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Fine-grained image classification refers to the classification of subcategories based on the basic categories
already divided. Fine-grained image classification is a very challenging research task because of the data
characteristics of small inter-class differences and large intra-class differences. Based on the analysis and
research of existing fine-grained image classification algorithms, a novel fine-grained image classification
method based on an interactive deep learning is proposed. First, YOLOv5 is used as the backbone network to
improve the classification performance, and a random elimination enhancement selection strategy is designed.
The feature elimination branch and feature enhancement branch interactions promote the network to learn
more relevant information and capture potential distinguishable features. Then, a global diversified module
is proposed to model the feature maps of different levels to improve the ability of network comparison cues.
Finally, the internal standard imprinting data set is established, and the fine-grained algorithm is applied to
the authenticity identification work to realize the practical application of fine-grained image classification in
natural scenes. Model training can be efficiently trained in an end-to-end manner without bounding boxes
and comments. Experimental results show that the accuracy of the proposed algorithm on three fine-grained
image datasets, namely, CUB-200-2011, Standford Cars and FGVC-Aircraft, reaches 90.6%, 95.9% and 95.8%,
respectively.
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1. Introduction

Fine-grained image classification refers to the recognition
of sub-classes under a broad category. The main task of
fine-grained image classification is to distinguish some
sub-categories of base classes, such as some specific cate-
gories for birds, cars and aircraft. It is a great challenge to
effectively solve the problem of fine-grained image classifi-
cation due to the large intra-class attitude variation, high
similarity between classes and lack of annotation data. Fine-
grained image classification also has a wide range of ap-
plication needs in production and life, such as automatic

identification of goods in the smart retail scene, identifica-
tion of biological types in the field of biological protection,
and identification of different models of cars in intelligent
transportation systems [1–3].

Compared with traditional image classification, the dif-
ficulty of fine-grained image classification is that different
categories have little difference in appearance under con-
ditions such as similar attitude and similar viewing Angle,
while the same category has great difference in appearance
under conditions such as different attitude and different
viewing Angle.

In order to solve these problems, many ideas have been
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put forward. In the early stage, localization based methods
are mainly adopted [4–6]. In addition to category labels
of images, these methods also use additional annotation
information such as object annotation frame and part an-
notation point. However, annotating the position of the
object is a tedious and costly manual task, and it is also
prone to manual annotation errors. Therefore, the cur-
rent mainstream research focuses on the design of fine-
grained models with only image-level labeling data, that is,
weakly supervised fine-grained image classification meth-
ods. The key to weakly supervised fine-grained classifica-
tion is how to mine subtle differences in images without
a lot of manual annotation information [7]. The weak su-
pervised fine-grained image classification mainly includes
the localization of the recognition region and the learning
of the recognition region features. Li et al. [8] proposed
a two-level attention model: object-level attention filtered
the relevant regions from the same object, and partial-level
attention was used to locate the distinguished regions. Ke
et al. [9] proposed a weak supervised fine-grained image
classification method based on depth filter response selec-
tion. Guang et al. [10] proposed an object-part attention
model for weakly supervised fine-grained image classi-
fication. The model showed that object attention could
effectively locate the area where the object was located,
and then located the distinguished area in the object by
partial attention. Yang et al. [11] proposed a Destruction
and Construction Learning (DCL) framework to realize
fine-grained image recognition. In this model, the input
image was first destroyed appropriately to emphasize dis-
tinguishable local details, and then reconstructed to model
the semantic associations between the segmented regions.
Different from previous methods, Wan et al. [12] realized
sub-feature semantics by arranging the feature channels
of Convolutional Neural Networks (CNNs) into different
groups, and then learned fine-grained features by enhanc-
ing the sub-feature semantics of global features. Xian et
al. [13] proposed a model that combined the target loca-
tion module and the multi-layer bilinear pooling module.
The model could accurately locate the object of interest
through the object location module, and extract the iden-
tification feature representation through the multi-layer
bilinear pooling module. Touvron et al. [14] proposed a
channel interaction network that could model channel in-
teractions within and across images. In a recent study, Zhu
et al. [15] proposed a new Cross-layer Non-local (CNL)
module based on the local module, which was used for
fine-grained image recognition. The module learned multi-
scale features by cross-layer association of features from
a spatial perspective. However, the above methods either

rely on complex component positioning modules or do not
adequately consider the channel and spatial correlation of
different layer features, that is, combining the character-
istics of different layer features. Therefore, in this paper,
convolution is used to realize the combination of different
features of high and low level features, and semantic atten-
tion is obtained by associating high and low level features
in the network to obtain the distinguishing region. In addi-
tion, there are no explicit detection or alignment sections,
and important regional discriminant features are obtained
in a multi-scale manner.

