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Abstract: To solve the problems of redundant feature information, the insignificant difference in feature representation, and low
recognition accuracy of the fine-grained image, based on the ResNeXt50 model, an MSFResNet network model is proposed by fusing
multi-scale feature information. Firstly, a multi-scale feature extraction module is designed to obtain multi-scale information on feature
images by using different scales of convolution kernels. Meanwhile, the channel attention mechanism is used to increase the global
information acquisition of the network. Secondly, the feature images processed by the multi-scale feature extraction module are fused with
the deep feature images through short links to guide the full learning of the network, thus reducing the loss of texture details of the deep
network feature images, and improving network generalization ability and recognition accuracy. Finally, the validity of the MSFResNet
model is verified using public datasets and applied to wild mushroom identification. Experimental results show that compared with
ResNeXt50 network model, the accuracy of the MSFResNet model is improved by 6.01% on the FGVC-Aircraft common dataset. It
achieves 99.13% classification accuracy on the wild mushroom dataset, which is 0.47% higher than ResNeXt50. Furthermore, the
experimental results of the thermal map show that the MSFResNet model significantly reduces the interference of background information,
making the network focus on the location of the main body of wild mushroom, which can effectively improve the accuracy of wild

mushroom identification.
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0 Introduction

Wild mushrooms are delicious and have high

nutritional  value, making them popular among

consumers. However, ordinary people often have
difficulty distinguishing edible wild mushrooms, which
leads to the frequent occurrence of wild mushroom
poisoning"’. Identifying wild mushrooms with deep
learning can significantly improve the identification effect
of wild mushrooms and reduce poisoning incidents.

With the development of computer vision technology,
various image processing technologies based on machine
learning have been used in crop identification, grading, and
defect detection, and have achieved good results®™. Also,
some researchers have applied deep learning to wild

mushroom identification. Shen et al. "

proposed a
mushroom classification method based on Xception and
ResNet50 models. Xiao et al." proposed a method of
mushroom image classification based on deep learning.

Chen et al."” proposed a wild bacteria species recognition

method based on improved Xception transfer learning. For
networks (CNNs) ,
different depths correspond to different levels of semantic

traditional convolutional neural
features. A shallow network has high resolution and can
learn more detailed features of objects, while a deep
network has low resolution and can learn more semantic
features but may lose details of objects. This results in an
unsatisfactory recognition effect of existing research on fine-
grained images such as wild mushrooms. Yuan et al."* used
B-CNN to identify wild mushrooms from the perspective
of fine-grained image classification but does not take into
account the impact of complex backgrounds in images, and
the recognition accuracy is relatively low. When classifying
fine-grained images such as wild mushrooms, the texture
details of the shallow network play an important role in the
recognition. The shallow network usually contains more
texture details, while the deep network contains more
semantic information. The existing methods do not solve
the problem of object texture detail feature loss in a deep

network. They do not make full use of low-level features
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extracted from the shallow network and high-level semantic
features extracted from the deep network.

Based on this, we propose an MSFResNet network
model by fusing multi-scale feature information for wild
mushroom identification in response to the above problems.
This model is based on ResNeXt50 network. A multi-scale
feature extraction module is designed to extract feature
images of the Layerl layer containing many low-level
features. Different scales of convolutional kernels are used
to obtain multi-scale information of feature images, and a
channel attention module is used to weight multi-scale low-
level features to fuse context information. Finally, short
links are used to take multi-scale low-level features as the
input of a deep network to guide the model to learn low-

level details.

1 ResNeXt50

ResNeXt50" introduces the Inception structure based
on ResNet50"". It improves the classification accuracy of
the network without increasing the number of network
parameters, uses the idea of Inception to split the single
branch structure in ResNet50 into a series of parallel
topological structures with smaller convolution kernel size
and more numbers, and fuses the results of all branches to
obtain multi-scale features. ResNeXt50 has higher accuracy
than ResNet50 on ImageNet and also has fewer parameters
than ResNet50. Therefore, compared with the ResNet50
network, ResNeXt50 is more suitable as a basic network to
recognize fine-grained images, such as wild mushroom
identification. Fig. 1 shows the residual structure of
ResNeXt50.
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Fig. 1 Residual structure of ResNeXt50

2 MSFResNet

2.1 Model structure

The MSFResNet model is designed based on
ResNeXt50 model. Fig. 2 shows the structure of
MSFResNet model.

