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Abstract

Convolutional auto-encoders have shown their remarkable performance in
stacking deep convolutional neural networks for classifying image data during
the past several years. However, they are unable to construct the state-of-the-
art convolutional neural networks due to their intrinsic architectures. In this
paper, we have proposed an effective stacked convolutional auto-encoder that
integrates a selective kernel attention mechanism for image classification. This
model is based on a fully convolutional auto-encoder and can be trained end-
to-end. It consists of two parts: encoder and decoder. The encoder and de-
coder are composed of convolutional layer chain and deconvolution layer
chain, respectively. The proposed method consists of three main modifica-
tions. First, a selection kernel (SK) convolution module and a selection kernel
deconvolution module are constructed to form convolutional layer chain and
deconvolution layer chain. Second, to solve the problem of network degrada-
tion, the idea of residual networks is cited to add skip layer connections be-
tween the SK convolution module and the symmetrically connected SK de-
convolution module. Third, to alleviate the overfitting of the model, a method
of adding noise in data augmentation is used to improve the generalization
ability of the model. The experimental results show that this method can ef-
fectively integrate the channel attention module and the fully convolutional
autoencoder. Although it is an unsupervised feature learning model, it can still
achieve good classification results.
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1. Introduction

In recent years, Deep Neural Network (DNN) has been widely used in the field of
computer vision due to their powerful feature extraction capabilities. Among
them, Convolutional Neural Network (CNN) is the classic model in DNN. CNN
possesses the following advantages [1]: 1) Local connections; 2) Weight sharing;
3) Down-sampling dimension reduction. Deep CNN can significantly improve
the accuracy of image classification. However, deep CNN usually requires signif-
icant computational resources during training, as well as training a large number
of parameters and labeled data. In contrast, unlabeled data is not only easy to ob-
tain but also typically larger in scale. How to better utilize them to improve the
performance of feature learning algorithms is still a topic worth studying. Hence,
many scholars began to study unsupervised DNN, which attempts to learn deep
feature representations from the data itself without knowing the data label. A typ-
ical unsupervised DNN is stacked Auto-Encoder (AE), which is formed by stack-
ing shallow AE modules. The input layer, hidden layer, and output layer form the
AE module, where the number of neurons in the input layer is the same as the
number of neurons in the output layer. Usually, the conversion from the input
layer to the hidden layer is called an encoder, and the conversion from the hidden
layer to the output layer is called a decoder. The encoder extracts features from
the input data, while the decoder reconstructs the input data from the features.
We can train an AE module by minimizing the difference between input data and
reconstructed data. Stacked AE is composed of multiple trained AE modules
stacked together, which can be used to learn hierarchical feature representations.
Although stacked AE can learn hierarchical features from complex image data, it
is necessary to convert the input image into vector form in advance, which will
change the inherent structure of the image and thus destroy the neighboring rela-
tionships between image pixels [2] [3]. To address this problem, the paper [4]
proposed a CAE (Convolution Auto-encoder) structure that can input 2D image
data. In this literature, the encoder consists of a convolutional layer and a pooling
layer, while the decoder consists of only one deconvolution layer. Compared with
stacked AE, CAE can retain more image structural information. In this CAE struc-
ture, convolutional layers are used to encode image content and can be used as
encoders; The deconvolution layer is used to restore abstract image features into
concrete image content details and can be used as a decoder. Another type of CAE
architecture operates by first extracting small patches from the input image or the
feature map output from the previous layer, then training a basic AE (such as
DAE, SAE) using a layer-wise training rule, and subsequently converting the
learned weights into convolutional kernels [5]. Finally, the learned and trained
convolution kernels are convolved with the input image to obtain image features.
This CAE structure can also preserve the local correlation of the image. However,
when using layer by layer training rules to achieve feature transformation in this

CAE structure, it can be time-consuming and laborious when dealing with neural
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networks with deeper layers. To address this issue, this paper adopts a fully con-
volutional auto encoder (FCAE) structure [6], which can be trained end-to-end.
Compared with traditional stacked AE, FCAE utilizes the two-dimensional local
structure of the input image to reduce parameter redundancy. In addition, unlike
traditional stacked AE, its weights are shared by all positions in each feature map
to maintain spatial locality.

