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Abstract: The three-dimensional RGB-D image contains not only the color and texture
information of the two-dimensional image, but also contains the surface geometry information
of the target. This article analyzes the RGB-D image recognition methods, including stereo
vision technology, structured light technology, etc. By studying the application points of
RGB-D image recognition technology under the background of feature fusion and machine
learning, the purpose is to improve the richness of image recognition content and provide
reference for the smooth development of the follow-up work.

1. Introduction

The currently applied RGB-D image not only contains the color and texture information of the
two-dimensional image, but also contains many types of geometric information. Especially with the
integration of Kinect, Xtion and other equipment, the level of refinement and clarity of RGB-D image
content has also been continuously improved. The optimization of the RGB-D image recognition
technology system based on feature fusion and machine learning can not only improve the accuracy of
the image recognition results, but also has a positive meaning for improving the value of image
utilization.

2. RGB-D image recognition method analysis

2.1 Stereo Vision Technology

Figure 1 Schematic diagram of binocular vision
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The stereo vision method is a traditional way of acquiring depth images. Its principle is to calculate the
parallax through the photos of the same scene from multiple perspectives, and obtain the
three-dimensional information of the objects in the scene according to the parallax. A general stereo
vision system is composed of several ordinary industrial CCD cameras, which require manual camera
calibration before acquiring the depth map, which is generally calibrated by the positive checkerboard
method. As shown in Figure 1, Ojand O are the centers of the two cameras respectively, and the
three-dimensional coordinates of point A can be obtained from the similar relationship of triangles.
The stereo vision method does not require high-precision sensors, and only a few ordinary cameras are
needed to obtain the depth map, but its acquisition of the depth map requires a series of complex
algorithms to operate on the original image.

2.2 Structured light technology

Structured light technology is currently a more advanced depth map acquisition method. Because
structured light measurement has obvious advantages such as fast speed, high precision, non-contact,
easy implementation and automation, it has been widely used in industrial inspection, machine vision,
film and television special effects, etc. field. Projectors and cameras are the basic components of
structured light systems. Once the projector projects the coded pattern onto the scene to be measured,
the camera can capture and shoot the projected pattern, and the acquisition of the three-dimensional
information of the scene is the result of matching the code with the projected pattern. Therefore,
coding and matching are two important factors for constructing a structured light system. Take Kine ct
as an example, its structure is as follows.
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Figure 2 Schematic diagram of Kine ct structure

The principle of Kine ct's acquisition of color images is the same as that of ordinary cameras. This
article focuses on the principle of Kine ct sensor's acquisition of depth images. Kine ct essentially uses
structured light technology to obtain the depth distance. It emits a light source through an infrared
emitter. This light source is called laser speckle, which is a diffraction spot formed randomly by laser
irradiating the rough surface of an object or penetrating ground glass. These spots will change with the
distance of the object from the Kine ct sensor. Microsoft recorded the patterns of these laser speckles
in the entire space, and made a one-to-one correspondence with the distance.
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3. Application points of RGB-D image recognition technology under the background of feature
fusion

3.1 RGB-D image extraction

3.1.1 Gist feature extraction

From the perspective of previous RGB-D image extraction, there are problems such as poor content
extraction, high dimensionality of feature data, and low accuracy of algorithm calculation results. In
view of this kind of situation, in the process of Gist feature extraction, the extraction algorithm needs
to be reasonably selected. Currently, more algorithms are used including HOG algorithm, SIFT
algorithm, SURF algorithm, etc. At the same time, in the process of algorithm application, it is also
necessary from the perspective of gradient analysis. To start the analysis to improve the accuracy of
the calculation results. Moreover, in the calculation process, the overall calculation amount is
relatively large, which is 150% higher than the total amount of calculation data in the past, which also
requires more reliable algorithms to complete information sorting. In the process of Gist feature
extraction, feature data extraction will be completed from naturalness, openness, roughness, expansion
and steepness, and then Gabor filters are used to process the content to obtain richer data information.
An example of graph extraction is shown in Figure 3.
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Figure 3 Example diagram of Gist feature extraction

3.1.2 Color-depth map extraction

In the process of data information extraction, it is also necessary to do a good job in the extraction of
color-depth maps. In the specific application process, based on the extracted information obtained by
the existing Gist algorithm, sub-networks will be used to further improve the image content. Usually,
the image is densified to refine the content of the required extraction part, and then the feature points
are extracted using the Gist algorithm, and the weighting coefficient is calculated at the same time, so
as to obtain the local Gist feature that meets the application requirements. Take the schematic diagram
in Figure 3 as an example. In the specific processing process, first, cover the entire picture with a
16x16 grid, and then extract the Gist features in each grid; second, for the existing The divided grid is
divided again and organized into 4x4 grids, that is, each small grid is divided into 16 small grids.
Calculate the weights according to the correlation between each other to obtain the required analysis
results.
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Figure 4 Schematic diagram of Gist algorithm after densification processing

3.2 Feature dimensionality reduction processing

After finishing the above part of the content processing, all the parameter information can be learned
based on the Gist feature. At the same time, the basic information in the RGB image will be extracted,
including color information, texture information, and geometric information, as shown in Figure 4,
after segmentation The picture is converted into 16x16%(4x4) small grid graphics, and the feature
dimension that needs to be extracted has been greatly improved. In order to speed up the calculation,
the principal component analysis method will also be used to assist the calculation. process. This
method belongs to the data dimensionality reduction processing method often used in the process of
graph feature extraction. Its principle is shown in Figure 5. The projection point is selected in the
coordinate system, and the known high-latitude data is mapped to the low-latitude data by means of
the vector projection method. In the latitude space, the projection components are then used for
orthogonal processing to obtain the required linear vector to meet specific application requirements.
According to the projection results, the amount of projection in different dimensions can also be
obtained, and the main direction of the analyzed data information and the criticality of the
characteristic content can be understood, so as to complete the dimensionality reduction process. For
example, 16x16x(4x4) sub-grid patterns were obtained by the previous division. After dimensionality
reduction processing, the total dimensional value can reach 131072, which has rich data information
characteristics.

Figure 5 Schematic diagram of principal component analysis
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3.3 Characteristic content expression

When performing feature content expression processing, the application process includes the
following points: First, perform feature content extraction. According to the bag-of-words model in the
initial state, the graphics will be subdivided into several sub-modules in the application, and then the
content of these pixels will be subdivided into several sub-modules. Organize so that it can form a
representative vector according to a certain rule. In RGB-D images, the Gist algorithm will also be
used to optimize the application content in the initial state to obtain more analytically valuable
application data. Second, use the K-means clustering algorithm to complete the sample point division
processing. In specific applications, it is also necessary to sort out the correlation between the
initialization position and the clustering effect and running time, and select 30%-50% of the
applications Data, thereby enhancing the use value of the analysis results.

3.4 Simulation experiment analysis

3.4.1 Preparation for simulation experiment

In the construction of this simulation experiment, the RGB-D database is used as a basic reference,
and all the pictures in the database are used as simulation experiment data. In terms of image
acquisition, the Kinect sensor is used to capture them. The total number of captured RGB images is
5863 sheets, the resolution of each picture is adjusted to 1280640, in order to facilitate subsequent
data analysis work in an orderly manner.

3.4.2 Simulation experiment process

According to the basic content provided by the simulation experiment environment, in the whole
experiment process, first, adjust the size of the pictures in the data set, the specific adjustment size is
512x512, and then according to the content in 2.1-2.3, for each picture The information undergoes
Gist feature processing to obtain corresponding reference data. Second, use the K-means clustering
algorithm to perform in-depth processing, and in the application of the algorithm, set the K value in
the algorithm to 500. Third, determine the number of training data in the experiment. In this simulation
experiment, 4876 pictures are selected for training, and the data set used for testing is
(5863-4876)=987 pictures. The ten-fold cross-validation method is used for content verification,
thereby obtaining image recognition accuracy data.

3.4.3 Arrangement of experimental results

Table 1 Analysis of recognition accuracy of different algorithms

Use algorithm HOG+SVM SIFT+SPM KD+SVM Gist image
algorithm algorithm algorithm recognition
algorithm
Recognition 79.3% 86.3% 90.3% 93.2%
accuracy

From the experimental results in Table 1, it can be understood that the Gist image recognition
algorithm used in this article has achieved 93.2% accuracy in image recognition, while the traditional
HOG+SVM algorithm has the lowest accuracy, only 79.3%, and the accuracy of the other two types of
algorithms The image recognition accuracy of the KD+SVM algorithm reaches 90.3%, and it also has
a high image recognition accuracy. However, the algorithm proposed in this article still has a lot of
room for improvement. Analyzing the causes of image recognition errors, it is understood that the
background color in the confused image is more than 70% similar, which leads to algorithm
recognition errors. Therefore, in the subsequent development, it is necessary Focus on the background
color distinction to meet the corresponding management needs !,
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4. Application points of RGB-D image recognition technology in the context of machine learning

4.1 Neural network design

When the neural network is designed based on the actual situation, the specific design steps are as
follows: First, preprocess the collected images, filter out the required picture information from the
RGB-D image, and perform simple preprocessing on its related content. Second, rely on the neural
network to establish the corresponding neural network structure, in which the elements in the RGB-D
image will be identified, so as to obtain reliable data analysis results. Third, for the extraction of image
network features, the specific extraction process can refer to the related algorithms in Chapter 2.
Fourth, the neural network recognition system is trained according to the existing database, so that it
can continue to learn deeply and meet the recognition needs. Fifth, perform feature fusion processing,
and then output the corresponding image recognition results, evaluate the accuracy of the recognition
results, and continue to train them to obtain higher accuracy information !,

4.2 Feature content integration

After the RGB image is obtained, the feature content fusion processing needs to be completed
according to the correlation. In the specific fusion processing process, the feature dimensions that need
to be extracted need to be improved on the original basis to improve the reliability of the processing
results. In order to speed up the calculation, the optimal weight algorithm is also used to assist the
calculation process. This method is a data feature fusion processing method often used in the process
of graphic feature fusion. Its principle is to select information that meets the optimal calculation
requirements from the known data set based on the corresponding basic conditions to meet specific
application requirements. According to the calculation results, different types of weights can also be
obtained, and the main direction of the analyzed data information and the criticality of the
characteristic content can be understood, so as to complete the optimal weight calculation [3].

4.3 Pseudo-colorization of the depth map

After completing the above graphics processing, you need to do a good job of pseudo-color processing.
Its main function is to obtain the required color image after processing the existing grayscale image,
but the color image is not the true color of the original image, so This process is called pseudo-color
processing. In the specific processing process, the corresponding temperature data will be directly
drawn on the interface during the infrared imaging design process of the system, and then the acquired
temperature data will be processed to obtain the corresponding gray-scale image, and finally obtained
by the processing method Pseudo-color image .

4.4 Simulation experiment analysis

4.4.1 Preparation for simulation experiment

In the construction of this simulation experiment, the RGB-D database is used as the basic reference,
and all the pictures in the database are used as the simulation experiment data. In terms of image
acquisition, the Kinect sensor is used to capture them from different angles, and the angle is set to
30. °, 60 ° and 90 °, the total number of captured RGB pictures is 35,263, the resolution of each
picture is adjusted to 640 x 640, in order to facilitate the subsequent data analysis work in an orderly
manner P/,

4.4.2 Simulation experiment process

According to the basic content provided by the simulation experiment environment, in the whole
experiment process, first, adjust the size of the pictures in the data set, the specific adjustment size is
256%256, and the feature fusion processing is performed on each picture information, relying on Caffe
Framework to obtain the corresponding reference data. Second, use the C++/CUDA architecture to
perform in-depth processing, and in the application of the framework structure, the matrix parameters
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will also be sorted to obtain a more concise data set. Third, determine the application model of the
entire experimental process. In this simulation experiment, the Alex Net model will be used as the
main test carrier. The average time of this model on image processing is 1.15ms, with the main
frequency 2.90GHZ 16G running content Complete the entire simulation experiment and obtain the
accuracy data of image recognition [,

4.4.3 Arrangement of experimental results

From the experimental results in Table 1, it can be understood that the neural network image
recognition algorithm used in this article has achieved 92.3% accuracy in image recognition, while the
traditional CNN-RNN algorithm has the lowest accuracy, only 86.3%. The other two types of
algorithms are accurate The rate is in the upper middle, and the accuracy of the SN-CNN-SVM
algorithm for image recognition has reached 91.1%, and it also has a high image recognition accuracy.
However, the algorithm proposed in this article still has a lot of room for improvement. Analyzing the
causes of image recognition errors, it is understood that the depth recognition results in the confused
images are similar, and the similarity exceeds 60%, which leads to algorithm recognition errors.
Therefore, in the follow-up In the development, it is necessary to focus on the research of in-depth
identification content to meet the corresponding management needs [,

Table 2 Analysis of recognition accuracy of different algorithms

Use algorithm CNN-RNN SP+HMP SN-CNN-SVM Neural network
algorithm algorithm algorithm recognition
algorithm
Recognition 86.3% 88.6% 91.31% 92.3%
accuracy

5. Experimental comparative analysis

According to the above experiment, in the application of Gist image recognition method, the
recognition accuracy of the feature image is higher, and in the use process, its overall convenience is
relatively high, and it can meet the requirements of image recognition in many situations. The neural
network recognition algorithm needs to go through iterative data learning in the application, and the
initial state is relatively cumbersome. After a certain number of iterations, its recognition accuracy is
relatively stable. In the follow-up research, further discussion of the algorithm application is also
needed. Improve the reliability of the analysis results [/,

6. Conclusions

To sum up, in the research process of RGB-D image recognition technology, both feature fusion and
machine learning models have good application value. Taking a reasonable way to merge their content
can not only speed up image recognition, but also improve The accuracy of image recognition results.
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Abstract—Session-based recommendation system is an
important part of many e-commerce sites. Its purpose is to
recommend according to the interaction behavior of anonymous
users in a short time. The latest research is to model the session
sequence as a graph and then use the graph neural network to
learn the embedding of the item. However, these methods treat
the session as a simple sequence and ignore the time interval
between user’s adjacent interactions. In order to solve this
problem, we propose a Time and Position Aware Graph Neural
Networks model for the session-based recommendation systems,
which can not only learn the embedding of items, but also
capture users' interest by using the time interval and sequence
information when users browse items. We have conducted
sufficient experiments on two e-business datasets, and the
experimental results show that our model is superior to baselines.

Keywords—session-based recommendation, neural
networks, time and position aware

graph

[. INTRODUCTION

As an effective tool to alleviate information overload,
recommendation systems are widely used in various e-
commerce websites, such as Amazon and eBay. The
recommendation systems recommend primarily based on the
user's historical behavior or relationship. But in many large-
scale e-commerce websites, it will cost a lot of time to obtain
the user's historical data, so the user's information is often
unknown. At this time, it is very important to recommend
based on the user's current session. Therefore, session-based
recommendation system comes into being. The difficulty of
session-based recommendation system is that it needs to model
limited session information to capture users' interest [1].

Collaborative filtering [2] is a classic recommendation
algorithm, but the session is anonymous, collaborative filtering
cannot be applied in session-based recommendations. Shani et
al. [3] and Rendle et al. [4] regarded the session sequence as
Markov chain, and then use Markov decision process to make
recommendation. However, the Markov chain is only
recommended based on the last item of the session, ignoring
the historical items clicked by the user, which is difficult to
obtain a good recommendation performance. In addition,
Markov chain has the problem of dimension explosion, which
makes it difficult to apply on large datasets.

Hidasi et al. [5] applied Recurrent Neural Network (RNN)
to session-based recommendation for the first time, and they
stacked multiple Gate Recurrent Units (GRUs) [6] to learn
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embedding of items. Li et al. [7] combined the attention
mechanism with RNN and used the attention mechanism to
filter the noise data in the session. However, the problem of
RNN’s gradient disappears makes these two models difficult to
capture users’ global interests , and the session-based
recommendation is not just a sequence prediction problem. Liu
et al. [8] completely abandoned RNN and proposed the
STAMP model, which only uses the attention mechanism to
learn users' long-term interest and then makes
recommendations based on users' short-term preferences. Wu
et al. [9] proposed the SR-GNN model and applied the Graph
Neural Network (GNN) in the session-based recommendation
of the first time. The SR-GNN uses the advantages of graph
neural networks to capture the complex transformation
relationships of items in the session, and then generates the
embedding of items for recommendation. SR-IEM [10] uses an
importance extraction module to assign different importance to
different items.

Although previous models have achieved good
recommendation performance, we believe that these methods
do not take into account the user's time spent on each item in
the session, which may result in the information loss. For
example, if the user browses a sequence of products: mobile
phone, fan, camera, laptop, assuming that the user’s browsing
time for products is 3s, 1s, 9s, and 2s. It is obvious that the user
spends the longest time browsing camera, so we can assume
that the user may be more interested in the camera.

Therefore, in order to take advantage of the time
information when users browsing items, we propose a novel
Time and Position Aware Graph Neural Network model for
session-based recommendation systems. As shown in figure 1,
first, we construct the session into a graph, second, we use
graph neural network to learn the dependencies between items
and generate the embedding of the items. Third, we use the
time and position aware layer to integrate the time and position
information into the embeddings of items. Finally, we use the
prediction layer to learn the user's preference and generate a
list of candidate items. The main contributions of this work are
as follows:

(1) The TPA-GNN model builds the session into a directed
weighted graph to capture the transformation relationships
between items.

(2) The model uses the Time and Position aware layer to
encode items to reflect the importance of each item in the
session.
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(3) We have conducted extensive experiments on two
widely-used datasets (Yoochoose and Diginetica datasets), and
the results show that our model performs well.

In this paper, we first introduce the Time and Position
Aware Graph Neural Networks, and then, we conduct
experiments to verify the effectiveness of the model. Finally,
we summarize the full text.
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II. THE PROPOSED MODEL

A. Em Description

The set of all items in the session is denoted by X =
{x1, %5, ...,x,}, where x; represents item, u represents the
number of items in the dataset. We define each session
sequence is S = [xq, Xy, ..., X;|, where [ is the length of the
session sequence. Session-based recommendation systems are
designed to predict labels x; based on the first ] — 1 item of
session [Xq, X5, ., X;_1]-

We construct the session into a graph. For each session S,
we can construct a session graph Gy = (V;, E;) , where
V; represents the set of items in session S, including items
x;_1 and items x;. E; represents the set of edges in session S,
and edges (x;_q,x;) € E.

B. Learning the Embedding of Items

We define Hy_y = {hy,, hy,, ..., hy,, }, Where hy, represents
the embedding of the itemx; in the session, n represents the
number of items in the session. In SR-GNN [9], the weight of
each edge is affected by the number of occurrences of edges in
the graph. However, such weights cannot reflect the
dependencies between each item. Inspired by the GAT model
[11], [12], in order to adaptively learn the weight of each edge,
we use the multi-head attention network to generate the
weight.

exp (LeakyRelu(a” (Wh,,| IWhy,))
U = Tren, exp (LeakyRelu(aTWh,[[Wh,))

K
k . 16 <Zj€1v- alkjw,(hXi) @

Among them, hxi,hxj € R%is the embedding of items,

€y

hy, =

L

which needs to be enhanced by weight W € R?%%4 g is a
weight matrix, || represents the concatenation of
matrices.LeakyRelu is an activation function with a negative
input slope of 0.2.kis the number of heads of the multi head

attention mechanism. 7in represents the embedding of items
obtained by the transmission of graph neural network.

Then, we use the GRU to update the embeddings of items.
H, = GRU(H,_4,H,_,) 3)

C. Time and Position Aware

At present, the latest work mainly uses a attention network
to learn users' long-term preferences, and then generates users'
interests combined with short-term preferences. But they did
not consider the time interval and location information of each
item. In our model, we design a time and location aware layer,
which considers not only the time interval of user adjacent
interaction, but also the location information of items, and then
generate time and location aware embedding respectively.

In the dataset, each user interaction corresponds to a
timestamp T. For a session s = [x;, X5, ..., X;], assume that the
corresponding timestamp is Ty, T,,..,T; . For the former
(I — 1) item, we can obtain the corresponding time interval for
each item, which is: T, — Ty, T3 — Ty, ..., T; — T)_;, we take
this time as the user's browsing time on the item. In general,
the longer a user browses an item, the more interested the user
is in the item. In order to facilitate processing, we sort the time
intervals from small to large. In this way, each item
corresponds to a serial-number of time. Then, for the session S,
we can adopt a time embedding layer:

Ti = [tll tZI L] tl] (4)

where,t; € R? represents the position embedding vector. For
example, t; indicates the embedding corresponding to the time
sequence number of 1. In addition, in the TPA-GNN model,
inspired by [11], we use sine and cosine functions to
distinguish different positions of items:

Pl-d’ = sin (1;3)
100004'/@ (5)
P+ = cos (—1 ! )
' 10000%/4

where, i represents the position of the item in session S, and d
represents the dimension of the hidden layer, and d' is a
dimension of the vector. For example, when d = 100, d' =
0,1, ...49.

After the session is trained using the graph neural network,
we can get the embedding of each item, which is denoted by
H = [hy,, hY,, ..., hy,]. We use the time and position aware
layer to encode the item x;:

hy, = tanh(w, [hy, |IT;||P;] + by) (6)

where w; € R¥*34 is the weight matrix, b; € R% is the bias
term. And tanh is the activation function of the neural
network.

In the Time and Position Aware layer, first, we generate a
D-dimension time vector for each item with the help of the
time embedding layer. Then, we generate a D-dimensional
position vector for each position in the session using the sine
and cosine formula. Finally, we combined the original
embedding vector h; of the item to get the final
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representation h,, of the item, including the time and position
information of the item.

D. Generating Session Embedding

In a session, the complete session often reflects the user’s
global interest, while the last item clicked in the session
sequence can reflect the user’s local preference. we define
local preferences s. = h,, . In addition, we capture users'

global interests s; through a soft attention network:

al‘ = ZTU(thvi + Wgh-,;l + W4ha + bz) (7)

!
Sg = Z a;hy, (8)
i=1

where, Z € R, wy, w,, w; € R4*% is the weight, and b, € R®
is the bias term.h, is the mean value of the item embedding
vector, and it’s defined as:

1 l
ha=7) b, ©
i=1
Finally, we learn embedding of the session by combining
global and local user preferences:

hs = WS[Sg”Sc] (10)

where Wy € R%*?4 is the weight matrix of the fully
connection layer.
E. Prediction Layer

After obtaining the embedding hg of the session, we dot
product it with the embedding of each candidate item, and
then apply normalization to get the probability of the user
clicking on each item next time:

9; = sofmax(hi hy,) 11

Finally, we use the cross-entropy loss function to learn the
parameters and use the back propagation algorithm to train the
model.

n
L@ == yilog®) + (L -y)logl=5) (12)
i=
where, y; is the one-hot encoding of the session label item.

III. EXPERIMENTS
In order to prove the effectiveness of the TPA-GNN model,
we will answer the following two questions:

RQI1: Is the TPA-GNN model better than the latest
baselines?

RQ2: Is the Time and Position Aware layer of this model
effective?

A. Experimental Configurations

Datasets: We demonstrated the validity of the TPA-GNN
model on two widely used datasets, the Yoochoose! dataset

! http://2015.recsyschallenge.com/challenge.htm

and the Diginetica® dataset. For fair comparison, we use the
same treatment as [8][9], first, we filter the session length of 2
and less than 5 items. For Yoochoose, we use the last day's
interactive data as the test set and the rest as the training set.
For the Diginetica dataset, we use the data of last week as the
test set and the rest as the training set. Then, we adopt the data
transformation technology of [13], that is, for the session s =
[v,vq,...1;], we generate a series of sessions and the
corresponding labels: ([vy, V2, o, V1], 1)) ;
([vy, v2, o, Vi3], V121) s ... » ([v1],v;). This can increase
the training data and is more conducive to the learning of
model parameters.

Evaluation indicators: Following the previous work [8][9],
we adopt two frequently used evaluation indicators: P@20 and
MRR@20, which respectively reflect the accuracy of the
model and the ranking of the label in the candidate projects.

Parameters Setup: We set the dimension of the hidden
layer D =100, the number of multiple attention heads K =5,
and the minimum batch size of 100. The weight matrix and
embedding layer are initialized with a Gaussian distribution
with mean value of 0 and variance of 0.01, and the initial
values of all bias terms are set to 0. Finally, Adam optimizer
was used to optimize the model. The initial value of the
learning rate was 0.001, and then it attenuated by 0.1 every
three iterations. L2 Penalty set to 107>,

B. Baseline Method

e POP recommends the most popular items in training set.
e S-POP recommends popular items in the current session.

e Jtem-KNN [14] recommends using the cosine similarity
among the items.

e FMPC [2] uses Markov chain for recommendation.

e GRU4REC [3] utilizes GRU to
representation of the session.

learn the final

e NARM [7] combines the attention mechanism and
RNN to capture users' interest.

e STAMP [8] additionally considers the user’s short-term
preference.

e SR-GNN [9] uses graph neural network to capture the
transformation relationship of items.

e SR-IEM [10] proposes an IEM module to judge the
importance of each item in the session.

C. Comparison with Baselines

Answer RQ1, we compare the TPA-GNN model with the
common baselines listed in Section 3.2. The experimental
results are recorded in Table 1, where the best results in each
column are indicated in bold. As can be seen from Table 1, our
model achieves the best prediction effect on both P@20 and
MRR @20 datasets, which reflects the validity of our model.

2 http://cikm2016.cs.iupui.edu/cikm-cup
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TABLE I. COMPARISON WITH BASELINE METHOD

Method Yoochoose 1/64 Diginetica
P@20 MRR@20 P@20 MRR@20

POP 6.71 1.65 0.89 0.20
S-POP 30.44 18.35 21.06 13.68
Item-KNN 51.60 21.81 35.75 11.57
FPMC 45.62 15.01 26.53 6.95
GRU4REC 60.64 22.89 29.45 8.33
NARM 68.32 28.63 49.70 16.17
STAMP 68.74 29.67 45.64 14.32
SR-GNN 70.57 30.94 50.73 17.59
SR-IEM 71.02 31.12 51.31 18.03
TPA-GNN 71.13 31.17 52.16 18.15

Among the traditional recommendation algorithms, POP
has the worst performance, because it only recommends
popular items without considering the difference of interest of
each user. S-pop only recommends items that have been
viewed, which limits the model's performance. The
recommendation performance of item-KNN is further
improved, but the sequence information of items is not
considered. The FPMC assumes that items are independent of
each other, which is difficult to establish.