Because of the different shapes of fine-grained image
objects, multi-scale features are very important for fine-
grained classification. Different layers of CNN contain dif-
ferent feature information. High-level features contain rich
semantic information, while low-level features pay more
attention to detailed information such as contour, edge,
color, texture and shape. However, high-level features lack
information such as detail and location, and low-level fea-
tures also have problems such as background confusion
and semantic ambiguity. Therefore, if feature fusion is
carried out at different levels [16], the advantages of multi-
scale features can be exploited and a balance can be struck
between high and low level features. It can be seen that
the inclusion of less background noise is conducive to the
acquisition of discriminative features. In order to obtain
fine multi-scale discrimination features, it is necessary to re-
move meaningless background noise and semantic invalid
features.

In addition, the challenge of fine-grained tasks also ex-
ists in the application side, and the fine-grained image
databases currently used by mainstream research include
dogs, airplanes, cars, and birds. Although these data sets
have a certain number of categories and quality of anno-
tation, the above data are not images obtained in real life
scenes. For example, there are big differences between pho-
tos taken by mobile phones and images in the data set. As
a result, the recognition technology obtained is also lim-
ited to the existing data sets, which affects the practical
application of fine-grained classification tasks. Therefore,
how to combine the fine-grained classification algorithm
with practical application and closely serve the real life is a
worthwhile work in this field.

Based on the above analysis, this paper proposes a
weakly supervised random selection global diversity classi-
fication method. YOLOv5 is used as the backbone network
[17], and a random elimination enhanced selection strategy
is proposed in the network training stage to explore glob-
ally potentially distinguishable features by suppressing the
most significant information and rewarding the most dis-
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criminative part. Furthermore, the global diversification
module is designed to establish the common relation of
various features and improve the richness of its features.
At the same time, according to the process of handbag au-
thenticity identification, the data set of the image of the
inner label stamping part of the handbag is collected and
established. Through the data set and the proposed al-
gorithm, an accurate classification model is constructed,
which can screen fake products on a large scale and assist
the appraiser to carry out efficient identification.

2. Proposed fine-grained image classification

The interactive deep learning classification network frame-
work includes backbone network YOLOv5, feature en-
hancement selection strategy and interactive feature fusion
module.

2.1. Backbone network

For fine-grained tasks, the choice of backbone network is
very important if you want to construct a powerful feature
representation, which determines the ability to extract fine-
grained features. As shown in below Table, Mask-CNN
uses the same annotation information and algorithm to
carry out comparative experiments in Alex-Net, VGG and
Resnet backbone networks respectively. The experimental
results show that when the classification capability of the
backbone network is good enough, the downstream tasks
will also achieve good performance, and the references
[18, 19] even take ViT as the backbone to obtain strong
performance. According to the above analysis, how to
choose an excellent backbone network and build a strong
feature representation is one of the keys to fine-grained
tasks.

ConvNeXt was proposed by the Facebook AI Research
Institute and was built entirely from standard convolu-
tional modules, bringing together the special designs in
Swin transformer and ViT. Starting from macro design,
deep separable convolution, inverse bottleneck layer, large
convolution kernel, and other details, the ResNet archi-
tecture has been upgraded to have faster inference speed
and higher accuracy than Swin transformer. Therefore,
this paper chooses YOLOv5 as the backbone network, as
shown in Figure 1, which contains five stages. Where stage
1 has a simple structure and can be regarded as the prepro-
cessing of the input image; Stages 2∼4 are composed of
ConvNeXt block stacks with similar structures. The depth
of the network deepens with the increase of the stage, and
the information it contains becomes richer. When the in-
put image passes through different stages, the feature map
X ∈ FC×W×H at different scales can be obtained, where

C, W and H are the channel number, width and height of
the feature map respectively.

