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ABSTRACT Seeds are the most basic and important means of production for agriculture. During the
production and processing of seeds, they may undergo potential mechanical damages and mildew alterations,
which might jeopardize their germination viability. Hence, checking the quality of seeds before sowing is
of paramount importance for the benefit of the sower and the safety of agricultural production. In order to
achieve an efficient detection of maize seed quality, our experiment assembled a dataset composed of 2,128
seeds with four different health statuses of maize: healthy, broken, moth-eaten, and mildewed. In this paper,
we proposed a lightweight maize seed quality detection model for small objects based on improved YOLOvS:
I-YOLOv&. Firstly, we introduced a multi-scale attention mechanism called EMA to efficiently retain
information across channels and reduce computational load. Next, we chosen the SPD-Conv module for low-
resolution images and small objects, and applied it to the backbone, which addressed the loss of fine-grained
information and the less efficient learning of feature representations present in YOLOvS. Lastly, we reduced
the large detection layer, which directed the network to pay more attention to the location, channel,
and dimensional information of smaller objects, and we also replaced the loss function with WloUv3.
We validated our model using ablation studies and compared it with YOLOvS, YOLOv6, and YOLOvS.
The mAP (Mean Average Precision) of the improved model 1_YOLOvS reaches 98.5%, which is 6.7%
higher than YOLOvS. The average recognition time per image was 163.9fps, a boost of 5.2fps compared
to YOLOvS. This study lays a theoretical foundation for the efficient, convenient, and rapid detection of
maize quality, while also offering a technical basis for advancing automated maize quality detection means.

INDEX TERMS YOLOVS, object detection, lightweighting, maize seed.

L. INTRODUCTION nutritional and economic value [3]. During the production
Maize (Zea mays L.) is one of the most widely distributed and processing of maize seeds, they may undergo potential
crops in the world [1]. About one-third of the world’s pop- mechanical damages and mildew alterations, which might
ulation depends on maize as a staple food [2]. It has high jeopardize their germination viability. Sowing maize seeds
with damaged quality will reduce the germination rate and

The associate editor coordinating the review of this manuscript and waste of labor, thus affecting economic benefits. Hence,
approving it for publication was Liandong Zhu. checking the quality of seeds before sowing is of paramount
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importance for the benefit of the sower and the safety of
agricultural production.

Traditional methods for detecting maize seed quality are
categorized into empirical, physical, and chemical meth-
ods. These methods are often cumbersome, time-consuming,
and limited by experimental locale [4]. The application of
machine vision technology can achieve rapid and accurate
detection and identification of maize seeds, which has very
important application value [5].

In the early stages of conventional machine learning, some
scholars used image processing techniques to simply process
maize seed images for recognition. Chen et al. [6] proposed
a method based on image In HSV and Otsu method based on
genetic algorithm optimization, which achieved more accu-
rate segmentation and recognition of the disease of color
and shape features, and enhanced the real-time and accuracy
of the image of maize disease detection and recognition.
Subsequently, many researchers began to use neural network
approaches for maize seed image analysis. Kiratiratanapruk
and Sinthupinyo [7] extracted color histograms from RGB
and HSV color spaces, along with textures based on Gray-
Level Co-Occurrence Matrix (GLCM) and Local Binary
Patterns (LBP), and then applied Support Vector Machine
(SVM) to classify maize seed defects.

Traditional machine learning approaches have achieved
some applications in the recognition of maize seeds. How-
ever, these traditional methods are subject to limitations such
as their reliance on manually selected features, and the prob-
lem such as high computational demands and costs, which
can impact recognition accuracy. In contrast, deep learning
can autonomously learn complex features from raw data
without the need for manual feature extraction. Presently, the
most pervasive deep learning technique in machine learning
is Convolutional Neural Network (CNN) [8]. For the detec-
tion of maize seeds, there are two main directions: image
classification and target detection. Unlike image classifica-
tion, which only categorizes objects within an image, object
detection techniques perform image segmentation based on
geometric and statistical features of targets, combining the
tasks of object segmentation and recognition, so it has
excellent accuracy and real-time processing capabilities.

Object detection algorithms based on deep learning
are mainly divided into two categories: two-stage and
single-stage methods. The two-stage object detection
algorithm initially generates RP (Region Proposals), fol-
lowed by sample classification using convolutional neural
networks. Representative two-stage object detection algo-
rithms include R-CNN [9], SPP-Net [10], Faster R-CNN [ 1],
Mask R-CNN [12]. Zhao et al. [13] designed four distinct
network models based on Faster R-CNN, and achieved supe-
rior recognition results for the selection of maize kernels
by directly inputting color images. Velesaca et al. [14] used
the Mask R-CNN algorithm for segmenting and extracting
maize group images, and designed a lightweight network
CK-CNN to classify good kernels, defective kernels, and
impurities. Although two-stage detection algorithms exhibit
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high accuracy, their slower detection speed renders them
unsuitable for real-time detection. The single-stage object
detection algorithm can directly generate the class probability
and location coordinates of the target in one stage without
generating RP. Representative two-stage object detection
algorithms include SSD [15], YOLO [16], RetinaNet [17].
Although these algorithms may exhibit moderate accuracy,
their fast detection speed makes them suitable for real-time
detection tasks. Liu and Wang [18]proposed a method for
detecting damaged maize kernels based on YOLOv3-tiny.
The proposed maize detection method is implemented on
NVIDIA TX2 and can achieves the speed up to 10fps speed,
which can perform almost real-time detection. Li et al. [19]
investigated a maize seed breakage detection device based
on YOLOv4-tiny, which is applicable to combine harvesters,
addressing the issue of low accuracy in existing methods
for maize seed integrity assessment. Thangaraj Sundara-
murthy et al. [20] proposed an object detection method
based on YOLOVS to accurately detect maize seeds infected
with Fusarium Head Blight (FHB), enabling real-time detec-
tion of FHB-infected maize seeds on the processing line.
Wang et al. [21] aimed to rapidly and accurately identify bro-
ken maize kernels, proposing a model BCK-YOLOv7 based
on an improved YOLOv7, which fine-tuned the model’s pos-
itive sample matching strategy and incorporated Transformer
encoding modules and CA attention mechanisms, enhancing
the model’s accuracy to 96.9%, recall to 97.5%, and mAP
to 99.1%.

The study proposed a more streamlined convolutional
neural network model, T_YOLOvSE, based on YOLOvS
benchmark, addressing the loss of fine-grained information
and low-efficiency feature representation learning inherent to
YOLOWVS, it also reducing the model’s complexity for ease
deployment on mobile devices. This experiment established
a dataset for maize seed variety recognition, encompassing
2128 maize seeds of four types: healthy, broken, moth-eaten,
and mildewed. Extensive comparative experiments were
conducted with the I_YOLOvE, YOLOvS5, YOLOv6, and
YOLOvS using this dataset. The results indicated that the pro-
posed I_YOLOVS significantly outperformed other methods,
providing technical support for the automated recognition and
non-destructive testing of maize seed quality.

1. MATERIALS AND METHODS

A. DATASET CONSTRUCTION

This experiment collected four types of maize seeds with
different health conditions to establish a dataset, as shown
in Figure 1, which are healthy, broken, moth-eaten, and
mildewed. In order to enhance the robustness of the model,
we chose five maize seeds varieties, namely JINYULIS,
KENUOS8, LIYUAN296, HUIYUIS, and TIEYANG30.
Under natural lighting conditions, these seeds were ran-
domly arranged in a ratio of healthy, broken, moth-caten,
and mildewed at 5:1:1:1. A total of 133 photographs were
taken, each featuring 16 seeds, culminating in a dataset of
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FIGURE 1. Maize seeds with four different health conditions. (a) Healthy
maize. (b) Broken maize. (c) Mildewed maize. (d)Moth-eaten maize.

