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Abstract: This paper introduces an improved PP-YOLO network method to enhance the accuracy of rebar end identification
and counting in construction engineering. The network is optimized for the specific characteristics of rebar images, enhancing
its recognition capabilities for rebars of various sizes and shapes. Notably, the network structure introduces new pathways in the
4th and 5th layers, enabling more effective learning and identification of rebar features from low-level characteristics, thus
improving overall recognition and counting accuracy. Additionally, an optimized data augmentation strategy, tailored to the
unique features of rebar images, replaces the traditional Mixup method. Specific algorithms are introduced to enhance the
network's efficiency in learning rebar image characteristics. These improvements led to excellent performance in rebar end face
recognition tests, achieving an average precision (AP) of 96.23%, a 1.07% increase compared to the original model. This
significant performance improvement confirms the effectiveness of our proposed improvements in practical applications,
offering new perspectives for the development of rebar detection technology in the construction industry.
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end face recognition, markedly improved recognition

1. Introduction accuracy by segmenting the task into classification and

In construction engineering, rebar is a critical supporting localization. Later algorithms, such as Fast R-CNN [10] and
material, and its precise use is crucial for efficiency and ~ Faster R-CNN, showed more efficient rebar image processing.
structural integrity [1][2][3]. Accurate identification and The introduction of the YOLO series algorithms in 2017
counting of rebar ends are vital for the stability and safety of mark;d anew era for .qu1ck and accurate rebar end counting,
structures. The varied sizes, shapes, and configurations of ~ merging target bounding box localization and classification,
rebar in images complicate automated identification and thereby mgmﬁcant’ly boosting detectlpn speed and accuracy.
counting. Developing a method for rapid and precise That same year, Lin [11] fmd others introduced a bottom-up
identification and counting of rebar ends is therefore a and top-down structure in the Feature Pyramid Network
significant research focus in construction engineering. [4] (FPN), enhangmg smal} rebar end face recognition accuracy.
This paper enhances the PP-YOLO network [5], renowned for In 2019, the introduction of the CornerNet [12] algorithm
its effectiveness in natural image object detection, to better addressed the’ 1n§fﬁ01en01es Of' tradltl'onal anch'o‘r-based
suit rebar end identification and counting. Traditional rebar methods, contributing to progress in efficient recognition and
identification methods, mostly based on manual inspection, counting of rebar ends.[13] [14] [15] The PP-YOLO network,
are not only inefficient but also require substantial expertise. developed on Baidu's deep learning framework PaddlePaddle,
The incorporation of deep learning, particularly in object is particularly apt for complex image object detection.

detection, has demonstrated exceptional effectiveness and
practicality globally. This research aims to improve the 2. Improved PP-YOLO Network for

accuracy and efficiency of automated rebar end face Rebar End Face Image Detection
identification and counting by refining the PP-YOLO
network. Major advancements in image processing within
deep learning began with the 2012 computer vision
competition, where Krizhevsky[6] and others' modification of
the AlexNet[7] network marked a significant milestone,
achieving unparalleled accuracy in image classification tasks
and advancing the use of convolutional neural networks
(CNNs) in image recognition. With rapid advancements in
hardware technology, more robust and intricate deep learning
network architectures have evolved, greatly expanding the 2.1. Improvement of the Detection Neck
scope of computer vision. These developments offer robust
technical support for image recognition tasks in specialized
areas like rebar end detection and counting, enabling precise
identification in complex scenarios. For example, the Region-
based Convolutional Neural Network (R-CNN) algorithm [8],
proposed by Girshick et al. [9] in 2014 and applied in rebar

The PP-YOLO network is a typical application of a single-
stage object detection algorithm, which includes a backbone
network, a detection neck (usually a feature pyramid network),
and a detection head (for classification and localization). In
this study, we made improvements to these parts, especially
optimizing them for the identification and counting of rebar
ends. Through these improvements, we aim to enhance the
efficiency and accuracy of rebar image target detection.

