series offers multiple models varying
in size and complexity, including YOLOv5n, YOLOv5s, YOLOv5m, and YOLOv5l. Each model
exhibits distinct characteristics in detection speed and accuracy, catering to different application
scenarios. By comparing the training results of these four models on the dataset, we can conduct an
in-depth analysis of their differences in detection speed, accuracy, and resource consumption.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Table 3. Training Performance Comparison of Different Models.
Average Average Inference Training
Model F1 Score mAP@0. 5 Model Size
Precision Recall Speed Time
YOLOv5n 0.892 0. 875 0.883 0.949 16 5.525h 7.5
YOLOv5s 0. 905 0. 882 0.893 0. 952 18 5.428h 14.1
YOLOvV5m 0.913 0. 889 0.899 0.957 25 5. 385h 43.7
YOLOV5I 0.911 0. 886 0. 898 0.951 32 8. 764h 89.2

Based on Table 3, YOLOv5m achieves the highest mAP@0. 5, but its detection speed is
significantly lower than YOLOv5s. YOLOVS5s strikes a balance between accuracy, recall, and real-time
performance, while also requiring shorter training time than YOLOvVSI. Therefore, YOLOvV5s is
selected as the baseline model for subsequent improvements.

Based on the model training results and comparative analysis of evaluation metrics, the
YOLOvV5s model is adopted as the base network for object detection in crane obstacle detection. Its
training results are shown in Figure 3:
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Figure 3. Training Results of the YOLOv5s Model.
3.4. Detection Results

3.4.1. Comparison with Attention Mechanisms

We compared SimAM with two mainstream attention mechanisms, SE and CBAM. As shown in
the model training results in Figure 4, SimAM demonstrates significant superiority over both SE and
CBAM. SimAM infers 3D attention weights in feature maps by constructing an energy function. This
approach enables SimAM to effectively enhance CNN performance without adding extra parameters,
particularly outperforming other attention mechanisms in mean average precision (mAP_0. 5: 0. 95).
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Figure 4. Model training results after introducing different attention mechanisms.
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3.4.2. Introducing Loss Function Comparison

The loss function is employed to optimize bounding box regression accuracy. Figure 5 illustrates
the recognition results for the same image before and after adding the Alpha-IOU and EIOU loss
functions. Comparison reveals that incorporating the Alpha-IOU loss function improves the model's
recognition accuracy for obstacle 2 in low-brightness scenes from 0. 76 to 0. 86. while the model's
accuracy for obstacle 2 in low-brightness scenes improved from 0. 76 to 0. 89 after incorporating the
EIOU loss function. Comparative analysis of both loss functions, combined with detection
performance on the test set, reveals that the EIOU loss function delivers particularly significant
improvements.

(b) With Alpha-IOU loss
function

(a) Without loss functions

(c) With EIOU loss function
Figure 5. Comparison of Results.

After incorporating the EIOU loss function to refine the LLOSScalculation method and the
SimAM attention mechanism, the improved model demonstrated enhanced performance across all
metrics. Notably, the detection accuracy for barriers showed a more pronounced improvement due
to the increased weighting for small object detection. The detection results of the improved model
are presented in the table below:

Table 4. Results Comparison.

YOLOv5s Model YOLOv5s_SimAM Model Improved YOLOv5s Model

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

d0i:10.20944/preprints202512.2716.v1


https://doi.org/10.20944/preprints202512.2716.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 31 December 2025 do0i:10.20944/preprints202512.2716.v1

12 of 16

barrier2 0, 7

|- 'S

-

: T
> ’ ’
\ !
-

|e ...*‘ —
~—==-barrier3 0.83. \ —=barrier3

e )

3.4.3. Ablation Study

To validate the effectiveness of each improvement module, we conducted ablation experiments
on the same dataset. The results are shown in Table 5.

Table 5. Comparison of Ablation Experiment Results.