Recommended algorithms based on deep learning are often
superior to traditional algorithms, such as GRU4REC, NARM
and STAMP. This is because the deep learning algorithm can
learn the embedding representation of the item and further get
the user's interest. GRU4REC and NARM models model the
session as a sequence and use RNN to learn the final
representation of the session, but it is difficult to overcome the
problem of RNN gradient disappearing. In addition, the session
recommendation is not just a sequence prediction problem.
STAMP model gives up RNN model completely, only uses the
attention mechanism to capture users' long-term interest, and
then makes recommendations combined with users' short-term
interest.

The recommendation algorithm based on graph neural
network further improves the session recommendation
performance, because of the graph neural network can capture
the transformation relationship between items. The SR-GNN
model the session as a graph, then uses the GRU to learn the
representation of the item, and finally uses the soft attention
mechanism for prediction. The SR-IEM evaluates the
importance of considering each project and then generates the
final representation of items. These models have achieved
better performance, but still inferior to TPA-GNN model,
because our model uses graph attention layer to capture the
dependencies between items, and then uses the Time and
Position Aware layer to generate the final representation of
each item in the session, uses soft attention mechanism to learn
the user's global preference, and finally combine user's short-
term preferences to achieve the best recommendation
performance.

D. The Influence of Time and Position Aware Layer

The Time and Position Aware layer can learn the
contribution of each project more accurately. In order to
answer RQ 2 and prove the effectiveness of the time and
Position Aware layer, we design the following comparison
experiments:

e TPA-GNN-NT: It does not include the time embedding
vector.

e TPA-GNN-NP: It does not include position vectors.

e TPA-GNN-NTP: It does not include time embeddings,
nor contains position vectors.

313
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70.7 309 =

70.5 |:| 30.7

(a) Yoochoose1/64
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51.8 18.2 §
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& =
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51 == |:| 17.8
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BTPA-GNN-NT  BTPA-GNN-NP @TPA-GNN-NTP BTPA-GNN

Fig. 2. Performance of Time and Position Aware layer

We conducted experiments with these comparison models
and TPA-GNN on two datasets, and the results are shown in
Figure 2. Obviously, the TPA-GNN model achieves better
results with the help of the Time and Position layer. The TPA-
GNN-NTP model has the worst results because it takes into
account neither the time interval nor the position information
of items of the session. The performance of TPA-GNN-NT
model and TPA-GNN-NP model is better than that of TPA-
GNN-NTP model, but lower than that of TPA-GNN model,
which proves that both time encoder and position encoder can
reflect the importance of items. It is worth noting that the TPA-
GNN-NP model performs slightly better than the TPA-GNN-
NT model in the Diginetica dataset, possibly because the
location information of items in the session is more important
than the time information.

IV. CONCLUSION

We propose a Time and Position aware graph neural
network model for session-based recommendation systems,
which can learn user’s interest more accurately. Experimental
results show that the TPA-GNN model is better than the nine
baselines on two different datasets. As for future work, we will
use more auxiliary information to learn the embedding of the
item, such as neighbor sessions.
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Abstract. Digital image blind forensics technology is a hot research direction
in the field of information security. It can realize the authenticity and integrity
verification of digital images without embedding the authentication information
in the image in advance. In recent years, it has been widely researched and quickly
developed. In this paper, a post-processing method-smoothing filter commonly
used in digital image processing is summarized. The traditional forensic methods
and representative work proposed in the early stage are summarized and discussed.
Combined with deep learning technology, the main deep learning based smooth
filtering is introduced in detail. Combined with deep learning technology, the main
detection method based on smooth filtering is introduced in detail. Finally, we
discussed the problems that still needed to be solved by blind learning technology
based on deep learning and future research trends.

Keywords: Digital image forensics - Deep learning - Smooth filtering

1 Introduction

In today’s highly developed digital technology, with the increasing popularity of image
editing software, digital images can be easily forged and falsified, making it difficult or
even impossible for human eyes to recognize. Especially when such images are used
in scientific research, legal forensics, news reports, insurance claims, etc. will have
irreversible negative impacts. Therefore, image forensics techniques for identifying the
accuracy, integrity and originality of digital images have emerged as the times require,
and have become a concern in the field of computer forensics [1]. In the existing digital
image forensics technology, image blind forensics belongs to a passive authentication
technology, which does not need to embed authentication information in the image
in advance, so it has higher authentication and higher application value than active
authentication technologies such as digital watermarking.

The blind forensic analysis methods currently involved mainly include the following
three categories: First, the detection method based on imaging device consistency [2].
This method is similar to the image source forensics method and is based on the imaging
consistency feature of digital cameras to identify whether the image is from different
imaging devices, the current research methods include CFA interpolation detection, CCD

© Springer Nature Singapore Pte Ltd. 2020
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mode noise detection, color difference detection, camera response function detection,
etc. Second, based on the natural image statistical characteristics detection method [3].
The tamper image and the natural image are regarded as two classification problems,
and the high-order statistical characteristics of the image are extracted as features, and
the training classifier completes the detection. Third, the detection method for the post-
splicing processing operation is used for the tampering after the image splicing, such
as JPEG compression [4], resampling [5], filtering [9] and other operations to erase the
traces left by tampering to the image, this method determines the tampering area by
analyzing the characteristics of a tampering operation.

Since the smooth filtering operation is a very common post-processing method, it
can be used to hide the tampering target edge. Therefore, many scholars have realized
the forensic analysis of tampering images by detecting the smooth filtering operation
traces, which are proposed to include SPAM [9], MFF [12] and MFR [14] and other
series of results. In recent years, the rise of deep learning has injected new vitality into
the forensic method. Many scholars have improved the deep learning network structure
according to the smoothing filter tampering operation characteristics. Combining deep
learning technology with image tamper detection has achieved a lot of creative results
[25, 31-40]. This paper will introduce the development of traditional detection methods
and deep learning techniques in the field of image smoothing blind forensics in recent
years. The situation is summarized, and its technical characteristics, existing problems,
and future research trends are discussed.

2 Traditional Detection Method

The smooth filtering operation is mainly divided into two categories: one is linear fil-
tering, such as average filtering, Gaussian filtering, etc. The second type is nonlinear
filtering, such as median filtering. Smooth filtering is a common post-processing tech-
nique for image denoising and smoothing, and is often used by counterfeiters to destroy
the statistical properties and tampering artifacts that occur during tampering. Median
filtering can even reduce the reliability of forensic tools, such as eliminating linear
correlation between adjacent pixels to hide evidence of resampling [6], or to remove
blockiness statistics introduced by JPEG compression to achieve the anti-forensics for
JPEG compression detection [7], therefore, the existing research work mainly focuses
on the detection and analysis of median filtering, including the detection method based
on streaking characteristics, the detection method based on adjacent pixel correlation,
and the residual-based on median filtering detection method and detection method based
on frequency domain residual.

2.1 Detection Method Based on Streaking Characteristics

As early as 1987, Bovik and other scholars [8] found that the median filtered image not
only has good edge retention characteristics, but also usually contains many constant
image blocks. This feature is called the streaking artifact characteristic of median fil-
tered image. In 2010, Kirchner et al. proposed the median filtering detection method
based on the first-order difference image histogram ratio based on the characteristics of
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streaking artifact [9], which performed well on uncompressed images. For JPEG com-
pressed images, the scholars used the subtractive pixel adjacency model (SPAM) [10]
in the field of image steganalysis to detect the median filtering operation. The SPAM
feature is to model the first-order difference values of the horizontal, vertical and diag-
onal directions of the image into n-order Markov chains, and combine their transition
probability matrices into a set of feature vectors, when the JPEG quality factor is greater
than 70, the detection algorithm performs better, but it decreases rapidly as the qual-
ity factor decreases. And because the SPAM feature dimension is very high, when the
number of pixels of the image to be tested decreases, the detection performance will
also be significantly deteriorated. Also based on the streaking property, Cao et al. [11]
calculated the first-order differential zero-value probability f of the image texture region
as the median-filtered statistical fingerprint feature, and designed another median fil-
ter detection method, which can also preliminarily distinguish median filter from other
operations such as image scaling bilinear scaling (BS), Gaussian filter (GF) and mean
filter (AF). However, the detection performance of JPEG compressed images has not
changed significantly.

2.2 Detection Method Based on Adjacent Pixel Correlation

The median filtering detection method based on streaking characteristics does not per-
form well for image post-processing such as JPEG compression. The main reason is that
SPAM and other features after various filtering operations are often masked by JPEG
compression effects, so other filtering traces need to be considered. From 2011 to 2012,
a series of detection methods based on adjacent pixel correlations were produced. In
2011, Yuan [12] observed that there are some common pixels in the overlapping fil-
ter window, and the median filtering of these overlapping windows introduces special
features (local dependent effects) into the image. The author defines 44 features based
on sequential statistics and gray values contained in the filter window, named median
filtering forensics features (MFF) and based on MFF combined with SVM to achieve
median filtering detection (recorded as MFF method). The test results show that the
algorithm can effectively distinguish other smoothing filters such as median filtering
and mean filtering. In terms of JPEG compression and low resolution images, although
the detection performance is weakened with the reduction of JPEG compression factor
and image resolution, however, the proposed algorithm is superior to the median filter-
ing detection method based on streaking characteristics, and the localization of the local
median filtering region in uncompressed images is realized for the first time. In 2012,
Chen et al. [13] found that the median filtering and other filtering operations differed
in the first-order differential cumulative distribution function of the image. At the same
time, the correlation between local image differences was also studied, and the global
directions were extracted for these two directions. The global probability feature (GPF)
and the local correlation feature (LCF) form a 56-dimensional global and local feature
GLF. Experimental results show that the feature vector can be well distinguished from
the median value after training with SVM. The filtered image and the original image are
less affected by JPEG compression and image resolution.
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2.3 Detection Method Based on Median Filtering Residual

In 2013, Kang et al. [14] defined the difference image obtained by filtering the median
value and calculating the difference from the original image as the median filter residual
(MFR). Based on the characteristics that the MFR is reduced after the image is again
median filtered, the median value of the image to be detected at the input is calculated
by MFR, which is modeled as a linear autoregressive (AR) model, using 10-dimensional
autoregressive coefficients as a detection feature (denoted as AR method). Compared
with SPAM, MFF and GLF methods, AR method is not easily affected by image con-
tent and JPEG compression, and the detection result of median filtering is better, but the
method extracts too few features. Robustness needs to be improved. In 2016, the research
team [15] further proposed a median filtering residual difference (MFRD) based median
filtering forensics technique (denoted as MFRD method). First, the multi-directional
MFRD is grouped according to the directivity and symmetry, then the autoregressive
model is established and its model parameters and histogram features are extracted
respectively. Finally, all the grouped features are combined into 48-dimensional median
filter detection features, which are trained and tested in the hybrid image database com-
posed of five image databases of UCID [27], BR [28], DID [29], NRCS [30] and BOWS2
[43] by SVM. Compared with the above SPAM, MFF, GLF and AR detection results,
MFRD method reduces the interference from image content and JPEG compression
block effect trace, greatly improves the detection accuracy for JPEG compressed image
and low-resolution image, and can better distinguish median filter and image scaling,
low-pass Gaussian filter and mean filter and other operations.

2.4 Detection Method Based on Frequency Domain Residual

Xu et al. [16] observed that after the second filtering, the frequency domain residuals of
both the original image and the filtered image will show as band-pass signals, but the
bandwidth and other parameters are different, and different filtering operations corre-
spond to different bandpass filters of different bandwidth. Therefore, the image is filtered
again by a frequency domain low-pass filter at the detection end to obtain the frequency
domain residual and convert it to the normalized Radon domain. Finally, the Radon
transform curve is fitted to an 8-order Fourier series. The 18 parameters of the Fourier
series are used as the classification feature VF for filtering detection, and the filtering
is performed by SVM. The experimental results show that the proposed algorithm has
a good detection effect on Gaussian filtering, mean filtering and median filtering, and
can judge the size of the filter, and has good robustness for JPEG compression, but the
method does not test the low-resolution image.

2.5 Summary of Traditional Detection Methods

Table 1 lists representative research results of traditional detection methods, not only lists
feature dimensions, classification algorithms, and image sets, but also specifically points
out the detection performance and detection image resolution when jpeg compression.
The reason is that JPEG is the most widely used image format in image transmission
and storage applications. Image compression will cover up the traces of smooth filtering.
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Therefore, the detection algorithm needs to consider the robustness of JPEG compression
with a small quality factor. The performance of low-resolution image detection is based
on small images. The detection period of the block is beneficial to the classification
algorithm for the localization analysis of the tamper region. Therefore, some studies
compare the low resolution image and JPEG compression to show the advanced nature
of the algorithm. In general, the traditional smooth filtering detection the feature design
and extraction of the method mainly rely on manual experience manual extraction,
and combined with traditional machine learning techniques such as SVM for training.
Because feature extraction and classifier training are performed separately, they cannot
be optimized simultaneously. With the rise of deep learning technology, the traditional
smooth filtering detection method is gradually transitioning to the detection method
based on deep learning.

Table 1. Traditional detection methods.

Paper, | Type of | Features Classifier | Dataset Performance and limitations
Year |forgery | (dimension)
[9] MF SPAM(686) | SVM 6500 images | Performance is acceptable while
2010 JPEG qualities >70, but
deteriorates with decreasing image
resolution
[11] MF, GF |f - UCID Performance degrades
2010 | AE, BS significantly in JPEG compressed
images
[12] MF, GF, | MFF(44) SVM BOWS?2, Robust to the low image
2011 | AF BR, NRCS, | quality(i.e., low resolution and
UCID JPEG);
Local median filtering area can be
localized
[13] |MF GLF(56) SVM 9000 images | Significant performance
2012 from improvement in the case of low
BOWS?2, resolution and strong JPEG
NRCS, DID | post-compression
[14] MF, GF, | MFR(10) SVM 6690 images | Performance is acceptable while
2013 | AF, From UCID, |JPEG qualities as low as 30;
Scaling BR,.BOWS?2, | The method can identify median
DID, NRCS | filtering in small image block
[15] MF, GF, | MFRD@48) | SVM 6690 images | The proposed detector performs
2016 | AF, From UCID, | better than SPAM, MFF, GLF, AR
Scaling BR, methods, especially in the
BOWS?2, detection of median filtering under
DID, NRCS | heavy JPEG compression

(continued)
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Table 1. (continued)

Paper, | Type of | Features Classifier | Dataset Performance and limitations

Year |forgery |(dimension)

[16] ME, GF, | VF(18) SVM BOWS2 The method can predict

2013 | AF parameters of MF, GF and AF
filters

3 Smooth Filtering Detection Method Based on Deep Learning

3.1 Introduction to Convolutional Neural Networks

Deep learning is an emerging direction in the field of machine learning. By simulating
the human brain to automatically learn the abstract features of each level of data, it is
more convenient and realistic to extract the essential features of data [17]. Since 2006,
Hinton [18] proposed a multi-layer Restricted Boltzmann Machine (RBM) based on
probability map model. Deep learning has become a leading tool in image processing
and computer vision. In particular, Convolutional Neural Network (CNN) [19], Deep
Belief Network (DBN) [20], Stacked Auto-Encoder (SAE) [21], long and short time
memory deep models such as Long-Short Term Memory (LSTM) [22] and Generative
Adversarial Network (GAN) [23] have produced a large number of breakthroughs in
various fields [24]. Among them, CNN directly processes 2D images through weight
sharing and convolution operations, which avoids the complex feature extraction and
data reconstruction process in traditional pattern recognition algorithms, which is deeply
concerned by researchers. Especially with the generation of large-scale image data and
the rapid development of computer hardware performance, convolutional neural network
and its improved method have achieved breakthrough results in image segmentation,
image recognition and image classification. In the field of digital image smoothing and
filtering forensics, CNN has gradually replaced SVM and become the mainstream feature
extraction and classification tools.

3.2 Smooth Filtering Detection Based on Deep Learning

Chen et al. [25] proposed the CNN-based median filtering forensics method for the
first time, and designed a network structure consisting of one preprocessing layer, five
convolutional layers and three fully connected layers. The pre-processing layer filters the
input image median value and calculates the difference (MFR) from the original image
as the input of the subsequent convolution layer, the principle is that MFR can suppress
the original content pair classification such as image edge and texture. The effect, and
the MFR of the image after filtering, is significantly reduced relative to the MFR of the
untampered image. The network selects the ReLU activation function and the maximum
pooling operation after the convolutional layer, and sets the dropout mechanism at the
full connection layer to prevent the network from overfitting. Training and testing by
image set extracted in BOSSbase 1.01 [26], UCID [27], BOSS RAW [28], DID [29] and
NRCS [30], the detection rate of this method (defined as MFR method) is significantly
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improved compared with AR, MFF and GLF algorithms, but it is only suitable for
detection of MF tampering.

In order to realize the preprocessing of training and test images, and extract the weak
residual information left after image tampering, Bayar et al. [31] designed a new convo-
lution structure with constraints on the first layer of traditional CNN, adding constraints
on the convolution kernel property, as shown in

w’(0,0) = —1 0
1
Cimpowi ) =1

Where w is the new convolution kernel and w(0,0) is the value of the center of the
convolution kernel. The convolutional layer constrained by this constraint can learn the
pixel and the relationship features around the pixel, not just the image content itself.
By using the network structure established by the constrained convolution layer and the
following two convolution layers, two maximum pooling layers and three full connection
layers, we can realize the classification and forensics of four tampering modes, such as
median filter, Gaussian blurring, additive white Gaussian noise and resampling. This
shows that the constrained convolutional network structure can suppress the influence
of image content and capture the operating characteristics, and realize the automatic
learning of image pre-processing convolution kernel. In 2017, the team transformed
the image tampering manipulation parameter estimation problem into a classification
problem [32], and divided the parameter spaces of the four tampering methods, such
as resizing, JPEG compression, median filtering, and Gaussian blurring, into disjoint
subsets. Each subset of parameters is assigned to a different class. The scaling factor, the
JPEG compression factor, the median filter kernel size, the Gaussian blur kernel size,
and the fuzzy parameters are separately estimated based on a constrained convolution
network similar to the literature [31].

Some scholars have not preprocessed the image, but use a more complex net-
work structure and training method than the literature [31, 32] for detection. In 2018,
Boroumand et al. [40] considered four basic image processing-low-pass filtering, high-
pass filtering (sharpening), denoising and tone adjustment (including contrast and
gamma adjustment), designed to accommodate resolution changes and JPEG com-
pressed image manipulation detection method. This method increases the network depth,
width (increased number of convolution kernels), and the amount of training data than the
above studies. The network structure uses 8 convolutional layers and 3 fully connected
layers. Considering that the average pooling operation will eliminate valuable noise, no
pooling operation is used after the first two layers, and the average pooling operation is
used after each of the last six convolution layers. The network training adopts the method
of training the small image and the image of any size in stages and parts to ensure that
the network can adapt to the detection of the size change of the detected image. One of
the highlights is that the detection accuracy of the MF operation without the training set
can also be more than 94%.

In order to achieve more tamper-type detection including smooth filtering, in 2019,
Wau et al. [33] defined compression, blurring, morphology, contrast manipulation, addi-
tive noise, resampling and quantization as level0, and then these types of tampering are
subdivided, such as subdividing blurring into Gaussian blur, box blurring, median blur,
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etc., increasing in turn, up to a total of 385 tamper types at level 5, including even in
painting based on deep learning. The network structure of the design is divided into two
sub-networks. The first sub-network mainly adopts the VGG network structure, which
is responsible for tampering the trace feature extraction. In the first layer of image pre-
processing, not only the tape proposed in the literature [2] is utilized, but also the SRM
(spatial rich models) [34], which performs well in the field of steganalysis, is introduced.
A total of 16 convolution kernels were designed for image preprocessing. The detection
accuracy of the sub-network for 25 types of tampering operations in the level 1 can reach
more than 85%, but even with a deeper and wider network structure, the recognition rate
of 385 tamper types can only reach 51.8%. The second sub-network is responsible for
locating the tampered area. The innovation is to use the tampering location problem as
a local anomaly detection problem. The tamper-resistant regional features are taken as
the main features, and the local features that differ from the main features are mapped
to a specific tampering type. It can be seen from the research that in the image detection
based on image space domain, by adding more types of filtering kernels to preprocess
the image, it is possible to learn richer tampering features, and can realize the detection
and analysis of more tampering modes including median filtering and Gaussian filtering.

Since the filtering operation is equivalent to removing certain frequency components
in the frequency domain, the variation of the image in the frequency domain can also
reflect the corresponding filtering operation. For example, in [35], a conversion layer
is added before CNN, and the original image is converted into a frequency domain
image by discrete Fourier transform and logarithmic transformation, and then input
to the convolutional layer of CNN, and the image frequency is filtered by CNN. The
possibility of domain feature learning realizes the detection of mean filtering, Gaussian
filtering and median filtering under different parameter settings. The detection accuracy
of low resolution image and JPEG compressed image is higher than that of MFF, AR,
MFR and AAP mentioned in [35]. In [36], the CNN-based filtering image frequency
domain feature learning method is also designed for the above three common filtering
operations. The main difference is that the conversion layer adopts the filtering residual
in frequency (FRF) of the input image block, and improves the recognition of the network
model for the primary and secondary filtering operations based on the frequency domain
features of the image.

In addition to traditional CNN, some scholars have customized the CNN, or intro-
duced a new deep learning model (GAN) into the smoothing filter detection. In view of
the weak nonlinear learning ability of traditional CNN networks, Tang et al. [37] intro-
duced the multi-layer perceptron layer (mlpconv) contained in the NIN network [41] into
the convolutional layer of the CNN network in 2018, and used MLP’s nonlinear learning
ability to learn the nonlinear characteristics of median filtering operation. Compared
with the literature [25], the method solves the problem of median filtering detection of
low resolution images and low quality compression factor JPEG images better. Higher
detection accuracy can also be obtained without increasing the filter residual calcula-
tion. The study also performs the nearest neighbor interpolation and amplification on the
original image, which expands the difference between the traced traces of the median
filter between the falsified image and its original version, which is beneficial to improve
the detection performance. In 2019, Shan et al. [38] further analyzed the influence of the
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block effect generated by JPEG compression on the median filtering feature, deblocking
the JPEG image by the maximum a posteriori (MAP) framework to eliminate the block
effect, and using the image deblocking method effectively suppressing the interference
of JPEG compression, and then deblocking the image into the fused filtered residual
(FFR) layer composed of MFR, average filtered residual (AFR), and Gaussian filtered
residual (GFR) for the second step of preprocessing. The difference is blended to high-
light the fingerprint left by the MF. Finally, the output of the FFR layer becomes the
subsequent network input to further classify multiple features using a tailored parallel
two-way CNN. Its detection performance is superior to the MFF, AR and MFR methods.
In 2018, Jin et al. [39] applied the GAN to the median filter detection of low-resolution
image and JPEG image for the first time. It does not analyze grayscale images like the
above research methods, but directly to RGB images. The dark channel residual (DCR)
set 3 x 3,5 x 5,7 x 7 three kinds of filter kernel analysis and detection, not only
make full use of the rich information contained in the color image, but also improve the
indicators of AUC, recall and F1 detection. Moreover, it is possible to directly perform
detection and analysis on color images widely used in a real environment.

3.3 Summary of Deep Learning Smoothing Filter Detection Methods

Digital image smoothing detection is a category of pattern recognition. The successful
application of deep learning in the field of pattern recognition has also led to the devel-
opment of smooth filtering detection technology. Since 2015, a series of achievements
including CNN, GAN, NIN, LSTM and other deep learning technologies have emerged.
The main innovations of these studies are: 1) design or introduce MFR, SRM and other
filters to achieve effective calculation of residual signals; 2) comprehensively use a vari-
ety of filters to extract features from the detected images, and use new network structure
guarantees the diversity of the residual signal; 3) reduces the residual signal loss by
reducing the pooling operation (such as canceling the pooling layer at the network front)
or using the average pooling instead of the maximum pooling in the network training
process. Compared with the traditional detection method, the training data is expanded
in various ways, the feature learning is more autonomous, and the various detection
performances are significantly improved, which also shows the great potential of deep
learning technology in the field of digital image blind forensics.

4 Conclusion and Outlook

Based on the various traces left in the digital image by the tampering operation, the foren-
sic personnel can discover digital image tampering without prior knowledge. Among
various image blind evidence methods, image smoothing detection technology based on
machine learning plays an important role. From the technical point of view, the image
smoothing filter detection can be summarized as a two-category problem. The key is
to extract the features of extracting specific tamper traces through machine learning.
The difficulty and challenge lies in how to extract all kinds of features from the weak
traces left by tamper operation, which take into account the distinguishing ability and
generalization ability. At present, there is no perfect solution.
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With the advent of the artificial intelligence era, deep learning technology has brought
effective solutions for a series of digital image forensics problems such as smooth filter-
ing detection. However, to date, deep learning based methods have not exhibited superior
performance in the image recognition field. The main reasons are as follows: 1) Most of
the current network structures adopt the network structure framework of image recogni-
tion. The detection method is susceptible to interference from image content, which is
not conducive to extracting weak tampering operation features such as smooth filtering,
and cannot guarantee end-to-end learning. Feature learning still requires some manual
intervention; 2) Compared with image recognition mature datasets such as ImageNet,
image tampering deep learning training sample sets are not enough to train more com-
plex network structures, and the existing training data are mostly generated based on
the simplified tampering mode, lacking the data set close to the real tampering scene.
With the advent of image forgery based on deep learning [44], the detection of image
tampering becomes more and more difficult. Although deep learning technology has
broad prospects in the field of forensics, it still needs to carry out in-depth research in
combination with new technologies and new theories, in order to solve the problems of
end-to-end learning and feature learning as soon as possible.

Acknowledgment. This material is based upon work supported by Program for Young Inno-
vative Research Team and Big Data and Artificial Intelligence Legal Research Collaborative
Innovation Center in Shandong University of Political Science and Law; Key Laboratory of
Evidence-Identifying in Universities of Shandong (SDUPSL); Projects of Shandong Province
Higher Educational Science and Technology Program under Grant No. J16LN19, JI8KA357,
J18KA383.