Improvement of the Detection Neck: This paper improves
the PP-YOLO network, a typical application of a single-stage
object detection algorithm, focusing on enhancing
performance for rebar end identification and counting. We
made targeted improvements to the network's three main parts
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- the backbone network, the detection neck (usually a feature
pyramid network), and the detection head (for classification
and localization) - to enhance the efficiency and accuracy of
rebar image target detection. In terms of improvements to the
detection neck, for rebar end identification applications, we
reconstructed the feature pyramid network, adding lateral
connection structures. Moreover, we introduced dilated
convolutions to expand the receptive field and capture more
extensive contextual information, thus improving the
recognition ability of rebar end features. We also integrated a
self-attention mechanism[16], especially in the 4th and 5th
layer feature mappings (C4 and C5), allowing the network to
focus more on the critical parts of the rebar ends and improve
feature discrimination. In terms of network architecture
adjustment, we retained the basic framework of the last three
layers of feature mappings (C3, C4, and C5) in the backbone
network and strengthened the feature fusion and information
transmission between these layers. Especially between the C4
and C5 layers, the combination of self-attention mechanisms
and dilated convolutions effectively transmitted more
abundant semantic information from lower to higher layers.
We defined the feature mapping of the 1-th layer output of the
feature pyramid as PI, and in this paper's experiments, 1 = 3,
4, 5. When the input image size is W x H, the output feature
mapping Pl is:

w _H
PIZEX;, =345 (l)

In key applications for rebar end face recognition, we made
systematic improvements to the detection neck of the PP-
YOLO network, especially by adding dilated convolutions
and attention mechanisms to enhance the model's

performance. These improvements were based on an analysis
of the original PP-YOLO network, identifying its limitations
in information transmission: although the network could
transmit low-level semantic information to higher levels, it
failed to fully utilize the rich spatial features of the lower
levels. To address this issue, we introduced dilated
convolutions in the C3, C4, and C5 layers of the feature
pyramid. This convolution form expands the receptive field
by introducing spatial intervals in standard convolution
kernels, maintaining a balance between parameter count and
computational complexity, while also enhancing the model's
ability to capture spatial information. This is particularly
beneficial before the upsampling block, as dilated
convolutions help maintain details that may be lost during
downsampling. Furthermore, we integrated a self-attention
mechanism in the P4 and P5 feature mappings, allowing the
network to focus on key areas containing more target
information. At the output end of the convolution block,
especially at the nodes where upsampling and downsampling
information are merged, we also applied attention modules.
This design further enhanced feature discrimination and
promoted the fine fusion of features at different levels. With
these structural improvements, especially through the
Downsample Block module, we established a new pathway
for effective information transmission from lower to higher
layers. This improvement not only enhanced the efficiency of
converting low-level spatial features to high-level semantic
information but also significantly improved the model's
accuracy in rebar end face recognition tasks. Experimental
results validated the effectiveness of this design, as shown in
Figure 2, where the improved detection neck structure
exhibited exceptional performance in rebar end face
recognition, indeed improving recognition accuracy.
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Figure 1. Detailed Structure of the PPYOLO Feature Pyramid
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Figure 2. Block diagram of detection neck optimisation strategy



2.2. Detection Head

In the PP-YOLO network for rebar end face image
identification, the detection head uses 3x3 and 1x1
convolution layers for final predictions. These convolution
layers are meticulously designed to include necessary batch
normalization and activation functions, effectively processing
the features of rebar end faces. For each input image of rebar
ends, the prediction results are associated with specially
designed anchor boxes, which are adjusted to fit the unique
shape and size of rebars, optimizing the accuracy of predicted
probabilities and location coordinates.

To further optimize the accurate identification and precise
localization of rebar ends, we employed an improved loss
function strategy. The classification task uses cross-entropy
loss, but we introduced label smoothing technology to reduce
the model's overconfidence in a single category, thereby
improving its generalization ability. For localization tasks, we
used CloU loss [18], an IoU-based loss function that
considers not only the overlap area between the prediction
box and the true box but also the distance and shape of their
centers. This is very effective in improving the accuracy of
bounding box localization. The calculation formula for CloU
loss is as follows:

p*(bbge)
CZ

CIOU LOSS =1 — 10U + +axv 2

Where IoU denotes the intersection over union between the
predicted and actual boxes. The term 'pbbgt' refers to the
Euclidean distance between the centers of these boxes. 'c'
represents the diagonal length of the smallest area enclosing
both boxes. The parameter 'a' serves as a weight, while 'v'
quantifies the aspect ratio consistency between the predicted
and actual boxes.