2128 seeds, the images of each maize seed category were
randomly divided into training, validation, and test sets in a
ratio of 7:2:1.

To further enhance the robustness and generalization capa-
bilities of the model, this study augmented the training image
number of the dataset through data augmentation techniques,
these enhancements primarily included rotation, exposure
adjustment, and mosaic techniques. The augmented maize
seed dataset is shown in Figure 2. Figure 2(a) showed
the quantity of maize seeds across different categories.
Figure 2(b) depicted the spatial distribution of the maize seeds
bounding boxes, indicating a relatively uniform spread of
maize seeds without excessive clustering. Figure 2(c) pre-
sented the dimensions of the maize seeds bounding boxes,
it can be seen that the height and width of the bounding box
are relatively uniform.
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FIGURE 2. li of the d: (a) Number of annotations per
class. (b) The ical distribution of the b ding box position. (c) The
tatistical distribution of the bounding box sizes.

B. MAIZE SEED DETECTION MODEL: I YOLOv8
Since its initial release in 2015, YOLO (You Only Look
Once) series of computer vision models has consistently been
one of the most popular in the field of deep learning. YOLOvVE
1s the latest version of the YOLO series of algorithms, which
can be used for object detection, segmentation, classifica-
tion tasks, and learning of large-scale datasets. Compared
to previous outstanding models in the YOLO series, such
as YOLOvS5 and YOLOv7, YOLOVS offers higher detection
accuracy and speed. YOLOWVS is a detection algorithm known
for its fast detection speed and high accuracy. It performs well
on some open-source datasets but requires improvement for
seed detection tasks.

In order to address the challenges such as small seed
size and low resolution in maize seed quality detection, this
paper improved and optimized on the basis of YOLOvVSE, and
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proposed an algorithm I-YOLOvS for maize seed quality
detection.

The proposed model architecture was illustrated in
Figure 3, and the specific improvements were summarized
as follows:

(1) By incorporating attention mechanisms to enhance
the object detection capability of the network and extract
regions of interest. As illustrated in Figure 3, an efficient
multi-scale attention mechanism EMA was introduced in
the Backbone and added in front of the SPPF structure to
efficiently retain the information on each channel and reduce
the computational load.

(2) By integrating SPD-Conv module to boost detec-
tion capabilities of low-resolution images and small objects.
As demonstrated in Figure 3, SPD-Conv was applied within
the Backbone at the following stages: the 1st, 3rd, 5th, and 7th
convolutional layers. This addressed the loss of fine-grained
details and learning of less effective feature representations
in YOLOvS.

(3) By removing one of the large object detection lay-
ers (P3), the network was directed to focus more on the
location, channel, and dimensional information of smaller
objects, thereby enhancing the detection of small-scale tar-
gets. As indicated in Figure 3, the detection layers of
YOLOv8n were simplified from large, medium, and small to
medium and small. The 24th layer (Convolution layer), the
25th layer (Concat module), and the 26st layer (C2f module)
of the feature fusion layers were removed.

(4) By altering the loss function, the model’s accuracy and
overall performance were further improved. The loss function
ClIoU was replaced with WIoUv3, which balanced the ratio
between low and high-quality samples, addressing issues of
detecting small, blurry objects and those with overlapping
occlusions.

1) EFFICIENT MULTI-SCALE ATTENTION MODULE

The attention mechanism is a mechanism that simulates
human vision, focusing on important features while sup-
pressing unnecessary ones. Remarkable effectiveness of the
channel or spatial attention mechanisms for producing more
discernible feature representation are illustrated in various
computer vision tasks. However, modeling the cross-channel
relationships with channel dimensionality reduction may
bring side effect in extracting deep visual representations.
Ouyang et al. [22] proposed a novel efficient multi-scale
attention (EMA) module. The design prioritizes the retention
of information from each channel while minimizing com-
putational overhead. By reshaping certain channels into a
batch dimension and segmenting the channel dimension into
multiple sub-features, it ensures a homogeneous distribu-
tion of spatial semantic attributes within each feature subset.
Specifically, apart from encoding the global information to
re-calibrate the channel-wise weight in each parallel branch,
the output features of the two parallel branches are further
aggregated by a cross-dimension interaction for capturing
pixel-level pairwise relationship.
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*represents the improved module in YOLOvS
*represents a module removed from YOLOvS

Notes:

FIGURE 3. Imp d YOLOvS networl

Input | CxHxW
CHGXHXW.
CHGRIXW ClIGxHx1 CHGRHXW

[ X Avg Pool ] I Y Avg Pool I I Conv(3x3) I
T ciiGx1xH+wW)

Avg Pool cligx1x1

IClIGx1

XC/IG

IXHxW

Cross-spatial learning

CxHxW

FIGURE 4. Efficient multi-scale attention structure.

The parallel substructures help the networks avoid more
sequential processing and large depth. As shown in Figure 4,
the EMA module employs a parallel processing strategy.

(1) Feature Grouping. For any given input feature map
X e RCxHxW EMA will divide X into G sub-features
across the channel dimensions direction for learning different

32930

semantics, where the groups-style can be donated by X =
[X(). X,' aen .XG_|], X e RCXHXW.

(2) Parallel Subnetworks. The large local receptive fields
of neurons enable the neurons to collect multi-scale spatial
information. Accordingly, EMA conducts that three parallel
routes are exploited to extract attention weight descriptors of
the grouped feature maps. Two of parallel routes is in 1x1
branch and the third one route is that the 3x3 branch. For
capturing dependencies across all channels and relieving the
computation budgets, they model the cross-channel informa-
tion interaction at channel direction. To be more specific,
there are two 1D global average pooling operations employed
to encode the channel along two spatial directions respec-
tively in 1x1 branch and only a single 3x3 kernel is stacked in
3x3 branch for capturing multi-scale feature representation.

Given the truth that there is no batch coefficient in the
dimension of the convolution function for the normal con-
volution, the number of convolution kernels are independent
of the batch coefficients of the forward operational inputs.
Accordingly, the group G is reshaped and replaced into the
batch dimension, and the shape of the input tensor is rede-
fined as C//G x H x W. On one hand, the two encoded
features are concatenated against the images height direction
and share the same 1x1 convolution, without dimensionality
reduction in the 1x1 branch. After factorize the outputs of
Ix1 convolution into two vectors, two non-linear Sigmoid
functions are employed to fit the 2D Binormial distribution
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upon linear convolutions. In order to implement different
cross-channel interaction features between two parallel routes
of 1x1 branching, the attention maps of the two channels
are aggregated within each group by a simple multiplica-
tion. On the other hand, the 3x3 branch captures the local
cross-channel interaction via a 3x3 convolution to enlarge the
feature space.