For fine-grained tasks, networks often focus only on
the most significant parts and ignore other potentially dis-
cernible parts. In order to avoid the network focusing
only on the most significant local features and ignoring
the global features of the whole, this paper assumes that
after the feature map is sliced in the training process, the
network is forced to learn more relevant information by
suppressing the most significant part of each slice, so as
to promote the network to pay attention to the global in-
formation. However, if suppression is used throughout
the training process, the network will completely ignore
the most significant features, resulting in reduced accuracy.
Therefore, an enhancement of the most discriminative part
of the operational reward is also needed to improve the
predictive power of the model. Based on the above anal-
ysis, this paper proposes a feature enhancement selection
strategy, which forces the network to learn more compre-
hensive effective features by evenly slicing the feature map
and randomly performing the above two operations in each
slice.

The specific structure of the feature enhancement se-
lection strategy (FESS) is shown in Figure 1. The policy
input can be the output feature graph F of any layer of the
backbone network. In this paper, the output of stage 3 and
stage 4 will be used as the input of FESS. First, the feature
graph F ∈ FC×W×H is uniformly sliced n times along the
width dimension to obtain F(k) ∈ RC×(W/n)×H . The feature
elimination operation or feature enhancement operation
is then randomly performed for each slice F(k). That is,
the strategy provides two candidate branches, namely the
feature elimination branch and the feature enhancement
branch. Each slice has a 50% probability of performing
a feature elimination operation or a feature enhancement
operation. FESS uses 0 and 1 to represent two branches,
and decides the selection of branches by random extraction,
so as to realize the randomized execution of the two types
of operations of slice F(k).

For the feature elimination branch, the channel average
pooling operation is performed on the input feature map
using the following formula to obtain FP(k) ∈ R(W/n)×H .

FP(k) = CAP
(

F(k)
)
∈ R(W/n)×H (1)

CAP is channel-wise average pooling.
The value range of each pixel of FP(k) is the same as

that of the input feature map, representing the key feature
expression obtained by the classification model. Since the
FESS classification network is trained for the classification
task, FP(k) can approximately reflect the spatial distribution
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Fig. 1. FESS.

of the most discriminating part. The higher element value
denotes the stronger discriminating power. That is, for
the classification task, the intensity of each pixel in FP(k)
represents its ability to discriminate. To eliminate the most
discriminating part, set the threshold rate δ based on the
pixel value of maximum intensity in FP(k) to generate the
elimination mask P(k)drop , setting the portion of pixels
larger than the threshold to 0 . Conversely, the part of the
pixel that is less than the threshold value is set to 1, as
shown below:

P(k)drop =

{
0, FP(k)(i, j) > δ · max

(
FP(k)

)
1, otherwise

(2)

For the feature enhancement branch, the enhancement
mask P(k)imp is generated using the sigmoid activation
function for FP(k) using the following formula.

P(k)imp = sigmoid
(

FP(k)

)
∈ [0, 1](W/n)×H (3)

When slice F(k) selects the feature elimination branch,
the feature elimination map F(k)drop is obtained by the fol-
lowing formula.

F(k) drop = F(k) × F(k) drop (4)

Correspondingly, if the feature enhancement branch is
selected, it is important to obtain the enhanced feature
graph F(k)imp through the following formula.

F(k)imp = F(k)× F(k)imp (5)

Finally, F(k) drop and F(k)imp are concatenated by width
dimension to get Fresult ∈ RC×W×H .

Fresult = concat
(

F(k) drop , F(k)imp

)
(6)

Where concat refers to the concatenation of each seg-
mented feature map in the width dimension.

2.2. Interactive feature fusion

The potential global features are obtained by the above
method, but the direct output limits the ability of the model
to compare cues from different features. This paper argues
that these different global characteristics should not be
treated in isolation. A more reasonable approach is to
model the feature maps of different levels, forcing different
layers of the network to share the mined information and
enhance the semantic complementary information.

First, the feature maps of the backbone network at stage3
3stage 5 after ConvBlock1 ConvBlock3 are taken as an im-
age pair (F1, F2, F3) ∈

(
RC×W1×H1 , RC×W2×H2 , RC×W3×H3

)
,

and the widths and heights of these three feature maps are
compressed by W1 × H1, W2 × H2, W3 × H3 into L1, L2, L3,
and it can get

(
F′

1, F′
2, F′

3
)
∈
(

RC×L1 , RC×L2 , RC×L3
)
. Then,

the similarity matrices M1, M2 and M3 are obtained by the
inner product operations of F′T

1 and F′
2, F′T

2 and F′
1, and

F′T
1 and F′

3. Element Mi,j in the similarity matrix is the
similarity of pixels of different feature maps. The lower the
similarity of two pixel values, the stronger the complemen-
tarity between them. Therefore, it takes −M1,−M2, and
−M3 as interaction matrices and normalizes their rows
and columns according to the following formula to get
W12, W23, W13.

