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Abstract: The traditional mushroom feature extraction method has low classification efficiency and unsatisfactory effect.
Dictionary learning is widely used in image classification. However, the previous work is to learn dictionaries in the original
space, which limits the performance of sparse representation classification. In order to solve the problem of spatial redundancy
in traditional convolutional neural networks and the weak performance of deep learning in small samples, an improved dictionary
learning algorithm, Deep Sparse Dictionary learning (DSDL), is proposed. The input to DSDL is not a matrix gathered from the
original grayscale image or a hand-created feature, but rather a relatively deeper feature extraction via a stack autoencoder. Then,
a structured dictionary is designed to reconstruct the deep features according to different categories of distinguishing features.
In addition, it is necessary to learn the associated structured projection sparse dictionary to ensure that the decoder updates in the
direction of the deconvolution operator error is minimal. By utilizing sparse dictionary learning loss functions and autoencoder
loss functions, DSDL can simultaneously learn deep latent features and corresponding dictionary pairs. In the testing phase of
DSDL, the minimum errors of deep feature and structured projection components for different classes can be directly represented
by basic matrix multiplication operations. Experimental results show that the proposed method achieves a good classification
effect on mushroom images, which shows the effectiveness of the method.
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classification. In a paper published in 2016, scholar

1. Introduction S.Bahrampour et al. proposed a dictionary learning algorithm

Mushroom poisoning incidents emerge in society, people based on multimode task-driven [4], which is used in multi-
pay more and more attention to mushroom food safety, so the view face recognition, multi-view action recognition and
accurate identification and classification of mushrooms is other fields. In the same year, K.Wang et al. proposed a
very important. Artificial recognition is limited by experience, dictionary learnlng. method driven by COHVOlquf.lal’ neural
many mushrooms are very similar in appearance, and neFvyorks to detef:t mages [5], aqd enhanceq the dlct19nary‘s
automatic recognition of mushroom species with the help of ~ ability to recognize discriminant images mainly by using the
computer image recognition technology has become a depth information of feature mapping. ZhangH et al.
research hotspot. proposed a nonlinear dictionary learning algorithm based on

At present, most of the problems of mushroom image deep neural networks [6], and discussed the’improvement' of
classification are solved by deep learning methods, such as deep neural network features on dictionary learning
neural networks, autoencoders, convolutional neural perfomance. S. ariya.l et a}. [7] proposed the d.eqp dictionary
networks, etc. Convolutional neural network (CNN) has learning (DDL) algorithm in 2016 and applied it in tasks such
achieved great success in computer image recognition, and its as handwriting font recognition. In 2017, M. lad et al
recognition efficiency is constantly improving. However, the proposed th? convolutional dlCUOFlar}.’ learning algorithm [8],
feature maps generated by traditional convolutional neural which ach}eved good results in mage SPPef'r6501Ut{0n
networks still have a large amount of redundancy in spatial reconstrqctlgn .and texture separation. V§h1nghal .applled
dimension, and the processing efficiency is not efficient [1]. robust dlscrlmlnant deep. dlcqona.ry learning algorithm to

As an important machine learning model, dictionary hyperspectral image classification in 2017. In 2017, LY. ang
learning aims at sparse representation of the original signal, and M.H. ang combined the three models of attention model,
and the resulting sparse representation is very important to the CRF and dictionary learning and proposed a dictionary
original data learning algorithm for joint conditional random fields [9],

Strong ability of representation [2]. Dictionary learning can applied.thi.s method to image visual signiﬁc;ance anglysis, and
compress most of the redundant information in the original used dictionary learning for classification, which could
data, and a suitable data dictionary can effectively reduce the identify and segment interested objects from images. In 2018,
redundancy of data representation and improve the V.Shinghal et al. proposed a minimization technique to
discrimination of data, so as to obtain information with certain optimize deep dictionary learning [10]. Y.iu is equivalent to
use value. using dictionary learning to motivate deep networks for scene

By combining a dictionary learning model with a deep recognition in 2018 [!1]. Ir} 2018, M.LAD propose.:d a multi-
neural network, the deep underlying representation of the layer sparse convolution dictionary !earmng a}gonthm (ML-
original image data becomes an input to the dictionary CSC)'[12]. Juetal proposedanophnear dlc'tlonary'legrmng
learning model, contributing to more robust and powerful algorithm (NDL) and a supervised nonlinear dictionary
feature descriptions. In 2015, Shen.L et al. proposed a learning algorlthm (SNDL) based on neural networks [13],
multilevel discriminant dictionary learning algorithm (ML- and SNDL is mainly applied to image classification tasks. In

DDL)[3], and achieved good results in large-scale image 2019, Tang et al proposed Deep Microdictionary learning
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coding Network (DDLCN)[14], which can be used for image
representation and classification.