In the structural design of the detection head, we paid
special attention to the final output configuration of each
output channel. Considering that rebar end face identification
usually involves more specific categories, we adjusted the
final output of each output channel to 3x(1 + 4), that is, one
rebar end face category plus four positional coordinate
parameters. This configuration ensures that the network can
effectively classify and locate rebar end faces. We also
adjusted the weights of the cross-entropy loss function. This
adjustment is based on the characteristics of rebar features,
such as the size, shape, and frequency of appearance in
images. In this way, we can optimize the classification
training effect for rebar ends and improve the model's
recognition ability for different categories of rebars. Figure 3
in this paper details the structure of the detection head and its
coordinated use with the loss function. Specifically, the
introduction of CloU loss is explained in detail, showing how
it optimizes localization tasks. The weight adjustment of the
cross-entropy loss function is also elucidated, including its
definition and calculation method, as well as examples of how
to adjust weights based on rebar features. With these
improvements, our PP-YOLO network not only excels in the
detection of rebar end faces but also demonstrates high
accuracy and efficiency in processing end face images in
complex environments. The definition of the cross-entropy
loss function is as shown in formula (3).Where weight is the
specified weight for each category, and input is the input for
the specified category.

loss; = weight[class](—input[class] +
log(XX , exp (input)))j = 1,2,..,K  (3)
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Figure 3. Block diagram of the improved data enhancement strategy

2.3. Improvements in Data Enhancement
Optimisation Strategies

In order to further improve the generalisation performance
of the rebar end face recognition model and to avoid
overfitting phenomena, we optimised our data enhancement
strategy. Although initially, our PP-YOLO model used the
Image Mixup algorithm in the expectation of enhancing the
dataset through weighted mixing between images, we
observed that this method may produce undesirable mixing
effects on rebar images, which in turn may adversely affect
the training efficiency of the model.
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To overcome these limitations, we turned to the CutMix
algorithm, which generates training samples that are better
suited to the characteristics of the rebar by replacing certain
portions of the image in order to introduce a more diverse set
of image features.CutMix creates a new combination of
images by randomly cropping blocks of images and stitching
them together with other blocks of images.This combination
preserves the key feature information of the rebar while
increasing the diversity of backgrounds and environments.

In addition, we introduced a series of direct data
enhancement techniques, including basic geometric
transformations (e.g., rotation and scaling), lighting and



contrast adjustments, noise injection, and blurring and
sharpening treatments, all designed to simulate a wide range
of conditions likely to be encountered in the real world. With
these combined data enhancements, the model is able to
recognise rebar end faces in a variety of changing
environments, thus improving the robustness and accuracy of
the model in real-world application scenarios.

The improved data augmentation process is demonstrated
in Fig. 4, which not only effectively enhances the quality and
diversity of the training samples, but also ensures that the
additional data processing does not significantly increase the
computational burden during training and inference. With this
well-designed data augmentation scheme, our model is
significantly improved in both recognition accuracy and
efficiency.
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Figure 4. Block diagram of the improved data
enhancement strategy

2.4. Optimisation of training strategies

The experimental datasets in this paper focus on rebar
endface recognition, and therefore specialised datasets
containing a wide range of rebar types and configurations
were chosen. Due to the uneven distribution of rebar types in
these datasets (e.g., some types have far more rebar images
than others), this may result in the model recognising some
common types with higher accuracy than less common types
during model training. In addition, there may be visual
similarities between different types of rebar, which may lead
to mutual inhibition of the models during learning. To address
these challenges and optimise the training process, we
performed specific processing on the dataset. First, we
analysed the rebar dataset to pick out difficult-to-recognise
rebar types and mixed these with data of common types to
achieve a more balanced training set. In addition, we
developed a training strategy optimisation procedure to
improve the performance of the model in identifying various
types of rebar. We used a method of dynamically adjusting
the training set by adjusting the composition of the dataset
based on the model's performance at different stages, focusing
on training those rebar types that the model has poorer
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recognition performance. In this way, we ensure that the
model is able to learn various types of rebar effectively, while
avoiding the problem of uneven recognition accuracy due to
dataset bias.

