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Abstract: In the detection of escape ladders in the context of smart construction sites, due to the relatively small target size of 
the escape ladder compared to the entire input image frame, significant environmental interference, and high missed detection 
and false detection rates, an improved YOLOv5s escape ladder real-time detection algorithm is proposed by combining the 
attention mechanism network. The model uses CSPLocknet53 as the backbone network for feature extraction, introduces the 
attention module CA, and integrates spatial and channel information, while increasing a small amount of computation, 
performance has been significantly improved. Optimize the network structure of YOLOv5s algorithm, strengthen shallow feature 
weights to enhance small target detection effectiveness, add attention mechanisms to increase the weight of small targets and 
their surrounding features, and use Mosaic methods for data augmentation to improve detection accuracy and recall. After 
multiple repeated experiments, these experimental results have proven that the optimized YOLOv5s algorithm for real-time 
detection of escape ladders has an average detection accuracy (accuracy, recall) of (81.8, 82.6). Compared with the traditional 
YOLOv5s algorithm, the accuracy and recall have been improved by 1.4% and 1.2%, respectively. The optimized YOLOv5s 
algorithm can effectively improve the detection accuracy of real-time detection of escape ladders, and improve the detection and 
resolution performance of small escape ladder targets. 
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1. Introduction 
Ensuring worker safety is crucial in complex construction 

site environments. However, due to various factors, such as 
sudden mechanical failures, adverse weather conditions, and 
even worker negligence, danger can occur. Among them, real-
time detection of escape ladders is a crucial step. 

However, traditional escape ladder detection methods are 
often limited by environmental conditions such as lighting, 
visibility, noise, etc., resulting in insufficient accuracy and 
real-time performance. With the development of deep 
learning and computer vision technology, escape ladder 
detection algorithms based on deep learning have emerged. 
These algorithms can automatically and real-time detect the 
position and status of escape ladders, improving the safety of 
construction sites. 

Zhang et al. [2] used parameter calibration to generate 
regions of interest (IOUs) and coordinate transformations, 
combined with the velocity and position information returned 
by cameras and radar, and used the mean square error loss 
function to calculate the updated model. S proposed an 
algorithm for precise positioning and target recognition based 
on boundary box regression, but this algorithm is limited by 
various indicators of the sensor. Pablo et al. [3] assumed that 
the data follows a Gaussian distribution and used a Gaussian 
mixture model for background modeling. They proposed a 
new particle filter algorithm for target tracking, which has 
better adaptability to spatial transformations. Kachach et al. 
[4] proposed the Directional Gradient Histogram (HOG) 
algorithm, which uses sliding windows to extract directional 
gradient features of pixels in each window. 

The development of deep learning is on the rise, and more 
and more deep learning technologies are being applied to 
construction site scenarios. For the YOLO (You Only Look 
Once) [6,7] series of algorithms, it is the ancestor of the One 

Stage [5] algorithm in object detection algorithms. YOLOv5 
has excellent accuracy and robustness, and YOLOv5 uses the 
same fully connected layer for object detection and image 
classification. Unlike the Two Stage [9] algorithm represented 
by Region Convolutional Neural Network (R-CNN) 
[10,11,12], it first searches for candidate regions, prunes them, 
and then classifies them using neural networks and support 
vector machines (SVM). The significant improvement in 
detection speed of YOLO series algorithms makes them more 
suitable for applications in scenarios that require high real-
time detection requirements. Because deep neural networks 
extract features through operations such as downsampling 
and pooling, when the target to be detected is small, these 
operations will result in very few small target pixels, and the 
features that can be extracted will become very limited, 
resulting in a high missed detection rate and low detection 
efficiency when detecting small targets. 

In summary, based on YOLOv5s, this article adds a small 
target detection layer [14] in the construction of the detection 
layer, and adds an attention mechanism network CA [15] to 
solve the problem of high detection rate of small target escape 
ladders. When constructing the dataset, a dataset containing 
multiple escape ladder states and environmental conditions 
was constructed, and standard evaluation indicators such as 
accuracy, recall, and mAP were used to evaluate the algorithm 
proposed in this paper. 