References

1. Zhang,J., Li, Y., Niu, S., Cao, Z., Wang, X.: Improved fully convolutional network for digital
image region forgery detection. Comput. Mater. Continua 60(1), 287-303 (2019)

2. Gao, S., Xu, G., Hu, R.-M.: Camera model identification based on the characteristic of CFA
and interpolation. In: Shi, Y.Q., Kim, H.-J., Perez-Gonzalez, F. (eds.) IWDW 2011. LNCS, vol.
7128, pp. 268-280. Springer, Heidelberg (2012). https://doi.org/10.1007/978-3-642-32205-
1.22

3. Ye, S., Sun, Q., Chang, E.C.: Detecting digital image forgeries by measuring inconsistencies
of blocking artifact. In: Proceedings of 2007 IEEE International Conference on Multimedia
and Expo, Beijing, China (2007)

4. Bianchi, T., Piva, A.: Detection of nonaligned double JPEG compression based on integer
periodicity maps. IEEE Trans. Inf. Forensics Secur. 7(2), 842-848 (2012)

5. Bappy, J.H., Mohammed, T.M., et al.: Detection and localization of image forgeries using
resampling features and deep learning. In: CVPRW, pp. 1181-1189 (2017)

6. Kirchner, M., Bohme, R.: Hiding traces of resampling in digital images. IEEE Trans. Inf.
Forensics Secur. 3(4), 582-592 (2008)

7. Stamm, M.C., Liu, K.J.R.: Anti-forensics of digital image compression. IEEE Trans. Inf.
Forensics Secur. 6(3), 1050-1065 (2011)

8. Bovik, A.C.: Streaking in median filtered images. IEEE Trans. Acoust. Speech Signal Process.
35(4), 493-503 (1987)


https://doi.org/10.1007/978-3-642-32205-1_22

10.

1.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.
26.
27.
28.

29.

30.

Research Progress in Blind Forensics of Digital Image Smooth Filtering 369

Kirchner, M., Fridrich, J.: On detection of median filtering in digital images. In: Proceedings of
SPIE-Electronic Imaging 2010: Media Forensics and Security II, San Jose, CA, USA, 17-21
January 2010. International Society for Optics and Photonics, Bellingham, 7541101-7541112
(2010)

Pevny, T., Bas, P., Fridrich, J.: Steganalysis by subtractive pixel adjacency matrix. IEEE Trans.
Inf. Forensics Secur. 5(2), 215-224 (2010)

Cao, G., Zhao, Y., Ni, R., Yu, L., Tian, H.: Forensic detection of median filtering in digital
images. In: Proceedings of 2010 IEEE International Conference on Multimedia and Expo,
Singapore, Singapore, 19-23 July 2010, pp. 89-94. IEEE, Piscataway (2010)

Yuan, H.: Blind forensics of median filtering in digital images. IEEE Trans. Inf. Forensics
Secur. 6(4), 1335-1345 (2011)

Chen, C., Ni, J., Huang, R., Huang, J.: Blind median filtering detection using statistics in
difference domain. In: Proceedings of Information Hiding, Berkeley, CA, USA, May 2012
Kang, X., Stamm, M.C., Peng, A., Ray Liu, K.J.: Robust median filtering forensics using an
autoregressive model. IEEE Trans. Inf. Forensics Secur. 8(9), 1456-1468 (2013)

Peng, A.J., Kang, X.G.: Median filtering forensics based on multi-directional difference of
filtering residuals. Chin. J. Comput. 39(3), 503-515 (2016)

Xu, E-Y., Su, Y.-T.: Smoothing filtering detection for digital image forensics. J. Electron. Inf.
Technol. 35(10), 2287-2293 (2013)

Schmidhuber, J.: Deep learning in neural networks: an overview. Neural Netw. 61, 85-117
(2015)

Salakhutdinov, R., Mnih, A., Hinton, G.: Restricted Boltzmann machines for collaborative
filtering. In: Proceedings of the 24th International Conference on Machine learning, pp. 791—
798. ACM (2007)

Sahiner, B., Chan, H.P., Petrick, N., et al.: Classification of mass and normal breast tissue:
a convolution neural network classifier with spatial domain and texture images. IEEE Trans.
Med. Imaging 15(5), 598-610 (1996)

Hinton, G.E., Salakhutdinov, R.R.: Reducing the dimensionality of data with neural networks.
Science 313(5786), 504-507 (2006)

Poultney, C., Chopra, S., Cun, Y.L.: Efficient learning of sparse representations with an
energy-based model. In: Advances in Neural Information Processing Systems, pp. 1137-1144
(2007)

Hochreiter, S., Schmidhuber, J.: Long short-term memory. Neural Comput. 9(8), 1735-1780
(1997)

Fang, W., Zhang, F., Sheng, V.S., Ding, Y.: A method for improving CNN-based image
recognition using DCGAN. Comput. Mater. Continua 57(1), 167-178 (2018)

Oquab, M., Bottou, L., Laptev, L., et al.: Learning and transferring mid-level image repre-
sentations using convolutional neural networks. In: Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition, 1717-1724 (2014)

Chen, J., Kang, X., Liu, Y., Wang, Z.J.: Median filtering forensics based on convolutional
neural networks. [EEE Signal Process. Lett. 22(11), 1849-1853 (2015)

Bas, P, Filler, T., Pevny, T.: Break our steganographic system: the ins and outs of organizing
BOSS. In: International Conference on Information Hiding, pp. 59-70 (2011)

Schaefer, G., Stich, M.: UCID - an uncompressed colour image database. In: Proceedings of
SPIE, Storage and Retrieval Methods and Applications for Multimedia, San Jose (2004)
http://boss.gipsa-lab.grenoble-inp.fr/BOSSRank/index.php 7mode=VIEW &tmpl=materials
Gloe, T., Bohme, R.: Dresden image database (DID), the ‘Dresden image database’ for bench-
marking digital image forensics. In: Proceedings of ACM Symposium Applied Computing,
March 2010, vol. 2, pp. 1584-1590 (2010)

NRCS United States Department of Agriculture, Natural Resources Conservation Service
Photo Gallery (2002). http://photogallery.nrcs.usda.gov


http://boss.gipsa-lab.grenoble-inp.fr/BOSSRank/index.php%3fmode%3dVIEW%26tmpl%3dmaterials
http://photogallery.nrcs.usda.gov

370

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.
42.

43.
44,

J. Wu et al.

Bayar, B., Stamm, M.C.: A deep learning approach to universal image manipulation detection
using a new convolutional layer. In: ACM Workshop on Information Hiding and Multimedia
Security, pp. 5-10 (2016)

Bayar, B., Stamm, M.C.: A generic approach towards image manipulation parameter estima-
tion using convolutional neural networks. In: The 5th ACM Workshop, pp. 147-157. ACM
(2017)

Wu, Y., AbdAlmageed, W., Natarajan, P.. ManTra-Net: manipulation tracing network for
detection and localization of image forgeries with anomalous features. In: CVPR, pp. 9543—
9552 (2019)

Fridrich, J., Kodovsky, J.: Rich models for steganalysis of digital images. IEEE Trans. Inf.
Forensics Secur. 7(3), 868—-882 (2012)

Liu, A., Zhao, Z., Zhang, C., Su, Y.: Smooth filtering identification based on convolutional
neural networks. Multimedia Tools Appl. 78(19), 26851-26865 (2016). https://doi.org/10.
1007/s11042-016-4251-z

Yang, B., Zhang, T., Chen, X.-Y.: Local blur detection of digital images based on deep learning.
J. Appl. Sci. Electron. Inf. Eng. 36(2), 321-330 (2018)

Tang, H., Ni, R., Zhao, Y., Li, X.: Median filtering detection of small size image based on
CNN. J. Vis. Commun. Image Represent. 51, 162—-168 (2018)

Shan, W., Yi, Y., Qiu, J., Yin, A., et al.: Robust median filtering forensics using image
deblocking and filtered residual fusion. IEEE Access 7, 17174—17183 (2019)

Jin, X., Jing, P., Su, Y.: AMFNet: an adversarial network for median filtering detection. IEEE
Access 6, 50459-50567 (2018)

Boroumand, M., Fridrich, J.: Deep learning for detecting processing history of images media.
Watermarking Secur. Forensics. 9, 213-1-213-9 (2018)

Lin, M., Chen, Q., Yan, S.: Network in network. In: Proceedings of ICLR (2014)

IEEE’s signal processing society-camera model identification (2018). https://www.kaggle.
com/c/sp-society-camera-model-identification

Bas, P., Furon, T.: Break our watermarking system. http://bows2.ec-lille.fr/2nd

Li, C., Jiang, Y., Cheslyar, M.: Embedding image through generated intermediate medium
using deep convolutional generative adversarial network. Comput. Mater. Continua 56(2),
313-324 (2018)


https://doi.org/10.1007/s11042-016-4251-z
https://www.kaggle.com/c/sp-society-camera-model-identification
http://bows2.ec-lille.fr/2nd

im 2= 7SR B S0t

SHENDUXUEXIYUSHENDUHECHENG

= HOoF

Pasiar




EHEMmMSE (CIP) HiE

VRIS ) VR A L) BB —— LT ¢ oy
SUBRTHEA R ], 2020.10

ISBN 978-7-5180-8072-4

1.0 I1.Q% - M. OHLE#E> V.OTPIS]

rb ] A P AR CIPREAZ 7 (2020 ) ££5209826%5

RIS B AR F
FAERA - FHEENH : 1

o 2 2 R A PR vl i A AT

Mk JESTTHEIH K A B4 HAL07S5HE IEEL 4R : 100124
RERTE. 010—67004422 {£11: 010—87155801

http: /fwww.c—textilep. com

rh 27 40 R R AR A

B i hitp//weibo.com/2119887771

LI A3 v PR SR EN AT BRAS RV BN 75 MU -5 T 224
20204F 10 H 45 LR S 17K EN kil

FFA: 787 x 1092 1/16 Epsk: 11.75

TR 3007 Ef: 68.0000

P A, WAt 5, BT, diASHE P A E R O R R



F1E REFEJIEN
L1 ATHERESHEYY

111 AT BEIUEA: oo veeveemeemeemmeneenrensensenne
L2 PRERES ST ELP R senvstsnsnssunssscinnoiiinsssbsmmunsbenommmoldsus ey son susass s
« (B)
ce (5)
= {8)
san {112
cee (13)

1.2 YRS MR A

1.2.2 BRI MR F e eeeeee e
LB ISR o sormme it s ks o sy

F2E HEREZEIFENRE

9.1 TRPEZESHELR ovevrveremneeernnesrineesenns

2.1.3 Torch
2_1_4 MXNet tssseases st ssssna s

2.1.6 Keras
2.1.7 PyTorch

I R —

2.2 FEMETL covereeereeenenneens

9185 %ﬁﬁﬁi GPU ﬂﬁ%%ﬁ seeiane sneane e GaEETe SNV SYE sad SR RaR aN B Ses e AN b
2.3 %@@E%Q}Fj{iﬂ:ﬁ EaA e Sl e e e e e

2.3.1 ZEACE GPU fin

v 1)
I 4
cees (1)

4)

« (18)
RN T ki weaitmash e st bRk i e
2.1.2 Caffe ssessessacsscccscaccsnsensss

(13)

- (14)
- (14)
-~ {153
B8 Tonsnnlilang wenssasennmer s meessonssemes s s s S

(15)

- (16)

= {185)
wumsr (1T
wees (17D
« £18)
« £18)
x (21
« £21)



2.3.2
2.3.3

2% Anaconda

QYRR S I HELEL e eeeuseserensienen s nn s s

2.4 Python ZEEETT 4 eeevreveeees

3.1 BUFEBULR »oeeeeverereee
3.2 ()penCV cscssassecens

3.2.1
3.2.2

Budel
3.3.2
3.3.3
3.3.4
3.3.5
3.3.8
=
3:3:8
3.3.9

4.1.1
4,1.2

4.2.1
4.2.2
4.2.3
4.2.4

4.3 FEBUFIRG oreerveevrnseccnaniitiiiiiiitiiesnnees,

4.3.1
2.

T R —

MNIST %45 4

- (23
- (28)
« €29
~ {310
= K81
* {32)
()penC\/H@1:$Rf§§E%% T TR LT R TE R TR LR TR PR
Opency BT HERLIR <o cermmnnees
3.3 BEMRBLACBRAE «oreeeeerememnesanenesnnneniess
BUR G 7S woeereeesensensnsnnsnesennsnsanes
P49 1 €6, B 28 WL Al oo vveeee e
;}mﬁ@{%&%m O T T T ORI
T ASDETERL wonerernmnnrnnnnnneees
A S AR
Tt ot T PP PRI ST IR PROPISSOPRES

3.4 OpenCV ABGHEI woveeeereneseeemessnrnmnssinnns
A HEREER e

L] FZE R L R Ay e eeeoveeen e surmrnns s st e
VPRI weevrevvemrnrnnnnss
4.2 BRI LER <ovveeorevrrrennsennimnaiiiaiiiennais
U STAE) 7OF R
BHTE R wovvvevensoemesee s nmnsnnre s et
LY G woneeeven oo vsneenss

(33)

- (30
« (34)
= (3870
v {35)
- (37D
- (38)
+ (39)
- (40
- (42)

(45)

- (48)
- (49
«« (52)
+ (52)
oo (52)
» (55)

= C87)

« £BT)

« (B8
woes (G2)
- (64D
soes (65)
- (65)



4.3.4

4.3.5

BEEPIAL R -

1.4 SHIE

4.4.1
4.4.2
4.4.3
4.4.4

b.l.1
9.1
ol
1.4

(@3] (2]

wn

3.4..1
5.2.2
5.2.3
5.2.4
5.2.56

5.3.1

9.3.3

;gg;ﬁ; L R ) A R TIRITRITTTPLY

AlexNet

VGGINEE  +veerensesnssenssessssssstestasstssetssstsstassssestnssnnanennsaneees
GOOgLENeEt +eeeerressressennntreansutitatnisitne e
ReSINEt ++e+sesesseensantassssustossstssssssorsssssssssssssssssnsssssasassananns
« (96)
5.3 CIFAR—10 BHEAP S eveeeereroreesaresesssimnsiisuirsisisrnearasennisannonnae
CIFAR—10 ﬁﬁ%
5.3.2 IEFB A ] everernecrttitiiiiii i it s s e s e s e e
= £98)
- (103)
- (103)

DenseNet seeereceeees

BT VGG B EGRr26

6.1 EEabP R4k
6.2 PSR A kI ik

6.2.1

6.2.2  BEBNRGIM oveverveemmmmonn ittt s s s s e e

i LHTd
B W SR TE weeeerersonnonnassensanenneeennn i sestnsee st e san s s v
BUEB Y[ onesosnsnnonsmmasnion
B L5 JUJE oovvveoesnnsreassnseassannsessssanesssusssesasseessosannsosnnnsanses
- (73)
PGB FNTTALIRZE veeorererareonnsrerasansssssmsatesseintenasesessessns
TFLA G R AG ceverremrereeerrmsiiiininicicenaes
FBBBGIRTEE woevveereererornreoneossssssostostesaussnessiosnessesvns
HUBI LI A oosonssnsosansansessssonsrnsansssassass smsssrronsnsness
ESE LHFRHERLE vooovvrrvennnns

5.1 TR LB R LG L ovvovevmevnevnromememnnsne it ittt it sttt sen e sennee
LeNet FIZEZERE] veeressssneseesanssarsansonssssasessnesessnesssssasesses
E 53 5.0 = ST TR TERPLR TR IT LY
MUABEL wessesersasnsnnasannussnmessssmsssnnons snasassss sas bis spasns sansnsons sas
I LeNet eeeverrernmsnmnaseonninociien

(2 LT SR AE R L L8 ZE L] oveveneonsuemeeennsnnenets e st e st e s
- (81}

(68)

- (69

(72)

(73)

“eee (74)

(75)

w L75)
= KRl

(78)
(78)

- (80)

(84)

< (85)

(90)

(92)

+ (93D

(94)

(972

« (BT

(98)

- (106)
- (106)

(107)




6.3 ETHEFAINITNTE

6.3.1
6.3.2
6.3.3
6.3.4
6.3.5

B BB casvannis snnnssmenine o ko kusssiseiass ssmmansinmusnss nes
S SR AR PR B s55 svsnsnncsinns dnvmesnnsnns ss's seansasmmmen vuwonscn
SRR R snsnnnwvssonnsa asnmsnsans

onih st PP,

BFTE ERAEREEI
7.1 AR

fed.l
L2
Fel.B

7.2.1
7.2.2
7.2.3
7.2.4
7.2.5

7|
1.3.2
7.3.3

45 B wonwasson savnes
GAN il 25

CGAN

DIC G AT sevnsnnassusonswsnses sonns daasusnion ss s anseines vos snsass was vns
CycleGAN «ereesecsssstasstsnsssnnninnecnancenss

B QB TREAE - eerrrerreerererrernnn,

8.1 WA RLREM
8.2 BEA MM

8.2.1

ﬁfﬁ%ﬁi@?ﬂﬂ%ﬁi% 50k
8.9.2 ﬁfg’%ﬁiﬁﬁ%‘
8.2.3 @E{‘é‘ﬁiﬁ@“ﬁfk

8.3 TRIEA HUAG I 52 Y

83,1

RS B BRABAIL covnssn sasmamnyssvrvin soasnssassnsinss ns

8.3.2 MTCNN A B&#

e 4 .

- (109
- (109
« (112)
- (116)
- {1173

(120)

« (128)
= £123)
Pf: TR T e som asumicuns v i sm i i s bbb o e o
B Sl L s oo simsammtninmnmwsdbanlss s s A SRR SRS
7.2 H TP 45 GAN «eeverecnrennnen.

AT BB R cwsmsavmss e s simuasm s s
T R —

] BB oo csnonany smwovummmvan nmsuss sneuensosvasmsemnsamns soysssIeamsBums a s

(1235

- (124)

(125)

» L127)
« (127)
- (128)

(129)

- (130)
« (1313
7.3 GAN HBYBBIEK veoccccarcacncncressnsossosstestosessensnsocsvssssssossssassssssannes

(134)

« (134)
+ (135)
~ (138)
e+ (140)
- (140)
- (142)
» (142)
- (144)
-eee (148)
~ {152)
« 153D
~ £153)



Q0

.3.3 Bl P4k #

]

(V]

A

* (156)

(163)
(173)

« (179)




A Deep Learning Approach to Detection of
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Abstract. In recent years, image forensics has received full attention
from researchers. A large number of algorithms for image smoothing,
JPEG compression, copy-move, and shear tampering were published.
However, there are still many image tampering algorithms that are not
involved. In this paper, we publish a dataset of image warping, which
contains more than 10000 images, and propose a novel convolutional
neural network called DWF-CNN to identify warped images. In experi-
ments, we compared the performance with 4 alternative networks. The
proposed network with the preprocessing layer of the SRM layer and
Bayar convolutional layer got the best result, which reached to the accu-
racy of 99.36%. The experiments also showed that the network with the
regular convolutional layer performed even worse than a random guess.
It illustrates the importance of the well-designed preprocessing layer in
this research area again.

Keywords: Image forensics - Convolutional Neural Networks - Image
Warping.

1 Introduction

With the popularity of digital cameras and mobile phones, more and more dig-
ital images and videos have been captured and published, and the number of
pictures on the Internet has increased dramatically. Users can easily prettify,
modify, and tamper the content of images with common image processing soft-
ware, e.g. Photoshop. These software are designed to be easy to use and allows
image tampering without expertise. Moreover, some jobs specializing in image
processing, such as advertising design and graphic designers, have been derived.
Related courses are offered in most computer-related majors too.

* Supported by Program for Young Innovative Research Team in Shandong University
of Political Science and Law(Network Information Security and Forensics, Intelligent
Information Processing);Big data and Artificial Intelligence Legal Research Collab-
orative Innovation Center of Shandong University of Political Science and Law; Key
Laboratory of Evidence-Identifying in Universities of Shandong (SDUPSL); Projects
of Shandong Province Higher Educational Science and Technology Program under
Grant No.J16LN19, JISKA357, JI8KA383; Projects of Shandong University of Po-
litical Science and Law under Grant No. 2016Z03B, 2015Z03B,2019KQ13Z.
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Consequently, image forgery is becoming a rampant problem. Some approaches
were proposed to protect the authenticity of image content by adding water-
marks[4, 8], hashes and etc, which called active image forensic. Images need to
be preprocessed before they are published. In contract, passive techniques that
need no image preprocessing are more useful but more challenging.

In recent years, a variety of image tampering detection techniques have
been proposed, each algorithm targets one or several tampering methods. Image
smoothing[16, 16, 23], splicing[6,21,11] , JPEG compression[14, 3,12,18,1], and
copy-move tampering[5, 19, 15, 20, 22] are the most concerned tampering meth-
ods.

However, many tampering methods are not involved, such as image warping,
image overlay, and content recognition in recent years. These algorithms are also
used frequently in image processing.

Most proposed methods based on deep learning use a preprocessing layer to
reduce the interference from image contents on image forensics. It is because,
with an image processing software, the forgery images tend to close to the au-
thentic ones not only visually but also statistically.

Fridrich[9] proposed 15 kernels for steganalysis. Zhou[25] selected 3 of those
well-designed kernels as the first layer of their network for image tamping detec-
tion and achieved state-of-the-art performance compared to alternative methods.
This layer often called SRM or SRMConv2d and is proved to be very effective
in several follow-up works[15, 24].

Bayar[2] proposed a novel constrained convolutional layer with kernels having
fixed weight -1 in their center. The network can handle multiple types of image
forensics tasks.

Image warping is a prevalent method of image tampering. In photoshop,
it called ”liquefy”. With this method, the face and shape of a person can be
adjusted. This challenges the authenticity of images on the Internet.

Fig. 1. Sample images of image warping. The left is authentic and right is warped.

In this paper, we propose a novel CNN network for image warping forgery.
The network consists of two blocks: preprocessing block and regular CNN. We
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test the first block of 5 forms, and compared their performances and analyzed
the results.

Section 2 describes the method of building the public image warping dataset.
Section 3 gives the architecture of our proposed CNN network and section 4
demonstrates the result of our experiments. Section 5 gives the conclusion.

2 Image Warping Dataset

4
-2
4

Fig. 2. Sample images of the dataset. Images in the top line are authentic and the
bottom ones are warped.

As far as we know, there is no image warping dataset yet. Manually build-
ing a dataset of sufficient size is very labor-intensive. Fortunately, it is possible
to construct the dataset using algorithms. The algorithm proposed by [10] is
employed in this paper as it has many advantages: only pixels in the circular
selection will be distorted, the father to the center of the circle, the smaller the
distortion of pixels, and no changes on the edge of the circle, the image changes
are uniform and natural.

We cut the images in the authentic set(AU) of CASIA v2.0[7] to 256 x 256
as negative samples and the warped images as positive ones.

The images bigger than 256 x 256 were cut to 256 x 256, and smaller ones
were discarded. We randomly selected parameters of image warping and warped
each image.

Equation 1 gives the warping algorithm with is called liquefy in Photoshop,
while Z is coordinates of the pixels in the warped image, and  is coordinates of
the pixels in the source image. ¢ and r donate the center coordinate and radius
of the circle, and m donates the coordinate of user’s mouse.

i (i pie) .

P E ) + it

The warped image on the Internet is visually different from the original
image. We set 7 to 100. Even so, it can be seen from the figure2 that the visual



4 TF. Yang et al.

difference between the distorted image and the original image is still tiny. If there
is no original image for comparison, it is almost difficult to judge whether it has
been warped.

We then randomly select the center of circle ¢ and make sure the whole circle
is in the image. We build vector d with the length of r/2 and random selected
direction 8 ( Equation 2), then let m = d+é

- rcos(f) rsin(6
7= (res(®) ranto)

Finally, we got 10066 images, while 5033 images are warped, and the others
are original. All images have a size of 256x256. The dataset now is available on
Github!.

1,0 € 10,27] (2)

3 Proposed Convolutional Neural Network

SRMConv2d 9@5x5

RelU
BayarConv2d 3@5x5

RGB Image RelU

=2

s
1024 RelU

Conv2D 32@3x3 RelU
Dropout 0.5

Channel Concatenate

Average Pooling 3x3
Conv2D 16@3x3 ReLU
Average Pooling 3x3
Conv2D 16@3x3 RelU
Average Pooling 3x3
Fully Connected Layer

Fig. 3. The architecture of CNN network proposed in this paper. The network con-
tains two block. The preprocessing block contains preprocessing layer to improve the
classification performance and classification block is a well-designed CNN network for
classification.

3.1 The Structure of Typical CNN Network

A typical CNN network consists of several convolutional layers and fully con-
nected layers. The input of the first convolutional layer is the image from the
dataset, while the input of other layer is the output of the previous layer which
called feature map. Let us donate the feature map (output) of the layer n by
F™, the kernel and bias of convolution by W™ and B™, convolution operator by
*. We have:

F" = o(F" '« W" + B") (3)

where 0 is the input image and F™~! donate the output of the above layer
where n > 0.

! https://github.com/taiji1985/ImageWarpingDataset

2 Softmax

Fully Connected Layer
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In the pooling layer, image( or feature map) is downsampled to reduce the
number of parameters and the computation load. Max-pooling and average-
pooling are the most commonly used.

The fully connected layer is a linear layer with an activation function. The
number of its parameters is product of the size of the input vector and output
vector. As it has so many parameters, it is very easy to over-fitting. A technique
called dropout is adopted. It randomly drops out some dimensions of the input
vector in each training step, which makes the rest dimensions more discriminate.

3.2 The Overview of Proposed CNN Network

Proposed DWF-CNN network is shown in Fig. 3 which consists of two blocks:
the preprocessing block and classification block. We use SRMConv2d[25] layers
with 9 filters and BayarConv2d[2] layers with 3 filters and concatenate their
output in channel dimension as the preprocessing block.

In classification block, we use 3 convolutional layers with a kernel size of 3 x 3
and ReLU activation function. Each of those layers is followed by one average
pooling layer with a size of 3 x 3 and a step of 2. Two fully connected layers are
employed at the end of the network with 1024 and 2 neurons respectively. The
first fully connected layer use ReLU activation function and the last one uses
softmax for output.

3.3 The Preprocessing Block

We build the SRMConv2d layer with 9 filters by the 3 kernels given in Equation
4. The input of this layer is an image with 3 color channels: red, green and blue,
so the shape of the filter is (3,5, 5).

00 0 00 12 -2 2 -1 00000
Llo-12 10 2 -6 8 —6 2 |00 000
Ki=-102 -4 20| ,Ky=—|-28 -12 8 2|  Ky==[01-210
41012 —10 299 68 —62 2100 0 00
00 0 00 12 -2 2 -1 00000

(i)

Let 0 donate the 5x5 zero matrix, the 9 filters can be represented by Equation
5. In other words, we let the kernel K; given above as the weights for one input
channel, and the weights for the other two channels are set to zero matrix. It
can separately process the three channels of the image to extract features with
higher discrimination.
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(K, 0 0]
0 K; 0
0 0 K,
K, 0 0
0 Ky 0 (5)
0 0 Ko
Ky; 0 0
0 K3 0
| 0 0 Ksj

BayarConv2d is a constrained convolutional layer while the center value of
the filters fixes to -1, and the sum of other values in one kernel fix to 1. The
amount of all weights normalize to zero. We use 3 such filters in our network.