3. Experimental Results and Analysis

3.1. Dataset and Experimental Environment

In this study, we primarily utilized a publicly available
rebar end face dataset provided by Baidu for our experiments
in rebar end face recognition and counting. To enhance the
efficacy and accuracy of the experiments, we normalized the
dataset and applied standardized sizing to minimize the
impact of factors such as lighting and background, ensuring
that the images fed into the network had uniform dimensions
and proportions. Additionally, to augment the model's ability
to recognize rebar at various angles and scales, we employed
data augmentation techniques like rotation, scaling, and
flipping during the data preprocessing stage. Furthermore, to
improve the model's adaptability to variations in image
quality in actual engineering environments, we incorporated
random noise and blurring processes. In terms of dataset
division, we used 80% of the images as the training set for
model learning and optimization, while the remaining 20%
served as the test set for evaluating the model's performance.
The deep learning architecture used for the experiment is
Baidu PaddlePaddle2.2.2, Python version 3.7, paddlex
version 2.0.0. The running environment is GPU, NVIDIA
Tesla V100, with 32GB of video memory, a 4-core CPU,
32GB of CPU RAM, and a 100G hard drive.

3.2. Experimental Parameter Setup and
Evaluation Metrics

In the experimental part of this study, we meticulously set
the experimental parameters to ensure accuracy and
repeatability. The primary objective of the experiment was to
compare the performance differences between the improved
PP-YOLO network and the classic YOLOvV3, as well as the
latest YOLOvVS algorithms in the task of rebar end face
recognition. To ensure a fair comparison, all models were
trained and evaluated in the same hardware and software
environments. The main steps of the experimental process can
be summarized as follows: initially setting the training model
path and evaluation model path, sequentially setting the
model's backbone, detection neck, detection head, loss
function (learning rate set to 0.0003); then proceeding with
training data augmentation and optimization; and finally,
setting the parameters for the prediction model.

In the rebar end face recognition experiments for a single
category, Average Precision (AP) is used as an evaluation
metric since we are only concerned with the recognition
accuracy of a specific category. AP is an important
performance metric to measure the performance of a model
on a single category. In this case, mAP (Mean Average
Precision) is not applicable because we only focus on the
recognition results of a single category.The formula for AP is:

AP = Zi_, P(l)Ar (k) 4)

In this equation, P(k) is the percent detection at the kth
threshold, Ar(k) is the amount of change in percent detection
at the kth threshold, and N is the number of thresholds. In



essence, this formula calculates the area under the entire P-R
curve by integrating the check-accuracy and check-
completeness at different thresholds. By calculating the AP,
we are able to fully evaluate the performance of the model on
the rebar end face recognition task. A high AP value indicates
that the model performs well in terms of both recognition
accuracy and coverage, while a low AP value suggests that
the model needs to be further optimised.

Furthermore, in the rebar endface recognition experiments
of this study, we pay special attention to the detection time of
the model, i.e., the time required for the model to process a
single image. This is because in real-world applications, such
as construction sites or manufacturing environments, fast and
accurate identification of rebar end faces is crucial for
improving efficiency and ensuring quality control. The
detection time has a direct impact on the responsiveness and
real-time performance of the overall system.

3.3. Experimental Results and Analysis

In the experiments on rebar end-face detection, we
conducted separate tests for each improvement point of the
improved PP-YOLO network proposed in this paper to ensure
the accuracy and reliability of the experimental results. These
tests were conducted in a separate experimental environment
to avoid interference from non-relevant factors. Specifically,
the experiments involved a number of different network
configurations, including the use of different backbone
networks and the detection of improvements to the neck
structure.

One of the key configurations in the experiment was to base
the improved network on the overall architecture of the
ResNet101-vd-den backbone network, and this experiment
was designated as Method 1. In addition, we explored the
optimisation of the training strategy based on the ResNet50-
vd-den and ResNet101-vd-den backbone networks, and these
were designated as Method 2 and Method 3, respectively. in
particular, the experiment for the optimised detection of neck
structures in the ResNet50-vd-den backbone network was
designated as Method 4. the experiment for detecting neck
structures optimised in the ResNet50-vd-den backbone
network is designated as Method 4. The results of the
YOLOV3 YOLOVS5,PP YOLO model training for this
experiment are shown in Figures 8-11. The results of the
comparison experiment are shown in Table 1.