Some researchers have found that as the number of layers in the FCAE network
increases, two problems may arise: 1) as the number of convolutional layers in-
creases, a large amount of image details may be lost or damaged. Furthermore, it
remains to be determined whether the details of an abstract image content can be
restored through a decoder; 2) In terms of optimization, deep networks often en-
counter the problem of vanishing gradients, which makes train more difficult. In-
spired by the deep residual network [7], the authors [8] use a skip layer structure
to connect two corresponding convolutional and deconvolution layers. These skip
layer structures can divide the FCAE network into several modules, which can
backpropagate gradients to the bottom layer and transmit specific details of the
image to the top layer. These two features make the end-to-end training of the
network from input image to output image easier and more effective, resulting in
improved performance while increasing the number of layers in the FCAE net-
work. However, this work only applies this skip layer structure of FCAE to low-
level image processing tasks for image restoration, and has not been applied to
high-level image processing tasks such as image classification.

In recent years, attention mechanisms have been widely used in the construc-
tion of deep learning models in various application fields such as image processing
[9], speech recognition [10] and natural language processing [11]. Essentially,
similar to human selective visual attention mechanisms, the key objective of at-
tention mechanisms in deep learning is to select information closely related to the
current task from a large amount of information. In the field of image classifica-
tion, the authors [12] successfully combined deep CNN with visual attention
mechanism for the first time, achieving better classification results. The paper [13]
points out that in the field of neuroscience, the size of stimuli will affect the ad-
justment of the receptive field size of visual cortex neurons. In the entire process
of building neural networks, people should also set the size of convolution kernels
according to different stimuli. However, when building CNNs, only one type of
convolution kernel is usually used in the same layer, and the effectiveness of using
multiple convolution kernels is rarely considered. Therefore, this literature eluci-
dates that each neuron can adaptively adjust the size of its receptive field (convo-
lution kernel) based on input information by introducing attention mechanisms,
and constructs a module called Selective Kernel (SK) convolution. On the basis of
references [12] [13], we have further expanded and formed the SK deconvolution
module, which combines the SK convolution module with FCAE to propose a
stacked convolutional autoencoder that integrates the selection kernel attention

mechanism.
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2. The Overall Framework

The stacked convolutional autoencoder with fusion selection kernel attention
mechanism is an unsupervised deep network that generates advanced feature rep-
resentations. Figure 1 illustrates the overall structure and process of the method
proposed in this paper (for ease of illustration, the encoder and decoder in the
figure are illustrated using a 4-layer convolution module and deconvolution module
as examples. In addition, for the sake of simplicity in illustration, the max pooling
layer after the con-volution module in the encoder has been omitted. “LeRU + drop-
out” indicates that the hidden layer uses LeRU activation function and dropout

regularization. “Softmax” indicates the classification layer).

Decoder

Encoder

(1) FCAE

G

Sk-deconv3

_//V

Sk-deconv2

Sk-conv4
Sk-conv3 Module
Module

Sk-conv2
Module

convl
Input Module

Figure 1. The structural flowchart of the method proposed in this paper.

3. Stacked Convolutional Autoencoder with Fusion Selection
Kernel Attention Mechanism

3.1. Construction of Network Structure

In this paper, the stacked convolutional autoencoder network structure con-
structed with fusion selection kernel attention mechanism is based on FCAE,
which consists of an encoder and a decoder. It can be shown in Figure 2(a). The
encoder part is composed of convolutional layer chains, using SK convolution to
form the convolutional layer. Using an encoder as a feature extractor can preserve
the main components of objects in an image while also eliminating noise in the
image. During this process, subtle details of the image content may be lost. The
decoder part is used to restore the details of the image content, and the output
image is a reconstructed version of the input image. The decoder is composed of
an anti-convolutional layer corresponding to the convolutional layer. We have
added skip layer connections between the SK convolution module and the sym-
metric connected SK deconvolution module, summed the deconvolution feature
map with the passed convolution feature map by element, and then input it into
the next layer of the network. Add batch normalization layer and Leaky ReLU
layer to each convolutional layer and deconvolution layer, as shown in Figure
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2(b). The input image and output image of this network have the same size.
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Figure 2. (a) Network structure diagram; (b) Convolution module and deconvolution

module.