Let w;; donates the weight of 1 filter of BayarConv2d layer, we have:

2.2 =0
i

w0,0 = -1

(6)

We merge the output of the SRMConv2d layer and BayarConv2d layer in
the channel dimension and get 12 channels at all. We also tested other forms
of preprocessing block(Fig. 4) in our experiments. The above form got better
accuracy.

The Preprocessing Block (b) combines SRMConv2d, BayarConv2d, and reg-
ular convolutional layers and gets 32 channels for output. This structure tried to
get a better result but failed. Block (c-e) contains a single type of preprocessing
layer to test the performance of each one. Block (c¢) and (d) got results lower
than the proposed effect.

SRMConv2d 9@5x5 SRMConv2d 9@5x5

SRMConv2d 9@5x5 ReLU RelU

RelU Conv2d
32@5x5

RelU

BayarConv2d 3@5x5
RelU

Conv2d 20@5x5 BayarConv2d 3@5x5
RelU RelLU

BayarConv2d 3@5x5
RelU

Fig. 4. Five forms of preprocessing block. (a) Block with the SRMConv2d and Ba-
yarConv2d layer. (b) Block with the SRMConv2d, BayarConv2d, and regular Conv2d
layer. (c¢) Block with the SRMConv2d layer. (d) Block with BayarConv2d layer. (e)
Block with the regular Conv2d layer.
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3.4 The Classification Block

The first convolutional layer in classification block has 32 filters of 3 x 3, and the
second and third convolutional layer has 16 filters with the same size. They all
use the ReLU activation function. We use symmetric padding in each of those
layers.

In VGGI17] network, the number of filters grows twice after each two-layer,
while the number of our network decreases. We had tested the architecture like
VGG, but it performed pool as it had too many parameters to converge.

Those convolutional layers are followed by three 3 x 3 average pooling layer
instead of 2 x 2 pooling used in classic CNN network like Alexnet[13] or VGGI17].
The bigger size increases the receptive field.

We employ two fully connected layers and use a dropout layer between them
with a drop rate of 0.5.

4 Experiments

We split our image warping dataset randomly into two parts by 9:1, the first
part for training, and the second part for evaluation.

We tested five forms of preprocessing block demonstrated by Fig. 4 : (a) the
proposed block with SRMConv and BayarConv2d,(b) block with SRMConv2d,
BayarConv2d and normal Conv2d which has 32 channels at all. (c¢) block with
only the SRMConv2d layer with 9 filters. (d) block with only BayarConv2d layer
with 3 filters. (e) block with a normal Conv2d layer.

Training and validation loss Training and validation accuracy

354 Training loss —— Training accuracy
Validation loss 0.9 4 Validation accuracy

Accuracy

—
051 \_\_‘ 041

0 10 20 30 40 50 0 10 20 30 40 50
Epochs Epochs

Fig.5. The loss and accuracy of CNN network with regular convolutional layer in
preprocessing block.

We used Google Colaboratory? in our experiments, which is free. It has 24G
GDDRS5 memory and a speed of 2.91 tflops for each runtime. The optimizer

2 https://colab.research.google.com
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Training and validation loss Training and validation accuracy
5 —— Training loss 10
~~- Validation loss
21 0.9
34 >08
2 g
g 5
3 3
S
24 <07
19 0.6
—— Training accuracy
o] S - 05 ~~- Validation accuracy
0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40
Epochs Epochs

(a) The loss and accuracy of proposed CNN network with the SRMConv2d
and BayarConv2d layers.

Training and validation loss Training and validation accuracy
—— Training loss 10
51 -~ Validation loss
0.9
44
508
R ©
2 1
g 5
- g
0.7
5] <
1] 0.6
—— Training accuracy
P e 0.5 -~ Validation accuracy
0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40
Epochs Epochs

(b) The loss and accuracy of CNN network with SRMConv2d, Ba-
yarConv2d and regular Convolutional layer.

Training and validation loss Training and validation accuracy
—— Training loss 1.00
~== Validation loss
0.8 0.95 1
0.90
3
@ © 0.85
3 5
3 3
o
< 0.80
0.75
0.70 4 —— Training accuracy
-~ Validation accuracy
0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40
Epochs Epochs

(c) The loss and accuracy of CNN network with SRMConv2d layer.

Training and validation loss Training and validation accuracy
ll \
0.8 [
r’ \
Ny \
0.6 H
\ >
o
@ —— Training loss @
g . - 5
S04l Validation loss g
0.24
—— Training accuracy
001 051 ~~- Validation accuracy
0 20 40 60 80 100 0 20 40 60 80 100
Epochs Epochs

(d) The loss and accuracy of CNN network with BayarConv2d layer.

Fig. 6. The loss and accuracies of CNN network with 4 forms of the preprocessing
block.
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Adam with learning rate 0.001 and loss function of sparse categorical cross-
entropy were employed in our networks.

The result of our experiments is impressive. It shows that the CNN network
with regular convolutional layer performed worse than random guess during
continuous training, but our model achieved an accuracy of up to 99.36%, the
best results of each model shown in Table 1.

Table 1. Classification accuracies of several CNN networks with different pre-
processing block.

Form of Processing Block Accuracy
(a) SRMConv2d and BayarConv2d 99.36%
(b) SRMConv2d,BayarConv2d and Conv2d| 98.20%
(c) SRMConv2d 98.94%
(d) BayarConv2d 92.38%
(e) Conv2d 53.54%

Firstly, we tested the block with the regular convolutional layer( prepro-
cessing block(e)) and showed the result in Fig.5 . The experiment showed that
accuracy continuously declined to 34.92% while we trained 100 epochs. The val-
idation accuracy shows that this model misclassified the images more than the
correct classification and worse than the random guess dues to that the CNN
network always ignores the deformation of images. CNNs are better at identi-
fying the content of images, including deformed content. It is an advantage in
content recognition, but a disadvantage in distortion detection.

We also tested the CNN network with the BayarConv2d layer with 3 filters,
which got an accuracy of 92.38% shown in Fig.6 (d). The training accuracy
reaches 97% after 13 epochs, and increase slowly after that, while the validation
accuracy grows slowly and unhesitatingly.

The CNN network with the SRMConv2d layer got an accuracy of 98.94%
quickly, after 10 epochs. The network trained faster than the others while the
SRMConv2d layer is not trainable, and the total number of parameters in the
network was smaller.

The results of the proposed network with preprocessing block(a) show in
Fig.6 (a), which got an accuracy of 99.36%. Note that the preprocessing block of
this network contains SRMConv2d layer and BayarConv2d layer but no regular
convolutional layer.

In contrast, we used all of the layers included SRMConv2d, BayarConv2d,
and regular convolutional layer in preprocessing block but got worse accuracy
of 98.20% shown in Fig.6 (b). Combined with the above experiments, it can be
concluded that the regular convolutional layer has a negative impact on accuracy.
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Conclusion

Image warping is a common method of beautifying and forging in image pro-
cessing. We proposed a dataset with more than 10000 images and proposed an
effective identification method. We intensely studied the influence of the pre-
processing layer on the classification results through experiments. The effect of
traditional CNN with regular convolutional layers is deplorable because of the
visual similarity between the distorted image and the original image, even lower
than randomly guess. The well-designed preprocessing layer proposed can reduce
the impact of content on the image and focus on image tampering forensics.
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Image Tampering Detection for Splicing based on Rich
Feature and Convolution Neural Network
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ABSTRACT

Image splicing is a widely used image tampering method. The
detection of these methods has also been widely concerned by
researchers. We propose a detection method based on rich feature
and convolution neural network. In order to avoid the interference
of image content on classification, we use a high pass filter to
preprocess the image, then a well-designed novel convolutional
neural network is used to classify the images. In the experiment,
the network performed better than traditional methods on the
Columbia image splicing detection evaluation dataset.

CCS Concepts

* Compuing methodologies—Neural networks; Matching;
Image processing;

Keywords

Image forensics; Convolutional Neural Networks; Image.

1. INTRODUCTION

With the rapid increase of image data on the Internet and the wide
application of image editing software, the authenticity of the
images people see on the Internet has been greatly challenged. For
a variety of purposes, people will pre-processing their images
before release. After being transmitted through the Internet,
tampered digital image sometimes bring serious mass incidents,
especially in the academic, political and military fields.

Image splicing is a simple process that crops and pastes regions
from the same or separate sources. It can make objects that do not
belong to the image appear in the image. The forged image often
leaves traces at the splicing place. Therefore, forgers often use
image blur, median filtering, double JPEG compression and other
means to mask the splicing traces. This makes it difficult for
people to distinguish the forged images with the naked eye.
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The existing work focuses on the following three classes: the
methods based on camera noise pattern, the methods based on
color filter array (CFA) and the methods based on post-processing
detection.

The first class of splicing localization algorithms is based on
camera noise model. Because of the different electrical
characteristics of cameras, there will be noise in the photos taken.
With the help of the detection of noise model, we can judge the
difference between the original image and the patch of the spliced
image[13, 5, 3, 4, 11].

The second class of splicing localization algorithms is based on
CFA interpolation patterns. CFA is used to convert the output of
the camera's sensor to the pixel value in RGB format, and CFAs
for different cameras are also different. The CFA of spliced image
is different because of the different source of image blocks, so
image splicing can be detected by CFA[6,7].

The third class of splicing localization algorithms is based on
detection of post-processing operations, including image
smoothing detection[16,18] and double JPEG  compression
detection[14, 2, 10, 17, 1].

At the same time, convolution neural network has made a
landmark breakthrough in the field of image recognition. The
traditional convolution neural network is designed for recognition.
The lower layers are used to extract low-level features such as
edge, angle, line, etc., the upper layers are used to extract object
representation features, and the full connection layers are used for
regression or classification.

The detection target of image tampering detection is to determine
whether there is tampering. The tampered image is similar to the
original image in content, so the general convolution neural
network perform poor, sometimes the accuracy is lower than the
random guess (< 0.5).

Fridrich[8] gives 15 convolution kernels for hidden information
detection. Zhou[20] selected three cores for image preprocessing,
and achieved good results in forgery image forensics. In this paper,
we only use the most effective kernel of those kernels.

In this paper, we carefully design a deep network based on rich
features and convolution neural network. Firstly, a selected rich
feature kernel is used to suppress image content and enhance the
forgery trace of the image. Then, we use the neural network
including 5 convolution layers and 2 full connection layers to
classify the image. Batch normalization, Dropout technology and
ReLU activation function are used to enhance the generalization
ability of the network.
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Figure 1. Sample images of the columbia image splicing
detection evaluation dataset. The images in first line are
authentic, while the second line are spliced.
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Figure 2. Convolutional unit with and without pooling layer.

2. PROPOSED NEURAL NETWORK

2.1 Overview

The whole network demonstrated by Figure 3 is composed of
preprocessing block and classification block. SRM layer is used in
preprocessing block to reduce the impact of image content on
classification. Five convolution units are used in the classification
block. The first two units do not contain the pooling layer, and the
last two units contain the average pooling layer.

The last part of the classification block contains two full
connection layers, the first contains 1024 neurons, and the second
contains one neuron as the output layer. Dropout technology is
used between the two connection layers with a parameter of 0.5.

Sigmoid activation function is used in the output layer, and ReLU
activation function is used in the other full connection layer and
convolution layers.

2.2 Dataset Enhancements

Deep learning algorithm has a high demand for the size of data set.

When the model is trained with a small data set, the optimization
function is used to fall into the local minimum, resulting in poor
generalization ability.

So, we expanded the dataset. Each image is horizontally mirrored,
and then rotated by 90 , 180 and 270 degrees respectively. The
original image and the processed image are all put into the
enhanced dataset.

2.3 The Preprocessing Block

Convolutional neural network is designed to solve the problem of
content recognition. The low-level convolution layer can induce
the bottom image features such as edge, angle and edge, and the
high-level features depict a part of the object, and the top level is
used for classification.

However, in the image forensics, the forgery image and the
original image can contain the same object, so using the general
convolution neural network can not detect the forgery problem
very well.

Therefore, when tampering forensics, it is necessary to preprocess
the image to reduce the impact of image content on classification
as much as possible.

SRM][20] has proved to be an effective preprocessing layer. SRM
core is a well-designed matrix as shown in Equation 1, whose
center is a negative number, and the signs of adjacent weights are
opposite to highlight the high-frequency characteristics of images
which can enhance the splicing trace in the image. Figure 1 shows
sample images from columbia image splicing detection evaluation
dataset, and Figure 4 shows an simple of the original image and
the filtered image from the dataset.

-1 +2 -2 +2 —1]
+2 -6 +8 -6 +2
K=—|-2 +8 -12 +8 -2 (1)
+2 -6 +8 -6 +2
-1 +2 -2 +2 -1}

2.4 Classification Block

We design two convolution units, the first unit is composed of
batch normalization and convolution layer, while the second is
composed of batch normalization, convolution layer and upper
sampling layer.

The whole classification network consists of five convolution
units and two fully connected layers. Since the size of the image
in the dataset is 128x128 , in order to avoid losing too much
information in the convolution process, the first two convolution
blocks in the classification block do not contain the upper
sampling layer, and the last three are followed by the upper
sampling layer. The technical details are further described below.

2.5 Convolution Units

The convolution unit consists of a batch standardization layer, a
convolution layer and an optional upper sampling layer
demonstrated by Figure 2.

In the conv2d layer, we use the "valid" padding function instead
of the "same" function. Compared with the "same" method,
"valid" does not bring padding regions. The characteristics of
these regions are similar to those brought by splicing, which will
interfere with classification.

The ReLU function is used in the convolution layer, which is
widely used in many convolution neural networks. It simulates the
characteristics of biological neurons, and has fast operation speed
and can solve the gradient vanishing problem well.

In the deep learning network, with the increase of network depth,
the training becomes more and more difficult and the convergence
becomes slower. The main reason is that the deep learning is
based on the back propagation algorithm, which depends on the
gradient calculation. The ReLU activation function and batch
normalization try to solve this problem from different angles.

In addition to using the ReLU activation function, the network we
give also uses the batch normanlization technology which is
performed before each convolution layer.
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Figure 3. The overall network architecture proposed.

Source Image Filtered Image

Figure 4: Simple of source and filtered image from Columbia
dataset.

Batch normalization is mainly used to solve the internal covariate
shift problem. After the image is preprocessed, the pixel value
tends to be very small and the image looks darker visually. After
batch normalization, the mean of pixel values is converted to 0,
and the variance is converted to 1. This kind of data entering the
convolution layer will significantly reduce the value of the
second-order normal form of convolution kernel weights.

The size of the upper sampling layer is 3 x 3 , which has a better
receptive field than that of 2 x 2 . Step size is 2, and the receptive
fields of the neighboring pixels after sampling are overlapped.
Compared with the non overlapping receptive field, the loss of
information is less. According to our previous research results, the
upper sampling type uses mean pooling instead of maximum
pooling.

2.6 Fully Connected Layers

Two fully connected layers are used in this paper. The first layer
follows the last convolution unit and contains 1024 neurons and
the second layer contains only one neuron as output.

There is a dropout layer with a parameter of 0.5 between the two
full connection layers to avoid overfitting and poor generalization
due to too many parameters. The first full connection layer uses
the ReLU activation function, while the second uses the sigmoid
function to adapt to the classification labels.

The size of the upper sampling layer is 3 x 3 , which has a better
receptive field than that of 2 x 2 . Step size is 2, and the receptive
fields of the neighboring pixels after sampling are overlapped.
Compared with the non overlapping receptive field, the loss of
information is less. According to our previous research results, the
upper sampling type uses mean pooling instead of maximum
pooling.

3. EXPERIMENTS
3.1 Dataset

The experiment used the image splicing evaluation dataset from
Columbia's DVMM laboratory. The image in this dataset is an
uncompressed grayscale image of 128 x 128 pixels , with a total
of 1845 images. The numbers of the authentic and spliced images
are approximately the same while 933 are authentic and 912 are
spliced. The spliced image is obtained by splicing the authentic
image along the edge of the object or transversely (longitudinal),
and specific can be divided into five categories: homogenic
smooth, homogenic textured, textured-smooth, textured-textured
and smooth-smooth.

The deep neural network has a large number of parameters, thus
small dataset is not sufficient to fully optimize the parameters. So
the enhancement of the dataset is a regular operation, which
generally includes: mirroring, rotation, adding noise, adjusting
tone, etc. But for image tampering forensics, adding noise will
interfere with classification, so only mirroring and rotation
operation is used. We select an image from the dataset and present
the mirrored and rotated images in Figure 5.

Figure 5. Original and expanded images.

3.2 Experiment Setting

The experiments were completed on the Google Colaboratory
platform. Each execution unit contains two 2.30 GHZ Intelli (R)
xeon CPUs, 12.72 GB memory and 8 remote TPUs. Python
3.0 ,Google Tensorflow 1.15.0 and the 2.2.4-tf version of Keras
embedded in Tensorflow were used.

The premise of using TPU is that the number of samples in the
training set is an integer multiple of 8, so that the data can be
divided into 8 TPUs equally. Therefore, we divided the expanded
dataset into approximately 9:1 training set and test set.



Adam with learning rate of 0.001 was used as the optimization
function ,while binary cross entropy as loss function. We set the
maximum number of iterations to 150 and take the best evaluation
results obtained during the iteration as the reported accuracy.

We validated the accuracy on test set every 5 iterations, and each
iteration took about 10 seconds in experiments.

3.3 Network Structure Evaluation

In the experiment, we evaluated the effect of pre-processing layer
and data expansion on the results. We first evaluated the network
without the data augmentation and pre-processing layers
(abbreviated as NN below), then evaluated the network that only
included the pre-processing layer(abbreviated as NP), and finally
evaluated the structure that included both. The accuracy and loss
function curves of the proposed networks are shown in Figure 6.

Experiments show that both the pre-processing layer and the data
expansion play a positive role in improving the classification
accuracy. The results are shown in Table 1.
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(a) The loss and accuracy of network without data augmentation and preprocessing layers.
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(b) The loss and accuracy of network with preprocessing layers.
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(¢) The loss and accuracy of proposed network with data augmentation and preprocessing layers.

Figure 6. Effect evaluation of pre-processing layer and data
enhancement.

3.4 Comparison with Different Algorithms

The algorithm presented in this paper is compared with several
published algorithms in accuracy. It can be seen that compared
with the existing algorithm, the proposed algorithm has a
significant improvement, as shown in Table 2.

It is worth noting that in the process of network structure
optimization and parameter tuning, we find that the results of
multiple execution of the same network structure are not the same.

This may be caused by the following reasons: firstly, as the total
number of samples is small, when the training set obtained by
random segmentation has better representativeness, the test results
will be better. Secondly, because of the large number of
parameters, the neural network often falls into local minimum
value while the data is not enough, thus the random initial value
of the parameters having a certain impact on the results. The best
results of multiple execution are given in this paper and even the
worst(accuracy: 0.9428) is still higher than the comparison
algorithm.

Table 1. Accuracy of networks

Network Accuracy
NN 0.7622
NP 0.8565
Proposed Network 0.9673

Table 2. Results of related work on DVMM

Network Accuracy
Wavelet Markov[15] 0.7880
Weber[12] 0.8636
Markov in DCT and DWT[9] 0.9355
2-D Noncausal Markov[19] 0.9336
Proposed Network 0.9673

4. CONCLUSIONS

In this paper, a convolutional neural network is designed to detect
the image mosaic. The interference of image content to the
detection process is reduced by using the carefully selected filter
core, and the performance of classification is further improved by
expanding the data set. Experiments show that the preprocessing
layer and data set expansion do have a positive effect. Compared
with the related work, the results also prove that the network
presented in this paper has better classification performance.
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Abstract. In recent years, image forensics has received full attention from
researchers. A large number of algorithms for image smoothing, JPEG compres-
sion, copy-move, and shear tampering were published. However, there are still
many image tampering algorithms that are not involved. In this paper, we publish
adataset of image warping, which contains more than 10000 images, and propose a
novel convolutional neural network called DWF-CNN to identify warped images.
In experiments, we compared the performance with 4 alternative networks. The
proposed network with the preprocessing layer of the SRM layer and Bayar con-
volutional layer got the best result, which reached to the accuracy of 99.36%. The
experiments also showed that the network with the regular convolutional layer
performed even worse than a random guess. It illustrates the importance of the
well-designed preprocessing layer in this research area again.

Keywords: Image forensics - Convolutional neural networks - Image warping

1 Introduction

With the popularity of digital cameras and mobile phones, more and more digital images
and videos have been captured and published, and the number of pictures on the Internet
has increased dramatically. Users can easily prettify, modify, and tamper the content of
images with common image processing software, e.g. Photoshop. These software are
designed to be easy to use and allows image tampering without expertise. Moreover, some
jobs specializing in image processing, such as advertising design and graphic designers,
have been derived. Related courses are offered in most computer-related majors too.
Consequently, image forgery is becoming a rampant problem. Some approaches were
proposed to protect the authenticity of image content by adding watermarks [4, 8], hashes
and etc., which called active image forensic. Images need to be preprocessed before they
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are published. In contract, passive techniques that need no image preprocessing are more
useful but more challenging.

In recent years, a variety of image tampering detection techniques have been pro-
posed, each algorithm targets one or several tampering methods. Image smoothing [16,
23], splicing [6, 11, 21], JPEG compression [1, 3, 12, 14, 18], and copy-move tampering
[5, 15, 19, 20, 22, 27] are the most concerned tampering methods.

However, many tampering methods are not involved, such as image warping,
image overlay, and content recognition in recent years. These algorithms are also used
frequently in image processing.

Most proposed methods based on deep learning use a preprocessing layer to reduce
the interference from image contents on image forensics. It is because, with an image
processing software, the forgery images tend to close to the authentic ones not only
visually but also statistically.

Fridrich [9] proposed 15 kernels for steganalysis. Zhou [25] selected 3 of those
well-designed kernels as the first layer of their network for image tamping detection
and achieved state-of-the-art performance compared to alternative methods. This layer
often called SRM or SRMConv2d and is proved to be very effective in several follow-up
works [15, 24].

Bayar [2] proposed a novel constrained convolutional layer with kernels having fixed
weight -1 in their center. The network can handle multiple types of image forensics tasks.

Image warping is a prevalent method of image tampering. In photoshop, it called “lig-
uefy”. With this method, the face and shape of a person can be adjusted. This challenges
the authenticity of images on the Internet (Fig. 1).

Fig. 1. Sample images of image warping. The left is authentic and right is warped.

In this paper, we propose a novel CNN network for image warping forgery. The
network consists of two blocks: preprocessing block and regular CNN. We test the first
block of 5 forms, and compared their performances and analyzed the results.

Section 2 describes the method of building the public image warping dataset.
Section 3 gives the architecture of our proposed CNN network and Sect. 4 demonstrates
the result of our experiments. Section 5 gives the conclusion.
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2 Image Warping Dataset

As far as we know, there is no image warping dataset yet. Manually building a dataset of
sufficient size is very labor-intensive. Fortunately, it is possible to construct the dataset
using algorithms. The algorithm proposed by [10] is employed in this paper as it has
many advantages: only pixels in the circular selection will be distorted, the father to the
center of the circle, the smaller the distortion of pixels, and no changes on the edge of
the circle, the image changes are uniform and natural.

We cut the images in the authentic set(AU) of CASIA v2.0 [7] to 256 x 256 as
negative samples and the warped images as positive ones.

The images bigger than 256 x 256 were cut to 256 x 256, and smaller ones were
discarded. We randomly selected parameters of image warping and warped each image.

Equation 1 gives the warping algorithm with is called liquefy in Photoshop, while
x is coordinates of the pixels in the warped image, and u is coordinates of the pixels in
the source image. ¢ and r donate the center coordinate and radius of the circle, and m
donates the coordinate of user’s mouse.

e R Y (1)
u=x— m—c
r2 —|x —c|? 4+ |m — c|?
The warped image on the Internet is visually different from the original image. We
set r to 100. Even so, it can be seen from the Fig. 2 that the visual difference between

the distorted image and the original image is still tiny. If there is no original image for
comparison, it is almost difficult to judge whether it has been warped.

Fig. 2. Sample images of the dataset. Images in the top line are authentic and the bottom ones
are warped.

We then randomly select the center of circle ¢ and make sure the whole circle is in
the image. We build vector d with the length of r/2 and random selected direction 6
(Eq. 2), thenletm = d + c.

g {rcos(@) rsin()

R },6 € [0, 2] (2)

Finally, we got 10066 images, while 5033 images are warped, and the others are
original. All images have a size of 256 x 256. The dataset now is available on Github!.

1 https://github.com/taiji1 985/ImageWarpingDataset.
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3 Proposed Convolutional Neural Network

3.1 The Structure of Typical CNN Network

A typical CNN [26, 28, 29] network consists of several convolutional layers and fully
connected layers. The input of the first convolutional layer is the image from the dataset,
while the input of other layer is the output of the previous layer which called feature
map. Let us donate the feature map (output) of the layer n by F", the kernel and bias
of convolution by W" and B”", convolution operator by *, activation function by ¢. We
have:

F"=¢F" '« W'+ B" (3)

where FY is the input image and F™ - ! donate the output of the above layer while n > 0.

In the pooling layer, image (or feature map) is downsampled to reduce the number
of parameters and the computation load. Max-pooling and average-pooling are the most
commonly used.

The fully connected layer is a linear layer with an activation function. The number
of its parameters is product of the size of the input vector and output vector. As it has so
many parameters, it is very easy to over-fitting. A technique called dropout is adopted.
It randomly drops out some dimensions of the input vector in each training step, which
makes the rest dimensions more discriminate.

3.2 The Overview of Proposed CNN Network

Proposed DWF-CNN network is shown in Fig. 3 which consists of two blocks: the
preprocessing block and classification block. We use SRMConv2d [25] layers with 9
filters and BayarConv2d [2] layers with 3 filters and concatenate their output in channel
dimension as the preprocessing block.

Preprocessing Block Classification Block

SRMConv2d 9@5x5

E ReLU
—
BayarConv2d 3@5x5 |

RGB Image RelU

=2

Ily Connected Layer
Dropout 0.5

Fu
1024 RelU

Channel Concatenate
Conv2D 32@3x3 ReLU
Average Pooling 3x3
Average Pooling 3x3
Fully Connected Layer
2 Softmax

!
Conv2D 16@3x3 RelLU
!

