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Abstract: With the growing e-commerce market and the increasing diversity of
commodities, it brings great challenges for platforms and merchants to quickly and
accurately annotate commodities. Multi-task commodity image classification technology
combining attribute prediction, category classification and other tasks comes into being.
This paper mainly studies the classification of commodity information based on
convolutional neural network (CNN). Firstly, this paper analyzes the principle of CNN as
the research basis, and uses the improved VGG16 CNN to build the structure of clothing
product classification algorithm. Through the experimental results, we can know that the
classification algorithm constructed in this paper can improve the goal of clothing image
classification accuracy.

1. Introduction

With the continuous expansion of e-commerce platform, commodities are becoming more and
more diversified, which brings great challenges to the platform and businesses to accurately label
commodities, and also increases the difficulty for consumers to find commodities [1-2]. The
e-commerce platform establishes a fine-grained hierarchical division system by organizing massive
commodities in an orderly manner. On the one hand, it can easily recommend similar commodities
for customers and obtain pleasant shopping experience [3-4]. The distribution of commodity
attribute information will vary with different commodity categories. Some attribute information is
specific to a commodity. For example, electronic products contain power attribute, but clothing
products may not. On the concrete implementation, multitasking, deep learning method can be used
to image category classification and properties prediction two tasks at the same time to study, learn
two tasks associated with each other, using the properties prediction task auxiliary category
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classification task, to improve the performance of the category classification task, learning
resources and reduce waste of [7-8].

In the field of image classification, compared with the research on natural images and individual
images, less attention has been paid to commodity images. The driving force of commodity image
classification is the rapidly developing e-commerce technology [9]. With the development of deep
learning, more and more product classification models begin to adopt end-to-end CNN [10]. Some
scholars have proposed Decaf model based on CNN to solve the problem of fine-grained
commodity image recognition. The main idea of this model is transfer learning, which transfers the
features of the activation layer and increases the recognition accuracy on the premise of reducing
the amount of computation [11]. Some scholars built a CNN embedded with multiple spatial
attention modules to improve the classification accuracy of goods by using predefined hierarchical
division and attribute information of product images [12]. In the early stage of fine-grained image
classification research, the main research is based on artificial annotation information methods, such
as the salient space discriminant method [13] to find discriminative regions by analyzing image
semantic features. Later, researchers began to apply some more expressive features, such as Fisher
vector coding, POOF, SIFT, etc. to fine-grained image classification, which could improve the
classification accuracy to about 50%-60% [14]. However, due to the limited feature description
ability, the classification effect of the method based on manual annotation information is not very
ideal.

Product image classification methods can provide technical support for product search, product
positioning strategy formulation, intelligent product recommendation, product classification error
correction, etc. Product image classification plays an important role in the development of
e-commerce platforms.

2. Product Classification Algorithm Based on CNN
2.1. CNN

CNN can extract multi-level features of images, and can basically comprehensively express all
semantic features of target objects, so as to carry out detection and recognition tasks more
accurately [15]. CNN is to make the sharing of neural network weights in different position, has a
certain translation, scaling and tilt invariance, CNNs of neurons with convolution kernels only
within the scope of sliding neurons respond to each other, make its have the sparse connectivity and
the sharing of the weights of features, Thus, it has excellent performance ability in the field of
large-scale image processing [16-17].

CNN mainly includes input layer for input data, convolutional layer Cx for convolutional
operation, pooling layer SX for downsampling, fully connected layer and output layer using
activation function. The working process of CNN is that firstly, the input image is convolved and
biased by the convolutional layer to get the feature map. Secondly, the pooling layer selects the
feature map output by the previous layer to remove the redundant features and reconstruct the new
feature map. Finally, it is fed into the classification function through FC layer for recognition, so as
to complete the object recognition work [18].

CNN is mainly used for local connection and weight sharing through convolution kernel.
Convolution is a method to extract local features of image and reduce feature parameters.