preprocessed and converted to Tensor format, and then

Firstly, the input image 1is

the image is downsampled by 7 X7 convolution and input
to Layerl, Layer2, Layer3, and Layer4d in turn for
feature extraction. The four Layer modules contain 3, 4,
6, and 3 remaining modules, respectively. After feature
extraction in the first layer of ResNeXt50, feature maps
containing more details of the underlying texture can be
obtained. For the CNN, different depths correspond to
different levels of semantic features. The shallow
network has high resolution and can learn more detailed
features of objects, while the deep network has low
resolution and can learn more semantic features. This
leads to the lack of some texture details in the deep
network, but the underlying features play an important
role in object recognition. Layerl belongs to the shallow
network and contains more low-level detail features,
therefore, Layerl is obtained as the underlying feature
map F, input to the multi-scale feature extraction
module to obtain more global information through
multiple sensory fields. The feature map F,, processed
by the multi-scale feature extraction module is fused
with the output feature map F, of Layer2 and the output
feature map F; of Layer3, and then used as the input
feature map of Layer3 and lLayerd, respectively, to
guide the model to learn the underlying features and
improve the recognition effect of the model. The output
characteristic graph of Layerd is processed by global
average pooling and full connection layer successively.
Finally, the predicted value is output after probability
by  SoftMax

relationship between different layers is expressed as

normalization function. The input

Ilayeri:Fi*IJFFmsr 16{374} (1)
Layer4
Multi-scale feature ol +

extraction module

Gl F]

Fig. 2 Model structure of MSFResNet
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2.2 Multi-scale feature extraction module

Fig. 3 is the structure diagram of the multi-scale
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Fig.3 Multi-scale feature extraction module

2.2.1 Feature map split operation

Firstly, the feature map X is input, where X=¢ X
W X H, ¢ represents the number of channels, W
represents the width of the feature map, and H represents
the height of the feature map. Then, the input feature
map X is evenly split into four groups. Through this
splitting method, the input with multiple scales can be
processed in parallel to obtain a multi-scale feature map
and extract the spatial information on the feature map of
each channel. The expression of each split feature map
X, 1s

X, =Split(X), i=0,1,2,3, (2)

where X,ERIXHX "

input feature map must be divisible by 4.

, and the number of channels ¢ of the

2.2.2 Feature map convolution operation

Secondly, the convolution kernel with increasing size
is used to convolve each of the split feature maps X,
such as Kernel_size=1,3,5,7, Padding=0,1,2,3. To
obtain the feature maps of receptive fields at different
scales, the information at different scales is extracted to
obtain the feature maps at different scales. The
convolution operation is expressed as

F,=Conv(K, XK, P)X,, i=0,1,2,3, (3)

SxHxwW

where F,eR

different convolution kernels after convolution operation;

is the feature map obtained by

Conv means convolution operation; K=1, 3, 5, 7,

representing the convolution kernel size; and P=0,1,2, 3,

representing the padding size.
2.2.3 Feature map concatenate operation

Thridly, the obtained multi-scale feature maps are
concatenated on the channel to obtain the concatenated

feature maps. The expression is
F=cat(F,,F\,FsF5), 4
where FER "V cat represents the concatenation
operation.
2.2.4 Feature map attention weight calculation
Afterwards, the acquired feature maps F, with
different scales pass through the channel attention
module to obtain the attention weights of the feature
maps with different scales and calculated by
Z,=SE(Zz), i=0,1,2,3, ©)

where Z, represents the attention weights of different

Sxix1
feature maps, Z, € R*
[16]

, and SE represents the channel
attention mechanism™*. The obtained weight values are
fused with context information of different scales. After
that, the attention weights Z,(i =0,1,2,3) of each group

of feature maps are concatenated by
Z:Cat(Z(),ZhZZvZB)v (6)

where Z represents the attention weight obtained after

concatenation, cat represents the concatenation
operation, and Z,(i=0,1,2,3) represents the attention
weights of different feature maps.