=
2
[}
3
o)
>
&
®
©
-
o
S
>
=
<}
o

Average Pooling 3x3
s=2

Fig. 3. The architecture of CNN network proposed in this paper. The network contains two block.
The preprocessing block contains preprocessing layer to improve the classification performance
and classification block is a well-designed CNN network for classification.

In classification block, we use 3 convolutional layers with a kernel size of 3 x 3 and
ReLU activation function. Each of those layers is followed by one average pooling layer
with a size of 3 x 3 and a step of 2. Two fully connected layers are employed at the end
of the network with 1024 and 2 neurons respectively. The first fully connected layer use
ReL.U activation function and the last one uses softmax for output.
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3.3 The Preprocessing Block

We build the SRMConv2d layer with 9 filters by the 3 kernels given in Eq. 4. The input
of this layer is an image with 3 color channels: red, green and blue, so the shape of the
filter is (3, 5, 5).

(00 0 00] 12 —2 2 —1] [00 0 00]
lo-12 10 2 -6 8 —6 2 00000
Ki=2102 420.K=|-28 128 —2|.K3=|01-210
0-12 —10 2 -6 8 —62 00000
(00 0 00] | -12 -2 2 -1 1000 00 |

4)

Let 0 donate the 5 x 5 zero matrix, the 9 filters can be represented by Eq. 5. In other
words, we let the kernel K; given above as the weights for one input channel, and the
weights for the other two channels are set to zero matrix. It can separately process the
three channels of the image to extract features with higher discrimination.

Ki 0 0
0 K1 0
0 0 K,
K, 0 0
0 K 0 (5)
0 0 K»
K; 0 0
0 K3 0
[ 0 0 K3 |

BayarConv2d is a constrained convolutional layer while the center value of the filters
fixes to —1, and the sum of other values in one kernel fix to 1. The amount of all weights
normalize to zero. We use 3 such filters in our network.

Let wj; donates the weight of 1 filter of BayarConv2d layer, we have:

2.2 wij=0
T

woo = —1

(6)

We merge the output of the SRMConv2d layer and BayarConv2d layer in the channel
dimension and get 12 channels at all. We also tested other forms of preprocessing block
(Fig. 4) in our experiments. The above form got better accuracy.

The Preprocessing Block (b) combines SRMConv2d, BayarConv2d, and regular
convolutional layers and gets 32 channels for output. This structure tried to get a better
result but failed. Block (c—e) contains a single type of preprocessing layer to test the
performance of each one. Block (c) and (d) got results lower than the proposed effect.
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Fig. 4. The Preprocessing Block (b) combines SRMConv2d, BayarConv2d, and regular convo-
lutional layers and gets 32 channels for output. This structure tried to get a better result but failed.
Block (c-e) contains a single type of preprocessing layer to test the performance of each one.
Block (c) and (d) got results lower than the proposed effect.

Conv2d 20@5x5
RelU

3.4 The Classification Block

The first convolutional layer in classification block has 32 filters of 3 x 3, and the second
and third convolutional layer has 16 filters with the same size. They all use the ReLU
activation function. We use symmetric padding in each of those layers.

In VGG [17] network, the number of filters grows twice after each two-layer, while
the number of our network decreases. We had tested the architecture like VGG, but it
performed pool as it had too many parameters to converge.

Those convolutional layers are followed by three 3 x 3 average pooling layer instead
of 2 x 2 pooling used in classic CNN network like Alexnet [13] or VGG [17]. The bigger
size increases the receptive field.

We employ two fully connected layers and use a dropout layer between them with a
drop rate of 0.5.

4 Experiments

We split our image warping dataset randomly into two parts by 9:1, the first part for
training, and the second part for evaluation.

We tested five forms of preprocessing block demonstrated by Fig. 4: (a) the proposed
block with SRMConv and BayarConv2d, (b) block with SRMConv2d, BayarConv2d and
normal Conv2d which has 32 channels at all. (c) block with only the SRMConv2d layer
with 9 filters. (d) block with only BayarConv2d layer with 3 filters. (e) block with a
normal Conv2d layer.

We used Google Colaboratory? in our experiments, which is free. It has 24G GDDRS5
memory and a speed of 2.91 tflops for each runtime. The optimizer Adam with learning
rate 0.001 and loss function of sparse categorical cross-entropy were employed in our
networks.

The result of our experiments is impressive. It shows that the CNN network with
regular convolutional layer performed worse than random guess during continuous train-
ing, but our model achieved an accuracy of up to 99.36%, the best results of each model
shown in Table 1.

2 https://colab.research.google.com.
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Table 1. Classification accuracies of several CNN networks with different pre-processing block.

Form of Processing Block Accuracy
(a) SRMConv2d and BayarConv2d 99.36 %
(b) SRMConv2d,BayarConv2d and Conv2d 98.20%
(c) SRMConv2d 98.94%
(d) BayarConv2d 92.38%
(e) Conv2d 53.54%

Firstly, we tested the block with the regular convolutional layer (preprocessing
block(e)) and showed the result in Fig. 5. The experiment showed that accuracy con-
tinuously declined to 34.92% while we trained 100 epochs. The validation accuracy
shows that this model misclassified the images more than the correct classification
and worse than the random guess dues to that the CNN network always ignores the
deformation of images. CNNs are better at identifying the content of images, includ-
ing deformed content. It is an advantage in content recognition, but a disadvantage in
distortion detection.

Training and validation loss Training and validation accuracy

| = Training loss - —— Training accuracy
Validation loss 0.9 4 Validation accuracy

Accuracy
I
~

o
o
\

— :
0.5 x -

0.0 1

0 10 20 30 40 50 0 10 20 30 40 50
Epochs Epochs

Fig. 5. The loss and accuracy of CNN network with regular convolutional layer in preprocessing
block.

We also tested the CNN network with the BayarConv2d layer with 3 filters, which
got an accuracy of 92.38% shown in Fig. 5 (d). The training accuracy reaches 97% after
13 epochs, and increase slowly after that, while the validation accuracy grows slowly
and unhesitatingly.

The CNN network with the SRMConv2d layer got an accuracy of 98.94% quickly,
after 10 epochs. The network trained faster than the others while the SRMConv2d layer
is not trainable, and the total number of parameters in the network was smaller.

The results of the proposed network with preprocessing block(a) show in Fig. 6 (a),
which got an accuracy of 99.36%. Note that the preprocessing block of this network
contains SRMConv2d layer and BayarConv2d layer but no regular convolutional layer.
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(a) The loss and accuracy of proposed CNN network with the SRMConv2d and BayarConv2d

layers.
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(b) The loss and accuracy of CNN network with SRMConv2d, BayarConv2d and regular Con-
volutional layer.
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(d) The loss and accuracy of CNN network with BayarConv2d layer.

Fig. 6. The loss and accuracies of CNN network with 4 forms of the preprocessing block.



Author Proof

A Deep Learning Approach to Detection 9

In contrast, we used all of the layers included SRMConv2d, BayarConv2d, and
regular convolutional layer in preprocessing block but got worse accuracy of 98.20%
shown in Fig. 6 (b). Combined with the above experiments, it can be concluded that the
regular convolutional layer has a negative impact on accuracy.

5 Conclusion

Image warping is a common method of beautifying and forging in image processing. We
proposed a dataset with more than 10000 images and proposed an effective identification
method. We intensely studied the influence of the preprocessing layer on the classification
results through experiments. The effect of traditional CNN with regular convolutional
layers is deplorable because of the visual similarity between the distorted image and the
original image, even lower than randomly guess. The well-designed preprocessing layer
proposed can reduce the impact of content on the image and focus on image tampering
forensics.
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VTD-Net: Depth Face Forgery Oriented Video Tampering
Detection based on Convolutional Neural Network
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Abstract: Face is the basis of identity authentication in many software, and the rise of generative adversary network makes the
forgery of face easier than ever, which brings great challenges to information security. We propose a novel deep convolution
neural network called VTD-Net to recognize faces generated by adversarial learning. The network is full-pipeline which com-
posed of face location, interception, scaling and detection. In the experiment, we use the latest challenging face forgery dataset
Celeb-DF, evaluated the forgery detection performance at frame level and video level, and achieved state-of-the-art results.

Key Words: Image Forensics, Generative Adversary Network, Face Swap

1 Introduction

The development of image processing technology and the
popularization of image editing tools make image tamper-
ing easy. However, the manual image tampering technology
has a huge workload in the processing of video, and it is
difficult to match the mouth shape and expression of people
in video. However, the emergence of generative adversary
network(GAN) makes the image forgery become automatic.
A large number of face swap software has appeared on the
Internet for ordinary people to use, and there are also face
swap projects with open source code on community such as
GitHub. This makes video face swap extremely simple.

At present, a large number of methods for manual im-
age forgery have been proposed. Most methods aim at one
or several specific forgery methods, image smoothing[1, 2],
splicing[3-5] , JPEG compression[6-9], and copy-move
tampering[10-14] are the most concerned tampering meth-
ods.

Aiming at face swap algorithm, researchers have pro-
posed some detection algorithms[15-22]. Detecting whether
a video or image is forged is essentially a binary classifica-
tion problem. These algorithms usually evaluate the accu-
racy of the original video and the forged video. The eval-
uation results published by these algorithms have reached
a very high level, some of which have reached almost per-
fect results. Does this mean that the problem has been com-
pletely solved?

From the observation of the datasets used by these algo-
rithms, it can be seen that the datasets they use are often
distinguishable by the naked eye. The brightness and hue of
the fake face are obviously different from those around the
face, and there is flickering phenomenon in the video. This
kind of video on the network can be seen through at a glance,
causing little damage.

Supported by Program for Young Innovative Research Team in Shan-
dong University of Political Science and Law(Network Information Secu-
rity and Forensics, Intelligent Information Processing);Big data and Ar-
tificial Intelligence Legal Research Collaborative Innovation Center of
Shandong University of Political Science and Law; Key Laboratory of
Evidence-Identifying in Universities of Shandong (SDUPSL); Projects of
Shandong Province Higher Educational Science and Technology Program
under Grant No.JI6LN19, J18KA357, J18KA383; Projects of Shandong
University of Political Science and Law under Grant No. 2016Z03B,
2015Z03B,2019KQ13Z.

In addition, the evolution of deep forgery technology is
also a reason. To solve this problem, researchers construct
a new Celeb-DF[23] dataset. They generate high-resolution
images (256 x 256). By randomly changing the brightness,
contrast, color distortion and sharpness of the input image,
the face is enhanced, which improves the diversity of train-
ing data and eliminates the obvious difference between the
fake face and the surrounding image. It is almost impossi-
ble to distinguish through human eyes. The performance of
existing algorithms on this dataset is very poor.

In this paper, a whole pipeline is designed to detect the
videos with fake faces. Both of the forgery detection at frame
level and video level have achieved good results.

Our contributions are as follows: firstly, we provide an ef-
fective preprocessing layer to improve the recognition abil-
ity of the network to the forged image. Secondly, an ef-
ficient classification network with fewer parameters is de-
signed. Thirdly, 82.56% accuracy and 90.2% AUC(Area
Under Curve) are achieved on the challenging Celeb-DF
dataset, which is much higher than the currently reported
AUC value of 55.7%.

2 Related Work

Fridrich[24] designed 15 high pass convolution kernels for
steganalysis. Zhou[25] chose 3 of them as the front layer of
its image tamper detection neural network, which achieved
good results. This is in line with the theoretical analysis:
when the image is spliced, high-frequency traces will remain
on the edge of the splicing.

Bayar[26] designs a special convolution layer, which lim-
its the center of the convolution kernel to - 1 and the sum of
the whole convolution kernel to 0. This design weakens the
interference of image content on tamper detection.

Zhou[27] combines the two streams of GoogLeNet and
expression of local noise residue and camera features to re-
alize the detection of tampered face.

Afchar[15] proposed Mesonet: by constructing CNN net-
work to detect face forgery, and improved it with inception
technology. The network has achieved good results on the
relatively simple Face2Face and deepfake datasets.

Yang[19] extracted face pose as a clue to solve the prob-
lem of incongruity between face and head pose in face swap
video, and classified it using SVM.



Li[20] analyzes whether the face in the video is distorted
by extracting the landmark on the face for forgery detection.
This algorithm has a good effect on the early forgery algo-
rithm which uses distorted face to insert face.

By observing the two early face forgery datasets,
Face2Face and faceswap, Matern[18] found many forgery
traces, such as the inconsistency of the brightness of the two
eyes, the shadow of the nose and so on, and extracted the
visual features for classification.

Nguyen[22] proposes a multi task learning algorithm to
detect tampered images and further locate tampered regions.

Rossler[28] released a dataset called Faceforensics++, and
implemented face swap video detection by modifying Xcep-
tionNet.

The above algorithm performs well in traditional datasets
but pool in Celeb-DF dataset with high challenges, and the
AUC measure is no more than 56% in the experiment.

3 Proposed Neural Network

3.1 Overview

Our model uses a video as input, uses FFmpeg to decode
the video, positions and segments the head image in the de-
coded frame, then puts the head image into the preprocess-
ing layer after zooming, and then puts the preprocessed im-
age into a CNN to get the result of whether each frame im-
age has been tampered, and then infers whether the video is
tampered according to the detection result of the image. As
shown in the Fig.1.

3.2 Video Frame Extraction

The video consists of several consecutive frames. We use
FFmpeg to decode the video, and decode the video into many
pictures. Because the adjacent frames have high similar-
ity in the image, we take out one image every 10 frames(5
frames if video is short). In order to increase the diversity of
datasets, we do not take too many images from a video, but
only a few images from each image. The number of origi-
nal video and forged video provided in the dataset is unbal-
anced. In order to get the positive and negative examples of
equivalence, we extract 40 images from each original video
as the counter example and 10 from each forged video as the
positive example.

3.3 Face Detection and Extraction

MTCNN][29] is employed to detect the face in the frame.
MTCNN uses a cascaded CNN structure, which completes
face detection and face alignment simultaneously through
multi task learning. The network outputs the position of the
face in the image and the key points of the face, including
the positions of eyes, nose and mouth.

We only use the face detection function of MTCNN, but
not the human face alignment function. Face alignment is to
put the face in the center of the image for face recognition,
but it will cause the distortion of the edge pixels. The core of
face swap detection is to judge whether the image is changed
or not. The edge image generated by alignment will bring
interference to face swap detection, so we do not use face
alignment.

Not only that, in order to avoid the network to detect the
identity of the face, we also rotate the face image in training
set. First, the face is cut from the image, and then is rotated

90 degrees, 180 degrees and 270 degrees respectively.
These face extracted from the video and the rotated face
form the training set.
In order to facilitate further image classification, all face
images are zoomed to size of 128 x 128.

3.4 High-pass Block

We build the SRMConv2d[25] layer with 9 filters by the
3 kernels given in Equation 1. The input of this layer is an
image with 3 color channels: red, green and blue, so the
shape of the filter is (3, 5, 5).

O 0 0 0 0
o 12 1o
Ki=-l0 2 -4 2 o0
4o 21 2 1o
0 0 0 0 0
1 2 2 1]
L2 6 8 6 2
Ky=—|-2 8§ —12 8 -2 )
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0 o0 0 0 0]
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20 0 0 0 o0
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Let O donate the 5 x 5 zero matrix, the 9 filters can be
represented by Equation 2. In other words, we let the kernel
K; given above as the weights for one input channel, and
the weights for the other two channels are set to zero matrix.
It can separately process the three channels of the image to
extract features with higher discrimination.
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BayarConv2d is a constrained convolutional layer while
the center value of the filters fixes to -1, and the sum of other
values in one kernel fix to 1. The amount of all weights
normalize to zero. We use 3 such filters in our network.

Let w;; donates the weight of 1 filter of BayarConv2d

layer, we have:
)R
T g

U)(),O = 71

3

We merge the output of the SRMConv2d layer and Ba-
yarConv2d layer in the channel dimension and get 12 chan-
nels at all.

3.5 Classification Block

The neural network block for classification consists of
three convolution layers and two full connection layers.
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Fig. 1: Overall Network Architecture

Each convolution layer is followed by a pooling layer, which
is then activated using the ReLU activation function.

The three convolution layers are 3 X 3 in size. The first
convolution layer uses 32 channels, the second uses 16 chan-
nels, and the third uses 16 channels. The purpose of this
design is to reduce the number of parameters as much as
possible, speed up convergence, and delay the occurrence of
over fitting phenomenon.

The role of pooling layer is to reduce the size of the image
and the number of parameters. According to our previous
work, we chose average pooling instead of max pooling. The
step is 2 and the pooling size is 3 x 3.

In the last full connection layer of this block network, the
first layer contains 1024 neurons, and the second layer con-
tains 2 neurons as output, using softmax activation function.

The loss function of the network is set to sparse categor-
ical crossentropy, and the evaluation methods are accuracy
and Area Under Curve(AUC).

3.6 Video Frame Classification Results Fusion

The second full connection layer of the network will pro-
vide two 0-1 values for each image, and the second value
can be regarded as the probability of whether the image is
tampered with. We get the probability of the same video
from the mean of the probability of all the extracted images
belonging to the same video. If it is greater than 0.5, it is
considered as tampered video.
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Fig. 2: ROC Curve of Frame Level Tampering Detection

4 Experiments

4.1 Dataset

In the experiment, we use a relatively novel celeb DF
dataset, which contains very realistic video, which can
hardly be distinguished by human eyes. Its performance



is much higher than other existing datasets. In the process
of video generation, a variety of optimization strategies are
adopted to improve its performance, including: directly gen-
erating 256 x 256 head image, rather than relying on zoom,
randomly adjusting brightness, contrast, color deviation and
sharpness to expand the dataset, improving the color consis-
tency of the generated results, better face insertion technol-
ogy and solving the time flicker problem.

The dataset contains 158 original videos, 795 fake videos
and 250 original videos from YouTube. Because of the im-
balance of data, each original video extracts about 40 im-
ages, and each forged video extracts about 10 images. After
that, the redundant images extracted from the forgery video
are discarded to get the same amount of training set and test
set images. We use MTCNN[29] to extract the face of the
extracted image, and then reduce the face to 128x128. Fi-
nally, 5886 original heads and the same number of forged
heads were obtained.

4.2 Division of training and test set

We divide the dataset by video (video level split), that is,
all the head images generated by the same video are either
divided into training sets or test sets. Nine out of ten images
from video are treated as training sets and the rest are test
sets.

We used to divide the dataset randomly based on the pic-
tures, and the classification accuracy is more than 99%. The
reason is that if a video generates 10 pictures, nine of them
belong to the training set and one belongs to the test set ac-
cording to the probability, then the nine pictures belong to
the training set have the label of whether they are forged im-
ages or not. This image in the testing set can be judged by
the similarity (i.e. face recognition) only through the com-
parison with the training set, without judging whether they
are forged. This method is disadvantageous to train the net-
work for detecting the forged image, although the accuracy
is so high.

4.3 Data Augmentation

In order to avoid training the network to recognize the
face as much as possible, we expand the face in the train-
ing set, mirror the face horizontally, rotate 90 degrees, 180
degrees and 270 degrees. Face from different angles avoids
the recognition of face similarity by network.

4.4 Frame Level Training and Test

We detect whether the extracted head image is tampered,
then put the processed data into the network for training, and
use the test set to evaluate the accuracy and AUC.

We get the accuracy of 0.8256. The ROC curve is shown
in Figure 2, and the corresponding AUC (area under curve)
value is 0.9016. The results of this experiment are compared
with those published in Celeb-DF, as shown in Table 1.

The curve of loss and accuracy during training is shown
in Figure 3.

4.5 YVideo Level Tampering Detection

The 1176 pictures in the test set used in the frame level
classification belong to 74 videos. In this step of experi-
ment, we successfully identified 68 videos, only 6 videos
were misjudged, with an accuracy of 91.89%. The corre-

Table 1: AUC(%) of Performance of Each Method

Methods AUC(%)
Two-stream[27] 55.7
Meso4[15] 53.6
Mesolnception4[15] 49.6
HeadPose[19] 54.8
FWA[20] 53.8
VA-MLP[18] 48.4
VA-LogReg|[18] 46.9
Multi-task 36.5
Xception 38.7
Proposed Method 90.2
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Fig. 3: The Loss and Accuracy Curve of Proposed Method

sponding ROC curve is shown in Figure 4, and the AUC
value is 0.9548.

5 Conclusion

In this paper, we present a detection algorithm for deep
face forgery, which has achieved good results in the novel
celeb DF dataset with high difficulty. In the experiment, we
also found that the initial weight of the randomly generated
network will have a certain impact on the whole training
results, which is expected to be improved in the follow-up
work.
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A Self-Supervised Learning Network for Student
Engagement Recognition From Facial Expressions

Wen-Long Zhang™, Rui-Sheng Jia, Hu Wang ™, Cheng-Yue Che™, and Hong-Mei Sun

Abstract— Student engagement in online learning is an impor-
tant indicator for measuring learning effectiveness. Due to the
fact that facial video data of students during online learning
contains a wider range of information such as time, current
research has begun to focus on obtaining student engagement
from video data. These studies primarily rely on supervised
learning methods and have achieved certain success. However, the
longstanding lack of large-scale and high-quality labeled data,
as well as the time-consuming and laborious sample labeling
work, have to some extent hindered their further improvement.
To solve this problem, this paper proposes a self-supervised
learning method, Facial Masked Autoencoder (FMAE), which is
used to construct a student engagement recognition model. This
method uses a masked autoencoder to process a large number of
unlabeled facial videos, and performs self-supervised pre-training
by learning masked facial features from the reconstruction pro-
cess. In order to promote the encoder to better mask learning for
the face, a new facial mask strategy and reconstruction module
have been proposed. With this method, the model can not only
focus on important facial regions, but also obtain more accurate
appearance features and spatio-temporal details. Experiments
have demonstrated that the proposed method achieves excellent
results on DAIiSEE and EmotiW datasets, showing its potential
in the task of student engagement recognition.

Index Terms— Online learning, student engagement, self-
supervised learning, masked autoencoder.

I. INTRODUCTION

OWADAYS, online education has attracted wide atten-

tion. With its flexibility and portability, it can provide
rich educational resources, and allow students to experience
national or even global quality teaching resources without
going out [1]. However, there are some limitations to this
form of education, one of which is the lack of feedback
and interaction. In traditional classroom education, teachers
usually adopt some corresponding teaching methods, such as
observing students’ facial expressions and other behaviors to
grasp student engagement in real time. However, in online
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education, face-to-face communication between students and
teachers is often lacking [2]. Therefore, the ability to assess
student engagement and provide timely feedback or interven-
tion in online education is an important factor that affects
students’ learning outcomes and ensures their learning effects.

The identification methods of student engagement can be
divided into two categories according to the type of input
data: the identification methods of student engagement based
on static data and the identification methods of student engage-
ment based on dynamic data. The former uses static images
as input, while the latter is designed to identify student
engagement in dynamic image sequences or videos. Since
methods based on static data ignore the critical temporal
information of the face, this paper will focus on methods based
on dynamic data. This method has higher accuracy and can
better reflect student engagement.

The identification of student engagement based on dynamic
data is mainly relies on supervised learning methods. Cur-
rently, researchers have exploited diversified deep neural
networks for this assignment, including 2D/3D convolutional
neural networks (CNN) [15], [16], [17], ensemble neural
networks [18], [19], [20], [21] and a more advanced Trans-
former based architecture [22], [23]. Despite the remarkable
success of supervised learning methods in the task of student
engagement identification, there are still several obstacles
that limit the further development of this field. Firstly, the
currently available datasets for student engagement recognition
are rather limited, and the training samples within these
datasets are relatively single (only contain videos of a few
subjects and only cover a few scenes). Secondly, supervised
learning methods are prone to overfitting and therefore have
poor generalization ability when applied to other datasets or
practical applications. Finally, the collection of large-scale and
high-quality annotation data is a time-consuming and laborious
task [3]. Considering that there are a large number of unlabeled
facial videos on the Internet, the task of student engagement
recognition can be accomplished by self-supervised learning
methods (Fig. 1. illustrates the process of our self-supervised
learning method in contrast with the supervised learning
method).

Self-supervised learning has achieved remarkable achieve-
ment in multiple deep learning researches. Among them,
MAE, as one of the important methods of generative self-
supervised learning, has recently took out hitherto unknown
results in numerous deep learning researches [4]. Initially, this
method was applied to masked language modeling in the field

1051-8215 © 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
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of natural language processing, where models are pre-trained
by a strategy of first masking and then reconstruction. With the
success of BERT based mask methods [5], mask autoencoders
have also been continuously explored in the visual field.
In the realm of point cloud learning, McP-BERT has shown
tremendous potential [6]. It has successfully optimized the
process of self-supervised pre-training for point clouds by
ingeniously introducing multi-choice token and utilizing the
high-level semantics information learned from transformers.
Additionally, VideoMAE extends MAE to the video fields
and has achieved deep impression results on many universal
video datasets [7]. In order to better perform the masking
task, some studies have adopted a variety of different design
options, for example pixel level masking [8], [9], token level
masking [10], [11], depth feature based masking [12], and
the use of ViT [13]. In addition, in order to better model
the spatio-temporal patterns of input data, recent studies have
also explored strategies such as masked motion modeling [14]
and tube masking [7]. Inspired by these research strategies,
this paper proposes a Facial Masked Autoencoder (FMAE)
based on self-supervised learning, which learns masked facial
features during the reconstruction process to solve the dilemma
that supervised learning methods face in video-based student
engagement recognition. The main contributions of this paper
are summarized as follows:

1) A new self-supervised learning network is proposed for
student engagement recognition. In this method, mask
autoencoder is applied to process a large number of
unlabeled facial video data, which effectively reduces
the cost of sample annotation.

2) An encoder with a new masking strategy is designed,
which forces the encoder to pay more attention to the
spatio-temporal details of the specific facial regions
through the mask operation of these regions in the time
series, so as to improve the learning ability of facial
features.

IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 34, NO. 12, DECEMBER 2024

3) An effective reconstruction module is constructed, which
helps the model accurately reconstruct the masked facial
region through joint reconstruction loss and adversarial
loss, thereby promoting the model to learn more detailed
and rich facial representations during the reconstruction
process.

4) The experimental results indicate that FMAE has
achieved remarkable achievements on DAISEE and
EmotiW datasets, which proves its effectiveness in the
task of student engagement recognition.

The structure of the remaining parts of this paper is as
follows. The second section discusses the relevant research in
the field of student engagement recognition. The third section
describes the details of the proposed method in this paper. The
fourth section presents the experimental results and analysis
on DAISEE and EmotiW datasets. The fifth section provides
a summary of this paper and looks forward to future work
directions and potential improvement space.