Encoder: In the network structure constructed in this paper, the encoder uses
SK convolution instead of traditional convolution operations. In traditional CNN
networks, the receptive field size of each layer of neurons is the same. In neuro-
science, the stimulation mechanism determines the size of the receptive field of
visual neurons, but this factor is rarely considered in CNN [13]. However, SK con-
volution can enable neurons to adaptively adjust the size of their receptive field
for input information of different sizes. In order to adjust the receptive field to
different sizes, SK convolution uses softmax to fuse features from different ker-
nels. SK convolution includes three operations: Split, Fuse, and Select [13].

Split: For any given feature map X e R"™"*, by default we first conduct two
transformations F:X —>0eR™W and F:X—UeR"W<C with kernel
sizes ki and k respectively. The height, width, and number of channels of the fea-
ture map after convolution transformation are H, W, C. In the process of trans-
formation, both E and F are composed of efficient grouped convolutions,
Batch Normalization and LReLU function in sequence.

Fusion: The fundamental principle of this operation is to control the infor-
mation flow from multiple branches through a Gate mechanism. Information at
different scales is carried by these branches to the neurons in the next layer. Fusing
the information from these branches requires the implementation of a gate mech-
anism.

This operation first performs a simple pixel-level addition fusion, as shown in
Equation (1):

u=0+U0 (1)

Then, global average pooling is used to encode global information, thereby de-
riving statistical analysis information for each channel. Among them, the c-th el-

ement Sc in s is obtained through compression calculation on the £ x W dimen-
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sion of U, and the calculation method is shown in Equation (2):

5 = Fp (Ug) =03 S U, (i) @

Furthermore, to achieve precise control and automatic selection, a fully con-
nected layer is used to generate a compact feature that enables precise and adap-
tive feature selection, reducing dimensionality while improving efficiency. This
feature, denoted as z, is a vector used to determine the final weights, and its cal-

culation method is shown in formula (3):
z=F(s)=05(B(Ws)) 3)

where Jrepresents the Leaky ReLU function, B denotes the batch normalization
operation, and W € R . In the paper [13], the W operation is implemented

by setting the convolution kernel to 1 x 1. In this paper, it is implemented through

a fully connected layer with d is set to % The fusion operation can combine

information from multiple channels to obtain a global representation for weight
selection.

Under the guidance of the compact feature descriptor z, the cross-channel soft
attention mechanism is used to adaptively select information from different spa-
tial scales. Furthermore, the softmax operation is employed to compute the
weights for each channel, as shown in Equation (4):

eAcZ eBCZ

= = 4
a EACZ +eB°Z ’bC eA°Z+eB°Z ( )

where AeR®’, BeR®?, aand b represent the attention vectors of U and
U respectively. A_ e R denotes the c-th row of 4, and a represents the c-th
element value of a; the same applies to vector b. The final feature map V is com-
puted through the attention weights on each convolution kernel. The calculation

method for each channel’s feature map V. is shown in Equation (5):
Vc:ac'oc+bc'00 (5)

According to formula (5), it can be inferred that a, +b, =1. The final result of
the feature map Vis V= [Vl,Vz,---,Vc] and V, e RYWY  The purpose of the
selection operation is to fuse feature maps of different convolution kernel sizes
based on the calculated weights.

Decoder: In recent years, networks combining convolutional and deconvolu-
tion layers have been mainly applied in semantic segmentation of images [14]. In
the convolutional layer, multiple input activation values in the filtering window
are fused together to output a single activation value. On the contrary, a single
input activation value is associated with multiple outputs through a deconvolution
layer. The convolutional layers in the encoder and the deconvolution layers in the
decoder are organized symmetrically. The decoder will reconstruct the input im-
age using the features learned by the encoder. In this chapter, the SK convolution

module is further expanded and the SK deconvolution module is constructed as
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the decoding unit. Compared with the SK convolution module, the SK deconvo-
lution module also has three steps: splitting, fusion, and selection. The difference
is that in the splitting stage, deconvolution is used instead of convolution in the
SK convolution module. In addition, group convolution was not used in the SK
deconvolution module.