Although the above networks have great innovations in
algorithms, they are basically trained on large data sets. In the
actual mushroom identification, small batch data need to be
classified, and more network parameters will cause the above
network can not be fully trained or produce overfitting. The
data set used in this paper is small. In order to reduce the
influence caused by overfitting and solve the spatial
redundancy problem in traditional convolutional neural
networks, a mushroom image classification and recognition
method under small samples, namely Deep sparse dictionary
learning (DSDL), is proposed. This method extracts relatively
deeper features through the stack autoencoder, and then
designs a structured dictionary according to different
categories of discriminant features to reconstruct the deep
features.

2. Fundamental

2.1. Basic theory of sparse dictionary learning

In the traditional sparse representation classification
method, the original training sample is generally used as the
dictionary, and the sparse representation matrix is
approximates to the ideal sparse representation through
various constraints, and only the sparse coefficient is required
to solve, so the training and solving process is simple.
However, due to the simple structure of the dictionary, the
representation coefficient can not reach the ideal sparse
structure, which is not conducive to the classification of
complex images. In order to approach the optimal sparse
representation and obtain better classification results, some
scholars put forward dictionary learning methods to obtain
discriminative dictionaries. Compared with traditional sparse
representation classification methods, dictionary learning
methods not only learn sparse representation coefficients, but
also learn dictionaries. The step of the dictionary learning
model is to obtain the initial dictionary, which can be obtained
by matrix decomposition, or the training set can be used as
the initial dictionary. Then the sparse coefficient is solved,
and then the dictionary and sparse coefficient are updated
alternately. The algorithm flow is shown in Figure 1.

Dictionary
initialization

A 4

Sparse
coding solution

A 4
Dictionary update

Figure 1. The flow chart of sparse dictionary learning

The following is a brief introduction of classic dictionary
learning algorithms such as MOD[15], ODL[16] and K-
SVD[17].

1) Optimal direction dictionary learning
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The optimal direction algorithm (MOD) was first proposed
by Engan in 1999. It selects a direction with the fastest error
reduction while using the least square method to update the
dictionary and sparse coefficient alternately. Its objective
function is as follows:

minY,; | x; llp, s-t.1T—DXI2< ¢ (D)

Where T represents the training sample, D is the

complete dictionary, X is the sparse coefficient,T, s the sparse

threshold,|| m |l Is the Frobenius norm of the matrix. The

dictionary updating process of MOD algorithm is simple, but

it faces NP-hard problem and cannot obtain global optimal
solution.

2) Online dictionary learning

Online dictionary learning (ODL) solves the non-convex
problem of MOD algorithm, that is, £;norm is used instead
of £, norm in MOD model, and its objective function is as
follows:

min

D.X IT—DXI2+2A%; Il x; Il

@

Where A is the weight parameter of the constraint term of
the £ norm. In the solution, the dictionary D and the
representation coefficient A are updated by alternate iteration.

3) K-SVD dictionary learning

Although its objective function is the same as the MOD
algorithm, the dictionary solving process is different from the
MOD algorithm. K-SVD adopts the way of updating the
dictionary column by column, that is, fixing other column
dictionary atoms and updating only one column atom at the
same time, so it has the characteristics of fast convergence.
Updates to the current dictionary and presentation
coefficients are also done using alternate iterations. K-SVD
has been widely used in pattern recognition and image
classification because of its fast convergence. In addition,
with the increasing demand for classification or recognition
tasks, researchers have mainly studied and improved
dictionaries and sparse representation coefficients, and many
new dictionary learning methods based on the above models
have emerged. Therefore, the traditional single-layer
dictionary learning method model can be summarized as
follows:

min

D.X IT—DXI2+ A1 X llp+¢(D,X,Y)

3)

Where, Y is the label matrix, p=0,1,2, representing the type
of £, norm constraint, and ¥ (D, X, Y) is the discriminant
term. Different single-layer dictionary learning models can be
constructed by changing the structure of (D, X, Y), so that
discriminative  dictionaries and sparse representation
coefficients adapted to different visual tasks can be learned.

