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Abstract: Surface defects on the permanent magnetic ferrite magnet rotor are the primary cause
for the decline in performance and safety hazards in permanent magnet motors. Machine-vision
methods offer the possibility to identify defects automatically. In response to the challenges in
the permanent magnetic ferrite magnet rotor, this study proposes an improved You Only Look
Once (YOLO) algorithm named SAB-YOLOvS5. Utilizing a line-scan camera, images capturing
the complete surface of a general object are obtained, and a dataset containing surface defects is
constructed. Simultaneously, an improved YOLOv5-based surface defect algorithm is introduced.
Firstly, the algorithm enhances the capability to extract features at different scales by incorporating
the Atrous Spatial Pyramid Pooling (ASPP) structure. Then, the fusion of features is improved by
combining the tensor concatenation operation of the feature-melting network with the Bidirectional
Feature Pyramid Network (BiFPN) structure. Finally, the introduction of the spatial pyramid dilated
(SPD) convolutional structure into the backbone network and output end enhances the detection
performance for minute defects on the target surface. In the study, the SAB-YOIOv5 algorithm shows
an obvious increase from 84.2% to 98.3% in the mean average precision (mAP) compared to that of the
original YOLOVS5 algorithm. The results demonstrate that the data acquisition method and detection
algorithm designed in this paper effectively enhance the efficiency of defect detection permanent

magnetic ferrite magnet rotors.

Keywords: permanent magnetic ferrite magnet rotors; SAB-YOLOvV5; YOLOV5; defect detection;
deep learning; small object detection; attention mechanism
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1. Introduction

In the production process of permanent magnetic ferrite magnet rotors [1], various
manufacturing processes such as extrusion, molding, and sintering, as well as machining
operations including turning, milling, and grinding can significantly impact quality [2].

The quality, in turn, directly influences the performance and lifespan of the permanent
magnetic ferrite magnet rotor. Therefore, enhancing the production quality is of paramount
importance [3]. In the early stages, defect detection in permanent magnetic ferrite magnet
rotors primarily relied on manual visual inspection, as shown in Figure 1, which exhibited
notable drawbacks [4]. This method heavily depended on the experience of operators,
resulting in low detection efficiency, substantial manpower requirements, high workload,
and relatively high manual inspection costs. Defects on the surface of magnetic rotors vary
in scale and have low resolution, falling within the category of small targets [5]. This paper
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investigates defect detection in magnetic rotor products, highlighting the prevalent issue of
numerous small target defects in the products.

Traditional methods no longer suffice to meet the growing demands for defect de-
tection in permanent magnetic ferrite magnet rotors [6]. Conventional target detection
methods face challenges such as window redundancy, high time complexity, and a lack
of purposeful region selection, which, in turn, limit detection accuracy. With the rapid
development of convolutional neural networks, defect detection solutions based on deep
learning have gradually found application in surface defect detection [7]. Researchers have
discovered issues with traditional Gabor wavelet filters [8], namely a high parameter count
and a slow detection speed of the algorithm. To address these issues, they proposed a com-
posite differential evolution optimization method for Gabor filters. However, despite some
progress in defect detection, this method still faces limitations in real-time detection. A
method was proposed that determines thresholds and further segments defects through his-
togram analysis of defect and background regions [9]. Nevertheless, this method requires
significantly distinguishable features in defect and background regions.

Over time, as convolutional neural networks have evolved, defect detection methods
based on machine vision have emerged. An adaptive sorting fused attention network capa-
ble of selectively extracting visual features to enhance small target defect detection has been
proposed [10]. However, this method exhibits suboptimal performance in the detection of
a single type of defect. An attention cascade network defect detection algorithm was pro-
posed, gradually increasing the detection heads by cascading two Intersection over Union
(IoU) thresholds to improve defect detection performance [11]. However, this algorithm has
limitations in modular network deployment. The You Only Look Once (YOLO) algorithm
has been introduced, which simultaneously predicts bounding boxes and categories using
a single convolutional neural network, enabling real-time processing of entire images [12].
Although the initial version of YOLO had shortcomings in accuracy and small target detec-
tion capabilities [13], it has been widely applied in the industrial sector with continuous
improvements [14]. YOLOv1 addressed candidate region issues by utilizing global image
information [15]. Moreover, YOLOv1 employed a single network to simultaneously learn
detection and classification tasks in end-to-end training. Subsequently, YOLOv2 introduced
batch normalization to reduce the covariate shift and used anchor boxes to handle targets
of different sizes [16]. Additionally, YOLOV2 utilized high-resolution feature maps for
detection to minimize object detection localization errors [17]. YOLOv3 introduced the Fea-
ture Pyramid Network (FPN) for multi-scale feature fusion and employed three different
sizes of fully convolutional networks to predict targets of varying sizes [18]. Furthermore,
YOLOV3 enhanced training data with operations such as random rotation and cropping
for better adaptation to different scenarios. YOLOv4 employed techniques such as Spatial
Pyramid Pooling [19] and a Path Aggregation Network for multi-scale feature fusion [20].
Additionally, YOLOv4 introduced the Mish activation function for better robustness and
stability [21], along with improvements such as applying Mosaic data augmentation at
the input end and utilizing DropBlock regularization [22]. YOLOv5 demonstrates a lower
parameter count and lighter weight compared to YOLOX [23], while the performance of
YOLOVS [24] on specific tasks remains unverified. YOLOVS5 has been verified to surpass
other models in terms of generalization performance.