2.2.5 Weight value activation

Finally, using SoftMax to activate the weight value Z,
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we can get

7
W,= Softmax(Z,) = —exp( )

where Z,& Z, W, represents the weight value obtained by
each Z,(i=0,1,2,3) after SoftMax activation. The
activated weight value W, is weighted with the
concatenated feature map F to obtain a weighted feature

map as
O0,=F®WwW, i=0,1,2,3, (®)

where &) represents channel multiplication, F,€ F; and

¢
—X1Xx1

O, represents the weighted feature map, O,&R*

Finally, each weighted feature map is concatenated to
obtain the final weighted multi-scale feature map, so as
network’ s

to increase the acquisition of global

information.
0=cat(0,,0,0,0,), )

where O represents the final weighted multi-scale
feature map, OE€R"" "  and car represents the
concatenation operation. The obtained weighted multi-
scale feature map is reduced by 1X1 convolution
between channels and the information is blended to
reduce the aliasing effect. The number of channels of the
feature map is unified for subsequent fusion with other
feature maps. Then, batch normalization is performed to
increase the convergence speed of the network, suppress
and then wuse the ReLU

activation function for activation. The final multi-scale

the gradient explosion,

feature map is obtained. Then, the size of this feature
map 1s changed, and short connections are used to fuse
with other feature maps to guide the network to learn key

features.
2.3 Squeeze-excitation module

Squeeze-excitation module is used to obtain the weight
value of each channel, and a Scale operation is performed
with the input channel, so that the model can focus on the
channel features with the most information and suppress the
channels".  The

implementation of the channel attention mechanism is

features of those unimportant

shown in Fig.4.
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Fig. 4 Squeeze-excitation module

2.3.1 Squeeze

The Squeeze operation compresses the input ¢ X H X
W feature map into a 1 X 1 X ¢ global feature, it is
mainly to obtain the global features on each channel and
encode the whole spatial features on a channel into one
global feature, which is achieved by using global average
pooling. The specific operation is shown as

Z=F,=/,(U), (10)

where Z€R'“'" denotes the global features obtained
by the squeeze operation, U & R """ denotes the input
feature map, F, denotes the squeeze operation, and f,,
denotes the global average pooling operation.
2.3.2 Excitation

After the global features of each channel are obtained
by Squeeze operation, the Excitation operation is used to
obtain the correlation between different channels. The

specific operation is expressed as
S=F.(Z)=0c(Conv,(ReLU(Conv,(Z)))), (11)

where ¢ denotes the sigmoid function, F., denotes the
excitation operation, Z denotes the global feature
obtained by squeeze operation, SE€R'*"'"““ denotes the
weight value obtained, and Conv, and Conv, are the two
convolutional layers used for dimensionality reduction
and dimensionality enhancemen, respectively. Two
convolutional layers are used instead of two fully
connected layers to reduce the model complexity and
ability.  The  first
convolutional layer plays the role of dimensionality

improve the generalization

reduction, and the coefficient of dimensionality
reduction factor r is a hyperparameter to compress the
channels ¢ into channels, and then the ReL U function is
used to activate the features to increase the nonlinearity
of the features. The second convolutional layer restores
the ¢/r channels to the original channels.

Finally, the learned weight values of each channel are

weighted on the original features U and calculated by
O:F>cale<U’s)a (12)

where F',. denotes the channel multiplication, S denotes
the weight value obtained from the excitation operation,
and U € R " denotes the original feature map. The
whole operation can be seen as learning the weight
coefficients of each channel, which makes the model more
discriminating for the features of each channel.

3 Model verification

To make the experimental results more comparable, the
hyperparameters of all experiments are kept the same as the
hyperparameters set in section 3.1. The experimental
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environment is shown in Table 1.

Table 1 Experimental environment configuration

Hardware Software

CPU: 11" Intel® Core™i7-
11800H@2.30GHz2.30GHz

PyCharm2021.1.3

RAM:32GB Windows10
GPU: GeForce RTX3070 Laptop Pytorchl.7.1
OS type: 64 bit Python3.8

3.1 Selection of hyperparameters

In CNNs, the selection of learning rate is crucial to
network training. If the learning rate is large, the network
convergence is fast, but it may cross the global minimum
point. If the learning rate is small, the network training
speed is slow, and it takes a long time to achieve
convergence. The learning rate parameters and change
values set in this experiment are as follows. The loss
function selects CrossEntropyl.oss, the optimizer adopts
the Adam optimizer, the initial size of the learning rate is set
to 0.000 3, weight decay is set to 0.000 05, the batch size
is set to 32, the epoch is set to 50, and the learning rate
decay strategy adopts Reducel.ROnPlateau. The learning
rate is reduced by ten times when the loss value of the
verification set is no longer decreased.

