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�e methodologies on multimedia analysis usually combine
different sources/modalities of information such as text,
audio, and images to solve various practical tasks related to
advertisement, education, art, and so on. In recent years,
machine learning has gained much popularity and has been
intensively applied to deal with different kinds of multimedia
problems. However, massive problems still remain unsolved
on both algorithm design and multimedia applications.

�is special issue is organized by four guest editors and
contains eight research papers. �e topics of the accepted
papers have a wide coverage and focus on many critical
aspects in multimedia analysis, like behavior detection, audio
restoration, image retrieval, person reidentification, and so
on.�ese works have shown important discoveries andmade
a breakthrough in the related research fields.

J. Li et al. study the self-protective behaviors of dairy cows
when suffering from dipteral insect infestation for evaluating
the breeding environment and cows’ selective breeding.
Specifically, they develop an automatic monitoring system
based on video analysis. By combining the morphological
features of head, leg, and tail movements, this method
effectively reduces the number of Shi-Tomasi points and
eliminates interference from background movement, thus
reducing the computational complexity of the algorithm and
meanwhile improving the detection accuracy.

C. Jin et al. investigate the distortion problems in the
historical audio and video data. Based on the deep learning
network, this work designs an objective quality evaluation
system for historical audio/video data and evaluates the
performance of the system and the audio signal quality from
the perspective of feature extraction and network parameter
selection.

B. Yang et al. propose an anomaly detection approach
by learning a generative model using deep neural network.
In their work, a weighted convolutional autoencoder (AE)
and long-short-term memory (LSTM) network are proposed
to reconstruct raw data and perform anomaly detection
based on reconstruction errors to resolve the existing chal-
lenges of anomaly detection in complicated background.
Convolutional AEs and LSTMs are used to encode spatial
and temporal variations of input frames, respectively. A
weighted Euclidean loss is proposed to enable the network to
concentrate on moving foregrounds to suppress the influence
of background.

Y. Ruan et al. study the automatic audio announcement
systems for the people with hearing impairment. In this
paper, an approach of audio announcement detection and
recognition for the hearing-impaired people based on the
smart phone is proposed, and a mobile phone application
(app) is developed under the bank scenario. For audio
announcement detection, a method based on audio segment
classification and postprocessing is proposed, which uses a
SVM classifier trained on audio announcements and envi-
ronment noise collected in banks. For announcement speech
recognition, an ASR engine is developed by using a GMM-
HMM-based acoustic model and a finite state transducer
(FST) based grammar.

H. Xu et al. present a novel approach for semantic
image retrieval by combining Convolutional Neural Network
(CNN) and Markov Random Field (MRF). Unlike previous
works that use single-concept classifiers one by one, this
paper detects semantic multiconcept by using amulticoncept
scene classifier. Specifically, they first train a CNN as a con-
cept classifier, which further includes two types of classifiers:
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a single-concept fully connected classifier that is best suited to
single-concept detection and a multiconcept scene fully con-
nected classifier that is effective for holistic scene detection.
�en they propose anMRF-based late fusion approach that is
able to effectively learn the semantic correlation between the
single-concept classifier and multiconcept scene classifier.

W. Zhao et al. investigate the singing synthesis in Beijing
Opera. �e singing of Beijing Opera carries some features
of speech but it has its own unique pronunciation rules
and rhythms which differ from ordinary speech and singing.
Firstly, the speech signals of the source speaker and the target
speaker are extracted by using the existing algorithm. A�er
that, through the training of GMM, they complete the voice
control model to input the voice to be converted and output
the voice a�er the voice conversion. Finally, by modeling the
fundamental frequency, duration, and frequency separately,
a melodic control model is constructed using GAN to realize
the synthesis of the Beijing Opera fragment.

Q. Leng et al. study the person reidentification, which is
a key technique for intelligent video surveillance. To bridge
small sample size (SSS) problem and learning model with
small labels, a novel semisupervised cometric learning frame-
work is proposed to learn a discriminative Mahalanobis-like
distance matrix for label-insufficient person reidentification.
Different from typical cotraining task that contains multi-
view data originally, single-view person images are firstly
decomposed into pseudo two views, and thenmetric learning
models are produced and jointly updated based on both
pseudolabels and references iteratively.

F. Kang et al. study the segmentation of piglets in pig
farms. In view of the noninteractive and real-time require-
ments of a video monitoring system, this paper proposes
a method of image segmentation based on an improved
noninteractive GrabCut algorithm. �e functions of preserv-
ing edges and noise reduction are realized through bilateral
filtering. An adaptive threshold segmentation method is used
to calculate the local threshold and to complete the extraction
of the foreground target.