Figure 1. Manual visual inspection.
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This study extracts, processes, and elaborates on information from target images
with notable characteristics such as speed, high accuracy, and high repeatability. It not
only enhances product quality, but also improves production efficiency and reduces the
number of defective products, thus lowering the costs. With the ongoing advancement of
networks, the accuracy of first-stage detection algorithms has steadily improved. From
the aforementioned research, it can be inferred that the primary challenge for current
defect detection methods for mechanical products lies in the trade-off between detection
accuracy and speed. To achieve real-time detection while enhancing accuracy, especially
for small targets, our focus was on the YOLOVS5 object detection algorithm based on deep
neural networks, combined with the improved methods such as mixed structures including
ASPP, BiFPN, the SPD network in YOLOVS5, and the proposed SAB-YOLOv5 method for
permanent magnetic ferrite magnet rotors.

Based on the research findings in the domain of object detection algorithms, the main
contributions and novel aspects of this research can be summarized as follows:

* A machine vision-based method for automatic identification of surface defects using
a visual line scan camera is proposed in Figure 2, and multiple defect samples are
collected to provide high-quality data for research on defect and impurity detection
on the surface of rotors.

*  AnSAB-YOLOVS surface defect detection algorithm is introduced, which incorporates
the Atrous Spatial Pyramid Pooling (ASPP) structure and the Bidirectional Feature
Pyramid Network (BiFPN) structure to enhance feature extraction and fusion. The
algorithm also utilizes the Spatial Pyramid Dilated (SPD) convolutional structure to
improve detection performance for minute defects on the surface.

*  The improved model is tested and validated, and its performance is compared with that
of other object detection model algorithms. The visual detection results are presented.

Figure 2. Experimental Rig based on SAB-YOLOV5.

The remainder of the paper is organized as follows: Section 2 outlines the constructed
dataset. Section 3 delves into our methodological contributions in detail. Section 4 discusses
the experimental environment and evaluation criteria. Section 5 presents comparative ex-
periments and visualization results. Finally, Section 6 concludes the paper by summarizing
the research findings and discussing prospects.

2. Data Acquisition
2.1. Images Acquisition

Currently, there is a scarcity of publicly available datasets for surface defect detection
on the permanent magnetic ferrite magnet rotors. The dataset utilized in this study was
collected on-site at the Zhengmin Magnetic Electric Group. The methodology involved
employing a line-scan camera to scan the surface of magnetic rods and subsequently
stitching the images to obtain complete surface representations of the cylindrical profile
of the permanent magnetic ferrite magnet rotors like Figure 3. The authenticity of this
dataset is rooted in its origin from practical field conditions as shown in Figure 2. This
study categorizes and annotates four types of defects in Figure 4: edge breakage, crack,
horizontal crack (crack-h), and hidden crack (subfissure). These four defect types represent
the most commonly encountered flaws in the current target production process. The dataset
comprises a total of 2240 images, annotated using the open-source tool Labellmg. The
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dataset was divided into training, validation, and test sets in an 8:1:1 ratio as follows:
1792 images for training, 224 images for validation, and 224 images for testing.

(d)

Figure 3. The collected the permanent magnetic ferrite magnet rotors samples: (a) edge breakage,
(b) crack, (c) crack h, (d) subfissure.

@

Figure 4. Data augmentations: (a) edge breakage, (b) crack, (c) crack h, (d) subfissure.

2.2. Image Annotation and Dataset Production

Annotation information is a vital component in the construction of for this study. The
labeling tool was utilized to manually label the location and type information of various
defects with intensive quality issues. Each labeled image generated a file which included
the image name, image size, label name, and the location information of the labeled object.
Given the image characteristics illustrated in Figure 4, the labels were divided into the
following four categories: the final dataset was divided into a training set, a verification set,
and a test set following a ratio to ensure no conflicts between the verification set and test
set data. This division provided assurance for subsequent model accuracy evaluation.

To augment the model’s generalization ability and mitigate overfitting, this study im-
plemented data enhancement methods for the collected permanent magnetic ferrite magnet
rotor image before training, as shown in Figure 4. By introducing different transformations
such as rotation, scaling, translation, flipping, cropping, etc., data augmentation can help
the model learn invariance under different transformations, thereby enhancing the model’s
robustness to various transformations and noise, and improving its generalization ability.
Data augmentation can effectively reduce the overfitting of the model on the training set,
because after seeing samples that underwent different transformations, the model is more
likely to learn the essential features of the data rather than memorizing the details of the
training set.