3.2 Experiment on FGVC-Aircraft dataset

3.2.1 Ablation experiment

An experimental ablation comparison was conducted
to better compare the gains of different modules on the
model performance during the improvement process.
The dataset used for the ablation experiment is FGVC-
Aircraft"”. The dataset consists of 10 200 images, which
contains 102 different types of aircraft, and every kind of
aircraft has 100 images. The FGVC-Aircraft dataset can
well test the models’ recognition effect on fine-grained
images and is a more authoritative public dataset in fine-
grained image recognition. The experimental results of
each model’ s accuracy, precision, recall rate, and F1
value are shown in Table 2.

Table 2 Ablation experimental results

Model Accuracy/ % Precision/% Recall/%  F1/%
Backbone 69.75 69.74 70.39 70.06
Backbone+SE 70.31 70.29 70.91 70.60
MSFResNet 75.76 75.75 76.41 76.08

In Table 2, backbone denotes ResNeXt50 network
without any modification. As can be seen from Table 2, in
terms of accuracy index, the addition of SE attention
mechanism to the model improves it by 0.56 % compared
with the basic model, indicating that SE attention
mechanism can effectively improve the recognition

accuracy. After adding the multi-scale feature extraction
module to the Backbone network, the accuracy is improved
by 6.01%. The experiment shows that the multi-scale
feature extraction module proposed can effectively improve
the fine-grained recognition accuracy.
3.2.2 Comparative experiments of different models

To further verify whether the MSFResNet model is
better than other networks, DenseNet121, ResNet50,
ResNeXt50, ResNeXt50+SE Efficientnet-B0, Xception,
and Shufflenet_V2 were selected for comparison
experiments. The FGVC-Aircraft dataset was still
adopted. The model parameters of the network use the
parameters set in Section 3.1, and the training times of each
model were 50 epochs. The accuracy curves of these models

are shown in Fig.5.
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Fig. 5 Model accuracy change graph

From Fig.5, it can be seen that the MSFResNet model
has the highest accuracy. The two models, Shufflenet_ V2
and EfficientNet-BO, have the worst accuracy on the
FGVC-Aircraft dataset. The accuracy values of the rest are
also lower than that of the MSFResNet model.

To evaluate the model more accurately and
objectively, we used the accuracy, precision, recall,
and F1"¥ of different models to evaluate the performance
of the model further. There were 102 kinds of
classification in the dataset used in the experiment,
which belongs to the multi-classification problem.
Therefore, we adopted the average value of accuracy,
recall rate, and F1 for comparison. The experimental
results are shown in Table 3.

Table 3 Performance comparison of different models

Model Accuracy/ % Precision/% Recall/%  F1/%
ResNeXt50 69.75 69.74 70.39 70.06
ResNeXt50+ SE 70.31 70.29 70.91 70.60
ResNet50 69.18 69.17 69.77 69.47
DenseNet121 70.71 70.71 71.24 70.97
EfficientNet-B0O 62.58 62.57 63.47 63.02
Xception 72.60 72.59 72.91 72.76
Shufflenet_V2 51.75 51.75 52.66 52.20
MSFResNet 75.76 75.75 76.41 76.08
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As can be seen from Table 3, among all the models, the
MSFResNet model has good performance on the FGVC-
Aircraft dataset. Compared with the base model
ResNeXt50, the accuracy, average precision, average
recall, and F1 value are improved by 6.01%, 6.01%,
6.02%, and 6.02% , respectively. The experimental results
show that the MSFResNet model is better than
ResNeXt50. In addition, compared with Xception,
DenseNet121, EfficientNet-BO, ResNetb0  and
Shufflenet_V2, the accuracy of MSFResNet model is
improved by 3.16%, 5.05%, 13.18%, 6.58% and
24.01%, respectively. The above experimental results
show that the MSFResNet model has a good recognition
effect and generalization ability on the FGVC-aircraft

dataset for fine-grained image recognition.
4 Wild mushroom identification

4.1 Construction of mushroom dataset

In the process of constructing the wild mushroom
dataset, five kinds of wild mushrooms, namely Russula
Peck,
Macrolepiota albuminosa, and Thelephora ganbajun,

virescens, Boletus luridus, Boletus albus
were selected as the data collection objects. Boletus
luridus has a small amount of toxicity, which is easy to
cause poisoning when mishandled. Boletus albus Peck
belongs to the same family of Boletus, which is difficult
to be distinguished. About 1 500 pictures of each species
were collected as a dataset, and about 7 500 images of
wild mushrooms were collected in total. The picture

after data collection and collation are shown in Fig.6.