(3) Cross-spatial learning. EMA provides a cross-spatial
information aggregation method at different spatial dimen-
sion direction for richer feature aggregation. Please note that
here, two tensors are still introduced: one from the output
of the 1x1 branch and the other from the output of the 3x3
branch. Then, global spatial information is encoded into the
output of the 1x1 branch using 2D global average pool-
ing. The output of the 3x3 branch is directly transformed
to the corresponding dimension shape before the joint acti-
vation mechanism of channel features, i.e., RB1*C/G %
R;C//G*HW The 2D global pooling operation formula is
shown in Equation (1):

1

H W
= HxW jzzj:xc(lur)

which is designed for encoding the global information and
modeling the long-range dependencies. For efficient com-
putation, the natural non-linear functions Softmax for 2D
Gaussian maps is employed at the outputs of 2D global

(1)

average pooling to fit the upon linear transformations.
By multiplying the outputs of above parallel processing with
matrix dot-product operations, the first spatial attention map
can be derived. To observe this, it collects different scale
spatial information in the same processing stage. Moreover,
global spatial information in the 3x3 branch is encoded
using 2D global average pooling and the 1x1 branch will
be transformed to the correspond dimension shape directly
before the joint activation mechanism of channel features,
ie., B IxC//G R3C//G<HW - After that, the second spa-
tial attention map, which preserves the entire precise spatial
positional information is derived. Finally, the output feature
map within each group is calculated as the aggregation of the
two generated spatial attention weight values followed by a
Sigmoid function. It captures pixel-level pairwise relation-
ship and highlights global context for all pixels. The final
output of EMA is the same size of X, which 1s efficient yet
effective to stack into modern architectures.

2) SPD-CONV MODULE

Convolutional Neural Networks (CNNs) have achieved sig-
nificant success in various computer vision tasks such as
image classification and object detection. However, their
performance rapidly deteriorates in more challenging tasks
characterized by lower image resolutions or smaller objects.
This limitation arises from a common yet flawed design in
existing CNN architectures, which involves the use of strided
convolutions and/or pooling layers. These components lead
to the loss of fine-grained information and inefficient learning
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of features. SPD-Conv [23] serves as a novel CNN module,
capable of replacing each strided convolution and pool-
ing layer. SPD-Conv is composed of an SPD layer and a
non-strided convolution layer.

a: SPACE-TO-DEPTH (SPD)

The SPD component extends the (original) image transfor-
mation technique to downsample feature maps inside CNNs
and throughout the entire CNN. As illustrated below, consider
any intermediate feature map X of size § x § x C, where a
series of sub-feature maps is extracted as

Jfo.o=X[0:5 : scale, 0 :
fro=X[1:5:scale,0:
Jscate—1.0 = X[scale — 1
fo.1 =X[0: 8 : scale, 1
f:caiffl‘l = X[scale — 1

S : scale],

S i scalel, ...,

1 8 scale, 0 : 8§ : scale];
1§ sealel fig. ...,

.8 :scale, 1: 8 : scale];

Jo.scate—1 = X[0 1§ @ scale, scale — 1 : § : scale],

fl,scah’—l PR
Secate—1.scate-1 =X [scale— 1 : § : scale, scale—1 : § : scale].

In general, for any given (original) feature map X, a sub-
map fry is formed by all stripes X(i + y) where i +x and
i+ y are divisible by a scaling factor. Thus, each sub-map
undergoes downsampling on feature map X according to the
scaling factor.

Next, these sub-maps are concatenated along the channel
dimension, resulting in a feature map X', where its spatial
dimensions are reduced by a scaling factor, and the channel
dimension is increased by a scaling factor. In other words,
SPD transforms the feature map X(S, S, C}) into an interme-

fata fo , 1e_s 5 2
diate feature map X (2, o=, scale” Cy).

b: NON-STRIDED CONVOLUTION

After the SPD feature transformation layer, a non-strided
(i.e., stride=1) convolutional layer with C, filters, where

Cy < scale*Cy, is added, and further transforms
fr_ 8§ 5 2 Mo % 5 .
X' ooz seaier scale™Ch) — X' oy searer C2). The use of

non-strided convolution aims to preserve all discriminative
feature information as much as possible.

3) DETECTION LAYER MODULE

The input size of YOLOVS is set to 640 x 640, and the output
layer modules P3, P4, and P35 are designed for detecting large,
medium, and small objects, respectively. The maize seeds are
characterized by their small volume and minimal variation
within the image, so the detection belongs to small object
detection. Based on this, the detection layers of YOLOv8n
were simplified from large, medium, and small to medium
and small. The 24th layer (Convolution layer), the 25th layer
(Concat module), and the 26st layer (C2f module) of the
feature fusion layers were removed. Reducing the number
of detection layers effectively decreased model parameters
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and computational complexity, thus leading to improved
detection speed.

4) DETECTION LAYER MODULE

The YOLOvS uses CloU [24] bounding box loss function,
which incorporates the overlap area, center point distance,
and aspect ratio during bounding box regression, which
enhanced the precision of regression localization. However,
CloU still suffers from the following problem: during the
regression process of the prediction frame, if the height
and width aspect ratios between the predicted box and the
ground truth box are linearly proportional, the penalty for
the relative proportions degenerates zero, thereby affecting
the optimization of the network.

Due to the inherent imbalance in the dataset, there were
inevitably low-quality samples in the training data. In order
to address the issue of sample quality imbalance, based
on WloUvl, WIoUv3 was proposed to balance the ratio
of low-quality to high-quality samples, thereby addressing
challenges related to the unclear delineation of small tar-
gets and difficulties in detecting overlapping and occluded
objects [25]. Consequently, it further enhanced the model’s
accuracy and overall detection performance. We replaced the
loss function with WloUv3, the spatial relationship between
the ground truth box and the predictive box is shown in
Figure 5.

FIGURE 5. The spatial relationship between the ground truth box(red)
and the predictive box(blue). w and h represent the width and height of
the predicted box respectively; wg; and hg; represent the width and
height of the ground truth box; W; and H; respectively indicate the width
and height of the overlapping rectangle bety predictive box and the
ground true box; Wy and Hg are the width and height of the minimum
enclosing rectangle of the predictive box and the ground truth box.

The calculation formula for WIoUvl is shown in
Equations (2) - (4):

L 1—loU = 1 WiH; @)
ot O = T o wathe — WiH;
Lwiovv1 = Rwrov Liov 3)
().’ - xg!)2 + (.V - Vgr)z
R =ex - 4
Wiatr p( (Wgz n H§)* ) (4)

The abnormality degree of the anchor box g is represented

by the ratio of L}, and Ly, as shown in Formula (5):

L*
B ==l 10, +00) (5)
Lot
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Applying f to WloUv1 to construct nonmonotonic focus-
ing coefficients yields WIoUv3 as shown in Eq. (6):

Lwiotvs = rLlwreuvl, ¥ = Saf— ©

where the mapping of outlier degree is f and gradient gain is
r, which is controlled by the hyper-parameters « and §; The
value of ais 1.9 and the value of § is 3.

C. MODEL TRAINING ENVIRONMENT CONFIGURATION
All model training and testing procedures were conducted
on the same workstation (Windows 11 with 64-bit operating
system, Intel (R) Core (TM) 19-13900HX, NVIDIA GeForce
RTX 4060), PyTorch2.0.0, Python 3.8, and CUDA 11.7 was
utilized for training acceleration. Detailed hyperparameters
of the experiment are shown in Tablel.

TABLE 1. Detailed hyperp ters of experiment
Parameters Value
image size 640640
batch size 16
Classes 4
epochs 200
optimizer Adam
iou 0.7
110 0.01
Irf 0.01
momentum 0.937

weight_decay 0.0005

D. MODEL PERFORMANCE EVALUATION METRICS

We used evaluation metrics in object detection models are
confusion matrix, precision (P), recall (R), average precision
(AP), mean average precision (mAP), and model size (MB).
The confusion matrix usually has four indexes including True
Positive (TP), True Negative (TN), False Positive (FP) and
False Negative (FN). P and R are typically used to evaluate the
model’s ability to predict a specific category. mAP evaluates
the model’s detection performance over the entire dataset and
is calculated as the average of the mean precision over all
the categories. FPS 1s the number of images processed per
second by the model and is used to measure the speed of
detection. Table 2 provides a summary and brief description
of the formulas.

lll. RESULT AND ANALYSIS

A. IMPACT OF DIFFERENT ATTENTION MECHANISMS

We added an attention mechanism, which helped the network
focus on the key information related to effective targets,
extracted regions of interest, and further improved the net-
work’s detection capabilities. Various attention mechanisms,
including CBAM, SE, EMA, SimAM, and CoTAttention,
were individually added.
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TABLE 2. Model performance evaluation index.