3. Methodologies
3.1. Overview of the Proposed Method

After analyzing the defect detection task on the surface of magnetic rods, this study
identified several characteristics of defect data on the magnetic rod surface:

(1) Diverse Scale of Identical Features: Features with the same characteristics exist at
different scales, sometimes exhibiting significant differences. For example, features
like edge collapse may vary in size from as small as 5 x 5 pixels to as large as
80 x 80 pixels.

(2) Detection of Small Targets: Some defects are of exceedingly small size, presenting a
challenge in the context of small object detection. Examples include fine crack structures.

The current YOLOVS algorithm comprises a Convolutional Neural Network (CNN)-
based visual feature extraction backbone and a detection head for predicting the category
and bounding box of each object-containing region. To address the aforementioned charac-
teristics, an additional Neck is introduced between the backbone and the detection head.
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This Neck incorporates an extra Neck to combine features from multiple scales, generating
semantically robust features suitable for detecting targets of varying sizes. Despite the
use of an image pyramid structure to enhance the extraction of multi-scale features, the
algorithm’s performance is still inadequate in the context of small targets. Therefore, to opti-
mize the multi-scale, small target issues present in the current dataset, three enhancements
are introduced to the YOLOv5 algorithm as shown in Figure 5.

The modifications include introducing an SPD-Conv module [25] in the main network,
replacing the original SPPF module [26] with an ASPP module [27], and augmenting the
Neck section with a BiFPN-concat [28] structure. These modifications aim to strengthen the
feature extraction capabilities for different scales and further enhance the network’s feature
fusion capabilities.

The ASPP (Atrous Spatial Pyramid Pooling) module and the BiFPN-concat (Bi-directional
Feature Pyramid Network with concatenation) module are typically associated with feature
fusion in semantic segmentation and object detection. In general, the ASPP module is com-
monly employed for semantic segmentation tasks, enhancing the model’s understanding
of image semantics by capturing context information at different scales. The BiFPN-concat
module is typically used for object detection, facilitating feature map fusion at different
levels and scales to improve detection performance.

The design of the SPD-Conv (Spatial Pyramid Dilated Convolution) module aims to
enhance YOLOV5's detection performance on low-resolution images and small objects. This
module introduces the concept of spatial pyramid dilated convolution, achieving feature
perception at different scales by using convolutional kernels with varying dilation rates
in the convolutional layer. This design effectively captures target information at different
scales in the image, thereby improving the accuracy of small object detection.
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Figure 5. Modified YOLOv5x Architecture Diagram Structure.
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3.2. About YOLO

Since the emergence of the YOLO (You Only Look Once) algorithm, it has consistently
stood out as an advanced algorithm in the field of object detection. Particularly, YOLOv5
has been prioritized in various vision-related domains. YOLOv5 branches into YOLOv5s,
YOLOv5m, YOLOVS5], and YOLOvV5x [29], which tailors its model scale to various sizes.
Among them, the YOLOv5s model, characterized by its smaller size, exhibits parameters
and computational efficiency that, when compared to the other three variants, are more
suitable for real-time detection in industrial production, ensuring both speed and accuracy.
The YOLOVS architecture primarily comprises an input, a backbone, a Neck, and a head.
It represents a one-stage anchor-free object detection algorithm, an evolution from its
foundational predecessors.

The YOLOvV5 model primarily comprises four components: the input, backbone fea-
ture extraction network, feature fusion network, and detection head. The Focus module,
situated before the input, slices images to increase channel count, reducing parameters and
computational load while enhancing recognition speed. The input involves preprocessing
of images, and during the training phase, YOLOv5 employs Mosaic data augmentation to
accelerate model training and improve network accuracy, mitigating memory requirements.
Adaptive anchor box calculation enables backward updates during the training phase to
adjust network parameters. Adaptive image scaling overcomes original image scaling is-
sues, enhancing the overall algorithm’s inference speed. The backbone network in YOLOv5
mainly includes Conv modules, C3 modules, and SPP modules. The Conv module consists
of convolutional layers, BN layers, and activation functions. The convolutional layers
extract local spatial information from input features, and BN layers normalize after convo-
lution, expediting training and enhancing model generalization while reducing reliance on
initialization. Activation functions introduce non-linear transformation capabilities to the
neural network. The C3 module, also known as the CSP module, forms the basic unit of the
CSPDarknet53 structure, increasing network depth and receptive field to enhance feature
extraction. YOLOVS5 introduces two CSP structures; in the YOLOvV5s network, the CSP1-X
structure applies to the backbone, increasing model depth and complexity to enhance
detection accuracy. The SPP module is a pooling module that improves the recognition
performance of the neural network. In YOLOVS5, the Neck module employs the Feature
Pyramid Network (FPN) pyramid structure. In object detection algorithms, the Neck mod-
ule is typically used to combine feature maps from different hierarchical levels, generating
feature maps with multiscale information to improve detection accuracy. In YOLOVS, the
PANet feature fusion module is used as the Neck module. Another CSP2-X structure is
applied to the feature fusion network, strengthening the network’s feature fusion capability.
The detection head utilizes multilevel feature fusion, primarily responsible for multiscale
object detection on feature maps extracted by the backbone network. It fuses feature maps
from different levels to obtain richer feature information, thereby improving the detection
performance. This model demonstrates superior performance in detection.