o

(d) Macrolepiota albuminosa

Fig. 6 Processed pictures of wild mushrooms

4.1.1 Data enhancement and dataset partitioning

To obtain better parameters, neural networks need a lot
of data for training, but it is difficult to ensure sufficient data
to complete the training task in many applications. Data
enhancement is often implemented to increase the number
and diversity of training samples and improve the robustness
of the model. By randomly changing the training samples,

the dependence of the model on some attributes can be
reduced, and the model’s generalization ability can be
improved. This study used Photoshop software for image
translation

data  rotation, flip  transformation,

transformation, contrast transformation, and color
transformation to achieve data enhancement, changing the
dataset from 1 500 images of each category to 2 500 images
of each category. After that, the training set, validation set,
and test set were divided in the ratio of 8 : 1 : 1, and the

final results are shown in Fig.7.

2 000 2 003 2008 2012 2013 2001
n 1750 Z 7 Z ? Z

&
&0 1500

Thelephora ganbajun Boletus albus Peck  Boletus luridus Russula virescens Macrolepiota albuminosa
Datasets
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Fig. 7 Results of dataset division

4.1.2 Data preprocessing

Data preprocessing plays an essential role in building
neural network models. If the number of images in the
selected dataset is too large and the size is too large, there
will be the problem of long pretreatment time. Therefore,
to better complete the identification and classification of
wild mushrooms, and reduce the model training cost, we
used the batch processing function of Photoshop to conduct
offline images preprocessing, converting the image size to
224 X 224 pixels. During the preprocessing of training data
using Pytorch model, only the image format was
transformed into the Tensor format and data normalization
was performed, greatly reducing the CPU overhead and the
model training time.
4.1.3 Mean and standard deviation calculation of dataset

The mean and standard deviation of the dataset can
provide a good overview of the information and features of
the images set. The mean is the average of a set of data, and
the variance represents the degree of dispersion of the data.
Ensuring that all the images are distributed similarly
(conforming to a normal distribution with a mean of 0 and
a variance of 1) makes it easier for the model to converge
during training, and the training speed is faster and more
effective. The data were normalized in Pytorch by
subtracting the mean of all image pixel points from the pixel
points of each image and then dividing by the variance to
normalize the data. However, since the mean and variance
of each dataset are different, the mean and variance of the
dataset should be calculated first before training. The mean

and variance are respectively calculated by
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Omean —— = ’ (13)

O —

(14)

where 7 is the total number of pictures, g, is the mean of
each picture, 87 is the variance of each picture, .., is
the mean of each channel, and o, 1s the standard
deviation of each channel. The final calculated mean and
variance of the dataset are shown in Table 4.

Table 4 Mean and variance of dataset

Parameter Value
Mean [0.504 533 5,0.465 871 75,0.420 434 86]
Variance [0.231 502 67,0.229 440 2,0.227 304 16]

4.2 Experimental results and analysis

On the wild mushroom dataset constructed in this
study, the MSFResNet model was evaluated in terms of

the model’s loss curves, recall,

confusion matrix,
precision, specificity, and heat map, respectively.
4.2.1 Model loss and accuracy evaluation

The MSFResNet model was trained on the wild
mushroom dataset for 50 epochs, and other parameters
were the same as in Section 3.1. The change of model

loss is shown in Fig.8.
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Fig.8 Change of model loss

As shown in Fig.8, the loss convergence effect of the
model on the training set and the validation set is good , and
the whole training process shows a downward trend. Since
the learning rate decay strategy is ReducelLROnPlateau,
the loss value of the validation set may fluctuate, but with
the of increase epochs, the loss values of the model on both
the training set and the test set tend to be stable. In this
study, we selected the model with the highest accuracy on
the validation set as the final model, which was tested on
the test set, with the accuracy rate of 99.13%. The change

of model accuracy is shown in Fig.9.
From Fig.9, it can be seen that the accuracy curve of the

MSFResNet model is generally smoother compared with

ResNeXt50. The final accuracy of the ResNeXt50 model
is 98.66% , and the accuracy of the MSFResNet model is
99.13% , which is 0.47 % higher than that of ResNeXt50.

1 .00 . »
rk',ﬂ, ‘,v;»?_. B S

0.95

2:0.90

<

!