Convolution operation is the process of the fixed size convolution kernels as a sliding window on
the input figure in the order from left to right, from top to bottom to slide, all the pixels are covered
at least once, convolution kernels moves to the right and down the sliding step length are | pixels,
for input sliding window of feature points on the drawing or pixels, First, it multiplicates the feature
points or pixels in the convolution kernel point-to-point, and then obtains the convolution result
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through the accumulation operation of the product results. When the convolution kernel and the step
size are both greater than L, zero-complement operation is performed on the input graph as the case
may be.

The pooling layer is also called the downsampling layer. Different from the convolution layer,
the pooling layer mainly operates on the non-coincident areas in the image and compresses the
input feature map. The pooling layer reduces the number of neurons, the connection after the
convolution layer reduces the data dimension, avoids the overfitting problem that occurs when the
convolution results are directly input into the classifier, and makes the features robust to translation,
rotation and other operations.

Random pooling, average pooling, and maximum pooling are common pooling operations. The
pooling operation process is similar to the convolution operation process, which is to slide the
sliding window of fixed size on the input feature map from left to right and from top to bottom,
while all pixels are covered only once, and the step length of right and down is generally the size of
the sliding window. For the element values in the sliding window, the pooled value of the region is
calculated according to the operation of maximum pooling and average pooling. Of these,
maximum pooling is the most common pooling operation.

2.2. Based on VGG16 Classification Algorithm

In this paper, the basic VGG16 CNN framework is adopted, and the traditional CNN image
classification idea is used to classify clothing images.

(1) Image feature extraction

Aiming at the phenomenon of model degradation, a deep residual network model is proposed,
and residual modules are added to the original network structure. In this way, the incomplete degree
of image information and semantic information will be reduced in the process of deepening the
network level, and the deep network can achieve higher classification accuracy in the
multi-classification task of clothing image.

The residual network structure uses the idea of cross-layer link and combines the original
network structure layer with the identity mapping layer. When the network has reached a good
training state, the identity mapping layer will be used in the network structure to avoid the
occurrence of accuracy decline to the greatest extent. In the residual network structure, by using the
method of "shortcut connection”, the input X is directly mapped to the output, and the output result
H(X)=F(X)+X is obtained by corresponding operation with the output result F(X) of the original
network. Therefore, the final learning objective of the network is indirectly transformed into the
learning residual F(X)=H(X) -x. When the learning result approaches 0, the accuracy of the target
task will not decrease with the gradual deepening of the network structure. This network structure
provides a new idea and direction for deepening the network level without reducing the accuracy of
the task.

(2) Position of key marker points

In the process of predicting the position of key marker points in clothing images, this paper
firstly uses multiple convolution cores to extract features from the original clothing images, aiming
to generate high-resolution feature maps of key marker points in clothing.

The details are as follows: Firstly, a convolution kernel with the size of 1> 1 is used to transform
the dimension of the feature map of the clothing image to 28 28x 64, and the dimension of the
feature map to 56<56>64.

Then, the same two convolution operations with a convolution kernel size of 3% 3 and one
deconvolution operation with a convolution kernel size of 4x<4 were used to transform the feature
map dimension to 224x 224x 16. Finally, a convolution kernel with the size of 3% 3 and a
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convolution kernel with the size of 1x 1 were successively used for convolution operation to
generate a feature map of key clothing marker points with the dimension of 224x 224x 8. By
transforming the feature map size into 28x 28x 1, the feature map was fused with the original
clothing image feature map. Then complete the subsequent task of clothing image classification.

(3) Classifier

This paper uses cnn model and cross entropy loss function to classify clothing images in the
process of network design.