3.3. Space to Depth

To address the problem of accelerating the identification or confirmation of defects,
particularly in the context of the specific operation involving the magnetic rod (such as
how Class is computed mathematically within the dataset), we introduce the SPD-cony,
comprising a Spatial-to-Depth (SPD) layer and a non-strided convolutional layer. The
subsequent discussion provides a detailed description of our SPD component, which
extends a (primitive) image transformation technique for downsampling the feature maps
within the CNN internally and across the entire CNN. We consider an intermediate feature
map X of arbitrary size SxSxC1. The sub-feature map sequence is sliced as described below.

In general, for any (original) feature mapping X, sub-mapping f(x, y) is composed of
all feature mappings represented by feature maps X(i, j), where i + x and j + y are divisible
by a scaling factor. Consequently, each sub-map undergoes down-sampling of X by a
scaling factor.
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3.4. Adding the ASPP Module

To enhance the detection effectiveness of minute defects such as chipping edges
and cracks on the surface of magnetic bars, this thesis introduces the SPD (Structural
Preservation and Dilated) architecture into the backbone network. This integration aims to
augment the network’s capability for extracting features from small-scale targets.

The ASPP (Atrous Spatial Pyramid Pooling) module in Figure 6, a commonly used
deep learning module for image semantic segmentation tasks, is introduced. The module
aims to capture multi-scale contextual information to extract features more effectively,
thereby enhancing the performance of the segmentation model. By employing different
receptive field scales, the ASPP module facilitates a better understanding of objects and
semantic information at various scales. The ASPP module essentially consists of a1 x 1
convolution, a pooling pyramid, and ASPP pooling. The dilation factors for the layers of
the pooling pyramid can be customized to achieve free multi-scale feature extraction.

]
[ S B

Conv3X3 Conv3X3 Conv3X3
‘Conle 1‘ Rate=6 Rate=12 Rate=18 ResillX

Convl X1

Upsample

HE

concat

Figure 6. The structure of ASPP module.

(1) Atrous Convolution (Atrous Convolution): The core of the ASPP module is the Atrous
convolution, also known as dilated convolution. This convolutional operation allows
for the convolutional kernel to skip a fixed number of pixel points on the input feature
map, thus enlarging the receptive field. Atrous convolution aids in increasing the
context information of features without introducing additional parameters.

(2) Multi-scale Sampling of Atrous Convolution: The ASPP module typically employs
multiple convolutional kernels with different dilation rates to obtain different recep-
tive field scales. These kernels capture local details and broader contextual informa-
tion, making the model more robust at different scales.

(8) Parallel Structure: The ASPP module is often organized in a parallel manner, incor-
porating multiple Atrous convolution operations, each with a different dilation rate.
The feature maps produced by these operations are concatenated along the channel
dimension, forming a feature representation with multi-scale contextual information.

(4) Global Pooling: To capture global contextual information, the ASPP module usually
includes global average pooling, transforming the entire feature map into a single
value. This value provides information about the entire image.

(5) Output: The output of the ASPP module typically comprises multiple feature maps
obtained after Atrous convolution and global pooling operations. These feature maps
capture contextual information at different scales. They can be concatenated with
other feature maps or a convolutional layer.

Due to the outstanding capability of ASPP to arbitrarily expand the receptive field
without introducing additional parameters, the ASPP module is widely applied in tar-
get detection.
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3.5. Utilization of the BIFPNConcat Layer

The original SPPF achieved the fusion of local and global features by performing
multiple pooling operations on the original feature maps. In order to further enhance
the capability for extracting multi-scale features, this study replaces the original SPPF
module with the ASPP module in Figure 7. In the context of object detection tasks, a crucial
aspect for successfully detecting key elements of objects lies in the effective capture and
understanding of feature information across various scales and levels. This is attributed to
the influence of multiple factors on the appearance and contextual information of objects,
such as their size, orientation, posture, and degree of occlusion. A single object may
manifest at different scales in an image, rendering feature extraction relying solely on a
single scale inadequate for proficient object detection. The advent of feature fusion networks
addresses this challenge. The primary objective of these networks is to seamlessly integrate
feature maps from different convolutional layers and resolutions, thereby establishing
a more comprehensive, multi-layered, and multi-scale feature representation. Through
feature fusion, models can concurrently perceive both the global contextual information
and detailed information of objects, irrespective of changes in object scale. This is crucial for
the performance of object detection, which demands precise localization and classification
of objects across diverse scales.