1.1. YOLOv5s Algorithm Principle 
YOLOv5s algorithm is an object detection algorithm that 

can detect and locate objects in images in real-time. The 
YOLOv5s algorithm transforms the object detection problem 
into a regression problem, dividing the image into grids using 
a neural network CNN and predicting each grid to determine 
the position and category of objects in each grid. Then, the 
best candidate box is matched using Non-Maximum 
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Suppression (NMS) [15]. At the same time, the YOLOv5s 
algorithm also adopts a feature pyramid network to improve 
the accuracy and speed of the algorithm. 
Specifically, the YOLOv5s algorithm first divides the input 

image into SxS grids, with each grid predicting B bounding 
boxes, where each bounding box predicts K coordinates and 
K confidence scores. Among them, S, B, and K are 
hyperparameters of the YOLOv5s algorithm, which can be 
adjusted according to specific problems. 
The feature pyramid network is an important component of 

the YOLOv5s algorithm, which includes multiple 
convolutional and pooling layers and can extract features of 
different scales from input images. These features are 
transmitted to different detection layers, each of which 
outputs a set of bounding boxes and corresponding category 
probabilities. 

YOLOv5 (You Only Look Once version 5) is a single stage 
object detection algorithm. It has added some new 
improvement ideas on the basis of YOLOv4, which has 
greatly improved its speed and accuracy. Compared to the 
previous YOLO version, YOLOv5 adopts more data 
augmentation methods during the training process, such as 
Mosaic data augmentation, adaptive anchor box calculation, 
adaptive image scaling, etc. In addition, YOLOv5 also 
incorporates some new ideas from other detection algorithms, 
such as Focus structure, CSP structure, FPN+PAN structure, 
etc. The anchor box mechanism of its output layer is the same 
as YOLOv4, but it improves the loss function GIOU during 
training_ Loss, as well as DIOU for prediction box filtering_ 
Nms. 
During the algorithm's detection, the images input to the 

YOLOv5s network are preprocessed, including scaling, 
zeroing, and other operations, so that the network can process 
the images normally. After input to the network, multiple 
predicted boundary boxes and type results are output. At this 
time, YOLOv5 performs NMS (non maximum suppression) 
post-processing on the output results, selecting the most 
matching option box as the final detection result output. 
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Fig 1. YOLOv5s network structure 

2. Algorithm Improvement 
This study introduced the CA attention network module 

and made some adjustments to the design and output structure 
of the backbone network, making the network's perception of 
low-level features more apparent without increasing 
computational parameters. The overall adaptation 
improvement is shown in the following figure. 

2.1. Network Structure Optimization 
The YOLOv5s algorithm performs multiple downsampling 

during feature extraction, and each downsampling results in 
the loss of pixel information. This can lead to poor feature 
extraction performance when detecting small targets, thereby 
affecting the detection effect. Learning small target 
information becomes more difficult when the number of 
feature layers is deep. The network model designed in this 
article is based on the YOLOv5s algorithm and adds a CA 
attention mechanism layer. This attention mechanism layer 
can embed position information into new attention, which can 
expand the network's attention range. In addition, it can also 
avoid the increase in computational complexity caused by 
large-scale attention. 

 
Fig 2. Network architecture flowchart of CA attention mechanism 

2.2. Dataset Engineering 
We constructed a dataset containing multiple escape ladder 

states and environmental conditions. The dataset consists of 
on-site collected videos, with 1000 sample images extracted 
every 15 frames. The environmental conditions include dim 
and bright environments. When annotating the dataset, visible 
escape ladder objects are labeled. This paper uses high pass 
filtering and median filtering to optimize the dataset by 
removing image impurities and sharpening image details, The 
YOLOv5s algorithm, which added a CA attention detection 
layer, was trained using the optimized data. 

2.3. Algorithm Process 
1. Prepare a dataset: Collect and annotate the image data of 

the escape ladder, and divide it into training, validation, and 
testing sets. 

2. Build YOLOv5s model: Based on the YOLOv5s 
network structure, build an object detection model. 

3. Add attention mechanism CA: Add a CA attention 
mechanism layer to the YOLOv5s model to improve the 
model's attention to small targets and optimize the neural 
network's detection ability for small size escape ladder 
images. 

4. Training Model: Train the model using a training set and 
optimize the model parameters using a backpropagation 
algorithm. 