Cross layer connection: As the FCAE network gets deeper, the increase in the
number of convolutional layers in the network can result in the loss or damage of
some image details that contain rich information. This makes it difficult for the
deconvolution layer to recover the image. In addition, deep networks often be-
come difficult to train due to gradient vanishing. Inspired by the literature [8], we
have added skip connections between the convolutional module and the corre-
sponding deconvolution module. These skip connections can propagate image de-
tails to the top layer and backpropagate gradients to the bottom layer. This makes
it easier and more effective to train the network end-to-end from the input image
to the output image, and improve the performance of the FCAE network as the

number of layers is increased.

3.2. Data Augmentation of Training Data

In practical image classification problems, data augmentation can be used to in-
crease the diversity of the dataset and expand the size of the data set, thereby ef-
fectively alleviating model overfitting. In addition, it can improve the model’s gen-
eralization ability [15]. Data augmentation is a method of adjusting the original
data information and increasing it to the training set based on some image pro-
cessing methods [16]. There are many specific methods, and most of them are
simulated by manual methods. In addition to the methods provided by various
training frameworks (such as Tensorflow and PyTorch), there are many third-party
libraries. Figure 3 summarizes the commonly used data augmentation methods.
Based on the aforementioned method, data augmentation was carried out for the
two datasets, CIFAR-10 and CIFAR-100. In this paper, two data augmentation
methods, namely random cropping and flipping, were adopted. Additionally, two
data augmentation methods (pixel-level Gaussian noise and block masking noise)
for adding noise were also employed. Figure 4 shows the noisy image, the recon-
structed image obtained by the method proposed in this paper, and the original

dataset image.

3.3. Training Process

Unlike the layer-by-layer training rule of traditional AEs, this paper adopts an end-
to-end approach to train FCAE. Given a certain image, a copy His obtained through
random cropping and horizontal flipping. On this basis, the input to the network is
its noisy version, and the reconstructed image output by the network is denoted as

H . The network is trained end-to-end based on the minimum mean square error
between Hand H . Once the FCAE network is trained, labeled training samples
can be input into the network to obtain the image feature representation learned by

the encoder, which is then fed into the classifier to train the classifier.
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Figure 4. Images with noise, reconstructed images and original images (a); (b) are the cases
of adding Gaussian noise (c) and (d) are the cases of adding block noise.

4. Experimental Results and Analysis

Given the limitations of computational resources, this paper selects the CIFAR-10
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and CIFAR-100 datasets for experiments. The purpose is to first explore the im-
pact of introducing SK convolution module and SK deconvolution module into
the encoder and decoder on the classification performance of the model; Secondly,
the impact of randomly adding noise and adding two different types of noise on
the classification performance of the model has been analyzed. Finally, by com-
paring the classification results with existing network models, corresponding

analysis is provided.

4.1. Experimental Dataset

The CIFAR-10 dataset was provided by Krizhevsky et al. from Hinton’s team, con-
sisting of 50,000 training images and 10,000 test images, each with a size of 32 x
32. The dataset includes 10 classes, with each class containing 5000 training im-
ages and 1000 test images. Figure 5 shows example images from the CIFAR-10
dataset [17].

T |
~ ENEEENeE=S
O n o 7 |
« Dml NES ¥ BN
« EEGENEEEs P
~ I

5 . 1 Ly o —
- i 7- h‘_-

» [AESHsBRaE

- 5 1
i : -

ENENOMEIER
=T PP

e ol R e 0 0 5 o ] RO

Figure 5. Samples of CIFAR-10 dataset.

Horse

Similar to the CIFAR-10 dataset, the CIFAR-100 dataset also contains 60,000
RGB three-channel images with a size of 32 x 32. Unlike CIFAR-10, the CIFAR-
100 dataset includes 100 classes, with each class containing 600 images in total
(500 training images and 100 test images). Additionally, the 100 classes in CIFAR-
100 are divided into 20 superclasses. Each image is labeled with a “fine” label (the
category it belongs to) and a “coarse” label (the superclass it belongs to). The de-

tailed category information is shown in Table 1.
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Table 1. The categories about the CIFAR-100 dataset.