The function of cross entropy in cnn structure is to describe the distance between the actual
image output rate and the label output rate. The cross entropy value represents the distance between
the two. In the garment image classification task based on CNN:

H(p,q)=->_p(x)logq(x) 1)

The formula of p and q represent clothing classification real value and clothing classified
forecast, after cross entropy loss function to calculate the numerical may not meet the conditions
and significance of probability distribution, so | need the final after softmax activation function, will
become the form of probability distribution, data processing of clothing image classification task
requires more of the algorithm. The significance of Softmax activation function is that it does not
directly determine the unique classification result, but assigns corresponding probability values to
the classification results of each classification output, the value is between 0 and 1, which is used to
represent the possibility of each classification result.

zi

e

Zc:leZC (2)

Soft max(Z;) =

3. Algorithm Simulation Experiment

The data in this paper are mainly from Taobao, Jingdong, Amazon and other major shopping
websites. There are 50 images of each type of goods, of which 10 are used as test samples and 40
are used as training samples. The images are from different sizes of the network, and the pixels are
adjusted for the convenience of processing and normalization.

Data preprocessing stage to do the processing of the mean, so it is necessary to obtain the mean
of the image file. The mean value file can be obtained by taking the mean value of all the training
samples, that is, a mean value file in mean.binaryproto format can be generated. In the process of
image preprocessing, the mean value is subtracted, and then these data are input into the network
for training and testing, which can improve the training accuracy and speed to a certain extent.

4. Analysis of Experimental Results
4.1. Experimental Results of Different Models

Table 1. VGG16 network classification result

10 20 30 40 50
Test Loss 1.42 0.85 0.46 0.43 0.37
Train Loss 1.38 0.79 0.31 0.41 0.31

Accuracy 18% 71% 83% 87% 92%

68



International Journal of Neural Network

1.6 100°%

1.4 o0

1o 80%%
- T0%
. 1 0% o
S -
Z 0.8 s0% =
~ os a0%% 3
3I0% =<

04 0%

0.2 10%%

o oo

10 20 30 10 s0
Epoch

TestLoss Traim Loss Aocuracy

Figure 1. VGG16 network classification experimental data

The experimental results in this paper are the average values obtained from 10 experiments, and
the experimental results after 50 epochs are shown in Table 1 and Figure 1. In this paper, the
average classification accuracy of the network structure for clothing products is 90.7%, and the
classification accuracy gradually increases with the increase of epochs. After 30 epochs, the
classification accuracy of the experiment becomes stable. The loss function in the CNN is used to
measure the difference between the real value and the measured value. The higher the convergence
degree of the loss rate, the smaller the loss and the better the experimental effect.
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Figure 2. AlexNet classification results

As a comparison, we used the classical network structure AlexNet to test the experimental data
in this chapter as well. FIG. 2 shows the evaluation results obtained from 10 experiments. After 50
epochs, the classification accuracy of AlexNet for this article reaches 87.5%. It can be seen from the
classification experiment results that the network proposed in this paper achieves better
classification results, and the average classification accuracy of AlexNet is improved by 3.2
percentage points in the classification of commodity data. It can also be seen that the improved
network has faster convergence speed and lower loss rate. The experiment in this paper proves that
the improved network has better network performance than AlexNet on the problem of commodity
classification.

4.2. Improved Network Analysis

Table 2. Capacity of convolutional kernel in improved network

Convl Conv2 Conv3 Conv4 Convb
Receptive 6 18 59 110 142
field size
Convolution
kernel 1 0.541 0.824 0.737 0.583
capacity
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Table 3. Capacity of convolutional kernel in AlexNet

Convl Conv2 Conv3 Conv4 Convb
Receptive 12 54 98 132 165
field size
Convolution
kernel 1 0.287 0.258 0.213 0.171
capacity

Table 2 and Table 3 show the receptive field university and convolution kernel capacity of each
convolution layer of the network results of the proposed network and AlexNet. It can be seen that
the convolution kernel capacity of the improved network in this paper is generally higher than that
of AlexNet.

5. Conclusion

With the rapid development of multi-task deep learning in the field of computer vision, this
paper mainly studies the multi-task deep learning model and its application in product image
classification, aiming at the problem that commodity attribute information is not fully utilized in
product image classification. The method used in this paper is to add the key marker prediction
branch network into the structure of VGG16 CNN to enhance the accuracy of clothing category
prediction. On this basis, two improvement directions, feature fusion and attention mechanism, are
proposed to improve the accuracy of clothing image classification by combining the task of clothing
image classification.
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