5. Validation Model: Use the validation set to evaluate the 
model during the training process and select the model with 
the best performance. 

6. Test Model: Use a test set to test the final selected model 
and evaluate its performance in small object detection tasks. 

7. Result analysis: Analyze the test results, compare the 
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performance differences before and after adding attention 
mechanism CA, and prove the effectiveness of attention 
mechanism in improving the detection effect of small targets. 

3. Experimental Analysis and 
Validation 

3.1. Experimental Environment and Datasets 
The experimental software and hardware settings in this 

article are: NVIDIA GeForce GTX 3060 GPU, 16GB memory, 
Inter Core i5-10200H CPU, trained using Python, Pytharm 
Community IDE, Python framework version 1.7.0, which can 
call GPU for high-speed tensor calculation, using Python 3.9 
that is suitable for Python version, and operating environment 
is Windows 10. 

Monitoring videos taken using live scenes on the 
construction site and videos recorded normally, including 6 
types of data scenarios: day (strong light), day (weak light), 
dusk, in the ditch, and outside the ditch. Image data was 
obtained through video frame extraction. After data analysis, 
invalid data was deleted, fuzzy data was removed, and other 
operations were conducted to create a high-quality dataset. 
Finally, 1500 images were obtained, including 2000 samples 
of escape ladders. During data annotation, to avoid 

interference from other features, occluded parts are removed 
to purify the features. 

3.2. Algorithm Improvement Effect 
3.2.1. Performance Test Results of YOLOv5s Detection 

Algorithm on Self built Datasets 
Improved algorithm structure, added small object detection 

layer CA, improved anchor box, selected anchors that are 
more suitable for small objects, improved YOLOv5s 
algorithm, added small object detection layer, easy to analyze 
charts, optimized and adapted YOLOv5s algorithm, improved 
accuracy by 1.4% and recall by 1.2% mAP@0.5 The indicator 
has increased by 2.9%, and the detection speed has decreased 
by about 0.9ms. 

 
Table 1. Comparison of YOLOv5s and YOLOv5s with CA added 

 mAP .5 
mAP .5 
samll 

inference(ms)

YOLOv5 0.826 0.769 8 

optimized 
YOLOv5 

0.855 0.825 8.9 

difference 2.9% 5.6% 0.9 

3.2.2. Visualization Analysis of Iterative Process 

   
(a) Comparison of precision rate                     (b) Comparison of recall rate 

Fig 3. Visualization Analysis of Iteration Times and Convergence of YOLOv5s Algorithm before and after Improvement 
 

From the comparison of the changes in iteration times, 
precision, and recall in the figure, it can be seen that the 
improved YOLOv5s algorithm has better convergence speed 
than the original YOLOv5s algorithm. 

3.2.3. Comparison of Effects Before and after 
Optimization 

 

    
(a) YOLOv5s Algorithm Small Target Detection Effect    (b) Improvement of YOLOv5s Algorithm Small Target Detection Effect 

Fig 4. Comparison of Small Target Detection Effects. 
 

In order to demonstrate the optimization effect, the 
YOLOv5s algorithm before and after improvement will be 
analyzed and verified for the detection effect of small target 
escape ladders. The test video is the actual video collected on 
the construction site. As shown in Figure 4, in the video 
collected in practical engineering applications, the YOLOv5s 
algorithm missed the detection of small target escape ladders 

when detecting backlight small targets, as shown in Figure 4 
(a). The improved and optimized YOLOv5s algorithm 
performs better in the same test, and its detection ability is 
stronger compared to before when targeting small targets with 
lower resolution. 
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4. Conclusion 
This article investigates the method of adding CA attention 

mechanism layer to the YOLOv5s model and explores its 
optimization effect on escape ladder target detection tasks. 
Through experimental verification, we have demonstrated 
that adding a CA attention mechanism layer can improve the 
performance of YOLOv5s, enabling it to achieve better 
accuracy and robustness in object detection tasks, which helps 
further improve the performance and practicality of object 
detection. The research results of this article demonstrate the 
important role of attention mechanism in deep learning 
models, providing valuable reference for future research. We 
believe that in future research, we can further explore and 
optimize the application of attention mechanisms in the field 
of object detection, laying a solid foundation for achieving 
higher precision object detection. 
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