Superclass

Category

fish
aquatic mammal
flowers
food containers
fruit and vegetables
household electrical devices
household furniture
insects
large carnivores
large man-made outdoor things
large natural outdoor scenes
large omnivores and herbivores
medium-sized mammals
non-insect invertebrates
people
reptiles
small mammals
trees
vehicles 1

vehicles 2

aquarium fish, flounder, shark, trout
beaver, dolphin, seal, whale, otter
orchids, poppies, roses, sunflowers, tulips

bottles, bowls, cans, cups, plates

apples, mushrooms, oranges, pears, sweet peppers

clock, computer keyboard, lamp, telephone, television

bed, chair, couch, table, wardrobe
bee, beetle, butterfly, caterpillar, cockroach
bear, leopard, lion, tiger, wolf
bridge, castle, house, road, skyscraper
cloud, forest, mountain, plain, sea
camel, cattle, chimpanzee, elephant, kangaroo
fox, porcupine, possum, raccoon, skunk
crab, lobster, snail, spider, worm
baby, boy, girl, man, woman
crocodile, dinosaur, lizard, snake, turtle
hamster, mouse, rabbit, shrew, squirrel
maple, oak, palm, pine, willow
Bicycle, bus, motorcycle, pickup truck, train

lawn-mower, rocket, streetcar, tank, tractor

4.2. Model Parameter Configuration

The basic environment adopted in our experiments is as follows: the operating
system is Windows 10; the Python version is Anaconda 4.5.11; the deep learning
framework is TensorFlow 2.0; the single GPU model is GTX 1660. To improve
GPU computational efficiency, CUDA and cuDNN are used to optimize its archi-
tecture.

In the experiment, the FCAE model optimization algorithm (Optimizer) used
Adam in the system architecture stage (1), with an initial learning rate set to 0.001.
The learning rate was set in a heuristic manner. The specific setting method is to
reduce the current learning rate to 1/10 of the previous learning rate when the
model validation set reconstruction loss value no longer decreases. In addition,
the step size for cross layer connections between the encoder and decoder is 2. Set
the batch size of each training batch to 64. On both two datasets, the number of
epochs for model optimization in stage 1) is set to 300. In stage 2), the optimiza-
tion algorithm used for the classifier is a small batch SGD with momentum coef-
ficients, and the batch size is set to 128. The learning rate is set in annealing mode,

with an annealing step size of 10, a final learning rate of 0.00001, and an initial
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learning rate of 0.01. When the previous epoch matches the set stride, the learning
rate will be adjusted. The number of epochs for training the classifier is set to 1300,
and the sample size for each training batch is set to 128. Group convolution is
introduced in the SK convolution module of the encoder, with the number of
groups set to 4. In the SK deconvolution module of the decoder, grouped convo-
lution is not used.

In terms of data augmentation for dataset preprocessing: First, each image
boundary is extended by 4 pixels with a value of 0, forming an image size of 40 x
40. Then, images are processed through random sampling and horizontal flip-
ping, and the mean RGB value is subtracted from each pixel, resulting in an
image size of 32 x 32. Finally, the image size is adjusted to 256 x 256 using the
tf.image.resize_images function within the TensorFlow framework. Additionally,
two noise addition methods are used for data augmentation: randomly adding
pixel-level Gaussian noise or block masking noise to the training images in the
dataset, with a random probability 0 set to 0.33. For pixel-level Gaussian noise,
each pixel in the image uniformly adds random Gaussian noise with a mean of 0
and a standard deviation of o, where ois set to 0.1. For block masking noise, the
block size is set to 3, and the number of randomly added blocks in the image

ranges between [18].

4.3. Analysis of Experimental Results

In the construction of the network structure, both the encoder and decoder net-
works have 6 layers. The first layer of the encoder network uses a standard con-
volution operation, while the second to sixth layers use SK convolution modules;
the first to fifth layers of the decoder network use SK deconvolution modules, and
the sixth layer uses a standard deconvolution operation. Both the SK convolution
module and SK deconvolution module have 2 branches. To avoid overfitting, a
dropout layer with a probability of 0.5 is introduced after the fully connected layer
in phase (2). This dropout layer is only used during the entire training process,
not during the testing process. The specific configuration (1) of the network struc-

>

ture in phase (1) is shown in Table 2. In this table, “—” indicates that the param-
eter does not exist, and “SAME” and “VALID” in boundary padding represent
two modes for convolution, deconvolution, and pooling; each branch in the SK
convolution and SK deconvolution modules uses the same parameters.