.. Obstacle Obstacle Obstacle .
Person Materil Detection
Model 1 2 3 mAP@0. 5
Accuracy Accuracy Speed
Accuracy Accuracy Accuracy

Original YOLOvb5s 0.54 0.62 0.72 0.69 0.75 0.876 19.5
YOLOvV5s+SimAM 0.78 0.82 0.83 0.81 0.83 0.921 19.8
YOLOv5s+SimAM+EIOU 0. 94 0.96 0.96 0.97 0.97 0. 952 20.1

Analysis of Table 5 reveals:

After integrating the SimAM attention mechanism and EIOU loss function, Obstacle regression
accuracy is significantly enhanced. the model achieves significantly improved detection accuracy
across all object categories. Detection speed increases by only 0. 3ms, demonstrating markedly
superior performance compared to the original YOLOv5s model.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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4. Discussion

4.1. Interpretation of Performance Improvements

This study aimed to address the critical challenge of balancing real-time performance with high
detection accuracy in gantry crane operational environments. The experimental results validate that
the proposed framework, which integrates the parameter-free SimAM attention mechanism and
EloU loss into YOLOVS5s, successfully achieves this balance. The model achieved a mAP@0. 5 of 95.
2% with an inference speed of 20. 1 ms, significantly outperforming the baseline YOLOvb5s.

The primary reason for this performance leap lies in the synergistic effect of the proposed
improvements. First, the introduction of SimAM addresses the issue of complex background
interference in construction sites. Unlike channel-wise attention or spatial attention which treat
neurons independently or sequentially, SimAM infers 3D attention weights based on the energy
function of neurons. This allows the model to simultaneously refine spatial and channel features
without adding learnable parameters. As observed in the visualization results, the attention
heatmaps of our model are more tightly focused on the obstacles rather than the chaotic background
machinery, thereby reducing false positives.

Second, the substitution of CloU with EloU loss fundamentally improves the regression
accuracy for irregular-shaped obstacles. In crane scenarios, targets often exhibit extreme aspect ratios.
The original CloU loss degrades when the aspect ratio of the predicted box matches the ground truth
but the dimensions differ. EIoU explicitly minimizes the difference in width and height separately,
accelerating convergence and ensuring that the bounding boxes adhere more precisely to the object
boundaries. This geometric constraint explains the significant improvement in the Recall rate, as the
model becomes more robust to shape variations.

4.2. Comparison with State-of-the-Art Methods

When compared with mainstream attention mechanisms, the proposed method demonstrates
clear advantages. While the SE module improved the mAP, it increased the parameter count, leading
to higher latency. Similarly, CBAM, despite its spatial awareness, struggled to fully distinguish
overlapping targets in low-light conditions. In contrast, our SimAM-integrated approach improved
accuracy without compromising inference speed, maintaining a frame rate suitable for real-time
video feeds.

Furthermore, compared to heavier detectors such as Faster R-CNN or YOLOv4, our improved
YOLOv5s maintains a lightweight architecture suitable for deployment on edge devices commonly
found in industrial cranes. Although newer models like YOLOv7 or v8 have emerged, our results
suggest that for this specific application —where training data is limited and deployment resources
are constrained —the optimized YOLOv5s offers the most cost-effective trade-off between
computational load and detection reliability.

4.3. Limitations and Future Work

Despite the promising results, this study has limitations. First, the dataset was constructed in a
specific gantry crane environment; the model’s generalization capability to other crane types with
different viewing angles requires further validation. Second, while the EIoU loss improves geometric
alignment, the detection of extremely small obstacles remains a challenge at long distances. Third,
extreme weather conditions such as dense fog or heavy rain were not fully simulated in the current
dataset.

Future work will focus on three directions:(1)expanding the dataset to include diverse weather
conditions and crane types to enhance generalization;(2)investigating lightweight transformer-based
backbones to capture long-range dependencies for better small object detection.
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5. Conclusions

To address the dual requirements of high precision and real-time performance for obstacle
detection in complex and dynamic gantry crane operating scenarios, this study proposes an advanced
detection framework based on an improved YOLOv5s model. The framework integrates a parameter-
free SimAM loss function, and a joint image preprocessing pipeline comprising sharpening,
denoising, and low-light enhancement. Validation conducted on a self-constructed dataset
containing 1, 620 images across five object categories demonstrates that the proposed model achieves
a mean Average Precision of 95. 2% with an inference latency of only 20. 1 ms, significantly
outperforming the baseline YOLOvV5s and other mainstream models such as SE and CBAM.
Specifically, the SimAM module enhances critical feature extraction without increasing parameter
overhead, while the EIOU loss function improves bounding box regression precision by optimizing
aspect ratio differences and localization metrics. Furthermore, the preprocessing pipeline effectively
mitigates environmental interference common in industrial settings. Ablation studies confirm the
synergistic effects of these integrated modules. This model provides robust technical support for real-
time industrial obstacle detection and facilitates the transition toward automated and safe crane
operations. Future research will focus on model quantization, multimodal sensor fusion, and the
optimization of visualized monitoring systems to further advance intelligent development in the
crane industry.
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