II. RELATED WORKS

In the research of using video data to obtain student
engagement, researchers mainly adopt supervised learning
methods and strive to develop more advanced deep learning
architectures to extract valuable spatial-temporal information
from original facial videos, so as to obtain student engagement.
In general, three trends can be summed up.

Firstly, one trend is to straight utilize 3D CNNS to
obtain combined spatio-temporal features from original face
videos. Geng et al. [15] used C3D model in their study to
identify student engagement by modeling appearance (facial
expression) and motion information in videos. Zhang et al.
[16] innovatively introduced I3D, an excellent network in
the field of behavior recognition, into the field of stu-
dent engagement recognition. The structure of the model is
improved and optimized according to the characteristics of
the student engagement recognition dataset, so that it could
accurately analyze and evaluate student engagement from
facial video data, thus significantly improving the accuracy
of student engagement recognition. In addition, Mehta et al.
[17] based on 3D DenseNet and self-attention mechanisms
designed a neural network model to identify and assess student
engagement and emotional state in online education. The
self-attention block in the model helps to extract enhanced
facial features (spatial features, temporal features, spatial-
temporal features), which enables the model to effectively
detect the student engagement status in the video sequence,
ultimately achieving satisfactory accuracy results.

Secondly, the second trend is to use an ensemble model,
first using a 2D CNN to obtain facial features from each
static frame, and then using RNN to synthesize the dynamic
temporal information of all frames. Wu et al. [18] designed a
feature-based method that they obtain facial features and the
upper part of the body features from videos through 2D con-
volutional neural networks, and combined Long Short-Term
memory (LSTM) and Gated Recurrent Unit (GRU) to clas-
sify the extracted features to identify the degree of student
engagement. In addition, Zhu et al. [19] designed a GRU
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make it suitable for the student engagement recognition task.

model for attention mechanism, which extracts facial features,
posture features and CNN features from videos. The final
student engagement level is predicted by combining these
three different types of features. Additionally, Liao et al. [20]
proposed a deep face spatio-temporal network (DFSTN) for
online learning, which uses a pre-trained SE-ResNet-50 to
extract the spatial features of the face and uses an LSTM with
global attention to generate attention hidden states, so as to
detect student engagement. In addition, Abedi and Khan [21]
treated detecting student engagement as a classification mis-
sion related to spatio-temporal information and proposed a
new end-to-end ResNet 4+ TCN hybrid neural network. Among
them, ResNet is used to extract spatial features of faces from
successive video frames, while TCN obtains the degree of
engagement by processing temporal changes of faces in video
frames.

Recently, with the rise of Transformer, several studies
have begun to exploit its global dependency modeling capa-
bilities for better performance, which forms a third trend.
Xusheng et al. [22] designed a new class attention method
based on ViT [13], called CavT. In this method, the video
sequence is divided into blocks along temporal and spatial
dimensions, each block contains the same part of the adjacent
image, and the blocks are converted into patch embeddings
using linear projection. Finally, ViT with a class attention
module is used to process these patch embeddings. Through
unified training of long videos of variable length and short
videos of fixed length, this method can carry out student
engagement learning and achieve good accuracy. Chen et al.
[67] proposed an innovative Multi-relation Perception Network
(MRAN), which deeply explores and learns multi-level rela-
tionships among local regions, between global-local features,
and among different samples by comprehensively focusing
on the significant features of the whole face and local areas.
With this multi-dimensional feature capture, MRAN is able to
extract richer facial features from different angles. Addition-
ally, Qin et al. [23] proposed a multi-task network known as
SwinFace, which is based on the Swin Transformer and capa-
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ble of performing a variety of tasks including face recognition,
expression recognition, age estimation, and facial attribute
estimation. To address potential conflicts between tasks and
to meet their unique requirements, they have integrated a
Multi-Level Channel Attention (MLCA) module into each
subnet. This module can adaptively select the most appropriate
feature levels and channels to accurately execute tasks. With
this design, SwinFace not only demonstrates a deep under-
standing of facial features, ensuring exceptional accuracy in
the recognition task of student engagement, but also excels
across all tasks.

However, existing student engagement recognition methods
mainly use supervised learning methods to analyze manu-
ally annotated data, so they are limited by existing student
engagement datasets. Different from them, this paper designs
a self-supervised learning method that could learn effective
facial features from a quantity of unlabeled face video data
and apply it to the field of student engagement recognition.

III. PROPOSED METHOD
A. FMAE

Considering the task of student engagement recognition as
a whole, it can be analyzed from two different aspects. The
first is the area associated with facial features, which includes
various regions of the face (eyes, nose, mouth, etc.), mainly
studying the facial shape and texture of these area; Secondly,
temporal information in facial movements needs to be taken
into account, so spatio-temporal modeling is very necessary.
To achieve this goal, a new self-supervised learning framework
FMAE is proposed, as shown in Fig. 2. The framework applies
facial masking strategy to mask the unlabeled video data.
Then, the masked image is reconstructed from the visible input
using an encoder decoder architecture, and a reconstruction
module is used to train the encoder between the reconstructed
image and the input image, which is applied to the recognition
task of student engagement.

FMAE mainly consists of two parts: facial mask strategy
and reconstruction module. For a given training dataset S =
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{V,-}lN: 1» Where N is the number of videos in the dataset and
V is a single video in the input dataset. From the original
input video V, the facial region is obtained by tracking and
cropping, and then random time sampling is performed to
obtain v € REXT*HXW (c T H W respectively represent
the number of channels of the processed video, the length of
the video, and the height and width of a single frame of the
video). Through the facial masking strategy, additionally map
v into n visible tokens and (p —n) masked tokens using a
predefined masking ratio r = (p — n) /p. Visible tokens are
represented as K, € R"*4 masked tokens are represented as
K, € RP—mxd where d is the embedded dimension, and
p is the total number of tokens mapped from v, for a given
token p = T/t x H/h x W/w with t x h x w dimension.
Therefore, FMAE passes specific areas of the face through
the above tokens for mask learning, which can better focus on
important features of the face. The visible tokens are mapped
through the encoder to the latent feature space z, which
captures the key information of the facial representation. Then,
the decoder will utilize the information in the latent feature
space z to reconstruct it into (p —n) masked tokens. The
reconstruction process aims to recover the masked information
in order to enhance understanding of facial features. It is quite
a challenging task to reconstruct a spatio-temporal face from
original pixels, so a reconstruction module is designed for
better training.

The FMAE model learns rich and detailed face representa-
tions from face videos through self-supervised learning, and
then fine-tuning [24] is used to make it suitable for the task
of student engagement recognition. For a given dataset S, =
{v iy j}NZI of student engagement, a linear fully connected
layer wi]th embedding parameters w is introduced to align
the latent feature space obtained through the encoder with
the label space of the video data of student engagement.
In the fine-tuning, the backbone network is frozen and only
the w parameters of the full connection layer are updated.
This can effectively utilize the learned facial representa-
tions and associate them with labels of student engagement,
thereby improving the performance of student engagement
recognition.

B. Facial Masking Strategy

Since video can be regarded as the temporal extension of
static appearance, and there is correspondence between video
frames, such temporal correlation may lead to information
leakage, where masked content in one frame may be visible
in another frame [25]. Therefore, in order to make better
use of spatio-temporal information of video data, a facial
mask strategy is designed inspired by strategies such as tube
mask [7]. The architecture of this strategy is shown in Fig. 3.
Specifically, the strategy processes each spatio-temporal cube
by dynamic tracking and masking, which means that the same
facial region is masked at the spatial location of different
time frames of the video, thus maintaining consistency while
shielding the influence of correlation information. In this way,
when performing later reconstruction tasks, the model needs
to overcome the challenge introduced by the mask, which is
to recover the complete facial representation from the visible
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part of the facial information. Therefore, through this masking
strategy, the model is encouraged to learn the local and global
features of the face, so as to better utilize the spatio-temporal
information in the video data and improve the learning effect
of the face representation.

Before the mask operation, face parsing is performed
first [26]. Through face parsing, the facial image can be
divided into different regions, such as left eye, right eye, nose,
mouth, hair, skin and background, as shown in Equation (1).
Based on the characteristics of these facial regions, mask
strategies that are more suitable for faces can be designed.

§= {fle’freafnmfmm fhavfskvfbg} (H

Firstly, different priorities are set for different facial regions
according to their importance and attention, as shown in
Equations (2) and (3). In general, the left eye, right eye,
nose, mouth and other regions of the face provide more
abundant and important facial feature information, so these
facial regions are set higher priority. Next, using a predefined
masking ratio, the mask operation is first applied to the facial
regions with higher priority. This means that the information
of these regions will be hidden during the encoding and
reconstruction process, thus ensuring the accurate acquisition
and reconstruction of important facial features. Subsequently,
mask operations are performed on areas such as hair, skin, and
background. With this selective mask operation, it is possible
to reduce the reconstruction of irrelevant or secondary facial
information, thereby improving the quality and accuracy of
facial reconstruction.

Shigh = {fle’ frea fno» fmo} (2)
Stow = {fhavfsk»fbg} (3)

By adopting this masking strategy, map the input v into n
visible tokens and (p — n) masked tokens. Next, these visible
tokens are used to encode and reconstruct the spatio-temporal
variations of the face. Facial mask provides a more efficient
masking strategy for facial reconstruction tasks, which enables
more accurate acquisition of facial appearance features and
spatio-temporal details. Algorithm 1 shows the processing of
the facial mask operation.

Authorized licensed use limited to: Shandong University of Science and Technology. Downloaded on December 23,2024 at 01:06:36 UTC from IEEE Xplore. Restrictions apply.



ZHANG et al.: SELF-SUPERVISED LEARNING NETWORK FOR STUDENT ENGAGEMENT RECOGNITION

12403

Algorithm 1 Facial Masking Procedure

Algorithm 2 Training procedure for FMAE

Require: v € REXTxXHXW .

1: regionMap <« FaceParser (v) > Face — Parsing

regionMap € {fle’ Jres fnos fmos Jnas fsks fbg}

s = {flev Jres fno, fmos fhas Fsks fbg} >Prioritize Regions

cp=T/txH/hxW/w > tokens for each v

> (3D cube tokens have dim ension of t X h x w each)

4: (p—n) «<rxp > Number of masked tokens

5: Ky < {} >Initializemaskedtokens

6: Shigh = {fie> fres frnos fmo}
Siow = {fhav Ssks fbg}

W N

> Set priority

7: for s’ in s do
8: Kn <« {s’}
9: if len (Ky) == (p —n) then
10: break
11: end if
12:  end for
13: Ky, <« K—Kj,, > K is all tokens from v
F.‘\ -
1 Bilee
- = g = R
isible | § B S Ly BRI %
Visible m ™ § Zz % =4 Z E'
H < E, E
>’ Encoder ’
e —m e - Decoder
™ L ia
" b
Masked — —
'n } L 'n Reconstructed
E Diseriminator E
m Real / Fake '_I

Fig. 4. Reconstruction module.

C. Reconstruction

After the facial masking, the facial reconstruction is realized
through the cooperative work of the encoder and decoder. The
architecture of the reconstruction module is shown in Fig. 4.
The n visible tokens obtained after the mask operation are
entered to the encoder, and the encoder maps these visible
tokens to the latent feature space z. The visible tokens are used
as a guideline to manufacture the masked region of the face,
which enables the decoder to reconstruct the masked tokens
from the latent feature space. In the reconstruction module,
the encoder and decoder adopt the identical architecture as the
ViT [13]. In order to guide the training of the reconstruction
process, the reconstruction loss [27] and adversarial loss [28]
are introduced to help the model learn how to accurately
reconstruct the masked facial region by combining these
two loss functions between the reconstructed cube and the
masked cube. Algorithm 2 outlines the training process of the
FMAE method. FMAE mainly facilitates model training by
introducing reconstruction loss and adversarial loss.

Reconstruction loss. The reconstruction loss aims to mini-
mize the difference between each pixel of the generated image
and the original image, helping the model generate results that
are more accurate and closer to the target. For the input visible
tokens K, its visible facial information is utilized by the
mask autoencoder in the reconstruction module to reconstruct

Require: Ft, En (Encoder), De (Decoder), D, S, r, w, Se
1:  while not converged do> FT — MAE pre — training
2: v« S > sample batch
3: {Km, Ky} <« Ft(v,r)
> Facial Trajectory Masking (See Algorithml)
4: K, < DeEn(Ky)
5. (D} <« VL4 (Km, K}p)
6: Kj, < DeEn(Ky)
7 {En, De} <~ V{En,De}Lg (Km, K}/n)
8: end while
9:  while not converged do
10: {v, y} < Se > sample batch

11: K «<v >K is all tokens from v
12: y < wEn (Ky)
13: {w} < Vi Le (y, y/) > Linear Probing

14: end while

the masked facial region K,. In order to better complete
the process, the weight in the mask autoencoder is updated
by minimizing the mean square error loss in spatio-temporal
facial patterns. Reconstruction loss is defined as follows:

N
1 ~ )
(R CUN
=

where N is the total number of videos in the input dataset S,
K\ and K ’,(,i) are the masked tokens and the reconstructed
tokens of the i-th video data in S.

It should be noted that since the reconstruction loss is
calculated based on the difference between image pixels, its
use may lead to the reduction of the average pixel error of the
whole image, which may cause image blurring and information
loss. To better perform the reconstruction task, the model is
trained by joint adversarial loss.

Adversarial loss. In order to better reconstruct the masked
spatio-temporal facial region and learn richer and more effec-
tive feature representation, adversarial loss is introduced in the
reconstruction module. Adversarial loss is based on the idea
of generative adversarial network, by training a discriminator
to evaluate the authenticity of the reconstructed image, while
training the reconstruction module to deceive the discriminator
to the maximum extent. This process of adversarial training
can help the reconstruction module learn to generate more
realistic and clearer reconstruction results, so as to compensate
for the blurring and information loss problems that may be
caused by the reconstruction loss. Adversarial loss is defined
as follows:

N

rd = %Z [log D (K\) +1og (1D (K/f,?))] )
i=1
£l = ;}ilog (1 -D (K’ﬁ,?)) ©6)

i=1

where log D (K,(,f)) is the probability that the discriminator
determines the r¢al data (i.e., masked tokens) as real data, and
log (l -D &K’,ﬁ;))

) is the probability that the discriminator
determines the false data (i.e., reconstructed tokens) as false

Authorized licensed use limited to: Shandong University of Science and Technology. Downloaded on December 23,2024 at 01:06:36 UTC from IEEE Xplore. Restrictions apply.



12404

IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 34, NO. 12, DECEMBER 2024

Fig. 5. Examples from the DAIiSEE dataset: the first row represents high
engagement, the second row represents engagement, the third row represents
low engagement, and the fourth row represents disengagement.

data. The overall loss formula in this framework is as follows:

L8 =L, + L] @)
£l =rd ®)

Thus, better results can be achieved in the reconstruction
task by using reconstruction loss and adversarial loss in
combination. The reconstruction loss ensures the accuracy and
consistency of the reconstructed image, while the adversarial
loss provides an additional optimization mechanism to make
the reconstructed results clearer and more realistic.

IV. EXPERIMENTS

In this section, experiments are performed on the DAISEE
and EmotiW datasets to evaluate the proposed model. Before
presenting the results, the experimental setup is first described,
including the dataset, evaluation metrics, and experimental
details. Afterwards, the proposed method is compared with
the current SOTA method. Finally, a series of method analysis
and ablation studies are carried out on the proposed method.

A. Experimental Settings

1) Dataset:

a) DAISEE: This dataset consists of videos from
112 online learners, with a total of 9068 video samples. [29].
The videos were labeled according to the four states of the
learners when watching the online course, including boredom,
confusion, frustration, and engagement. Each state is divided
into four levels: level O(very low), level 1(low), level 2(high),
and level 3(very high). The focus of this paper is to classify the
degree of student engagement in online learning. The length
of each video is 10 seconds, the frame rate is 30 frames
per second, and the resolution is 640 x 480 pixels. Fig. 5.
shows sample examples of different categories in the dataset.
In our experiments, these datasets are used to fairly compare
the previous methods with the proposed method. The final
results report the performance on 1784 test videos.

Fig. 6.
engagement, the second row represents engagement, the third row represents
low engagement, and the fourth row represents disengagement.

Examples from the EmotiW dataset: the first row represents high

b) EmotiW: This dataset is provided for measuring stu-
dent engagement in the sub challenge of EmotiW [30]. The
dataset contains videos of 78 people (25 females and 53 males,
aged from 19 to 27 years) during online learning. There
are 262 videos in total, which include 148 training videos,
48 validation videos and 67 test videos. The videos have a
resolution of 640 x 480 pixels, 30 frames per second, and the
length of each video is approximately 5 minutes. The level
of engagement for every video is divided into four values
corresponding to the lowest to highest engagement levels,
where 0 indicates disengagement at all, 0.33 indicates low
engagement, (.66 indicates engagement, and 1 indicates high
engagement. Fig. 6. presents some examples of samples from
different categories in the dataset. In this subchallenge, only
the training set and the validation set are publicly available,
and we use the validation set to validate the proposed method.

2) Evaluation Metrics:

a) Accuracy: In this work, accuracy [31] is expressed as
the number of correctly classified samples divided by the sum
of the number of positive (correctly classified) and negative
(misclassified) samples of all test samples, expressed by the
formula as follows:

| TP+TN o
ccuracy =
YT TPYFP+TN+FN

where TP, TN, FP and FN are true positive, true negative,
false positive and false negative respectively.

b) MSE: Mean Squared Error (MSE) is a commonly
used measure of the difference between the predicted value
of the model and the actual observed value, which measures
the squared average distance between the true value of the
data and the predicted value of the model. MSE is defined as
follows:

| < ~\2

MSE =2 (v -) (10)
i=1

where B is the number of samples contained in a batch, y; is

the true value of the i-th sample, and y! is the predicted value

of the i-th sample.
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c) Precision: Precision measures the proportion of sam-
ples predicted to be positive in a task that are actually positive.
The precision is defined as follows:

TP
TP+ FP

where TP and FP are respectively predicted as positive
samples and actually are positive samples, while predicted as
positive samples are actually negative samples.

d) Recall: The recall rate measures the proportion of
samples predicted to be positive out of the actual positive
samples in the task. Recall is defined as follows:

TP
TP+ FN

e) Fl-Score: F1-Score take into account both precision
and recall, and is used to measure the overall performance of
the task. F1-Score are defined as follows:

(1D

Precision =

Recall = (12)

precision x recall

Fi=2% (13)

precision + recall

f) Implementation details: Firstly, for a given facial
video, there is a high degree of redundancy between con-
secutive frames. Therefore, in order to consider meaningful
frames in the temporal direction, a minimum temporal stride
of 2 is used for frame sampling. Given an input video of size
3x16x224x224, generate 8 x 14 x 14 spatio-temporal patterns
of size 2 x 16 x 16. When applying a facial mask strategy,
FMAE performs mask operations on these spatio-temporal
cubes using a predefined masking ratio. Relevant studies have
shown that 90% mask is more suitable for model training [7],
[42]. The goal of FMAE is to produce masked tokens from
fewer visible tokens. After the masking operation, each token
is mapped via the encoder to a latent feature space of
dimension 768. Based on this latent feature space, the masked
facial spatio-temporal cube is reconstructed. ViT-B is used
as the encoder backbone. Some of the hyperparameters in
the pre-training are as follows: Ir = base learningrate X
batch size/256, relative to the overall batch size, the basic
learning rate is linearly scaled [32]. AdamW optimizer [33],
basic learning rate 1.5¢ — 4, momentum fB; = 0.9, 5, =
0.95 and learning rate scheduler with cosine decay are used
for self-supervised pre-training [34]. In regard to fine-tuning
process, the linear probing method is used, using Adam
optimizer [35], 1 = 0.5, B» = 0.9, the base learning rate
is le — 4 and the weight decays to 0.

B. Performance Comparison

Firstly, FMAE is compared with the most advanced super-
vised learning methods on DAISEE and EmotiW datasets in
Table I and Table II respectively. On the DAISEE dataset,
FMAE outperforms the previous best methods (i.e., ResNet +
TCN and Optimized ShuffleNet v2) with significant accuracy,
achieving a noteworthy improvement of 0.84%. As for similar
observations on the EmotiW dataset, in this experiment, the
last fully connected layer is reshaped to adapt the model to
the regression task. The FMAE method also achieves a signif-
icant MSE, outperforming most supervised learning methods
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TABLE I

PERFORMANCE COMPARISION ON DAISEE DATASET
Dataset Model Accuracy (%)

C3D [15] 48.10

13D [16] 52.40

LRCN [36] 57.90

DFSTN [20] 58.84

C3D + TCN [21] 59.97

DAISEE | DERN [37] 60.00

ResNet + LSTM [21] 61.50

3D DenseAttNet [17] 63.59

ResNet + TCN [21] 63.90

Optimized ShuffleNet v2[38] 63.90

ours 64.74

TABLE II
PERFORMANCE COMPARISION ON EMOTIW DATASET

Dataset Model MSE
Dhall et al. (Baseline) [39] 0.1

ResNet + TCN [21] 0.096

C3D [15] 0.0904

DenseAttNet [17] 0.0877

. Swin-L [40] 0.0813

EmotiW | 135 [16] 0.0741

DFSTN [20] 0.0736

CavT [22] 0.0667

MAGRU [19] 0.0517

ours 0.0629

and achieving comparable performance (0.0112 difference) to
the current best method (i.e., MAGRU). The experiments in
Table I and Table II show that FMAE can learn powerful
facial representation and is well applied to the task of student
engagement recognition.

In addition, a comparison of the confusion matrix of FMAE
on the DAISEE dataset and state-of-the-art supervised learning
methods is given in Fig. 7. It is worth noting that due to
the highly unbalanced distribution of samples in the DAISEE
dataset, the method adopted in Fig. 7. (a)-(d) fails to perform
a good classification of disengagement and low engagement
samples. Fig. 7. (e)ResNet + TCN method, due to the adoption
of customized sampling strategy and weighted loss, some
samples of disengagement and low engagement can be cor-
rectly classified, but the classification of engagement and high
engagement is affected, which makes the overall recognition
effect worse. Fig. 7. (f) FMAE method, compared with other
methods, the number of samples in the main diagonal of
the confusion matrix is significantly increased. This result
indicates that FMAE has learned rich and detailed facial
representation in the pre-training process, which makes the
recognition effect of different student engagement significantly
improved.

C. Ablation Study

Extensive ablation studies are conducted on the DAISEE
and EmotiW datasets to show the effectiveness of each com-
ponent.

1) Masking Ratio: In order to thoroughly investigate the
specific impact of different masking ratios on model perfor-
mance, a series of experiments are carried out on two datasets
DAISEE and EmotiW, which select multiple different values of
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Fig. 7. Confusion matrices of different methods applied on the DAISEE
dataset (a) C3D fine tuning [15], (b) ResNet + LSTM [21], (c) C3D +
TCN [21], (d) ResNet + TCN [21], (e) ResNet + TCN with weighted
sampling and weighted loss [21], ()FMAE (ours).

masking ratio in the range of [0.25,0.95]. The purpose of this
experiment is to provide a clear understanding of the effect
of masking ratio on experimental performance to enhance
feature understanding while maintaining the efficiency of the
reconstruction task. As can be seen from Fig. 8, a masking
ratio of 90% is the optimal masking ratio for FMAE. When
the masking ratio is smaller, the reconstruction task is able to
obtain more information, which reduces the ability of feature
understanding. If the masking ratio is set too large, espe-
cially above 90%, the reconstruction task becomes extremely
challenging, resulting in a lack of sufficient information to
complete accurate reconstruction and learn detailed features,
which makes the overall performance degrade. Therefore,
after experimental verification, 90% is consistently chosen
as the optimal masking ratio in all experiments to ensure
that sufficient information could be obtained while main-
taining high feature comprehension in the reconstruction
task.

2) Minimum Temporal Stride: The exploration is conducted
on the DAISEE dataset to evaluate the performance of student
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Fig. 8. Impact of Masking Ratio. Comparing the impact of different masking
ratios on engagement recognition in the DAISEE and EmotiW datasets.
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Fig. 9. Effect of the minimum time sampling stride.

engagement recognition tasks under five different settings of
minimum temporal sampling strides. This experiment delved
into the delicate balance between recognition accuracy and
computational complexity, aiming to determine the optimal
minimum temporal sampling stride. According to the trade-off
relationship between recognition accuracy and computational
complexity under various stride size settings in Fig. 9, it can be
found that when the minimum sampling stride size is set to 2,
the accuracy of student engagement recognition only shows a
slight decrease compared with the more refined stride size, but
the computational complexity is significantly reduced at this
time. This indicates that the minimum sampling stride size
of 2 is the most reasonable choice, which not only ensures
the accuracy of identification, but also has a more efficient
performance.