This section takes CIFAR-10 as an example to explore the impact of embedding
SK convolution module and SK deconvolution module on network performance.
This section considers three scenarios: 1) Using a regular FCAE model, without
embedding SK convolution modules and SK deconvolution modules in the en-
coder and decoder; 2) Only embedding the SK convolution module into the en-
coder, and not embedding the SK deconvolution module into the decoder; 3) Em-
bed the SK convolution module and SK deconvolution module into the encoder
and decoder respectively. The experimental results of these three scenarios were
analyzed and compared, as shown in Table 3. According to Table 3, both the SK
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convolution module and the SK deconvolution module can effectively improve

the classification accuracy of the model.

Table 2. Specific configuration of network structure (1).

Input Number of Size of Boundary Output
Name . . Step .
Width Height Depth convolution kernels convolution kernels filling  \width Hei ght Depth
Input — — — — — — — 256 256 3
convl 256 256 3 8 3 1 SAME 256 256 8
Maxpooll 256 256 8 — 2 2 VALID 128 128 8
16 5 1
Sk-conv2 128 128 8 SAME 128 128 16
16 3 1
Maxpool2 128 128 16 — 2 2 VALID 64 64 16
32 5 1
Sk-conv3 64 64 16 SAME 64 64 32
32 3 1
Maxpool3 64 64 32 — 2 2 VALID 32 32 32
64 5 1
Sk-conv4 32 32 32 SAME 32 32 64
64 3 1
Maxpool4 32 32 64 — 2 2 VALID 16 16 64
128 5 1
Sk-conv5 16 16 64 SAME 16 16 128
128 3 1
Maxpool5 16 16 128 — 2 2 VALID 8 8 128
256 5 1
Sk-conv6 8 8 128 SAME 8 8 256
256 3 1
Maxpool6 8 8 256 — 2 2 VALID 4 4 256
128 5 2
Sk-deconvl 4 4 256 SAME 8 8 128
128 3 2
64 5 2
Sk-deconv2 8 8 128 SAME 16 16 64
64 3 2
32 5 2
Sk-deconv3 16 16 64 SAME 32 32 32
32 3 2
16 5 2
Sk-deconv4 32 32 32 SAME 64 64 16
16 3 2
8 5 2
Sk-deconv5 64 64 16 SAME 128 128 8
8 3 2
deconvé6 128 128 8 3 3 2 SAME 256 256 3
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Table 3. Impact of SK convolution module and SK deconvolution module on model
performance (CIFAR-10).

Model Scenario (1) Scenario (2) Scenario (3)

Classification accuracy (%) 90.02 90.28 90.45

In addition, this section also analyzed the classification results of the model un-
der three scenarios: no noise added, random Gaussian noise added, and block
noise added in the CIFAR-10 training dataset, as shown in Table 4. According to
the experimental results, adding noise can make the trained model more robust
to disturbances, thereby improving the classification performance of the model.
In addition, randomly adding block noise can improve the accuracy of model clas-
sification more than randomly adding Gaussian noise. At the same time, this sec-
tion also tested the classification results of the CIFAR-10 training dataset after
random sampling and horizontal flipping data augmentation operations, and ad-
justed the image size to 128 x 128 using the tf.image.resice_images function. The
network structure configuration with input image size adjusted to 128 x 128 is
shown in Table 5. In this table, “-” indicates that the parameter does not exist. In
boundary filling, “SAME” and “VALID” represent two modes: convolution, decon-
volution, and pooling; The convolution branches in each SK convolution module

and SK deconvolution module use the same parameters.

Table 4. The effect of adding noise on model performance (CIFAR-10).