The utilization of feature fusion networks contributes to enhancing the detection
accuracy of small- and large-scale objects while also addressing complexities such as
object occlusion, varying angles, and postures. In summary, the significance of feature
fusion networks in the field of object detection lies in their ability to facilitate a better
understanding of multi-scale information, thereby improving detection performance and
rendering models more robust to various real-world scenarios.

The concat layer is frequently employed to leverage semantic information from feature
maps of different scales, enhancing performance by increasing channels. However, it is
often advisable to perform concatenation after Batch Normalization (BN) to fully exploit
its potential. Concatenation in the dimension is commonly used in multitask problems.
Concatenation typically occurs unidirectionally, either from low-resolution features to
high-resolution features or vice versa, without bidirectional information transfer.

Repeated blocks

Figure 7. The structure of BiFPN module.

BiFPN is a network structure composed of different-scale feature pyramid levels.
It enhances object detection algorithms by introducing multiple feature pyramid levels
into the network and facilitating feature fusion through connecting feature maps between
levels. This architecture improves the detection performance of small and distant objects,
mitigating the unidirectional limitation of concat. For convenient and rapid multi-scale
feature fusion, the BiIFPNConcat module is employed before each CSP module in the Head
section is expressed as in Figure 7.
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4. Implementation Details
4.1. Experimental Rig

To automate the acquisition and processing of images of cylindrical magnet surfaces,
we designed an experimental device as shown in Figure 8. This device is a machine vision
system and this study describes the components of a packaging device. Here is a brief
explanation of each component:

(1) Frame: The supporting structure of the entire device.

(2) Feeding lifting mechanism: A mechanism used to lift materials from the bottom
to the top, including the chain plate conveyor lifting mechanism and the material
distribution baffle. The chain plate conveyor lifting mechanism is fixed on the frame
and has two channels, and the material distribution baffle is used to distribute the
materials into the two channels.

(8) Feeding conveyor mechanism: A mechanism used to transport materials from the
feeding lifting mechanism to the next step. It includes the first conveyor belt, the
first partition baffle, the preliminary screening detection component, the preliminary
screening waste kicking component, and the material pushing component. The first
conveyor belt is installed on the frame, and the materials are transported from the
chain plate conveyor lifting mechanism to the first conveyor belt. The first partition
baffle is set along the length of the first conveyor belt, dividing it into a middle channel
and two side material channels. The preliminary screening detection component
is used to detect half-cut materials or materials with large-sized defects, and the
preliminary screening waste kicking component is placed in the middle channel
to kick the waste materials into the waste kicking channel. The material pushing
component is located at the end of the material channels.

(4) Main detection mechanism: Fixed on the frame, it includes the supporting star wheel,
the detection camera, and the material discharging component. The supporting
star wheel has multiple slots to catch the materials. Two supporting star wheels
arranged in parallel correspond to the position of the material pushing component,
and the material discharging component is located on the side of the supporting star
wheel away from the material pushing component. The detection cameras are evenly
distributed on the top of the supporting star wheel.

(5) Material discharging conveyor mechanism: Fixed on the frame, located below the
material discharging component, used to transport materials out of the device.

(6) Boxing mechanism: Fixed on the frame, it is located below the material discharging
conveyor mechanism and used for boxing the materials.

Figure 8. The structure of Experimental Rig. (1) Frame, (2) Feeding lifting mechanism, (3) Feeding
conveyor mechanism, (4) Main detection mechanism, (5) Material discharging conveyor mechanism,
(6) Boxing mechanism.

When the device is activated, the materials are lifted from the storage area to the
inspection area using an elevation mechanism. In the inspection area, the conveyor belt
separates the cylindrical magnets at regular intervals to facilitate further inspection and
processing. Once the magnets are separated, the visible light camera captures images of
the surface of each magnet. The circular light source provides uniform illumination to
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ensure good image quality. The captured images are then transmitted to the computer
for processing. The computer processes the received images to extract the features of
the magnet surfaces. This may involve algorithms such as edge detection, color analysis,
and shape matching. The processed images can be used for subsequent analysis and
identification. Based on the features of the magnet surfaces, the computer determines
the type or characteristics of each magnet and classifies them accordingly. The classified
magnets are then placed into their corresponding boxes for storage and future use. With
this experimental device, the automatic acquisition and processing of images of cylindrical
magnet surfaces can be achieved. This plays a significant role in the automation and
efficiency improvement of magnet production and quality control processes.