The experimental results show that the optimised training
strategy significantly improves the performance of the

network in rebar end face detection. In particular, when using
Method 4, we observed a 1.07% improvement in the AP value
compared to Method 1, which demonstrates the effectiveness
of the optimised detection neck structure in improving the
model accuracy. Although this modification may have
slightly increased the number of parameters of the network
and may have led to a reduction in the speed of inference, the
significant effect in terms of accuracy improvement makes it
a worthwhile improvement to adopt. Through comparative
analysis, we found that the network, while performing well in
learning features for small and very small rebar targets,
requires further optimisation when dealing with medium or
larger rebar targets. This finding provides valuable guidance
on the direction of future improvements to the rebar end-face
detection network.

In this rebar end-face detection experiment, a detailed loss
function convergence analysis is performed in order to
evaluate the training efficiency and stability of different
models. This analysis compares the convergence performance
of the classic YOLOV3, the latest YOLOVS5, and our improved
PP-YOLO network on the loss function. As the main
objective of optimisation during model training, the
convergence speed and stability of the loss function are key
indicators to assess the effectiveness of model training.
During the experiments, we monitored the change of the loss
value of each model throughout the training cycle. By
recording the loss values at each iteration step, we were able
to observe the performance changes during model learning.
The fast and steady decrease of the loss function indicates that
the model is able to learn effectively from the training data
and has better generalisation ability. The loss function
convergence plot for the experimental YOLOV3 ,YOLOVS,
PP YOLO model is shown in Figure 5-7.

The experimental results show that the improved PP-
YOLO network outperforms YOLOv3 and YOLOVS in terms
of the convergence speed and stability of the loss
function.Specifically, PP-YOLO shows a faster loss decline
in the early stages of training and maintains low loss
fluctuations throughout the training process, which
demonstrates the effectiveness of the optimised algorithms
and network structure. In contrast, YOLOv3 and YOLOVS,
while also demonstrating a decrease in loss values, showed
large fluctuations during certain training phases, which may
indicate that the training stability of these models in specific
scenarios could be improved.
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Figure 9. Visualization of Bottleneck Optimization Results for PP-YOLO Detection

96



Figure 11. Visualization of Optimization Strategy Results for PP-YOLO

Table 1. Detection Performance of Various Improvement Methods on Public Datasets

Model Optimization AP Detect Time

Yolov3 unoptimized 93.20% 45.4ms

Yolov5 unoptimized 94.23% 44.0ms
PP-YOLO unoptimized 95.16% 23.3ms
PP-YOLO Training strategy optimization 96.17% 23.1ms
PP-YOLO Data augmentation optimization 96.20% 21.2ms
PP-YOLO Detecting bottleneck optimization 96.23% 22.3ms

4. Conclusions

In this paper, we propose an improved PP-YOLO network
method dedicated to the identification and counting of rebar
end face images. We perform targeted optimization of the
training strategy and the detection of the neck part. The
optimization of the training method is based on the
characteristics of rebar images, we adopt the CutMix data
enhancement algorithm, which is suitable for the
characteristics of rebar images, to replace the traditional
Mixup data enhancement method, and introduce the
GridMask algorithm to enhance the network's ability to learn
rebar features. These optimizations enable the model to more
fully and evenly learn the various features of rebar end faces,
which effectively improves the recognition accuracy of
various types of rebars. Our training strategy optimization
solves the problems of large size variation and inter-class
similarity in rebar images, and achieves a more balanced
recognition accuracy of different types of rebars, with a
maximum of 96.23% AP. In the improvement of the detection
neck part, we retain the basic architecture of the original
network, and at the same time, we add the information
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transfer pathway from the low-layer to the high-layer network
in layers 4 and 5. This improvement not only allows the low-
level network to learn the feature information of the high-
level network, but also enhances the ability of the high-level
network to learn the features of the rebar. This optimized
method of detecting necks significantly improves the
accuracy of rebar end face recognition and ensures that the
model has excellent generalization ability in the face of
different datasets, and its AP is improved by 1.07% compared
to the unimproved PP-YOLO network.
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