Evaluation Metrics Formulas Content
TP represents the number of samples that are actually positive but are predicted to be
L. P . 3 .
Precision(P) P=— positive. P represents the number of samples that are actually negative but are predicted
IP+FP to be positive.
Recall(R) P FN represents the number of samples that are actually positive but predicted to be
TP+ FN negative.
1
Average Precision (AP) AR = _FF}R!-de AP, represents the average accuracy of the model’s detection for each category.
1]
L. 12 . .
Mean Average Precision(mAP) mAP=— 3 AP, mAP represents the average of multiple categories of AP,
ni=|

TABLE 3. Impact of different attention mechanisms.

TABLE 4. The impact of EMA adding in different locations.

Model P (%) R(%) mAP(%) Paramecters FPS Experiment P (%) R (%) mAP (%) Parameters FPS
YOLOvE 822 872 91.8 3006428 166.7 A 87.2  B64 92.6 3016796 169.5
YOLOVS-CBAM 90.4 857 93.5 3027318 1587 B 91.1 832 92.4 3007100 158.7
YOLOvE-SE 832 924 9.8 3014620 144.9 C 89.1 88 944 3016796 1539

YOLOvE-SimAM 824 R72 026 3006428 147.1

YOLOvE-CoTAftention 86,5 K58 92.2 3583452 138.9

YOLOvE-EMA 89.1 88 94.4 3016796 1539

Table 2 indicated that the addition of EMA led to a notice-
able improvement in the network detection performance,
with mAP increasing by 2.6%, exceeding the performance
enhancements yielded by the SE, CBAM, SimAM, and
CoTAttention attention mechanisms. EMA demonstrated
superior efficiency in filtering effective feature informa-
tion, so we adopted EMA to further improve the network’s
performance.

B. IMPACT OF ATTENTIONAL MECHANISM ADDED IN
DIFFERENT LOCATIONS

The adoption of attention mechanisms brought multiple
advantages, but the specific advantages depended on the
location you add the attention module. We conducted a
comparative experiment to evaluate various positions of
EMA integration, investigating the impact of adding EMA at
different positions on detection performance.

The experiment results are presented in Table 4. In Exper-
iment A, the mAP increased, but the number of parameters
also increased. This is because although the C2f_EMA mod-
ule could better fuse shallow feature maps and deep feature
maps, the introduction of the attention mechanism increased
the depth of the model.

Experiment B achieved higher accuracy, but recall and
mAP were lower. This was due to the addition of EMA to
the small object detection layer aiding the model in accurately
locating targets but not accurately obtaining the characteristic
information of individual maize seeds.

In experiment C, the number of parameters increased, but
the network detection performance was greatly improved.
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The C2f module added to the Backbone, forming the new C2 EMA
module. B. Added to the small object detection layer (P3). C. Added to the
front of the Backbone's SPPF.

This is because adding EMA to the front of the Backbone’s
SPPF helped the Backbone selectively focus on different parts
of the input feature map. This made it easier for the model to
learn complex image patterns and improved the accuracy of
maize seed quality detection.

C. THE IMPACT OF DIFFERENT LOSS FUNCTIONS

In order to verify the superiority of WIoUv3, we conducted
comparative experiments on YOLOvSE and I-YOLOvVS using
WIloUv3 and some mainstream loss functions.

The experiment results are presented in Table 5. Both
models exhibited the highest mAP when using WIoUv3 as
the bounding box loss function, this indicated that using
WIoUv3 as bounding box regression results in the best
detection performance. Furthermore, the improved YOLOvVS
achieved a 2.1% higher mAP when using WloUv3 compared
to CIoU, which demonstrated the effectiveness of introducing
WloUv3.

IV. DISCUSSION

A. MODEL PERFORMANCE ANALYSIS

We analyzed the performance of I-YOLOvVS from the training
phase to the testing phase and evaluated its ability to detect
the quality status of various types of maize seeds.

As depicted in Figure 6, as the iteration proceeded, the
loss of I-YOLOv&n decreased and mAP improved corre-
spondingly. After approximately 100 epochs of training,
higher mAP and lower loss were achieved. Between 100 and
150 epochs, fluctuations occurred in the training process, this
was due to the absence of a corresponding pre-trained model,
which led to randomness in the weights during gradient
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TABLE 5. The impact of different loss functions.

Model loss function P (%) R (%) mAP (%)
DloU 89.7 8.6 94.2
GloU 881 382 94
Focal Clolt 90.7 88.2 94.5
YOLOWE
Focal_ EloU 91.1 87.5 94.9
CloU 922 87.2 91.8
WloUv3 928 94.9 97.4
DloU 896 91.1 93.9
GloU 923 89.1 95.2
Focal_ CloU 923 90.2 97.3
I-YOLOvE
Focal EloU 882 93 95.6
CloU 93.7 B85 96.4
Wloliv3 96.4 95.4 98.5
7 100%
train/box_loss
6 —— train/cls_loss 80%
5 —— train/dfl_loss ~
val/bax_loss Iy 0%
H 4 - valfels_loss £ I
=3 val/dfl_loss 2 40v%
2 % mAP
1 | 20%% —— precision
LT -ut.-.—:¥ — —— recall
0 0%+
o 50 100 150 00 0 50 100 150 200
epoch epoch

FIGURE 6. Loss and Accuracy Values during Training of 1-YOLOvS.

TABLE 6. Perfi Compari bety YOLOv8 and 1-YOLOvS.
o o o . Model Size
Model P (%) R(%) mAP (%) Parameters (MB) FPS
YOLOvE 822 §72 91.8 3006428 5.94 166.7
[-YOLOvE 96.4 954 98.5 2264728 4.5 169.5

descent and made it challenging to achieve optimal training
results. After 150 epochs, the model tended to stabilize with
both mAP and loss maintaining a relatively stable state.

It was evident from Table 6 that the improved model
exhibited enhanced performance compared to the original
YOLOvS. The precision had increased by 14.2%, the recall
had improved by 8.2%, and the mAP value had risen by 6.4%.

Figure 7 illustrated the detection results of YOLOvS and
I-YOLOvS under different backgrounds. The left two images
displayed the detection results of YOLOvS, while the right
two images showed the results of I-YOLOvE. The red bound-
ing box represented detected broken maize seeds, the pink
bounding box represented healthy maize seeds, the orange
bounding box represented mildewed maize seeds, and the yel-
low bounding box represented moth-eaten maize seeds. The
confidence scores for each detected maize seed in the images
were displayed to the right of the corresponding bounding
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(d)

FIGURE 7. Comparison of Detection Results between YOLOvS and
1-YOLOvS. (a) Represents the detection result of YOLOvS on a black
background. (b) represents the detection result of 1-YOLOVS on a

black background. (c) represents the detection result of YOLOVS on a
white background. (d) represents the detection result of I-YOLOvS on a
white background.

boxes. In Figure 7(a), the predictions were generally accurate,
but it misidentified the infested maize seed in the upper right
maizeer as a damaged one. In contrast, Figure7(b) correctly
detected all maize seeds without any misidentifications or
omissions. In Figure7(c), it misidentified the healthy and
damaged maize seeds in the upper left maizeer as infested
ones, while Figure 7(d) accurately detected all maize seeds
without any misidentifications or omissions.