3) Masking Strategies: This ablation experiment aims to
compare the differences between the proposed facial mask
strategy and the existing mask strategies, namely frame mask,
random mask and tube mask strategies. The frame masking
strategy [41] is to partially mask the frame data, and the
random masking strategy [42] is to randomly select some
image regions for masking. The experiments in Table III
show that these two methods are relatively less effective.
This is due to the inherent relationship between adjacent
frames, which is not processed by the two masking methods,
resulting in information leakage in the mask and reconstruction
process, which ultimately affects the accuracy of experimental
results. Although the tube masking strategy [7] masks the
same region of different frames, the mask region of this
strategy is randomly selected. In contrast to the proposed face
masking strategy, it does not select the regions in the face
that contain important information for masking. Therefore, the
experimental results of the tube mask are also slightly inferior.
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TABLE III

ABLATION STUDIES OF DIFFERENT MODULES. FS: FACIAL STRATEGY,
RL: RECONSTRUCTION LOSS, AL: ADVERSARIAL LOSS
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TABLE V

ABLATION STUDIES OF THE INTERPLAY EFFECTS BETWEEN MASKING
STRATEGIES AND VARIOUS MODULES. ACC.: ACCURACY, PRE.:
PRECISION, REC.: RECALL, F1: F1-SCORE

Masking DAISEE EmotiW
Strategy Accuracy  Precision  Recall  F1-Score MSE Masking Modules DAISEE EmotiW
Random 59.17 0.57 0.58 0.58 0.0748 Strategy RL AL Acc. Pre. Rec. F1 MSE
Frame 57.51 0.56 0.57 0.56 0.0783 v 58.26 0.56 0.58 0.57 0.0792
Tube 62.98 0.60 0.62 0.61 0.0671 Random v/ | 5772 056 056 056 | 0.0802
Facial 64.74 0.63 0.65 0.64 0.0629 v/ v/ 59.17 057 0.58 0.58 0.0748
v 5742 054 056 055 0.0825
Frame v 57.36 0.53 0.56 0.55 0.0833
TABLE IV v v 57.51 0.56  0.57 0.6 0.0783
ABLATION STUDIES OF MASKING STRATEGIES 7 6169 058 06l 059 0.0758
DAISEE EmotiW Tube v 6083 056 059 058 0.0769
Modules Accuracy  Precision  Recall  FI-Score MSE v v 6298 060 0.62  0.61 0.0671
FMAE 64.74 0.63 0.65 0.64 0.0629 v 63.79 0.61 0.64 0.62 0.0664
W;O Ei 2§2§ 828 8-% 8-2} 8gggé Facial v | 6364 060 063 061 | 00668
w/o . . . . .
w/o AL 63.79 0.61 0.64 0.62 0.0664 v v 64.74 0.63 0.65 0.64 0.0629
w/o FS&RL 60.83 0.56 0.59 0.58 0.0769
w/0o FS&AL 61.69 0.58 0.61 0.59 0.0758

4) Different Modules: Keep other components fixed and
remove some modules from the framework to verify the
validity of the corresponding modules. Firstly, the validity
of the facial masking strategy is verified. From Table IV,
it can be observed that the accuracy of the model decreases
significantly when the facial masking strategy is not used. This
is mainly attributed to the fact that this strategy masks the
regions containing important information in the face, forcing
the model to learn these important facial features, so it makes
a significant contribution to improving the accuracy of the
model. Secondly, the reconstruction loss and adversarial loss in
the model are removed respectively to verify the effectiveness
of their separate effects. According to the experimental results
in Table IV, when the reconstruction loss is not used, the
accuracy of the model decreases by 1.1%. This may be because
in the absence of fine-grained control of reconstruction loss,
only the use of adversarial loss cannot guide the reconstruction
process of the model at a more detailed level, thus affecting
the performance of the model. Similarly, the accuracy of the
model is also reduced when adversarial loss is not used.
This indicates that adversarial loss plays an important role
in model training, which enables the model to learn richer
and more detailed facial representations through adversarial
optimization mechanism. When the reconstruction loss and
adversarial loss are combined in FMAE and applied to the
training process of the model, the model shows the best
performance. This indicates that the combination strategy of
the two loss functions can better guide the model to accurately
reconstruct the masked facial region, so as to improve the
performance of the model. Finally, the facial masking strategy
and different loss modules in the model are removed at
the same time, so as to verify the effectiveness of the two
modules acting simultaneously. According to the accuracy
results shown in Table IV, the accuracy is greatly reduced and
it can be concluded that the best results can only be obtained
when all modules work together.

5) Interplay Effects: In this part, more in-depth ablation
experiments are carried out to further verify the interaction

between the masking strategy and the combination of different
modules. In this ablation study, four masking strategies are
combined with different loss functions in the reconstruction
module through exhaustive experiments. From the experimen-
tal data in Table V, the following observations can be obtained:
1) When the same masking strategy is used, the experimental
data show that the combined reconstruction loss and adversar-
ial loss methods are generally superior in performance to those
relying on a single loss function. Specifically, the performance
improvement achieved by this combination strategy is up to
2.15% in accuracy, which further confirms that the combined
design of loss functions in the reconstruction module has
a key effect on the performance. 2) When using the same
loss function, the combined approach with the facial masking
strategy showed a significant performance improvement. This
achievement is mainly attributed to the unique design of the
facial masking strategy, which enables the model to focus
more on the information of key facial regions. This result
is consistent with the ablation results of masking strategy,
which further confirms the important role of facial masking
strategy in the optimization of model performance. 3) The
combination scheme using the facial masking strategy and
the designed reconstruction module (including reconstruction
loss and adversarial loss) achieves the best results in the
experiment. This result demonstrates that the design of FMAE
is superior in the acquisition of facial key information and
efficient reconstruction, and is the best combination scheme.

D. Visualization Analysis

In order to further verify the effectiveness of FMAE method,
the facial parsing process and the learned facial feature map
are visualized. As shown in Fig. 10., the level of engagement
decreases from left to right. From the visualization results of
facial parsing in the second line, it can be noticed that the
method we adopted can effectively divide the facial region and
distinguish areas such as glasses and hand occlusion, which
provides strong support for the subsequent mask operation.
In the third line of Fig. 10., the results of a visualization
experiment with Grad-CAM [43] are shown, from which it
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Fig. 10. Facial parsing and Grad - CAM visualization. The facial frame images obtained by cropping and other processing in the original video in the first
row. The second row of face parsing results is visualized. The third row is visualized by Grad-CAM.

can be observed that the FMAE method is able to learn
meaningful face representations and pay attention to key face
areas. In addition, since the non-frontal poses also contain
rich facial information related to student engagement, it can
be noted in the third row that even in the presence of occlusion
and non-frontal poses, the method is still able to focus on key
areas such as eyes, thus obtaining a good facial representation.

E. Extended Experiments

FMAE learns rich and detailed facial representation from
facial videos through self-supervised learning. In order to
verify its ability to understand facial features, it is applied
to facial expression recognition (FER) [44] task for further
verification. Facial expression recognition refers to the clas-
sification of facial expressions by analyzing people’s facial
features. In order to evaluate the performance of FMAE in
facial expression recognition task, experiments were conducted
on AFEW [39], CREMA-D [45], and RAVDESS [46] datasets.
The AFEW dataset is a collection of audio-video short clips
gathered from movies and television series, consisting of
773 training samples and 383 validation samples. The dataset
contains seven basic expressions (anger, disgust, fear, hap-
piness, sadness, surprise, and neutral), and each video clip
is labeled with a single expression category. CREMA-D is
a high-quality audio-visual dataset consisting of 7442 video
clips from 91 actors. The dataset covers six expressions, which
are happy, sad, angry, fear, disgust, and neutral. RAVDESS
is an audio-visual dataset of emotional speech and song.
It consists of 2880 video clips from 24 professional actors with
eight expressions (i.e., 7 basic expressions and calmness).

In the Table VI, the performance of FMAE in facial
expression recognition task is compared in terms of accuracy.
The results show that FMAE exhibits considerable compet-
itiveness compared to SOTA methods. Specifically, on the
AFEW dataset, FMAE achieved an accuracy of 62.71%,
representing a performance improvement of 3.29% compared
to the previous optimal model. This result indicates that FMAE
is also competent for facial expression recognition tasks.
Similarly, FMAE also shows considerable accuracy on both
the CREMA-D and RAVDESS datasets. Although it is slightly
weaker than the method of MSAF [60], CFN-SR [61] and
Sinha et al. [54], this may be due to the fact that these methods

TABLE VI
EXTENDED RESEARCH ON FACIAL EXPRESSION RECOGNITION TASKS

Dataset Model Accuracy (%)

LBP-TOP (baseline) [47] 38.90

Meng et al. [48] 51.18

Kumar et al. [49] 55.17

AFEW | 1 et al. [50] 54.30
VGG13+VGG16+ResNet [51] 59.42

ours 62.71

Vougioukas et al. [52] 55.26

Eskimez et al. [53] 65.67

Sinha et al. [54] 75.02

GRU [55] 55.01

CREMA-D | GAN [56] 58.71
ViT [57] 67.81

SepTr [58] 70.47

ours 71.58

AV-LSTM [59] 65.80

MCBP [60] 71.32

MSAF [60] 74.86

RAVDESS | CFN-SR [61] 75.76
MMTM [62] 73.12

ERANNS [63] 74.80

ours 74.83

leverage multimodal information from the data and provide
more comprehensive and abundant decision information for
facial expression recognition through other modalities, which
makes these methods achieve more superior performance.
Compared with these methods, FMAE still demonstrates good
performance without using audio information. Through these
results, it can be shown that FMAE learns robust, comprehen-
sive and accurate facial features through the self-supervised
way of mask autoencoder, which makes it competent for other
face-related tasks.

V. CONCLUSION

FMAE is an efficient self-supervised learning model that
uses a large number of unlabeled face videos to cope with
the dilemma of supervised learning methods in the task of
student engagement recognition and promote its development.
The model introduces two key designs, the facial masking
strategy and the reconstruction module, to make the video
reconstruction task more challenging, thus encouraging the
model to learn more representative features. However, because
the model adopts ViT architecture as the encoder, the number
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of parameters of the model is large, which is not conducive to
deployment in lightweight environment. The future research
direction can focus on optimizing the parameter number of

the

model in order to provide the inference speed of the

model and save computing resources. This can be achieved by
compressing the model [64], model pruning [65], or designing
more efficient architectures. In the process of promoting the
development of student engagement recognition, privacy and
ethical issues should also be taken seriously [66]. Future
research should focus on how to identify student engagement
in online learning while protecting student privacy.
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NT-Net: A Semantic Segmentation Network for
Extracting Lake Water Bodies From Optical Remote
Sensing Images Based on Transformer

Hai-Feng Zhong, Qing Sun™, Hong-Mei Sun™, and Rui-Sheng Jia

Abstract—The automatic extraction of lake water is one of
the research hotspots in the field of remote sensing image
processing. Due to the small interclass variance between lakes
and other ground objects, and the complex texture characteristics
of lake boundaries, existing methods often have problems such as
over-segmentation and inaccurate boundary segmentation when
segmenting lake water bodies. To alleviate these problems, this
article designs an end-to-end semantic segmentation network
[noise-canceling transformer network (NT-Net)] for the automatic
extraction of lake water bodies from remote sensing images.
Aiming at the problem of over-segmentation caused by nonlake
objects, an interference attenuation module is designed in the
network. This module can model the key features that are dis-
tinguishable and suitable for segmenting lake water by analyzing
the difference in feature representation between lakes and other
ground objects, thus suppressing the feature representation of
nonlake objects. To more accurately segment the lake boundary,
a multilevel transformer module is designed. This module can
capture the context association of boundary information and
enhance the feature representation of boundary information by
using the self-attention mechanism. The comparative experimen-
tal results show that, compared with the current mainstream
semantic segmentation networks, the method in this article has
advantages in extracting lake water bodies comprehensively and
coherently.

Index Terms— Convolutional neural network (CNN), lake seg-
mentation, optical remote sensing images, semantic segmentation,
transformer.

[. INTRODUCTION

HE rapid development of remote sensing technology

has provided finer and higher resolution optical remote
sensing images [1]. Segmenting lake water bodies from optical
remote sensing images can be widely used in water area
change detection, water resource protection, global climate
change research, and flood disaster emergency response [2],
[3], [4], [5]. Therefore, how accurately extracting lake water
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Fig. 1. Remote sensing image of lake water bodies. The red boxes represent
disturbed areas similar to lake water bodies. Green boxes represent tiny
tributaries at the boundary of the lake water bodies.

bodies in remote sensing images is the primary task in explor-
ing its application value. The current automatic extraction of
lake water faces the following challenges.

1) There are many surface objects similar to lake water
bodies in remote sensing images, such as grass, jungle,
and silt beside the lake. As shown by the red box in
Fig. 1, the lake water body at the boundary exhibits simi-
lar spectral characteristics to the surrounding soil due to
its shallow depth. This similarity between nonuniform
objects results in a small interclass variance between
lake water bodies and other ground objects.

In addition to the over-segmentation problem, how to
accurately segment the boundaries of lake water bod-
ies is also a difficult problem to solve. For example,
as shown in the green box in Fig. 1, under the impact
of lake water on the soil on the shore, a large number of
capillary lake water bodies will appear at the boundary.
Since these lake water bodies are too small in scale and
do not have obvious texture features, they are difficult
to identify.

2)

In response to the above problems, this article designs
a noise-canceling transformer network (NT-Net) to use the
image’s local and global information to achieve accurate
extraction of lakes. NT-Net adopts an asymmetric “encode—
decode” structure as a shared backend. Specifically, to address
the over-segmentation problem caused by nonlake water
objects, an interference attenuation module (IAM) is designed.
The TAM can not only use the positional relationship of fea-
tures to model the differential features between lake water and
other objects, but also adaptively give more feature weights

1558-0644 © 2022 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.
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to the lake water by using the dependencies between feature
channels. To improve the segmentation accuracy (Acc) of the
lake boundary degree, the multilevel transformer (MT) module
is designed. On the one hand, the MT can integrate multiscale
contextual information about boundary features to preserve the
integrity and continuity of boundary contours by modeling
long-range semantic dependencies of boundary information.
On the other hand, this module can use high-level semantic
features to assist the modeling process of low-level texture
features, thus mapping out more accurate boundary details.
Unlike existing transformers, the MT can model the feature
output of each downsampling stage, thus learning multiscale
features that preserve spatial localization and optimize discon-
tinuous lake boundaries. The main contributions of this article
are as follows.

1) We designed a new semantic segmentation network
NT-Net based on convolutional neural network (CNN)
and transformer. NT-Net makes full use of CNN’s ability
to capture local detail information and transformer’s
ability to model long-range information, effectively
improving the segmentation Acc of lake water bodies.
An IAM is designed in NT-Net, which effectively
alleviates the problem of over-segmentation caused by
nonlake objects by deeply mining the feature differences
between lake water bodies and other ground objects.
An MT module that can focus on building global depen-
dencies is designed. This module can perform multilevel
global self-attention modeling on feature information to
accurately express the continuous positional relationship
between boundary information.

2)

3)

The remainder of this article is organized as follows.
Section II discusses the previous work on lake segmentation.
Section IIT introduces the detailed structure of the NT-Net.
In Section IV, we illustrate the implementation steps of the
experiment and analyze the experimental results in detail.
Section V discusses the rationality of some parameters in
NT-Net. Finally, Section VI summarizes our conclusions.

II. RELATED WORK

Traditional lake segmentation methods generally use thresh-
old segmentation [6], clustering [7], and support vector
machines [8] to extract lake water bodies in remote sens-
ing images. For example, McFeeters [9] proposed a lake
water segmentation method based on the normalized differ-
ence water index (NDWI) by using the band reflection of
surface objects and achieved relatively ideal segmentation
results. Obida et al. [10] proposed a segmentation method of
river water using K-means clustering technique. This method
divides the river area and the background area based on the
shallow features of the lake water bodies. However, the above
methods cannot solve the problem of vegetation and soil
noise because it is difficult to choose an appropriate threshold
when the lake and background are mixed in pixels. To solve
noise interference in the segmentation process, Wu et al. [11]
proposed a lake segmentation method based on support vector
machines. This method builds a mathematical model for
noise reduction by analyzing the characteristics of noise, thus
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reducing the negative impact of noise information. Although
the Acc of traditional methods in extracting lake water bodies
continues to improve, most of them use low-level features
such as the color, shape, and texture of lake water bodies to
complete the segmentation process. Since the deep features of
lake water cannot be used to refine the segmentation results,
the segmentation Acc is low.

CNNs have been shown to be effective in capturing
both shallow detailed features and deep abstract features in
images [12]. To make full use of the deep abstract fea-
tures, researchers try to apply CNN to the segmentation
task of lake water bodies to accurately segment lakes. For
example, Chen [13] used CNN to segment water bodies in
cases such as narrow lakes and wide lakes, and demonstrated
that deep learning methods were more accurate than tradi-
tional methods when segmenting lakes in images. However,
this method cannot perceive global contextual information,
so the segmentation results have a low degree of continuity.
To improve the perception of global information to achieve
dense prediction of lake pixels, Hu et al. [14] designed a
multibranch aggregation module using dilated convolutions.
The module uses dilated convolutions with different dilation
rates to sample the given input, so that the network can
establish the correspondence between local pixels and global
pixels, thus protecting the integrity of lake water. Network
models that use similar structures include MSLWE-Net [15]
and PA-U-Net [16]. Although the above methods can better
perceive the context distribution of image information, they
cannot accurately locate the boundary information of lake
water. To segment the lake boundary more accurately, some
methods try to use the attention mechanism [17], [18] in
the network model to give more attention to the boundary
information adaptively. For example, MEC-Net [19], DAU-Net
[20], FWE-Net [21], and MIE-Net [22] all use compression
and excitation operations to redistribute feature weights for
ground information, thus focusing more on feature channels
containing boundary information. In addition, some methods
[23], [24] also try to use loss functions that can refine the
boundary modeling process. For example, Miao et al. [25]
used the edge-weighted loss to assign more weights to the
pixels near the boundary of the lake water body, so that the
network could pay more attention to the boundary information
during the decoding process, thus improving the segmentation
Acc of the boundary.

The above methods only capture the detailed features of the
boundary from the local scope and do not use the contextual
information of the boundary to improve the coherence of the
contour. Inspired by the great success of Visio transformer
(ViT) [26] in the field of image classification, some researchers
have tried to exploit the self-attention mechanism [27], [28],
[29] to obtain contextual associations of boundary features.
For example, BA-Net [30] utilizes a transformer similar
to ViT to capture informative long-range relationships and
obtain more coherent boundary results. However, transformer
involves complex matrix operations, so the computational
complexity of BA-Net is high. In order to improve the oper-
ating efficiency of the algorithm, Gao et al. [31] designed
STransFuse using Swin transformer [32]. STransFuse shifts
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Multi-level Transformer:
(Layer x 8)

Fig. 2.

the focus of self-attention from global information to local
information within each patch, thus reducing the computa-
tional complexity of the model. Xu et al. [33] proposed a
network model for remote sensing image segmentation by
transforming the backbone structure of the Swin transformer.
The network uses depthwise separable convolutions [34] and
a more flexible image window, which further reduces the
computational complexity of the model. Although the above
methods can reproduce the boundary contours of lakes well,
these methods cannot identify the detailed texture of lake
boundaries due to the weak inductive bias ability of the
transformer. Inspired by the above work, we use CNN and
transformer as the network’s backbone to design a network
model that can accurately extract lake water.

III. NT-NET
A. NT-Net Semantic Segmentation Network

To solve the problem of over-segmentation of lake water and
accurately segment the boundary of lakes, this article designs a
deep neural network NT-Net based on semantic segmentation.
The network is mainly composed of encoder, decoder, IAM,
and MT module, and its structure is shown in Fig. 2.

1) Encoding and Self-Attention Process: The encoder
processes the input remote sensing images I € RH*WxC
with successive downsampling blocks (DS-blocks) to generate
a multiscale feature stream D;(i = 1,2,3,4,5). Before D;
is input into the MT for self-attention processing, Dy, D»,
and D3 need to be sent to IAM to reduce the negative
impact of nonlake water objects on the segmentation process
and generate feature streams I;, I, and I5. Considering that
most of the interference generated by nonlake water objects

I
I
I
I
I
I

Overview of NT-Net. The workflow of NT-Net is divided into two parts: encoding and self-attention process, and decoding process.

exists in the low-level feature maps, only D, D,, and D3
are processed by IAM here. After that, the MT performs
feature compression, flattening, and serialization on the input
Iy, I, Iz, D4, and Ds to generate feature sequences for the
self-attention process. Then, the multihead fusion attention
mechanism (MF-SA) processes these feature sequences, thus
completing the global self-attention process for features at
different levels.

The reshaped feature stream 7;(i =1,2,3,4,5) can be
sent to the decoder. The decoder uses the upsampling block
(US_block) to upsample 7; to restore the detailed features
of the lake water gradually. Finally, the binary segmenta-
tion image of the lake water bodies is output after sigmoid
processing.

2) Decoding Process: First, it is necessary to reshape the
feature sequence generated by the self-attention process. This
is because the output of the self-attention process is a 1-D
feature sequence, which cannot be directly upsampled. The
patch reshape operation is required to restore the dimension
of the feature sequence to a 2-D size.

B. Encoder

In NT-Net, the function of the encoder is to use the
DS-block to extract the feature information of multiple scales
from the remote sensing image for the self-attention process
of the MT. The structure of the DS-block is shown in Fig. 3.

DS-block consists of a convolutional layer and a pooling
layer, whose input feature stream is FE; € RF*WxG and
the output feature stream is FE;; € RH/2xW/2xCn " where
n < m. The convolution layer draws on the idea of residual
structure and improves the information diversity in the process
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Fig. 4. Structure of the proposed IAM, which consists of DAM and RAM.

of feature fusion by fusing feature elements of different levels
so that the features of the previous layer are fully utilized.
The function of the pooling layer is to reduce the dimension
of the extracted feature information so that the subsequent
DS-block can obtain a larger receptive field, thus extracting
deep-level semantic features. To enable CNN to extract rich
texture information and contour information, we use average
pooling and max pooling in the pooling layer.

C. Interference Attenuation Module

To alleviate the over-segmentation problem caused by non-
lake water objects, an IAM is designed, the structure of which
is shown in Fig. 4. The innovation of IAM is that it can
not only model the semantic representation of key features
from spatial and channel dimensions but also use a variety of
representative global features to enhance key features. IAM
consists of a deep attention module (DAM) and a residual
attention module (RAM). Among them, the role of the DAM
is to use the positional relationship to model the differential
features between lakes and other ground objects. The role of
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the RAM is to give more weight to the key features along
the feature channel direction and utilize multiscale global
information to emphasize key information, thus diluting the
feature representation of the interference area. The workflow
of the DAM and the RAM will be described in detail in the
following.

1) Deep Attention Module: First, the initial feature maps
A € RP®x¢ peed to be transposed to generate transposed
feature maps AT € R”*"*¢_ After the transposition operation
is completed, the AT needs to be multiplied with the A, and the
product result is sent to the Softmax layer. It is worth noting
that A and AT can be multiplied only when the H and W
of the image are the same. If the H and W of the image
are not the same, consider introducing data preprocessing
operations to keep H and W consistent. Then, the output of
the Softmax layer is multiplied back to the A to generate the
intermediate layer feature maps B € R"***¢, The purpose of
the above steps is to model the feature differences between
lake water bodies and other ground objects based on the
spatial positional relationship of information. After completing
the modeling of the differential features, it is necessary to
use the pooling operation and the convolution operation to
extract the representative lake water features from the B. Then,
use the Softmax layer to reassign the weight ratio of the
differential features and use the dot product operation to assign
the reassigned information weight to the B, thus generating
the feature maps C € R"™*®*¢ that contain less disturbing
information.

2) Residual Attention Module: To further suppress the fea-
ture representation of nonlake objects, a RAM is set up. This
module mainly utilizes two consecutive weight improvement
blocks (WI-blocks) to process the input feature maps C €
R>wx¢ WI-block can learn the nonlinear interaction between
channels through squeezing and excitation operations, thus
strengthening the differential performance of key information
and interference information on the channel. In addition to
using global pooling and average pooling, WI-block also
uses global information at various scales such as (h/2) x
(w/2) x ¢, (h/4) x (w/4) x ¢, and (h/8) x (w/8) X ¢ to
improve the sensitivity to key information on the feature
channels. To enhance the learning ability of the WI-block for
discriminative features, we use the skip residual [35], [36]
containing 3 x 3 convolutions to fuse the feature maps C
with the output of WI-block.

D. Multilevel Transformer

The role of the MT module is to capture the global depen-
dencies used to extract lake water information and improve the
coherence of lake water boundaries. This module is capable
of self-attention modeling of multiscale features of different
paths to obtain rich boundary information, and its structure is
shown in Fig. 5.

Compared with the MT, most of the existing methods
[37], [38] insert the transformer as a single module into
the encoder of the semantic segmentation network. Although
this combination method is simple to operate, it will limit
the performance of the transformer. Because the composition
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Fig. 5. Structure of the proposed MT module.

of images contains multiple levels of semantic features, this
combination method can only model the global context of
features at one level. Our research found that the initial images
will generate feature maps with different semantic levels
after passing through the CNN. If self-attention modeling
is performed on feature maps at different levels, the spatial
features and contextual semantic associations of target objects
can be better captured.

Compared with the MT, most of the existing methods
[37], [38] insert the transformer as a single module into
the encoder of the semantic segmentation network. Although
this combination method is simple to operate, it will limit
the performance of the transformer. Because the composition
of images contains multiple levels of semantic features, this
combination method can only model the global context of
features at one level. Our research found that the initial images
will generate feature maps with different semantic levels
after passing through the CNN. If self-attention modeling
is performed on feature maps at different levels, the spatial
features and contextual semantic associations of target objects
can be better captured.

The novelty of the transformer is that it can perceive
the distribution of lake boundaries in the global domain
by modeling multiple levels of feature information without
adding too many model parameters. In addition, it can use
high-level semantic features to guide the modeling process of
low-level texture features, thus improving the network’s ability
to identify detailed local features. The execution steps of the
MT include channel compression and self-attention.

1) Channel Compression: The role of channel compression
is to reduce useless feature channels to reduce the number
of parameters used for transformer calculations. The input
F; e RE>WixCGi(j = 1,2, 3,4,5) of this process is the I, I,
and /53 from the IAM and the D4 and D5 from the encoder,
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respectively. The number of channels of I, I, I3, D4, and Ds
is 64, 128, 256, 512, and 1024 in sequence.

First, the F; needs to undergo a pooling operation to extract
the texture and contour information of the lake water bodies.
The Softmax function and linear interpolation will reshape this
part of the information to generate the key feature maps F/ €
RHXWixCi(j = 1,2,3,4,5). Then, F’ is multiplied with the F;
to generate the feature maps E; € RI>WixCi(j =1,2,3,4,5)
that contain rich lake’s information. Finally, a 1 x 1 convolu-
tion kernel is utilized to extract the useful key information in
E; and discard the useless feature information, thus generating
the feature maps C; € RH>*Wixci(j =1,2,3,4,5) for the
self-attention process. The sizes of C; are (H/2) x (W/2),
(H/4) x (W/4), (H/8) x (W/8), (H/16) x (W/16), and
(H/32) x (W/32) (H and W are the height and width of
the input images), respectively. The channel numbers of C;
are 4, 16, 64, 256, and 1024, respectively.

2) Self-Attention:  First, the feature maps C; €
RHxWixei(j =1,2,3,4,5) need to be cut into patches
of size P, (P/2), (P/4), (P/8), and (P/16)(P = 16),
respectively. These patches can be mapped to different
regions of the feature map from multiple scales. These
patches are then subjected to flattening and location labeling
operations to generate feature sequences for the self-attention
process, as shown in the following equation:

(P’_2><Cl)><H:TW -
Si eR T, (=1,2,3,4,5) (D

where S; represents the feature sequences. (H, W) is the
dimension of the feature maps and P; is the size of the patches.
¢; represents the number of channels of F;. P,-2 X ¢; represents
the dimension of the feature sequences, and (H x W/ (Piz))
represents the number of feature sequences.

After the feature sequences are obtained, these feature
sequences need to be linearly transformed to generate a vector
representation for the self-attention process. The process of the
linear transformation is shown in the following equation:

Qi(query) = S; - Wy
Ki(key) = S; - Wi (2)
Vi(value) = S; - Wy,

where W, Wy, and W, are all trainable matrices.