Types of Noise Without adding noise Gaussian Noise Block Noise
Classification accuracy (%) 86.55 88.77 90.45
Table 5. Network structure configuration (2).
N Input Number of convolution  Size of convolution Boundary Output
ame .
Width Height Depth kernels kernels filling  width Height Depth
Input — — — — — — — 128 128 3
convl 128 128 3 8 3 1 SAME 128 128 8
Maxpooll 128 128 8 — 2 2 VALID 64 64 8
16 5 1
Sk-conv2 64 64 8 SAME 64 64 16
16 3 1
Maxpool2 64 64 16 — 2 2 VALID 32 32 16
32 5 1
Sk-conv3 32 32 16 SAME 32 32 32
32 3 1
Maxpool3 32 32 32 — 2 2 VALID 16 16 32
64 5 1
Sk-conv4 16 16 32 SAME 16 16 64
64 3 1
Maxpool4 16 16 64 — 2 2 VALID 8 8 64
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Continued
128 5 1
Sk-conv5 8 8 64 SAME 8 8 128
128 3 1
Maxpool5 8 8 128 — 2 2 VALID 4 4 128
256 5 1
Sk-convé6 4 4 128 SAME 4 4 256
256 3 1
Maxpool6 4 4 256 — 2 2 VALID 2 2 256
128 5 2
Sk-deconvl 2 2 256 SAME 4 4 128
128 3 2
64 5 2
Sk-deconv2 4 4 128 SAME 8 8 64
64 3 2
32 5 2
Sk-deconv3 8 8 64 SAME 16 16 32
32 3 2
16 5 2
Sk-deconv4 16 16 32 SAME 32 32 16
16 3 2
8 5 2
Sk-deconv5 32 32 16 SAME 64 64 8
8 3 2
deconvé 64 64 8 3 3 2 SAME 128 128 3

With the basic structure and parameters of the model remaining unchanged,
this section analyzes and compares two types of network structures with input
image sizes of 128 x 128 and 256 x 256. The comparison results are shown in
Table 6. In this experimental analysis, to reduce the training time of the classifier,
the number of epochs was set to 650, while the other training parameters remained
unchanged. As can be seen from Table 6, when the input image size of the net-
work is 128 x 128, the classification performance of the model is relatively inferior.
The main reason is that the size of the input image affects the dimension of the
feature map output by the encoder. An increase in the dimension of the feature
map leads to an increase in the number of network parameters and complexity,

which can improve the classification accuracy of the model to a certain extent.

Table 6. Impact of input image size on model performance (CIFAR-10).

The size of input Image 128 x 128 256 x 256

Classification accuracy (%) 86.45 89.65

For the CIFAR-100 dataset, the same network structure settings and parameter
configurations were used in this section. Similarly, SK convolution module and
SK deconvolution module were added to the encoder and decoder; Block noise
was introduced into the training dataset to improve the robustness of the model.
The only difference is that in stage (2), the number of categories in the final soft-
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max layer is set to 100. In addition, the methods proposed in this chapter were
compared with some advanced algorithms, and the comparison results are shown

« »

in Table 7. Among them, “-” indicates that no relevant experiments or descrip-
tions have been conducted in the literature. In Table 7, SCDAE-2 has two convo-
lutional layers, which are stacked in a convolutional manner through layer by
layer optimization. The feature maps in each layer are generated by convolutional
kernels learned from the underlying features and DAE. SFCAE-2 consists of an
encoder and a decoder, with the encoder containing convolutional and pooling
layers. The SFCAE-2 encoder contains two basic modules. SCDAE-2 and SFCAE-
2 are both belong to unsupervised feature learning networks. The network con-
structed in this paper belongs to the CAE series and is also an unsupervised deep
network. However, compared to these two models, the method proposed in this

paper has significant performance advantages.

Table 7. Classification accuracy comparison on CIFAR-10 and CIFAR-100.

Frame type Model CIFAR-10 (%) CIFAR-100 (%)
Unsupervised Learning SCDAE-2 [5] 80.4 -
Unsupervised Learning SFCAE-2 [3] 83.5 -

Supervised learning Maxout (k= 2) [19] 90.62 61.43
Supervised learning NIN [20] 91.19 64.32
Supervised learning ResNet [7] 93.57 74.84
. . Pre-activation
Supervised learning 95.38 77.29
ResNet [21]
Unsupervised Learning Ours 90.45 66.42

In addition, this section also compared four types of deep networks with super-
vised learning. Compared with the classic NIN network and Maxout network, the
method proposed in this chapter is slightly inferior on the CIFAR-10 dataset.
However, the proposed method showed better classification results than NIN and
Maxout on the CIFAR-100 dataset. At the same time, this section also compared
the proposed method with ResNet and Pre-activation ResNet which have some
recent high-performance. Although the proposed model has slightly worse re-
search results than these two networks, ResNet and Pre-activation ResNet use up
to 110 and 1001 layers of network layers, respectively.