In summary, YOLOvE8 could detect all seeds, which
was why it was chosen as the baseline model. However,
compared to the unimproved YOLOvS, I-YOLOvS8 could
better distinguish between damaged and moth-eaten maize
seeds, making it more suitable for maize seed quality detec-
tion.This was because broken and moth-eaten corn seeds
exhibited fundamental similarities in texture and contour
edges, with only slight variations in color at the locations of
insect holes or broken edges, making it challenging for the
model to extract features. I-YOLOWVS introduces an efficient
multi-scale attention mechanism (EMA) in the Backbone
section, allowing it to focus more on the deep features of the
seeds, thereby improving accuracy in identifying damaged
and infested corn seeds. Therefore, through targeted improve-
ments to YOLOvS, there was a successful enhancement in its
performance in the detection of specific seeds.

B. ANALYSIS OF EXPERIMENT RESULTS UNDER
DIFFERENT MODELS

In order to validate the performance of the improved
YOLOvS, the enhanced I-YOLOvV8 was compared with the
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original YOLOvS8, YOLOvVS, and YOLOVS. Precision rate,
recall rate, average precision mean, and detection speed were
used as performance evaluation metrics.

As can be seen from Figure 8, the accuracy, recall,
and mAP values of the improved YOLOvE were 96.4%,
95.4%, and 98.5% respectively, which surpassed the other
three networks in performance. In terms of model detection
speed, I-YOLOVS processes each image in 0.059 seconds
(169.5 fps), which was the fastest among the four net-
works. Additionally, the model size of I-YOLOvS8 was only
4.5 MB and the number of parameters was 2,264,728, both of
them were far smaller than the other three network models.
I-YOLOvS could still achieve high detection accuracy and
speed even in small size. This indicated that the improved
network model exhibits superior recognition capabilities for
maize seed quality detection compared to other detection
models.
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FIGURE 8. Performance comparison of four object detection networks.

In general, increasing the depth and width of a neural
network model can improve its performance to a certain
extent. However, when performance reaches a certain level,
further increasing the depth and width of the network may
no longer lead to performance improvement, it may lead to
problems such as gradient instability, network degradation,
a significant increase in computation complexity and the
number of parameters. This study introduced attention mech-
anisms and SPD-Conv modules into YOLOvS, enhancing the
network’s performance to some extent but also increasing the
number of parameters. Therefore, the study chose to prune
the model on this basis, reducing redundancy by eliminating
a significant amount of irrelevant semantic information in the
model. This is why I-YOLOvVS8 achieves superior detection
speed and network size compared to the other three models
while maintaining the highest accuracy.

As depicted in Figure 9, we used a confusion matrix for
visual performance evaluation of the four different models.
The color of the matrix represented the effectiveness of
predictions, the darker the color of the matrix block, the
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higher the probability of occurrence. The deeper the colors
of the blocks along the diagonal of the matrix, the higher the
predictive accuracy in this category.

It can be seen from Figure 9 that the color of the diagonal
matrix blocks of I-YOLOvS was darker than that of the other
models, and its overall correct recognition rate was higher
than other models in the experiment. The correct recogni-
tion rates of I-YOLOvVS for healthy and mildewed maize
seeds were almost the same as that of other models, but
the correct recognition rate in broken and moth-eaten maize
seeds was much higher than that of other models. This is
because healthy and mildewed maize seeds exhibit noticeable
differences in color and texture, while broken and moth-eaten
maize seeds are very similar in the contours of the missing
parts, with only slight differences in color. In summary, the
overall performance of I-YOLOvS significantly outperforms
the other models in the study.
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FIGURE 9. Confusion matrix for different models (a)YOLOVS (b)YOLOvE
(c)YOLOVS (d)I-YOLOVS.

C. ABLATION STUDY

To validate the effectiveness of each proposed improvement
strategy in this study, we designed ablation studies based on
the baseline model YOLOv8n to evaluate its effectiveness.
The results of the ablation experiments were presented in
Table 7, where ./ indicated the usage of the corresponding
module, while its absence indicated the non-usage of the
module.

Table 7 demonstrated that each improvement strategy
had effectively enhanced the detection performance.
Experiment 2 introduced the efficient multi-scale attention
mechanism EMA, resulting in a 2.6% increase in mAP, while
the number of parameters only increased by 0.34%. This indi-
cated that EMA could efficiently retain information on each
channel, and the number of parameters was not significantly
increased while ensuring accuracy. Experiment 3 added the
SPD-Conv module on the basis of Experiment 2, and the mAP
increased by 1.2%, which solved the problem of a loss of
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TABLE 7. Detection results after introducing different imp t strat
Experiment EMA SPD-Conv P3,p4 WIOU P(%0) R(%0) mAP(%) Parameters FPS
1 %22 87.2 91.8 3006428 158.7
2 A 89.1 88 94.4 3016796 1539
3 K Vv 91.8 91.1 95.6 3277916 1429
4 N v Y 93.7 88.5 96.4 2264728 163.9
5 N v Y Y 96.4 95.4 98.5 2264728 163.9

fine-grained information caused by the strided convolution
or pooling layer in the existing CNN architecture, and could
effectively reduce the missed detection rate for small targets.

To mitigate the increased parameters resulting from the
addition of attention mechanisms and the SPD-Conv module,
a large object detection layer was reduced to decrease a
large amount of irrelevant semantic information in the model,
which enhanced network speed and reduced network size.
Experiment 4 reduced a large target detection layer based
on Experiment 3, the number of parameters was reduced by
30.9%, the FPS was increased by 20f/s, and the mAP value
was also improved.

Experiment 5 was the improved model proposed in this
article, it was based on Experiment 4 and the loss function
was replaced with WloUv3. WIoUv3 was used to weigh the
ratio of low-quality samples to high-quality samples, which
increased mAP by 1.2% and solved the problem of small
target are blurry and difficult to detect. Compared to the base-
line model, the number of parameters decreased by 24.7%,
mAP increased by 6.7%, recall improved by 8.2%, precision
increased by 14.2%, and FPS decreased by 5.2/s, this indi-

cated that the improved network had excellent performance.

V. CONCLUSION

In response to the characteristics of dense image distribution
and small targets in maize seed object detection, we proposed
alightweight maize seed quality detection model based on the
improved YOLOvS: I-YOLOvS.

I-YOLOvE achieved mAP of 98.5%, a 6.7% increase
compared to YOLOvS, and an average recognition speed
of 163.9 frames per second, a 5.2 frames per second
improvement over YOLOvS. Furthermore, when compared
to YOLOvS, YOLOv6, and YOLOvE network models,
I-YOLOvVS outperformed these three models in various
aspects, and showed a significant improvement in detection
performance. The improved model can provide more efficient
computing performance and rapid real-time decision-making
in agricultural deployment, helping to realize intelligent agri-
cultural management in farm equipment, airborne equipment
and edge computing, and improve production efficiency and
resource utilization efficiency.