4.2. Experimental Environment

In this study, all experiments were conducted based on the Pytorch deep learning
framework with the programming language of Python. The hardware is configured with
an Intel(R)Core(TM) i9-10980XE CPU @ 3.00GHz, 128 GB of RAM, NVIDIA GeForce RTX
3090(24 GB) GPU, and a Ubuntu 18.04 operating system. The main training parameters are
listed in Table 1.

Table 1. Hardware and software environment for model training.

Item Type

CPU Intel(R) Core(TM) i9-10980XE
CPU @ 3.00 GHZ

Memory 128 G

GPU NVIDIA GeForce RTX 3090 24 G *2

Operating System Ubuntu 18.04.6 LTS(64-bit)

CUDA Version 11.3

Deep Learning Frame Pytorch

To assess the viability of the proposed methodology, an incremental analysis of en-
hancement points was conducted through ablation experiments. Subsequently, the algo-
rithm’s performance underwent meticulous scrutiny via ablation experiments, followed by
a comparative assessment against a widely accepted mainstream algorithm. The primary
evaluation metrics utilized for assessing the algorithm’s detection performance included
mean average precision (mAP), frames per second (FPS), and weight size measured in
megabytes (MBs).

4.3. Evaluation Criteria

To assess the performance of the Yolov5 combination method, several evaluation
metrics are employed, including precision (P), recall (R), mean average precision (mAP),
average precision (AP), floating-point operations per second (FLOPs), and parameter
count. P and R are precisely defined in the equations, where TP represents the number
of positive samples predicted as positive, FN represents the count of negative samples
incorrectly predicted as positive, and FP denotes the count of negative samples incorrectly
predicted as positive. AP denotes the average accuracy of each category in the detection,
mAP stands for mean average precision of multiple categories in object detection, P repre-
sents the proportion of correctly predicted positive samples out of all positive predictions
made by the detection model, whereas R indicates the proportion of correctly predicted
positive samples out of all actual positive samples. P, R, AP, and mAP calculation formulae
are as follows:

TP

P=—
TP+ FP

%x100% 1)
TP



Mathematics 2024, 12, 957 11 of 17
1
AP = [ P(R)R 3)
0
n
X AP(i)
mAP = ’le% (4)

Model

YOLOv5n
YOLOv5s
YOLOvV5m
YOLOVSI

YOLOv5x

In this section, we address the interconnection of parameters and their influence
on defect detection of small targets on the surface of the permanent magnetic ferrite
magnet rotor. Building upon the solutions provided by the preceding formulas for defect
detection on the surface of the permanent magnetic ferrite magnet rotors and the subsequent
categorization of flaws into classes, we delve into the issues concerning the impact of
specific images on accuracy. In the realm of published research, the YOLOVS5 series presents
a range of models with varying trade-offs between speed and detection performance.
Starting with YOLOvVb5s Figure 9, the smallest version boasts the fastest speed but comes
at the cost of the lowest detection performance. Moving on to YOLOv5m, a medium-
sized model sacrifices a bit of speed compared to YOLOv5s yet showcases improved
detection capabilities. Progressing further, YOLOv5n offers a speed boost over YOLOv5m
while further enhancing detection performance. Stepping up in size, the YOLOv5] model
slows down compared to YOLOv5n but delivers superior detection performance. Finally,
YOLOV5x, the largest version in the series, may be the slowest in speed, yet shines with the
best detection performance among its counterparts.

Speed  Speed Speed

size mAPY@  mApval CPU b VIoobl  Vioobs2 ~ Params FLOPs

(pixels) 0.5:0.95 0.5 (M) @640 (B)
(ms) (ms) (ms)

640 28.0 45.7 45 6.3 0.6 1.9 4.5
640 374 56.8 98 6.4 0.9 7.2 16.5
640 454 64.1 224 8.2 1.7 21.2 49.0
640 49.0 67.3 430 10.1 2.7 46.5 109.1
640 50.7 68.9 766 12.1 4.8 86.7 205.7

Figure 9. Parameter situations under different pre-trained models

The choice of SAB-YOLOVS5X is based on several reasons Table 2. With a parame-
ter count of 294,308,409, this model falls between other models in terms of parameter
size, striking a balance without being overly large. It also possesses 429.6 GFLOPs of
computational power, higher than YOLOv5X and YOLOVS5 adding the ASPP structure
but still manageable. GPU memory consumption stands at 4.316, slightly higher than
that of some models but within acceptable limits. In terms of inference speed, it has a
forward time of 47.32 milliseconds and a backward time of 79.05 milliseconds, both within
reasonable ranges. The advantages of SAB-Yolov5X lie in its balanced parameter count
and computational power, making it suitable for environments with limited computing
resources. Despite not being the fastest, its inference speed remains relatively quick given
the balance in parameter count and computational power. The model exhibits strong
feature fusion capabilities with BiFPN effectively merging features at different levels to
enhance object detection across various scales. The ASPP module captures multi-scale
information through different dilation rates, improving pixel-level prediction accuracy. The
SPD method facilitates effective knowledge distillation from complex models to simplified
ones, enhancing model performance and inference speed. By integrating multiple feature
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extraction techniques, this model performs well in object detection tasks. Furthermore, its
relatively lower memory consumption of 4.316 GPU memory remains acceptable in current
hardware environments. Therefore, the improved model aims to strike a balance between
parameter count, computational power, inference speed, and memory usage. The model
combines various effective feature extraction techniques, resulting in strong performance
capabilities for object detection tasks.