W12 = softmax
(
−MT

1

)
∈ [0, 1]L1×L2 , M1 = F′T

1 F′
2 (7)

W23 = softmax
(
−MT

1

)
∈ [0, 1]L2×L3 , M2 = F′T

2 F′
3 (8)

W13 = softmax
(
−MT

3

)
∈ [0, 1]L1×L3 , M3 = F′T

1
T

F′
3 (9)

Then, WF1 , WF2 , WF3 are obtained by weighting the in-
teraction feature graphs W12, W23, W13 obtained from the
above normalization operation to F′

1, F′
2, F′

3 using the fol-
lowing formula. Their dimensions L1, L2, L3 are converted
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back to W1 × H1, W2 × H2, W3 × H3, and (WF1 , WF2 , WF3 ) ∈(
RC×W1×H1 , RC×W2×H2 , RC×W3×H3

)
are obtained.

WF1 = F′
2 × WT

12 + F′
3 × WT

13 (10)

WF2 = F′
1 × W12 + F′

3 × WT
23 (11)

WF3 = F′
1 × W13 + F′

2 × W12 (12)

Finally, the feature map with rich semantic information
is obtained by down-sampling fusion of WF1 , WF2 , WF3 .

In the part of classifier, this paper maps the fused feature
map to one-dimensional feature vector, and uses softmax
logistic regression to achieve the final classification of the
image.

3. Experimental description and analysis

3.1. Experimental data set

In this paper, three data sets commonly used in the field of
fine-grained image classification are used to evaluate the
effectiveness of the proposed method, namely, CUB-200-
2011, Standford Cars, and FGVC-Aircraft.

The CUB-200-2011 dataset is one of the most challenging
in the field of fine-grained image classification, with 11,788
images of 200 different bird species. The difference of birds’
flying posture and illumination conditions increases the
difficulty of identification. The Standford Cars dataset has
16,185 images of 196 different makes and models of cars.
Each category contains about 80 images of cars from differ-
ent angles and perspectives, and the FGVCAircraft dataset
has a total of 10,200 images of 100 different models of air-
craft. Each category contains about 100 images of aircraft
from different perspectives and attitudes.

3.2. Evaluation index

In this paper, classification accuracy is used as the evalua-
tion index of the final classification accuracy. Classification
accuracy is defined as follows:

Acc = RA/R (13)

Where RA represents the number of correct predictions
by the model in the test set, and R represents the number
of all images in the test set. The classification accuracy
is used as the experimental evaluation index in this pa-
per to compare three commonly used fine-grained image
classification data sets. In the experiment, the method of
this paper adopts the training set and test set partitioning
method and data preprocessing method, which are com-
monly used in the field of fine-grained image classification.
The experimental results of other methods are all derived
from the experimental results given in the original paper.

3.3. Experimental environment and parameter setting

The proposed model in this paper uses YOLOv5 as the
backbone network and loads the weight of the pre-trained
model. The server hardware used in the experiment was
configured with an i9 12900K CPU and an Nvidia RTX
3090 GPU. The software is configured for the Windows10
operating system and builds a deep learning framework
based on Python 3.7, PyTorch 1.11.0 and TorchVision 0.12.0.

Training parameters. Uniformly resize the input image
to 550×550 pixels. The image is then randomly cropped to
a size of 448×448 pixels. This paper uses stochastic gradient
descent (SGD) to optimize the network model by training
200 maximum iterations with a batch size of 16. Set the
learning rate to 0.0002 for the convolution layer using the
pre-training weight, and 0.002 for the newly added convo-
lution layer and the fully connected layer. In the training,
the cosine annealing strategy is used to optimize the learn-
ing rate. The SGD optimizer sets momentum and weight
decays to 0.9 and 0.0005.

Test parameters. Adjust the input image to 550×550 pix-
els and crop the center to a size of 448×448 pixels. The rest
does not mention that the parameter settings are consistent
with the training parameter settings.

3.4. Experimental results and analysis

In order to fully verify the effectiveness of the proposed
method, experiments are performed on three commonly
used fine-grained image classification datasets, including
CUB200-2011, Standford Cars, and FGVC-Aircraft.