The combination of deep learning and machine vision can
achieve non-destructive and efficient identification of corn
seeds. The application of deep learning and machine vision
in quality detection for maize seeds is expected to bring
about significant transformation in agricultural production,
promoting the development of a more intelligent, efficient,
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and sustainable direction for agriculture. In the next steps,
we will further optimize the model and increase the variety
and quantity of samples to enhance the model’s applicability.
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Mobile NetV2 Maize Seed Variety Recognition Based on Improved Attention Mechanism CBAM
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Abstract : Maize is a main food crop in China, with high nutritional value and economic value. Different geo-
graphical environments are applicable for different varieties of maize for planting, however, due to the slight differ-
ences in appearance of different varieties, it is difficult to quickly and accurately identify different varieties with the
naked eye. In order to realize the accurate identification of maize seed varieties, total 2 792 images of 9 kinds of
maize seeds were collected in this stud)' lo establish a data set, and training set verification sel and lesl sel were ran-
(]uml)’ divided all:l:c)n]ing o a ratio of 7:2: 1. In this slu(]}', the attention mechanism CBAM was introduced into the
lightweight model MobileNetV2, the serial mode of CBAM was improved, a new attention module E_CBAM was
built, and different reduction ratios were compared , the best reduction ratio of 4 was selected, and E_CBAM_Maobile-
NetV2 model was proposed. Experiments indicated, that the accuracy of E_CBAM_MobileNetV2 was 98. 18% ,
5.45% higher than that of MobileNetV2.

Key words: image classification ; maize seed; MobileNetV2 ; CBAM
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{5128z

THR P A RE 95 76 A BESR 1K R T 1Y T 12
AT R TR PR S, B O R Sl
Splh b EMIRSE O T BRI A S, S 4
RS EAF T, AR BP M Mg 3 Hoar 26, B
PRIRBIERALE 90% LA F, BRI R T 3 A EK S
FiE gt g, F I 345 ) AL ( SVM) B35 6 1L
I ER ARl 1 92.3% ,

B AR L 2T b e o 0 TR
Fi A3 L 22’ 25 ( Convolutional Neural Networks,
CNN) ™l )3z 1 T PR 40 25 H bt 0 25
. H 2012 4E LU, CNN BERLFF B B, 0 Alex-
Net”! VGGNet'™! | GoogleNet'™ | ResNet'®' |
DenseNet' ) MobileNet'"™  ShuffleNet" ' 2 Hua.ng:'z:
FE MM 26 (CNN) R S 5| A FKRF T
s, R i 5 PR ) Bk T TR, SR
F L REF D EE R T L8 ¥ Bk,
GoogLeNet HERf %5 95% , SURF + SVM (196 4
79.2% . Xu ZHRE T T ResNet 2 37 £
(P —ResNet) | g TP 745 24848 T —Fhoy 2, 1%
HUS A~ Fh e FoK R E 9 S 50 % 4, ol 2 35 2
99.70% , Javanmardi 55" § t {1 FF VA HE 4 LM 22
2% (CNN) 32 BURFAE , R BT #h 2 R % ( ANN)
AR IURHE AT 532, i CNN — ANN 6 K Fh
FHAT ISR AER 2R F) 98. 1% ,

AR iR R 4R & Rl R BAT i 8
> MEHR SR R WA, M ELT S A TR i,
Shahi 2™ $2 T —Fh 2 F MobileNetV2 35 % i
A GBS W R R AT 43288, 76 3 M EUR &
SrBIAEI T 95.75% 96. 74% F196. 23% Myfas 4
FIE o b8 s B e 4 3 A 1 R, 4 o
—Fp LT IEFE 5 2T Tl MobileNetV2 BIRI A 51 7 i,
SR KR T R LY 3 2, A B R B L5
P B, [R]E 3 LL AR G 22 M 2% LeNet, 25025
FHH 1 Kaggle $UE4E L MobileNetV2 [y 3F- 3R 51| 38
iKF) 96. 94% , 45 LeNet 54 1.37% , 5y A g sg ™
DB RE R 412, B — P R Y A B R

BEH& Ay % DG — MobileNetV2,, %% 1) 524 4%
M8 MobileNetV2 JgRLhl g 51 A SR BERFE B
Kt GEIE IR e A AR TR T E T BOR R4 B
T, SEuG SN 20 Ay R A KR4 W) B A 6 AR T B
WAy HARAE Fry 2R 5215 5) 90.58%  HA R
BRI ROR

Bl TR 22 3] 1 R VR 209 F il 5 A
AU AR B M4 bR, Zhang 257 N T MEwR
PABI A TR T, 3 MobileNetV2 {7 I B
{SFRAE , HEE S T 35T SENet( 7 E RN R 45 ) %+
TEIMAL R 2% | AT 4Rt 0 7 1 e L S A B MG AT
T, AR T 97.76% MIMERRZE, Selvraju 25" 2
T —Ffr T MobileNetv2 24 & [ {21 5 47 FE 9 B
Y E B B 25 30 0 R 454 rhs i CBAML, 42 5 1]
SRERR L B R A A B S IR A R R L B
XYY 95 Fi £ S BRG] 47 F5 6 5, 15 #)
89% AEMGHATIR R T 5%

AWF9E AE R (BT MobileNetV2 gy 3L Rl 1 4
H— A H R R A i E_CBAM 42} T E_CBAM_
MobileNetV2 ﬁf_ﬂ ,ﬁy{;? CBAM Fﬁﬁﬁ% 2 ﬂlﬁjﬁﬁ
AHELSZ W A o) L, SR AR T 9 R oK Fh 7 B R A
2 792K T ROAR TR A BAR S . AT
P BUaE S0 Kl b, BETT T ORI, JIuhel
FLH | TR I E_CBAM_MobileNetV2 $£ 70 i i
AR F KRR T #E AT 4525, BB T Mobile-
NetV2 #58, ARBFFE R TORFP T m R (B HE Pk
HEHREE T &5,

1 BEEME
L1 $iEskiR R HRER

R LRI 9 FhE AT T 2 792 Ar, H £ KFP T
46 3 5 AR, 4 512 AOYUL16 . JINGNIANI |
ZHENGDAN958 . KENUOSS . TIEYAN , XJH , YUNYU ,
16DX531 BTS06., 4 i Fif 4 B B0 S bR Ho
JUE

F1OEEHE

LES Bk g
AOYUL16 248 JITE: €= =
JINGNIANI 244 EtERK
ZHENGDAN958 384 ] 4 H M il
KENUOSS 382 UE == 2]
TIEYAN 402 IR ¢ 27
XJH 378 LT AELME
YUNYU 256 UE: == 2]
16DX531 186 JITE: =y e
BT506 312 AR EFE
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FELH % A ROCIRB R MF T 8 KB 7 iCE
FELAB ARG o7 S iy TAE G L, BYOiE
16 i Fh 1, 5% Fil 80D HUECRS MBI THAE .