2.2. Stack autoencoder

The stack autoencoder, or SAE, is formed by
superimposing one AE on another AE, and an autoencoder AE
consists of two parts: encoding and decoding. The
autoencoder AE maps the input to the hidden layer, while the
decoder maps the hidden layer feature representation back to
the original data. For a given input vector x, it tries to learn a
hidden layer feature representing h,, (x) such that hy, ) =

x forces the output to equal the input, where W is the network



weight parameter and b is the bias parameter.

There are several extensions to the basic autoencoder AE
architecture, one of which is the stack autoencoder SAE. It
has multiple hidden layers, and the hidden layer features of
the upper layer are represented as the input of the current layer,
which is stacked layer by layer to form a deep network, as
shown in Figure 2.

Hidden
Layer 1

Hidden
Layer L

Output
Layer

Input
Layer

Figure 2. The structure of stack autoencoder

SAE is an unsupervised training architecture, which has
two stages, encoding and decoding. In the coding stage, each
layer of autoencoder needs to be encoded from front to back
along the network, while in the decoding stage, each layer of
decoder needs to be decoded from back to front by the
network. In the stack self-coding neural network, the greedy
training method is used to obtain the network parameters, that
is, the original sample is first input to train the first layer of
the neural network, so as to obtain the parameters of the first
layer network. Then the original sample is converted into a
vector X composed of the activation values of the hidden
layer through the first layer network with the parameters
determined, and X is continued as the input of the second
layer of the neural network. The parameters of the second
layer network are obtained by training. Similarly, the
parameters of each subsequent layer of the network are
trained in this way. Generally speaking, in order to obtain
better training results, fine-tuning steps need to be added to
the above training process, that is, after the training process is
completed, the backpropagation method is used to optimize
and adjust the parameters of each layer, because the training
of each layer is to obtain the parameters of the current layer
by fixing the parameters of other layers, and the parameters
at this time are not optimal for the whole network. In practice,
the fine-tuning method is generally used when the parameters
are trained close to the convergence state. If the randomly
initialized weight parameters are fine-tuned directly, the
results will be poor because the parameters only converge to
the local optimal. DDL is similar to SAE in coding part but in
opposite training direction. DDL reconstructs the original
signal X=D*Z by learning dictionary D and depth feature Z.
SAE learns the weight parameter W so that W*X=Z to obtain
the output signal, where X is the feature representation and Z
is the output signal.

2.3. 2.3 Deep convolutional dictionary learning
model

By combining the dictionary learning model with the deep
neural network, the deep potential representation of the
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original image data becomes the input of the dictionary
learning model, which solves the spatial redundancy problem
of the feature map, and helps to improve the sparse
reconstruction of data and more robust feature description
under small samples. Therefore, a new dictionary learning
method called Deep Sparse Dictionary Learning (DSDL) is
proposed.

Stack autoencoders are widely used to extract depth
features from data in an unsupervised manner. By designing
a certain encoder layer and a decoder layer, the reconstruction
error between the decoded output and the original input is
minimized, so it is often used for data compression and
denoising tasks. The deep sparse dictionary learning method
proposed in this paper uses convolution operators to
simultaneously learn depth features and corresponding
discriminant dictionary pairs. As can be seen from Figure 3,
the overall architecture is as follows:

1. Stack autoencoder. The input training image Y is sent to
the encoder layer to form a depth feature Z=h(Y;6,), and then
the reconstructed Y= g(Z; 6,), where 6, and 6, are the
encoder and decoder parameters, respectively, and h and g are
the mapping functions implemented by the convolutional and
deconvolution layers, respectively.

2. Discriminating dictionary pair learning. The first
dictionary, P, serves as an analysis dictionary to get a
relatively low-dimensional representation, and the second
dictionary, D, trains the construction of the image. It is worth
noting that they are all structured dictionaries with columns
that are consistent with labels.
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Figure 3. Deep sparse dictionary learning model

The DSDL proposed in this paper aims to train both depth
features and sparse dictionaries. Therefore, the objective
function of DSDL is shown in equation (4).Where Z
represents a submatrix that does not include the KTH Z. The
first is the autoencoder loss, which minimizes the error
between the original training image and the reconstructed
image. Sparse reconstruction is performed by passing the
depth feature Z of the training image to the first analysis
dictionary P for potential representation of X, and
subsequently to the discriminant construction dictionary D.