Compared to this, the methods proposed in this paper still have significant
room for improvement in terms of network depth. This method consists of two
parts: the encoder part includes one convolutional layer and five SK convolution
modules in the system architecture Stage (1). In each SK convolution module,
there are 2 convolution operations, a fully connected layer FCI1 for compressing
feature z, and a fully connected layer FC2 before the softmax operation. One de-
convolution layer and five SK deconvolution modules constitute the decoder.
Each SK deconvolution module also includes two deconvolution operations and

a fully connected layer FC1 for compressing feature z, as well as a fully connected
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layer FC2 before the softmax operation. In Stage (2), there is a fully connected
layer FC and a softmax classification layer. Therefore, the network layers of the
model proposed in this chapterare (1 +5x(2+1+1)+1+5x(2+1+1)+1+
1) = 44 layers. In summary, although the classification results of the model pro-
posed in this paper are slightly inferior to ResNet and Pre-activation ResNet, the
method structure in this paper is simple and has fewer network layers. More note-

worthy is that this method is an unsupervised feature learning approach.

4.4. Feature Visualization

To better explain the internal mechanisms of the method proposed in this chapter,
this section will visualize the output features after Maxpooll~Maxpool6 layers in
the encoder part of the network structure (see Table 2 for detailed configuration).
For ease of discussion, this section uses the training model on the CIFAR-10 da-
taset. In this model, the encoder and decoder are respectively equipped with SK
convolution module and SK deconvolution module, and two scenarios are con-
sidered: without noise and with block noise. Figure 6 and Figure 7 show the
summed results of all output channel feature maps after Maxpooll~Maxpool6
layers, with test cases selected from the test dataset. As the network layers gradu-
ally increase, the resolution of each layer’s output feature map decreases, and the
number of feature channels increases. As shown in Figure 6 and Figure 7, feature
maps at different levels describe the target and its surroundings from various per-
spectives. Shallow-layer features tend to focus more on detecting image textures
and details, providing comprehensive detection content while also extracting key
information. As the network deepens, it extracts image contours, shapes, and
strongest features while ignoring many secondary details. The higher stages of the
network learn increasingly abstract semantic information, resulting in lower res-
olution feature maps with more discriminative features.

Figure 6 shows the test images without added noise and the output feature
maps after each pooling layer. Figure 7 shows the images with block noise added
and the output feature maps after each pooling layer. From these figures, it can be

Input Featurel Feature2 Feature3 Featured FeatureS Feature6

lma:e

Figure 6. Images without noise and corresponding feature maps.
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Figure 7. Images with block masking noise and corresponding feature maps.

observed that when the input image is occluded, the learned low-level feature rep-
resentations (such as feature maps 1 - 3) are affected to some extent; However, as
the network layers deepen, the high-level feature representations (such as feature
maps 4 - 6) are almost unaffected. This also demonstrates that the method pro-

posed in this paper is robust to noise.

5. Conclusion

This paper has proposed a stacked convolutional autoencoder that integrates the
selection kernel attention mechanism. This method is based on FCAE and can be
trained in an end-to-end manner. Among them, the convolutional layer chain
composed of SK convolutional modules forms the encoder part. Correspond-
ingly, the decoder is composed of a deconvolution layer chain using SK decon-
volution modules. In addition, we have drawn on the idea of residual networks.
In order to better handle the degradation problem caused by the increase of net-
work depth, skip layer connections are added between the SK convolution mod-
ule and the SK deconvolution module symmetrically connected to it. Further-
more, in order to effectively alleviate model overfitting, the method of adding
Gaussian noise and block noise in data augmentation was used to increase the
difficulty of model training, thereby further improving the model’s adaptability
to new samples. In the experimental results and analysis, this method was not
only compared with unsupervised feature learning models based on AE, but it
was also compared and analyzed with some supervised feature learning methods
with better performance. In addition, in order to better understand the internal
mechanism of the model, the output feature maps of each pooling layer in the

encoder were visualized.
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