Table 2. Comparison of data with different additional modules

Model Para GFLOPs GPU Mem Forward Backward
YOLOv5X 292695610 204.7 2.152 38.26 50.96
YOLOv5X+ASPP 95838001 364.6 3.93 46.28 79.88
YOLOvV5X+SPD 87674170 313 2.814 35.47 57.64
YOLOvV5X+BIFPN 306427450 219.2 2.288 36 60.11
YOLOvV5X+ASPP+BIFPN 306427450 388.9 4.156 48.49 85.67
YOLOvV5X+ASPP+SPD 323108081 490.3 4.482 53.22 82.10
SAB-YOLOvV5 294308409 429.6 4.316 47.32 79.05

We delineate various categories of images, defining several problems associated with
them. Through the application of mathematical formulas, we resolve these issues, thereby
enhancing the precision of our defect detection methodology. After training, a comparative
test is conducted using the test dataset. In total, 224 images to be detected in the test dataset
are input into the trained model for testing, and the results are shown in Table 3. As can
be seen from the comparison results, the mAP value using YOLOvV5+SPD is 86.1%, 1.9%
over the original YOLOV5X, indicating the SPD can act as an optimized clustering role,
improve the accuracy of the detection algorithm, and strengthen localization. The m AP of
the ASPP model is 3.0% higher than that of the YOLOv5X model, and the BIFPN model
is improved by 5.0%. Our SAB-YOLOv5X data augmentation method improved mAP by
14.1% compared to the original YOLOv5X model.

Table 3. The impact of attention mechanism module on model performance.

Methods mAP (%) Precision (%) Recall (%) F1-Score
YOLOv5X 84.2 84.0 78.7 80.3
YOLOvV5X+SPD 86.1 85.5 81.4 83.4
YOLOvV5X+ASPP 87.2 82.8 84.2 83.5
YOLOvV5X+BIFPN 89.2 87.0 84.6 85.8
SAB-YOLOvV5 98.3 97.1 96.0 98.3

Simultaneously, our approach allows for the recognition of defects at different scales
within the same timeframe. The optimization of the method is substantiated by contrasting
the data obtained through defect detection under various conditions. Moreover, we ex-
pound upon the interpretation of data resulting from diverse datasets and computational
processes. This comprehensive analysis serves to validate the efficacy of the proposed
method in addressing the challenges posed by defect detection on the surface of he perma-
nent magnetic ferrite magnet rotors.

5. Experimental Results and Analysis
5.1. Ablation Experiments

In order to explore the impact of different structures on the results and validate the
effectiveness of the improved algorithm for detecting magnetic rod defects, the following
ablation experiments were conducted in the present study. In these experiments, YOLOv5
was used as the baseline algorithm, and the mean Average Precision mAP metric was
employed to evaluate performance. Various improvements were applied to the original
algorithm, and the results are summarized in Figure 10. The comparative results indicate
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that, when the SPD module is incorporated into the baseline algorithm, the algorithm’s
mAP for enhanced feature extraction on small targets is 86.1%, which is 1.9% higher than
the m AP using the original YOLOv5. Utilizing the ASPP module with different receptive
field scales further enhances the algorithm’s mAP for multi-scale feature extraction to
87.2%, achieving a 3% increase in average precision compared to the original experiment.
Substituting the BIFPN module for the original YOLOVS feature fusion network improves
multi-scale target detection and testing accuracy, resulting in an accuracy of 89.6%, which is
5.4% higher than when using the original YOLOv5 m AP. The complete improved algorithm,
when compared to the original YOLOV5 algorithm, demonstrates a 14.1% increase in mAP.
Overall, the experimental results indicate that the optimization of each algorithm has
a positive impact on the final results. The modular algorithm construction allows for
detection accuracy, further enhancing overall model performance.
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Figure 10. Attention Mechanism including, respectively, (a) YOLOvV5, (b) YOLOv5+SPD,

(c) YOLOV5+ASPP, and (d) YOLOv5+BIFPN

To verify the feasibility of different models on the Zhengmin datasets, we conducted
training and testing on several mainstream one-stage and two-stage network models. We
comprehensively considered precision P, recall R, mean Average Precision m AP, model
parameters (Params), model size, model computational costs (BFLOPs), and detection
speed as comparative indicators. The experimental results are presented in the following
Table 4, with YOLOv5s, YOLOv5m, YOLOv5X, Faster R-CNN, YOLOVS, and the improved
YOLOVb5s selected for comparison experiments. Faster R-CNN is the most typical two-stage
object detection model with the highest number of parameters and computational cost
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in the comparative experiments. Its mAP is higher than those of YOLOv5s, YOLOv5m,
YOLOv5x, and YOLOvS. However, due to its less-than-ideal performance in detecting small
objects, the mAP is not very high, and both parameter count (Params) and computational
cost are also high.