Min ¥¢%_,

I Ye = Vi WF+ Al DieXie = Zic 13 )
{P,D,Xx,6}

+I| PI(ZK _XK "%+ /‘12 " PKZ_K "%,

s.t. Z=h(Y:0,).Y=¢(Z; 64),6 = {6., 04},
In equation (4), the parameters A _1 and A 2 maintain a



balance between the dictionary representation and the
discriminant terms (the non-convex optimization problem in
(4) can be solved by alternate direction method), then, the
network layer shown in Figure 3 is used to design the relevant
variables, and finally, the BP algorithm [18] is used to update
the network parameters containing the dictionary pairs. For
each k class, we can use a random sub-gradient descent

®

algorithm to update (D", Pk(t) )) on the t iteration until

convergence:

oL
® ®
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Where p is the learning rate (usually set to a smaller value

As shown in Figure 4, for such a complete image
classification system, it is necessary to divide all samples in
mushroom image library into training set and test set, use the
training set to train DSDL model, obtain the depth sparse
features and dictionary of the training set, and then use the
dictionary as the network parameters of a new DSDL model
and import the test set at the same time to obtain the depth
features of the test set. The initialization parameters of the
DSDL model used in the training set and the DSDL model
used in the test set should be consistent, and then the deep
sparse features of the training set should be trained on the
classifier. Finally, the deep sparse features of the test set
should be input into the trained -classifier and the
classification label should be predicted to obtain the final
classification result.

3. Analysis and Discussion

in experiments), such as 0.001, and £ relative to each class-

specific dictionary pair Dy and Py can be calculated as: Algorithm  running  environment: ~ PyCharm2023;

Acceleration environment: cuda 11.7; Operating system:
Windows 10; Deep learning framework :Pytorch 2.1.1;
Language: Python 3.7.
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0Dk
a
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= (DxXx — ZK)XIZ >

3.1. Data set description

The data set used is from the Kaggle Public Mushroom
Dataset, which has a total of 9533 images grouped into 12
categories. The data set has two main characteristics: 1. There
is a serious imbalance in the number of samples, for example,
the number of milk mushrooms is as high as 1563, while the
number of larch mushrooms, scarlet wet umbrella and milk
boletus is less than 400.

2. The image resolution size is inconsistent, including
multiple resolutions of the image. Firstly, the image size is
unified to 300x384 by preprocessing, and then the image is
enhanced by random cropping, color distortion, image
rotation, etc., and the data set is divided into training set,
verification set and test set according to the ratio of 6:2:2.

The gradient in (6) is then passed to the stack autoencoder
and used in standard backpropagation to calculate the network
parameter gradient 0L / 06. Because the columns of both
the analysis dictionary and the synthesis dictionary are the
same as the columns of the typical class, there is no need to
update the unrelated subdictionaries represented by the
dashed lines in Figure 3 when updating the corresponding
dictionary for class k.

hushroom data set

3.2. Training Strategy

Before training DSDL algorithm, proper pre-training and
fine-tuning strategies can minimize the reconstruction error
between Y and Y~ without getting a trivial all-zero solution.
We only use all the training images to train the encoder and
decoder. The encoder and decoder are then initialized with the
updated parameters. In the fine-tuning stage, the gradient
descent method (4) is applied. After the whole network is
trained, the reconstruction error of image classification is

calculated using the parameters of the encoder layer and the
| dictionary pair:

Label(y)=argmkir1 Il h(y; 6,) — DxPxh(y;0.) I, (1)

Where y€ R? is a vectorized test image, as shown in Table
1.1, the steps of mushroom image classification by DSDL
algorithm are as follows:

Y

traming set

:

DSDL model

test set

DSDL model

v

Traming
characteriztics

dictionary

lezming

Test feature

Table 1. The step of DSDL

DSDL algorithm flow:

a) Input: training image Y€ RP*", the atomic number of
each class d, parameter{1,, A,}, test image y€ RP*",

b) By training the autoencoder network, initialize the whole
network with the pre-trained parameters.

¢) Update dictionary and network parameters by BP
algorithm.

d) Using the dictionary for {D, P} and the encoder
parameter 6,, the k reconstruction error is calculated by

clazzifier

I 3

classification result

Figure 4. The flow chart of classification of DSDL
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formula (7).
e) Implement the result label of the test image through (7).
f) Output: Label of the test image: Label (y).