2085
0.80 ) |
\f —+—The method of this paper
0.75p 3L I UL ResNeXis0
0 10 20 30 40 50

Epoch
Fig. 9 Change of model accuracy
Fig.10 shows the confusion matrix for the MSFResNet
model on the test set. The confusion matrix, also known as
error matrix, is a standard method for accuracy assessment
and is represented as the matrix with » rows and n

columns'”.
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Fig. 10 Confusion matrix

In artificial intelligence, confusion matrix 1is a
visualization tool, especially for supervised learning. In
image accuracy assessment, it is mainly used to compare
the classification results with the actual measurements.
The accuracy of the classification results can be
In Fig. 10,

2 axis represents the true label of the image, y axis

displayed inside the confusion matrix®".

represents the predicted label of the image, and the
intersection of x axis and y axis represents the number of
images correctly predicted by the network.

From the confusion matrix, it can be seen that most of
the pictures of each species of wild mushrooms can be
correctly identified, except for a few species of wild
mushroom pictures that are easily confused (mainly
including Boletus luridus and Boletus albus Peck) are
incorrectly identified. The other species of wild mushroom
pictures have better recognition effects in this model.
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4.2.2 Model validity evaluation

To further verify the effectiveness of the MSFResNet
model, the precision, recall, and specificity of all
species of wild mushrooms on the MSFResNet model
are shown in Table 5.

Table 5 Comparison of different validity indicators

Species Precision/%  Recall%  Specificity/ %
Boletus luridus 100 97.6 100
Boletus albus Peck 98.4 99.6 99.6
Macrolepiota albuminosa 99.6 99.6 99.9
Russula virescens 98.8 100 99.7
Thelephora ganbajun 99.6 99.6 99.9

From Table 5, it can be seen that the accuracy,
recall, and specificity of the above species of mushrooms
are greater than or equal to 98.4% , 97.6%, and 99.6%,
respectively. The precision and recall rate of the Boletus
luridus is 97.6% and 98.3%, respectively, and the
albus Peck is 98.4%.
Experimental results show that the MSFResNet model
has high recognition precision for different species of

precision of the Boletus

wild mushrooms with strong similarities.

To observe the difference between the recognition effects
of the MSFResNet model and the ResNeXt50 model more
intuitively, the heat map visualization results of the model
recognition were compared using the Grad-Cam'*" method.
Heat maps can locate the region related to the category in
the image, enabling researchers to intuitively focus the

model on the feature. Fig. 11 shows the heat map
comparison between ResNext50 and MSFResNet.

el
NeXt50

MSFResNet

Original image Rs
Fig. 11 Comparison of heat maps

In Fig. 11, the original images are three randomly
selected wild mushroom pictures with slightly complicated
backgrounds, and from top to bottom are Russula
virescens, Boletus albus Peck, and Boletus luridus. It can
be seen intuitively from the heat maps that the ResNeXt50
model pays too much attention to the background area and
too little attention to the main area in the process of wild
mushroom identification. The MSFResNet model can
reduce the attention to the background area and accurately

locate the location of the recognition subject.

5 Conclusions

Based on the ResNeXt50 network model, we propose an
MSFResNet model by integrating multi-scale characteristic
information to solve redundant feature information, the
insignificant difference in feature representation, and low
recognition accuracy of fine-grained image identification.
Firstly, a multi-scale feature extraction module is designed.
This module uses convolution kernels with different sizes
to obtain feature maps of multiple receptive fields and uses
the SE module to get the attention weights of feature maps
to increase the network’ s ability to understand global
information. Then, the shallow feature graph with low-
level texture detail features is used as the input of the deep
network through short links to guide the model to learn low-
level features and improve the recognition effect of the
model, so as to solve the problem of unsatisfactory
classification caused by the lack of low-level features in the
deep network. It can be seen from the experimental
accuracy comparison results that the proposed model can
improve the fine-grain image recognition accuracy in the
FGVC-Aircraft dataset to a certain extent, which is 6.01%
higher than that of ResNeXt50 and better than the other six
models. At the same time, for the wild mushroom
identification, the proposed model has achieved a
classification accuracy of 99.13% on the wild mushroom
dataset, and the heat map results also show that the
proposed model significantly reduces the interference of
background information, making the network to focus on
the location of the main body of wild mushroom and can
effectively improve the wild mushroom identification
accuracy.
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