Table 4. Comparison of experimental results of each model.

Methods mAP (%)
Yolov5s 75.6
Yolovbm 82.1
Yolov5x 84.2
Faster RCNN 88.6
Yolov8x 88.1
Ours 98.3

5.2. Visualization and Discussion

Figure 10 above illustrates the AP (Average Precision) comparison between the
YOLOVS algorithm and the modified algorithm across various defect categories. From
the chart, it is evident that the proposed enhancement strategies effectively enhance the
detection accuracy of surface defects on permanent magnetic ferrite magnet rotors. There
is a notable improvement in the detection of various defect categories. For challenging
cases such as edge-breakage and sub fissure, the modified model outperforms the origi-
nal network significantly, validating the improved model’s capability to achieve notable
enhancements in handling difficult samples.

5.3. Comparison Results on Different Models

To verify the feasibility of different models on the Zhengmin datasets, we conducted
training and testing on several mainstream one-stage and two-stage network models. We
comprehensively considered precision (P), recall (R), mean Average Precision (mAP), model
parameters (Params), model size, model computational costs (BFLOPs), and detection speed
as comparative indicators. The experimental results are presented in the following table,
with YOLOv5s, YOLOv5m, YOLOv5x, Faster R-CNN [29], YOLOVS, and the improved
YOLOV5s selected for comparison experiments. Faster R-CNN is the most typical two-stage
object detection model with the highest number of parameters and computational cost
in the comparative experiments. Its mAP is higher than those of YOLOv5s, YOLOv5m,
YOLOv5x, and YOLOvS. However, due to its less-than-ideal performance in detecting small
objects, the mAP is not very high, and both parameter count (Params) and computational
cost are also high.

Through the comparative analysis of the data presented in Figure 10, it is evident
that the improved YOLOv5x algorithm significantly increased the mean Average Precision
(mAP) from 84.2% to 98.3%, marking a remarkable improvement of 14.1 percentage points.
Specifically, the Average Precision (AP) for the “edge-breakage” class rose from 84.2% to
97.8%, demonstrating a gain of 13.6 percentage points. The “crack” class AP increased
from 88.8% to 99.3%, showing an improvement of 10.5 percentage points. Similarly, the AP
values for “crack-h” rose from 90.8% to 97.9%, representing a gain of 7.1 percentage points.
Notably, the AP for “point-etch-surface” increased from 72.8% to 98.1%, indicating a boost
of 6.9 percentage points. The detection performance for all four defect types of experienced
improvement. Figure 11 shows the visualization results. SAB-YOLO5X demonstrates
exceptional proficiency in accurately predicting the positions of defects on surfaces and
targets of varying sizes within images. The refined model not only excels in identifying
challenging surface imperfections, but also exhibits precision in classifying and fulfilling
the requirements of precise object detection.
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Figure 11. Visualization of detection results on the permanent magnetic ferrite magnet rotors
on Yolov5 models including, respectively, (a) YOLOvV5, (b) YOLOv5+SPD, (c¢) YOLOv5+ASPP,
(d) YOLOvV5+BIFPN and (e) SAB-YOLOVS5.

6. Conclusions

This study observes that various defects on the surface of permanent magnetic ferrite
magnet rotors, such as edge breakage, cracks, and hidden cracks, exhibit similar features but
vary significantly in scale. To address this, the ASPP module is introduced, incorporating
depth-wise separable convolutions and dilated convolutions with different rates. This
design replaces the pooling operation in the original YOLOV5 Spatial Pyramid Pooling (SPP)
with a new feature pyramid model that combines global average pooling. This facilitates
the aggregation of multi-scale contextual information, enhancing the model’s ability to
recognize objects of the same type but different sizes. Additionally, the introduction of the
BiFPN structure in the aggregation network improves feature fusion, further enhancing the
algorithm’s ability to identify defects of different scales. As surface images are captured by
rotating the magnetic rod through a complete revolution, creating a stitched image from the
motion-captured surface images using a line scan camera inevitably introduces some blurry
images. To address this, the SPD convolution module is introduced at the output end,
proving beneficial for improving the detection accuracy of fuzzy images and effectively
identifying smaller defect targets. Experimental results validate the effectiveness of the
enhanced algorithm, demonstrating improved defect detection performance on common
target surface defects. However, it is acknowledged that the current dataset is relatively
limited in terms of diversity. Future work will focus on expanding the dataset to include a
broader range of defect types.
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