1.2 EgTLE

HT TR 5T 2 0 L F oK B 7 3R AT U, PR
it 2 Xt Z AR AT o # . WA 1 TR, A Py-
thon 1 OpenCV 3§ £ k7 3 K F - [ 4 AT X 38 7
Wo B X AL T Ak B S R R AR A
B SR R UG 8 P L FE HEAT R R, SR 0 A I o
Bk 23 Bl G UL . e A A R I A 0 4R
JRCSERE R B 9 B 25 40 B, TR o A A 3L A
1t ok

B FRFRIBO B E

1.3 BUREMIXIS 51858

T PRIUESHE B9 b 7 1 BRI R Y e
Ji TR A )1 25 S A0 X8 o B, DA A ol R S o
TEE A R Pl T PR35 IR 7 22 1 BBLI 43
WIZREE RIESE A, BN R BRI 9593k, 5
TESE PRI 558 3k, P4 FIRIL 275 3K

T i R AR B FE AN Z AL RE D L
AR RN L ER R, % B R S 9 B 4R 4T
BlERg o, E AR RNER K B AR
B RIS AR R

2 LB %
2.1 BUEEE NG (E_CBAM)

FERE AL 2 B A ¥ — Rp ALK, B G
T AR, 0 ) A 2 Z 945 1E. CBAM ( Convolu-
tional Block Attention Module ) J&:—Fh42 5L & FUE
BB, ¥ CBAM 5| ABRMZ R4 PR EK
PREE AR E B f PR B, T HL S I A B R S 80
FLZ SRR R A9/, 7T RUR A B R 45 8 B B 2
[T

REAE 1 4 AS [5) 4 B2 i 8540 19 15 B S [, il 3 4
FE M FARFAE Sl e 0 K3k, 1 23 [ 24 B2 W) o ) & F
Yoy 7 B £ 2., CBAM fh & 7 3l 3 T 18 7 B
( Channel Attention Module , CAM ) F1%5 [a] i 3% /) #5 B
( Spatial Attention Module, SAM) . iX 2 4~ F i g 1,
AT AL AE— S, 7 5 4k 114 £ 5 3 2k 2 s

[ 4 2 b7 A T R R E PR R R R ) £
I G 28 A Al 30 3 3 R P i O 4 3 7S ) O T
NRE R AR B R RIEE, B mE 2

ZWERE I,

I T BURM,

./'\ /'\ -

SAFFIEF

B NEEF

B2 CBAM ZHH

B b IR AE WS F 1 i A, 56759 5 5 58
TR M, P28 %8 18] 1 ) B A 2 %3 1) i e
S M, BTG BIRHE Fo AR

F=M(F)Q®F

{F’ =M(F') ®F

Kef M (F) 2 F 283 58 58 1 38 77 i i th AL 5
M, (F") Ry F' %3373 |8 FE 8 7 5 AU ; @ AFAE
FE AR 2 HAF S

CBAM (8 SR44 A %o T 2 1 o 3 T 3 ) BB s A
AT, (B AT £E — s BB b 5% v Hl £ ) 18T 79 238 i) i
AR BIAE. Bk, R 2 FERE
BB B AR IR B RHAE , BIFFEXT CBAM #4714
HE, i BT B0 AT, AR T K
[i] 2 R oy A 1V T 0 B0 0 B AL, B OE
CBAM, #{AZ5H N 3 fiR .

(1)

i i i ﬁ))fﬁlk M

. i

/ \
ﬁs/\ﬁfnlf\ v / IR

23] TR S BURM

B3 E-CBAM 4534

E_CBAM Sy iy ARFAER F 43 51| 22 5ek i 38 T 3
J1 N3 (81 B 45 B A R AU, e AU B S
UG ARFIE B FOmBUS 205 AR e P A
Ky

F'=M(F) @M (F)®F (2)

b M (F) g F 2830 5038 T T8 i AU
2.2 E_CBAM_MobileNetV2 58 2543

MobileNetV2 17511 T InvertedResiduals Fl Lin-
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earBottlenecks , H.A7 %2 /0 (1Y [ 2% 2 BORCR fE AR A9
IBFLA, JELE T {E MobileNetV1 (1) ¥ £ 0] 43 25 4
FRERAE , JLT it B 2 I R 18 % 2 BoRn 2k M
FUZ X R AR AE AT SRR, S 30 B, P 2t
JRREF T BN, AT LAAS R 1k LR 0k SR AR A
(EI-S

9 T H MobileNetV2 F 78 7F K F i F i
77 R PERE , K MobileNetV2 5AWFREHR A9 E_
CBAM Eith4h 4, 93 7 E_CBAM _MobileNetV2 #i
Y, FLARZE R R 25 Qe 4 FiR .

§iiA224x 224 x 3 S RTERbAL

iH T )

ZEERE

B4 E_CBAM_MobileNetV2 HUSIZ:HIE
2.3 LIWIRER
FH I 255 X I BE A ], £ 09 Windowsl1
PVER G, (i BT Tensorflow 4 J5 ¥ i2 1719 Keras
TREESA2IHEYE , o 5 BB A BRI 25 5 I il 2, 5
Ed B RS EINE 2 R,
R2 ERIFMESH

B8 i
Image size 224 x224
Batch size 32
Epochs 200
Optimizer Adam
Learing rate (a0) 0.000 01
Loss Categorical cross — entropy

2.4 HEIEEETMNIEIR

X EARFN T4 S o) B PEAR R AR g E T B RY
IRFIR . 1 IR V8 4 I 1 D M RE 9 VP A 6 4, 3l
A 4 DRV M (TP) FUEAME (TN) (B BH A
(FP) FfBATE (FN) o 383 F8 45 AT LA R BL s A A op
9B T A 2 50 . B TR B HL R, vl AT
B G R 43 HE AR HETH 3R (Accuracy ) |, R 7 R
( Precision ) , 44 [7] % ( Recall ) | F1 - score, 1% 3
PR o

2024 4553 W
®3 BB
HERETE b [k
Aceuracy FUPRYE(TP) FIFLBATE(TN) 5 £ Y e ff
TP +TN

A

Y =TP+ TN + FP+ FN < 1 00%
FURTE(TP) S5HICES R AR,
B TP FEPHEE(FP) ZFi
Presicion = 1% x 100%
Recall FCPHAECTP) FELBEE(FN) o TP 95350
P
Recall = TPeFN 100%
R4 (215 00 R A A
2 x Presicion x Recall
Presicion + Reall o

Precision

F, = score

F, —score =

3 #R58
3.1 REMEEER

% HU MobileNetV2 ResNet50 ,
DenseNet ,ShuffleNetV2 5 Ffifs B0 22 [ 45 R A T
I, HMERFR IR 4 FiR, WSEIRESHORT  Mobile-
NetV2 9B R S by, HER %20 92.73% ,J2& 5 Fh N
2% o B 5 1, 8¢ SqueezeNet , ResNet50 | DenseNet121 |
ShuffleNetV2 43 5 @& H 2.91% . 17.09% ., 1. 46% |

SqueezeNet |

10.91% .,
R4 A FEEERIN LS
Fs [ HewiF
1 MobileNetV2 92.73%
2 SqueezeNet 89.82%
3 ResNet50 75.64%
4 DenseNetl21 91.27%
5 ShuffleNetV2 81.82%

3.2  MobileNetV2 fIANAREEE ERITEE

DT R AR A MR R, RS S M R
He, 1] MobileNetV2 [& 5570 eh il AAS [6] 3 38 1 24T
H %, 43 %) A& Channel attention Spatial attention |
CBAM R_CBAM E_CBAM, S5 45 5 n 5 iR,
FFAINAS[R] 1 T8 B 19 MobileNetV2 [ 25 15 764
SN 1 MobileNetV2 [6 4% O 3647 4 1., A
VA th, T BS 72 ) 3 R 0 sl 8 TR 0 L i 2
FCR AT BOFAT, O 325 8 T R MR 1 Mo-
bileNetV2 [ 48578

MBS it &, Spatial attention fiz/]y, iX
J&H )y Spatial attention HARAE 1 4~ 7 x7 &,
PR e o B 6 AR TH D . 1547 Channel atten-
tion BLH 1 BUBE AN S B B0, 1H Mo S8 0, i 2
1T Channel attention {7 7F 4> % £ )2 RE 0% 40 FHOF- 43t
RPN A E O
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MHERGF R A, CBAM 51 9RO I A 2 1R
G, PR AR AT e I TR 1Y 7S (8] R 2 2 B
JE 103 18 R AR B AR . [ R AT
14925 723 [ R BCAE T TR, 25 2R 3 W] R_CBAM 1142k
TR e — 2t (ER BT 138 SR BT TR h A 5
TR A TR B E_CBAM, fEBIRI /N2 Hit
FRE BT , HER 3 b CBAM (R_CBAM 43 5] i thi
172.18% 0.73% .
&S MobileNetV2 B A& S BER 505
B