Table 1 shows the performance comparison of different
models on the CUB-200-2011 dataset. The PPS achieved
88.9% accuracy by breaking the global structure of the im-
age and disrupting local areas to force the network to dis-
cover potentially subtle features. LECR improves the per-
formance of the classification model through separation
and smooth sampling operations, and can better deal with
intra-class differences and inter-class similarities, achieving
an accuracy of 90.1%. Compared with their method, the
proposed method achieves an accuracy of 90.6% by fusing
synergistic attention features between different network
layers and using feature grouping attention.

Table 1. Performance comparison of different models on
the CUB-200-2011 dataset.

Method Backbone network Acc/%
TransIFC [20] YOLOv5 87.8

PPS [21] YOLOv5 88.9
LECR [22] YOLOv5 90.1
Proposed YOLOv5 90.6

The experimental results on Standford Cars in the
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dataset are shown in Table 2. The proposed method in
this paper is superior to most other methods. By distin-
guishing the features of different channels and restricting
their distribution through the loss function, PPS makes
the features belonging to the same category have discrim-
inative power, and the accuracy rate is 94.8%. The LECR
method uses different images and different network layers
to learn multi-scale features and obtains 95.7% accuracy.
The accuracy of this method is 95.9%.

Table 2. Performance comparison of different models on
the Standford Cars dataset.

Method Backbone network Acc/%
TransIFC YOLOv5 87.8

PPS
LECR YOLOv5 88.9

90.1
Proposed YOLOv5 90.6

Table 3 shows that the proposed method achieved the
best accuracy of 95.8% on the FGVCAircraft dataset. PPS
uses the contrast method to capture fine-grained details
and distinguishing information through paired interactions
between different image areas to pay attention to local rela-
tionships and small differences among object parts, achiev-
ing an accuracy rate of 94.5%. LECR improves the classifica-
tion accuracy and achieves 95.2% accuracy by constructing
the relationship diagram between objects to explain the
complex relationships and subtle differences between ob-
jects.

Table 3. Performance comparison of different models on
the FGVCAircraft dataset.

Method Backbone network Acc/%
TransIFC YOLOv5 93.2

PPS YOLOv5 94.5
LECR YOLOv5 95.2

Proposed YOLOv5 95.8

3.5. Ablation experiment

In order to verify whether each module can effectively im-
prove the performance of the model, ablation experiments
are conducted on three data sets for the algorithm model
proposed in this paper. The experimental results are shown
in Table 4. Where A stands for cross-layer cooperative
attention module and B stands for channel grouping atten-
tion module. The accuracy values of the benchmark model
on the CUB-200-2011, Standford Cars and FGVC-Aircraft
datasets are 90.2%, 95.6% and 95.3%, respectively, and the
introduction of cross-layer collaborative attention module

has been improved by 0.3%, 0.1% and 0.2%, respectively.
This is due to the fact that the model effectively integrates
shallow and deep features, and effectively finds and fo-
cuses on information that helps to classify. By introducing
the channel packet attention module, the accuracy has been
improved by 0.1%, 0.2% and 0.3%, respectively. This shows
that channel grouping can effectively improve the semantic
feature learning ability of the model. Through the joint
action of channel grouping attention and cross-layer co-
operative attention, the accuracy of the proposed method
is improved by 0.4%, 0.3% and 0.5% compared with the
benchmark model, respectively. The effectiveness of the
proposed method on fine-grained image classification is
demonstrated, and the efficiency of channel grouping at-
tention by integrating shallow and deep features is demon-
strated.

Table 4. Ablation experiments of the proposed method on
3 commonly used data sets (%).

Method CUB-200-2011
Standford FGVC

Cars -Aircraft
YOLOv5 90.2 95.6 95.3

YOLOv5+A 90.5 95.7 95.5
YOLOv5+A+B 90.6 95.9 95.8

4. Conclusions

In this paper, a new fine-grained classification network
is proposed, and a feature enhancement selection strat-
egy is proposed in the training process to promote the
network to learn more relevant information through the
interaction between feature elimination branches and fea-
ture enhancement branches. At the same time, in order
to further enhance the semantic complementary informa-
tion, the interactive feature fusion strategy is proposed, so
that different layers of the network can share the mined
information and compare different features to promote the
classification performance of the network. The proposed
method does not require boundary frame or location label-
ing information, and can be used for weakly supervised
end-to-end training. Experiments show that the proposed
method can exceed the accuracy of most mainstream meth-
ods on many common fine-grained image classification
datasets. In the following work, we will continue to opti-
mize the network structure, so as to further improve the
classification performance of the model.
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