In Table 1, it can be observed that all the training images
share an autoencoder network that generates the depth
features used for dictionary pair learning. In addition,
structured dictionary pairs are trained to represent a specific
class of trained images to aid in image classification. The
stack autoencoder is introduced into the dictionary pair
learning framework, which Bridges the gap between deep
feature representation and discriminative dictionary learning.
DSDL introduces a common unsupervised autoencoder
architecture that does not require a third-party pre-trained
model, such as ResNet. Only a limited number of layers are
used to explore in an unsupervised manner, resulting in
features with better depth than the original features, so that
the proposed deep sparse dictionary learning can be carried
out in the potential feature space and show its performance.

3.3. Experimental results and analysis

We use a publicly available mushroom image dataset to
evaluate the proposed DSDL image classification algorithm.
The proposed algorithm is compared with other image
classification methods of dictionary learning. That is,
classification based on sparse representation (SRC)[19],
classification based on Block sparse representation
(BSRC)[20] (in which the block sparse coding problem uses
the CVX toolbox [21]), classification based on cooperative
representation (CRC)[22], and LC-KSVD (LC-KSVD2)
In[23]), FDDL[24], Support vector Guided Dictionary
learning (SVGDL)[25], dictionary pair learning (DPL)[26],
Efficient and robust Discriminant Dictionary pair learning
(ERDDPL)[27], SLatDPL[28], and Support vector Machine
embedded discriminant Dictionary pair learning (SVM-
DDPL)[29]. In the experimental comparison, we trained the
correlation algorithm with 20 iterations respectively, updated
the learning rate n = 1073 of the correlation variable, and
took the average value of the classification results for 10 runs.
Parameters 4, X A4, from {0.01, 0.02, 0.03, 0.04, 0.05} X
{0.001, 0.005, 0.01, 0.05} grid. In the experiment, ReLU was
used as the activation function, and the parameters of the
autoencoder, such as the convolution kernel size mentioned in
[30,31], were first used, and then fine-tuned on the mushroom
dataset used.

The experimental results of DSDL in mushroom data set
and other 10 algorithms are listed in Table 2, where the best
results are shown in bold. The experimental analysis is as
follows:

Table 2. Comparison of classification effects of different

models
Model Year Accuracy
SRC 2009 86.72
BSRC 2011 91.93
CRC 2011 93.80
FDDL 2011 96.81
LC-KSVD 2013 95.06
SVGDL 2014 94.56
DPL 2014 96.11
ERDDPL 2021 96.32
SLatDPL 2021 96.95
SVM-DDPL 2022 97.08
DSDL 2023 97.64
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As can be seen from Table 2, the classification accuracy of
DSDL is 0.56% higher than that of SVM-DDPL and 0.69%
higher than that of SLatDPL. These data fully demonstrate the
effective use of stack autoencoder in deep dictionary learning
networks. Compared with the traditional dictionary learning
algorithm, the classification accuracy of DSDL is improved
by 0.81%~10.92%, which further indicates that the depth
features obtained by the algorithm are conducive to
mushroom image classification.

98
97
96
95
94
93
92
91
90
89
88
87
86

classification Accuracy(%)

Figure 5. Histogram of classification results of each
algorithm on mushroom data set

It can be seen intuitively from Figure 5 that the DSDL
algorithm proposed in this paper has excellent performance
compared with other algorithms. In summary, from the
experimental results, it can be analyzed that:

1. The proposed DSDL algorithm is slightly improved than
other methods and achieves higher classification accuracy
than traditional dictionary-based image classification
methods. Traditional dictionary learning methods may not be
able to extract robust representations. In contrast, DSDL
learns both dictionary pairs and depth autoencoders, which is
more robust for image classification.

2. In general, DSDL Bridges the mutual framework of
traditional discriminant dictionary learning and deep learning.
The traditional dictionary learning method presupposes that
images are linear and can be represented linearly by several
images of the same class, while DSDL makes images more
linearly correlated by converting images to deep space.
Therefore, the algorithm is more robust in image
classification based on dictionaries.

4. Conclusion

In this paper, we propose a small sample mushroom image
classification recognition algorithm, that is, deep sparse
dictionary learning, which combines dictionary learning with
autoencoder framework. The proposed DSDL enables us to
simultaneously learn a reconstruction dictionary and an
analysis dictionary of the image's deep features, which
contribute to a robust representation. The experimental results
show that DSDL algorithm is better than common dictionary
learning methods in classifying mushroom data set from
Kaggle. In terms of application, software development can be
combined with mobile devices and embedded devices in the



future, which will help improve the accuracy of classification
of edible mushrooms and poisonous mushrooms, and further
reduce the occurrence of accidental ingestion of poisonous
mushrooms.
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