Then, use compression and splicing operations to splice
K; € R¥*4(j =1,2,3,4,5) into a public key value K, €
RY*4 where N represents the number of key values and
d represents its dimension. The specific values are N =
196 and d = 1024, and the K, generation process is shown
in the following equation. The purpose of K; stitching is to
fuse high-level features with low-level features, so that high-
level features can guide the modeling process of low-level
features [39], thus improving the ability of the transformer to
capture boundary details

Ki+ K>+ K3+ Ky
4
where ¢ represents the splicing operation, y represents the

compression operation, and ® represents the bitwise product
operation.

Kp=¢[y(1<i)]®1<5=( )®K5 3)
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After completing the above steps, the self-attention process
can be performed, which is shown in (4)

SAI(Q, K, V) =al|p O Ko\ |y, )
l bl bl - a \/g l
1 24 ... h
ME-SA, — (SA! + SA; ; + SAY) )
Out = MLP[a(MF-SA;)] (6)

where a(-) represents the layer normalization operation, and
() represents the Softmax function. 4 represents the number
of heads, and MF-SA represents the output processed by multi-
head self-attention. MLP represents the multilayer perceptron,
which consists of a fully connected layer, a dropout layer,
and a Gaussian Error Linear Units (GELU) [40] activation
function.

E. Decoder

The role of the decoder is to fuse the feature information
from the MT and encoder. Then, the fused feature information
is upsampled step by step to obtain a lake water segmentation
image with the same size as the original image. In particular,
to maintain the consistency of the feature dimension, the
hidden feature sequence from the transformer needs to be
reshaped to adjust the size from (H x W/(P?)) x ¢ to
(H/P;)) x (W/P;) x ¢;. In NT-Net, the decoder consists of
five US_blocks. Each US_block contains a concatenate layer,
a 1 x 1 convolution kernel, a Rectified Linear Unit (ReLU)
activation function, and a 2x upsampling operation.

F. Loss,e, Loss Function

NT-Net uses the Losss, loss function to train and optimize
the node parameters of the neural network. The Loss, loss
function consists of a binary cross-entropy loss (LosSpee) and
a dice coefficient loss (Lossgice), Which can be defined as
follows:

Lossgeg = A1L0SSpee + A2L0SSgice

)

where Losspe. represents the binary cross-entropy loss, and
Lossgice represents the dice coefficient loss. 4; and A, are the
adjustable hyperparameters. In this article, we set 4 = 1 and
ly = 1.

The distribution of lake water samples in remote sensing
images is extremely uneven, which makes the final training
results dominated by negative samples with more pixels,
resulting in inaccurate segmentation results. NT-Net uses Dice
loss [41] for this problem, and its definition is shown in the
following equation:

H
2 Z Zr)/zl |Gh,w N Ph,w|
Lossgice (P, G) = 1 — ;_IW (8)
Z Z (|Gh,w| + |Ph,u)|)
h=1 w=1

where P is the prediction result and G is the ground truth in
the label image. W and H represent the width and height of
the image, respectively.

Dice is a region-dependent loss, and the loss of the current
pixel is not only related to the predicted value of the current
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Fig. 6. Augmentation process of the dataset: (a) original images; (b) flipped;
(c) randomly cropped; and (d) stretched.

pixel, but also related to the predicted value of other points.
When the proportion of positive samples in the image is small,
Dice will overwhelm some negative samples, making training
more inclined to mine foreground regions. However, when
there are too many tiny targets, the convergence process is
unstable, and even gradient saturation occurs in extreme cases.
To optimize the training process of the network, we introduce a
binary cross-entropy loss in NT-Net. Unlike Dice loss, binary
cross-entropy loss is a pixelwise measure of the difference
between the actual distribution and the predicted distribution.
Since it directly utilizes the prediction of pixels to adjust the
gradient, it is more stable to optimize the model’s training
process. Therefore, we use the cross-entropy loss to make up
for the inadequacy of the Dice loss in model optimization,
which is defined as shown in the following equation:

Losspee (P, G)

H W
- ZZ [Gh,u) X log Ph,u) + (1 - Gh,w) log(] - Ph,u))]-

h=1 w=l1
)

IV. EXPERIMENTS
A. Experimental Details

NT-Net is built in the Pytorch deep learning framework and
trained using five NVIDIA RTX 3080 (8G) GPUs. To achieve
fast convergence of the network, we use the Stochastic Gra-
dient Descent (SGD) optimizer and set momentum 0.9 and
weight decay le-4 to optimize the back-propagation process
of NT-Net. We extracted 5283 remote sensing images of lakes
with a size of 448 x 448 using Google Earth and randomly
selected 4021 images as a training dataset and 1262 images
as a testing dataset. To improve the generalization ability of
the network model to changes in lake morphology, we use
rotation, stretching, and random cropping to perform data
augmentation on the training dataset as shown in Fig. 6.
The augmented training dataset contains 8061 remote sensing
images of lake water bodies.

We use the following evaluation metrics to compare the
performance differences of different semantic segmentation
networks: intersection over union (IoU), Dice (Dice similarity
coefficient), and Acc, as shown in the following equations:

N

1
IOU:NZ

n=1

TP

— x 100%
FP + FN + TP

10)
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TABLE 1

COMPARISON RESULTS OF NT-NET AND CLASSICAL
SEMANTIC SEGMENTATION NETWORK
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TABLE I

COMPARISON RESULTS OF NT-NET AND MAINSTREAM LAKE
SEGMENTATION NETWORKS

Network 1oU/% Dice/% Acel% Network 1oU/% Dice/% Acel%
U-Net [42] 65.63 71.89 74.51 Lae-Net [45] 75.86 77.64 81.57
PspNet [43] 70.10 73.65 76.02 HA-Net [46] 77.21 79.02 83.38
DeepLabV3+ [44] 72.47 76.85 80.81 SR-SegNet [47] 82.05 83.25 85.46
Our (NT-Net) 85.26 89.38 91.49 MFA-Net [14] 80.95 82.49 85.12
FEW-Net [21] 82.83 84.33 87.25
Our (NT-Net) 85.26 89.38 91.49

| . .
(b)

(@)

© @ () ®

Fig. 7. Visual results of NT-Net and classical semantic segmentation net-
works: (a) images; (b) ground truth; (c) U-Net; (d) PspNet; (e) DeepLabV3+;
and (f) NT-Net.

N
| 2 x TP
Dice = —
fee N;FP+FN+2xTP

x 100% (11)
TP + TN

1 N
Acc:—z x 100%
N £~ TP + FP + FN + FP

12)

where N is the number of remote sensing images, TP is the
number of pixels classified as lakes, TN is the number of
pixels classified as background, FP is the number of pixels
misclassified as lakes, and FN is wrongly classified as the
background number of pixels.

B. Comparison With Classic Semantic
Segmentation Networks

To ensure the fairness of the experiments, all networks
use DS-block in the encoder. The experiments compare the
performance differences between NT-Net and U-Net [42], Psp-
Net [43], and DeeplabV3+ [44]. As shown in Table I, NT-Net
achieves significant improvement on all evaluation metrics.
The IoU of NT-Net is 85.26%, which is 12.79%-19.63%
higher than other networks, which indicates that it is more
accurate for lake localization and segmentation. The Dice
and Acc of NT-Net are 89.38% and 91.49%, respectively,
which are 12.53%-17.49% and 10.68%—16.98% higher than
other networks, which means that NT-Net has better practical
generalization ability in pixel recognition Acc.

Fig. 7 shows a visual comparison of NT-NET with other net-
works. As can be seen from Fig. 7, there are many information

holes in the segmentation results of U-Net, because U-Net
lacks an effective way to perceive the contextual information
of images. Although the segmentation results of PspNet and
DeepLabV3+- are relatively good, they lack the semantic judg-
ment ability to deal with background interference, resulting
in the inability to reproduce the boundary information of
the lake. Compared with other networks, NT-Net is not only
able to preserve the continuity of lakes, but also accurately
segment tiny lakes at the boundaries. In the face of complex
background information, NT-Net uses the IAM to suppress
the feature performance of background information, making
the boundary contour of the lake more refined. Based on the
above analysis, it can be seen that NT-Net can accurately
identify and segment lake water bodies in images and shows
an all-around performance that is better than that of classical
semantic segmentation networks.

C. Comparison With the Lake Segmentation Networks
Based on Pure CNN Structure

The experiments compare the performance differences
between NT-Net and Lae-Net [45], HA-Net [46], SR-SegNet
[47], MFA-Net [14], and FWE-Net [21]. As can be seen from
Table II, NT-Net achieves the best values on all evaluation
metrics. Compared with other networks, NT-Net improves
IoU, Dice, and Acc by 2.43%-9.40%, 5.05%-11.74%, and
4.24%-9.92%, respectively. In the above data, the improve-
ment of NT-Net on Dice is particularly obvious, which indi-
cates that NT-Net can more accurately locate the specific
location of lakes in the image.

Fig. 8 shows the visualization results of NT-Net and the
comparison networks. As shown in Fig. 8, the networks based
on pure CNN structure cannot accurately locate the boundary
position of the lakes, resulting in low segmentation Acc
of the lake boundary. For example, in the last row of Fig. 8,
the contrastive networks ignore the boundary information of
the middle region of the image. The reason for the above
phenomenon is that the receptive field of these networks is
small and cannot perceive the contextual information of the
boundary. Compared with other networks, the lakes obtained
by NT-Net not only have more coherent boundary contours,
but also reproduce tiny lakes at the boundary. This is because
the MT used by NT-Net can model the contextual distribution
of boundary information from the global scope of the images,
thus preserving the integrity of boundary contours. Since the
MT can utilize high-level semantic features to assist the mod-
eling process of detailed low-level features, NT-Net can further
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Fig. 8. Visual results of NT-Net and mainstream lake segmentation networks:
(a) images; (b) ground truth; (c) Lae-Net; (d) HA-Net; (e) SR-SegNet;
(f) MFA-Net; (g) FEW-Net; and (h) NT-Net.

TABLE III

COMPARISON RESULTS BETWEEN NT-NET AND SEGMENTATION
NETWORKS BASED ON PURE TRANSFORMER STRUCTURE

Network 1oU[% Dice/% Accl%
BA-Net [30] 78.01 82.44 84.33
Swin-UNet [48] 80.20 83.59 86.15
TransUNet [37] 78.89 82.57 85.35
TransFuse [38] 81.65 84.11 86.67
STransFuse [31] 82.13 85.97 88.52
Our (NT-Net) 85.26 89.38 91.49

refine the edge texture of lakes. Through the experiments in
this section, it can be verified that NT-Net can produce more
accurate results than the network models based on the pure
CNN structure.

D. Comparison With the Segmentation Networks Based on
Pure Transformer Structure

The experiments compare the performance differences
between NT-Net and BA-Net [30], Swin-UNet [48], Tran-
sUNet [37], TransFuse [38], and STransFuse [31]. It can be
seen from Table III that NT-Net shows the best performance
on the three evaluation indicators of IoU, Dice, and Acc.
Compared with TransFuse, NT-Net improves IoU, Dice, and
Acc by 3.61%, 5.27%, and 4.82%, respectively; compared
with STransFuse, it improves by 3.13%, 3.41%, and 2.97%,
respectively. At the same time, it is also significantly higher
than BA-Net, SwinUNet, and TransUNet on all evaluation
metrics. The above results show that NT-Net can produce
better segmentation results than other network models in the
task of segmenting lake water bodies.

Fig. 9 shows the visualized experimental results. From
the fifth and sixth rows of Fig. 9, it can be seen that the
contrastive networks incorrectly classify some background
pixels into the lake category, which leads to the occurrence
of the over-segmentation problem. This is because contrastive
networks cannot suppress the feature representation of back-
ground information. Unlike other networks, NT-Net effectively
alleviates the over-segmentation problem by using the IAM

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 60, 2022

TABLE IV

RESULTS OF THE MT MODULE ABLATION EXPERIMENTS.
“—” REPRESENTS THE ELIMINATION OF RELATED MODULES

Network ToU/% Dicel% Accl% Recall%
NT-Net 85.26 89.38 91.49 93.82
NT-Net—MT 82.15 84.47 85.19 82.04

to weaken the adverse effects of background objects on
the segmentation results. Apart from the over-segmentation
problem, the contrastive networks cannot recover the detailed
texture of the lake. For example, the segmentation results
obtained by BA-Net are significantly different from the ground
truth. The reason for the above problem is that BA-Net only
performs self-attention processing on the feature maps of the
high level, while ignoring the utilization of the low-level
feature maps. Because the low-level feature maps contain a
lot of feature information for scene interpretation, the net-
work cannot accurately reconstruct the detailed features at
the boundary. Compared with BA-Net, NT-Net can use self-
attention modeling for multiple levels of features and utilizes
high-level features to guide the modeling process of low-level
features, resulting in a finer edge segmentation effect.

Through the experiments in this section, it can be proved
that NT-Net can obtain more accurate segmentation results
compared with the current transformer-based network model.
In addition, by observing Figs. 7-9, it can be found that
compared with other networks, NT-Net still obtains higher
segmentation Acc when facing lakes with different shapes.
This shows that NT-Net benefits from the advantages of model
structure and can obtain stronger generalization ability under
the condition of data augmentation.

E. Ablation Studies

To evaluate the performance of the MT module and the
IAM, ablation experiments on NT-Net are conducted. In the
experiment, the Recall and Precision evaluation indicators
are added to evaluate the effectiveness of each module more
intuitively, as shown in following equations:

Recall ! i s 100% (13)
ecall = — — X o
N o FN + TP
N
1 TP
Precision = — —— x 100% 14
recision N ; FP+ TP X o (14)

where N is the number of remote sensing images, TP is the
number of pixels classified as lakes, FP is the number of
pixels misclassified as lakes, and FN is wrongly classified as
the background number of pixels. The function of Recall is
to evaluate the severity of the under-segmentation problem.
The lower the value, the more serious the under-segmentation
problem is. The role of Precision is to evaluate the severity of
the over-segmentation problem. The lower the value, the more
serious the over-segmentation problem is.

1) Multilevel Transformer: It can be seen from Table IV
that without using the MT module, the network model has a
relatively large reduction in the evaluation indicators of IoU,
Dice, Acc, and Recall, decreasing by 3.12%, 4.91%, 6.30%,
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Fig. 9. Visualized segmentation results for the comparative experiments: (a) images; (b) ground truth; (c) BA-Net; (d) Swin-UNet; (e) TransUNet; (f) TransFuse;

(g) STransFuse; and (h) NT-Net.

’, -

Visualization results of the MT ablation experiment: (a) images;
(b) ground truth; (c) NT-Net-MT; and (d) NT-Net.

(@)

Fig. 10.

and 11.78%, respectively. Among them, the decrease in the
Recall value is the most obvious. The above results show
that the lack of MT module will cause NT-Net to fail to
accurately locate lake water bodies in images, resulting in
under-segmentation problems.

Fig. 10 shows the visualization results of the experiment.
As shown in Fig. 10, when the MT module is missing, many

TABLE V
RESULTS OF THE IAM ABLATION EXPERIMENTS

Network ToU/% Dicel% Accl% Precision/%
Baseline 80.52 83.37 84.43 84.62
Baseline + DAM 82.05 85.91 87.74 88.51
Baseline + RAM 82.96 86.63 87.25 89.12
Baseline + IAM 85.26 89.38 91.49 93.29

information holes appear at the boundary of the lake, destroy-
ing the integrity of the boundary contour. This is because
NT-Net can only use ordinary convolution to aggregate the
contextual information of local regions after the lack of the MT
module. Since fragmented local context information cannot
restore the distribution of boundary information in global
space, it destroys the integrity and continuity of boundary
contours. After using the MT module, the boundary of the
lake water body is clearer and the outline is more complete.
This is because MT can capture the semantic dependencies
of objects from a global perspective and refine the modeling
results of detailed low-level features. Through the experiments
in this section, it can be verified that the MT module can
show performance advantages to be trusted in improving the
integrity of the lake water boundary.

2) Interference Attenuation Module: In this section, we con-
duct ablation experiments on the IAM, as well as the DAM
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Fig. 11.  Visualized segmentation results of the IAM ablation experiment:
(a) images; (b) ground truth; (c) baseline; (d) baseline + DAM; (e) base-
line + RAM; and (f) baseline + IAM.

and RAM contain. As can be seen from Table V, the baseline
network with the TAM removed has the worst performance.
Compared with the baseline network, the network using DAM
or RAM showed significant improvement in IoU, Dice, Acc
and Sen evaluation metrics. This shows that the DAM and
RAM used in IAM can effectively suppress the feature repre-
sentation of nonlake objects. Compared with other networks,
the network using IAM achieves the best performance in terms
of IoU, Dice, Acc and Sen evaluation indicators, and the
improvement of Precision is the most obvious. This result
shows that the IAM can improve the anti-interference ability
of the network, thus solving the problem of over-segmentation
in the segmentation results.

Fig. 11 shows the visualization results of the experi-
ment. As can be seen from Fig. 11(c), when the IAM is
removed, some background regions in the result are incorrectly
segmented, especially at the boundary of the lake water
body, there is an obvious over-segmentation problem. When
the network uses DAM or RAM, although the problem of
over-segmentation is effectively alleviated, the effect is not
obvious. This is because interfering objects not only have
lake-like characteristics, but also have some unique positional
association with surrounding pixels. Therefore, the feature
difference between lakes and disturbing objects cannot be
modeled using only positional changes or channel associations.
When the network uses the IAM, the over-segmentation prob-
lem is effectively alleviated. This is because IAM can take
the advantage of the differences in deep semantics between
lakes and other ground objects, thus effectively suppressing
the feature representation of interfering objects and giving the
target more discriminative feature weights. The experiments in
this section demonstrate that the module’s ability to suppress
background interference is reliable.

3) Discussion of the Ay and Ay in LosSgg: L0sSg, uses
two hyperparameters A; = 1 and A, = 1 to balance the
advantages and disadvantages of Dice loss and binary cross-
entropy loss. To verify the rationality of the hyperparameter
settings in this article, the impact of different A, and 1, on
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Fig. 12. Remote sensing images of lake water bodies with a positive sample
ratio of less than 35%.
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Fig. 13.  Schematic of NT-Net at different sampling layers.

the network segmentation Acc is compared. The training and
testing process of the experiment uses remote sensing images
with a positive sample ratio of less than 35% to compare the
experimental results more intuitively, as shown in Fig. 12.

It can be seen from Table IV that when A, representing
Dice loss is 0.5 and 0.7, the segmentation Acc of the network
is low, especially when 4, is 0.5, the IoU and Acc of the
network have dropped significantly by 3.22% and 5.67%,
respectively. The above phenomenon shows that when the
number of foregrounds and background pixels is seriously
unbalanced, the decrease of the Dice ratio will hinder the
training process of the network and reduce the fitting degree
of the parameters to the samples. When 4; representing the
cross-entropy loss is 0.5 and 0.7, the segmentation Acc of the
network is also lower. This is because the cross-entropy loss
can maintain a high gradient state, improve the stability of
the network convergence process, and update the parameters
in a direction conducive to accurate segmentation. Therefore,
the proportional decrease of the cross-entropy loss will affect
the final segmentation Acc of the network. This article also
compares the cases of 1; = 1, 4, = 0.9 and 1; = 0.9, 4, =
1, and finds that the segmentation Acc of the network differs
very little. Therefore, considering comprehensively, we set 4,
and 4, to be 1 uniformly.

V. DISCUSSION
A. Network Depth of the NT-Net

NT-Net performs five downsampling operations and five
upsampling operations on the input image, respectively. Its
purpose is to enable the network to fully extract the semantic
features of lake water without generating too many redun-
dant features. To verify the rationality of the above settings,
we compared NT-Net with 3, 4, 5, and 6 sampling layers (as
shown in Fig. 13) and verified the variation of the Acc (Dice)
with the number of iterations. To facilitate the training of
NT-Net with six layers, the dataset size used in the experiment
is 5122

As shown in Fig. 14, when the sampling layers of NT-Net
are 3 and 4, the verification Acc is low because the shallow
network cannot fully extract the feature information in the
image, which limits the performance of the network. When
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Fig. 14. Effect of the number of sampling layers on the validation Acc.

TABLE VI
EFFECT OF DIFFERENT /] AND 1,

Parameters ToU/% Ace/%
=1, 41=0.7 81.24 85.36
=1, 41=0.5 80.97 83.94
L=1, 41=07 80.46 82.73
=1, 1L=05 79.35 81.05
AM=1, 1,=1.0 82.57 86.72
TABLE VII

EFFECT OF NETWORK LAYERS
Depth ToU/!% Dice/% Accl%
Layer=3 82.69 85.03 88.75
Layer=4 84.24 85.58 89.63
Layer=5 85.26 89.38 91.49
Layer=6 85.48 89.07 92.12

the number of sampling layers of NT-Net is 6, its verification
Acc is almost the same as that of NT-Net with five layers, and
both are higher than NT-Net with depths 3 and 4. However,
a too deep network will lead to an increase in computational
complexity and also produce redundant features. To further
demonstrate the impact of the difference in the number of
sampling layers on the segmentation Acc, we compared NT-
Nets with sampling layers of 3, 4, 5, and 6, and the results
are shown in Table VIIL.

As shown in Table VII, when the number of sampling layers
is 5, the network can show certain advantages in various evalu-
ation indicators. This proves that when the number of sampling
layers is 5, NT-Net can give full play to its performance and
produce more accurate segmentation results.

B. Number of Layers of the MT

This article sets up an eight-layer MT module in NT-
Net. This setting expands the attention relationship between
pixels, thus enhancing the global modeling ability of NT-Net
for images. To verify the rationality of the above settings,
we conducted the following experiments: using the training
set data to train NT-Nets with 4, 6, 8, 10, and 12 layers of
MT modules, respectively. Then, the change of IoU value with
the number of iterations during network model training was
compared (every 20 epochs are counted). The experimental
results are shown in Fig. 15.

5627513
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Fig. 15. IoU values vary with the number of transformer layers.
TABLE VIII
EFFECT OF INPUT RESOLUTION
Input size 1oU/% Dicel% Accl% Time/min
384X384 83.72 86.51 88.30 693
448 X448 85.26 89.38 91.49 1157
512X512 86.31 89.75 91.60 1734

It can be found from Fig. 15 that when the number
of MT modules is 8, NT-Net can achieve the highest
segmentation Acc. The explanation for this phenomenon is
that the eight-layer MT module helps to model accurate node
features. In addition, setting up an eight-layer MT also helps
NT-Net to expand the spatial connection of feature elements
in the context area. In conclusion, if the number of layers
is too small, it will reduce the ability of the network to
capture nonlocal semantic dependencies. If there are too many
layers, it will cause much redundant computation, hindering
the optimization process of the network model. Therefore,
from the perspective of algorithm operation efficiency, we set
up an eight-layer MT module in NT-Net to produce more
advantageous segmentation results.

C. Effect of Input Resolution

In NT-Net, we set the input resolution to 448 x 448.
To verify the rationality of this setting, we test results with
384 x 384, 448 x 448, and 512 x 512 resolutions as NT-Net
input is given, as shown in Table VIIIL.

As shown in Table VI, while keeping the number of
patches fixed, the segmentation Acc of NT-Net increases with
the input resolution. Taking the Dice value as an example,
the segmentation Acc of NT-Net gradually increased from
86.51% to 89.75%. Although the segmentation Acc of NT-Net
improves slightly when the input resolution size is increased
from 448 x 448 to 512 x 512, the training time of the network
increases significantly. Therefore, considering the computa-
tional overhead and the running efficiency of the algorithm,
this article sets the input resolution of NT-Net to 448 x 448.

D. Model Complexity of the NT-Net

To demonstrate that the excellent performance of NT-Net is
due to its efficient structural advantage rather than the huge
number of parameters, the following experiments are set up.
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TABLE IX

COMPARISON OF DIFFERENT NETWORKS IN TERMS OF PARAMETER SIZE,
TRAINING TIME, AND ACC. THE ENCODER PARTS OF BOTH U-NET
AND DEEPLABV3+ USE THE DS-BLOCK DESIGNED IN THIS
ARTICLE. (CNN: U-NET, DEEPLABV 3+ TRANSFORMER:
BA-NET, STRANSFUSE)

Network Input size  IoU/% Parameters/M  Time/min
U-Net 448x448  65.63 36.54 544
DeepLabV3+  448x448  72.47 68.42 735
BA-Net 448x448  78.01 11591 1084
STransFuse 448x448  81.65 108.32 973

Our 448448  85.26 127.06 1127

The experiments compared U-Net, DeepLabV3+, BA-Net,
STransFuse, and NT-Net in terms of parameter size, model
size, training time, and IoU. The results are shown in Table IX.

As shown in Table IX NT-Net is significantly larger than
CNN-based network models in terms of model parameters
and model size. The reason is that the execution of the
transformer involves complex matrix operations. Compared
with transformer-based BA-Net, the number of parameters
of NT-Net has increased by 11.15M, and the segmentation
Acc has increased by 7.25%. Compared with STransFuse, the
number of parameters of NT-Net has increased by 18.74M,
and the segmentation Acc has increased by 3.61%. The above
results show that although NT-Net achieves higher Acc, it does
not lead to a large increase in model parameters and training
time. Unlike BA-Net, which has a large number of parameters
and low Acc, NT-Net achieves a good tradeoff between model
complexity and segmentation Acc despite its complex model
structure. Therefore, the experiments in this section can prove
that the excellent performance of NT-Net mainly depends on
the effectiveness of modules.

VI. CONCLUSION

In this article, we design a semantic segmentation network
NT-Net that fuses transformer and CNN for the accurate
extraction of lake water bodies in remote sensing images. NT-
Net takes full advantage of the inductive bias ability of CNN in
modeling information correlation and the modeling ability of
transformer in global context information. Benefiting from the
effectiveness of the structure, NT-Net can not only extract rich
semantic features from parallel multipaths containing multiple
levels, but also effectively express the contextual connections
of semantic features. We use remote sensing images of lakes
extracted from Google Earth to test the performance of NT-
Net and other semantic segmentation networks. The experi-
mental results show that NT-Net can obtain segmentation Acc
better than other classical semantic segmentation networks,
which proves the advancement and effectiveness of NT-Net.
In addition, we also verify the excellent performance of
the IAM and the MT module through ablation experiments.
Overall, our study provides a new method for accurate and
efficient extraction of lake water bodies from remote sensing
images. Because of the high labor cost for the production of
high-quality labels, we will try to transform NT-Net into a
semisupervised model-based semantic segmentation network
in future work. The network can extract lake water bodies in
remote sensing images by using a small number of training
samples.
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