5 o The 5T sa
1 MobileNetV2 92.73 22.0 1 871 945
2 MobileNetV2 + Channel attention  94.55 271 2264 377
3 MobileNetV2 + Spatialattention ~ 95.64 24.2 2036092
4 MobileNetV2 + CBAM 94.91 213 2 266 060
5 MobileNetV2 + R_CBAM 96.36 27.3 2 266 060
6 MobileNetV2 + E_CBAM 97.09 27.3 2 266 060

3.3 E_CBAM_MobileNetV2 {# iR E E45tL 3t

T HER I BEH E_CBAM LA, 23 I 7Y
AR A A AEHE 2 95 i), ELd 5 S5 ml
TER B E_CBAM iy K72 280k A Channe-
lattention, Rt , A {#1E MobileNetV2 fyfa it fb %,
X} E_CBAM 1) Channel attention [ F: 45 kb (2 .4 .8,
16 32) AT TS I8e 45 R N S s, ARG
KA Y AR LA 4 I 2 o o 2 A T o L
sl BB

1001

8
-

i /%

Hif =2
[ E=4
- HEg =8
- Hi4itt=16
- TS 1E=32

150

60 . )
0 100 200

AR

50

B5 E_CBAM_MobileNetV2 {fi Fl 4[] FE 45 He 00 34 e
M 6 L a] LUE B, Y45 ok 4 i, iR 3
3 98. 18% , JAS IR () MUBAH L Z AT FEAR LR 2 i
A /) AEASE IR (1 off i SR 20 S i AT BT AR TE . T 2
FE 45 1e8 (16 320, B S8 AU /)N , {EL o ff 58t B fgd
£ 6 E_CBAM_MobileNetV2 {if FFIAS[a] FE 45 He A He 45 52

4 I R/ % U7 i/ MB SHE
2 97.09 27.3 2266 060
4 98.18 26.0 2151 828
8 95.64 25.4 2094 712
16 96. 00 25.0 2066 105
32 96.73 24.9 2 051 785

(e

ZHENGDAN9S8

FREEAMESR ol 4 of, Rk, A4 168 E_

CBAM i Channel attention 4% 3 2 () FE 45 L S 32 47

ek

3.4 E_CBAM_MobileNetV2 3 @ EESTER
WNPE 6 Ff 7, (TR 6 40 e 4 WSS 4R i Y E_

CBAM_MobileNetV2 #2781 47 ] AL BEVEAY .

16DX531
AOYUL16
BT506
JINGNIAN]
KENUOS8
TIEYAN
XJH

YUNYU

B6 6 E_CBAM_MobileNetV2 iR 56 FE4S 1R

MR HE T LA i, £ XHY @RS
A4 A BRI, ¥ R B TIEYAN; ZHENG-
DANO58 j=4: 1 ARG, SR A AL XHT, X 3%
JERE R ENERHE LA E— 2 ERK, Hlin, XH]
TIEYAN SR {EBE DGR EAT B RO, (B IR
A9 3 LA B T 8 AR 2 % 3L M 3R /9. XHI A
ZHENGDANOS8 19353 43 (19 1M1 b A7 W 1 i) AN [, 6L
SMERILHRL FPRI I 24 o & 8 6, H R LA
HFIR,

JEAb R A R R AR N R T PR,
FLFEMER R K3 H B3 F, - score,

%7 E_CBAM_MobileNetV2 #ERETES 445

p mEE  fEE AEEF -
/% /% /% /%

16DX531 100. 00 100.00 100.00 100.00
AOYULL6 100. 00 100.00 100.00 100.00
BT506 100.00 100.00 100.00 100.00
JINGNIANI 100. 00 100.00 100. 00 100. 00
KENUOS8 100. 00 100.00 100.00 100.00
TIEYAN 98.55 100.00 90.00 94.74
XJH 99.64 90.00 97.30 93.51
YUNYU 100. 00 100.00 100.00 100.00
ZHENGDAN9S8 99.64 97.44 100.00 98.71
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RANE

MobileNetV2

MobileNetV2+CBAM MobileNetV2+E_CBAM

B 7 MobileNetV2 ik A CBAM ([E_CBAM 3 Jy LS A3 # B 1

WF7E 2 i E_CBAM_MobileNetV2 #5175 75 ] ix
A b0 B RR B R RIOCR AR B T A R R
HE G R @ T 98. 55% ., B TIEYAN, XJH il
ZHENGDAN9S8 3% 3 2 FOKFPFAb, AR SR v oo
R MERFE H T3 F, - score BJIKF 100% . JRER
EFNAr 2545 o H40FEBH T E_CBAM _MobileNet V2 571
HA RAFmHERE.

3.5 ERFFRFIARATR (Crad - CAM)

AR R S B &)z 8 e T
G, SR, R R ET BRI R, R,
T AL AT i A 1) A S AT AL B B 22 0 2 A
AEETL.,

Xeb IR S5 5 | KR BE I A % Wi ( Gradient —
weighted Class Activation Mapping, Grad — CAM ) RJ £},
A3 BT i SR FRR BE 42 R - H R SEAL R, O H
4T JERE PR AL AT A, A T PR
T A T A PR A B 4 26 R M ) R AE 3 L
T A P 1% 22 200 05 R % B S TE AR C TR . 2
1QE BUE T T R G, BRHE A0 95 R
FWIR LR RS, R 2, /R HE
SR TV U, R AE 7Y 805 5 R ), R x4
LR R e R LA R e, 38 3 8 A g P T
ELUL R B CNN AW £ KR A KIS, 187 2 Mo-
bileNetV2  CBAM _ MobileNetV2 | E _ CBAM _ Mobile-
NetV2 fty#8 F1 KX He o

(C)1994-2024 China Academic Journal Electronic Publishing House

WE 7 B 6N KR T S R R o, Mo-
bileNetV2 , CBAM _ MobileNetV2 | E _ CBAM _ Mobile-
NetV2 i (1 X S 4 47 Jif A5 [ , MobileNetV2 45 4 5%
T K X A v 3 43 R R A o AR D,
A CBAM fi] MobileNetV2 3 F 361 T 42854y, % F
Tl ] 35 4 79 O FE U A5 i 20, i 51 A E_CBAM
ffY) MobileNetV2 I G T Fp i KB 4 19 X B, Ju 3L
JECTE T BOME X 43 (9 SO 43, X LR X 43 S E AR
PIFhF R G HE, B MEA N EE S EE T E_
CBAM_ MobileNetV2 £ 5 5 T 2k Fh F 5 R 77 i (19
S

4 #it

S B K Tl it ol 0 2 o R PR 1
S, ¥ TSI HLH CBAM 5] A2 HE{EHE %! Mobile-
NetV2,%F CBAM 1y 8347 77 SUHE A7 0k , 4 1 0 e
FBiH E_CBAM Jfiad %t e, i th T RO fdE i
45 R 4,42 H T E_CBAM_MobileNetV2 #i% 3k
BT 9 KEKF TN BAESE, BT T RE 5,
SIGLE P 0], E_CBAM _MobileNetV2 i % fE % th
B MERR IR E KR T2 51, L MobileNet V2 184
o RS T 5.45%, H& WK T
SqueezeNet . ResNet50, DenseNet, ShuffleNetV2 %
B
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