In summary, this special issue provides a thorough
overview of the present status of learning-based multimedia
analyses. �e recent progress on techniques and applications
is selected and highlighted, which provide valuable references
for future research.
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The study of the self-protective behaviors of dairy cows suffering dipteral insect infestation is important for evaluating the breeding
environment and cows’ selective breeding. The current practices for measuring diary cows’ self-protective behaviors are mostly
by human observation, which is not only tedious but also inefficient and inaccurate. In this paper, we develop an automatic
monitoring systembased on video analysis. First, an improved optical flow tracking algorithmbased on Shi-Tomasi corner detection
is presented. By combining themorphological features of head, leg, and tail movements, thismethod effectively reduces the number
of Shi-Tomasi points, eliminates interference from backgroundmovement, reduces the computational complexity of the algorithm,
and improves detection accuracy. The detection algorithm is used to calculate the number of tail, leg, and head movements by
using an artificial neural network. The accuracy range of the tail and head reached [0.88, 1] and the recall rate was [0.87, 1]. The
method proposed in this paper which provides objective measurements can help researchers tomore effectively analyze dairy cows’
self-protective behaviors and the living environment in the process of dairy cow breeding and management.

1. Introduction

In recent years, the income of individual dairy cow breeders
has declined due to the increase in feed prices and labor
costs. This has led to the rapid development of large-scale
farming [1]. Although large-scale centralized breeding has
many advantages, it also brings many new problems. In
particular, excessive concentration of excreta causes a large
number of harmful dipteral insects, which attack and cause
stress to dairy cows. This not only causes changes in the
normal behavior of cows, but also causes decreases in diet
and milk production and imbalances in homeostasis and
weakens immunity. The spread of disease through bites puts
a great constraint on the health and productivity of dairy
cows and affects the development of the dairy industry [2–
4]. Self-protective behavior describes the instinct of animals
to protect their own body and maintain stable physiological
indices. Studies show that when dipteral insects invade, dairy
cows exhibit defensive self-protective behaviors such as tail
swishing, head throwing, leg stamping, ear twitching, and

skin twitching [5]. There is a positive correlation between
the self-protective behaviors of dairy cows and the number
of dipteral insects irritating dairy cows’ skin. Observing the
behavior of dairy cows helps to understand the activities and
living patterns of cows under different living conditions and
to predict their future behaviors [6].The research on the self-
protective behaviors of dairy cows is helpful to evaluate the
breeding environment and animal welfare status, which has
great practical significance.

The milk production of dairy cows differs greatly among
species. This is determined by the individual temperament
types of dairy cows [7]. The team of Ao Ri proposed that the
degree to which dairy cows are affected by insects is related
to temperament type. Even if cows of different temperament
types are kept under the same environmental conditions, the
self-protective behaviors displayed when exposed to insects
have obvious differences [8]. It is believed that the study
of the differences in the self-protective behaviors of dairy
cows is of great significance for temperament breeding. At
present, most of the research in this area is based on artificial
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observation methods [2–8], which usually requires at least
two people. This manual observation method has high work
intensity and lower efficiency and accuracy, which restricts
the progress of the research.

Research on the behavior of dairy cows is mainly carried
out by monitoring physical parameters and physiological
indicators. There are two main methods for automatic mon-
itoring. One method is to install sensors on the cows, but
interference from the sensors being shaken or bumped will
affect the accuracy of test data. The other method is to use
machine vision, but the existing literature does not report on
automatic detection of dairy cows’ self-protective behaviors.
For example, Nadimi et al. used wireless sensors to measure
the rotational angle and speed of cows’ necks [9]. Kwong
monitored cows’ disease and lameness through wireless
sensors [10]. Martiskainen used 3D sensors and support
vector machines to automatically detect cows’ daily behavior
patterns [11]. Liu Dong et al. in 2016 proposed a hybrid
Gaussian model dynamic background modeling method that
can effectively track a single moving cow for 15 seconds, but
this method cannot track a stationary foreground object for
a long time [12]. Gu et al. proposed to analyze the movement
behavior of cows in a tunnel by detecting the characteristics of
the cows’ hooves and backs based on theminimum bounding
box and contour map [13]. Xiao et al. used ellipse fitting
and minimum distance matching methods that minimize
the cost function to track the target based on multiobjective
segmentation, which can effectively detect information on
pigs’ motion [14]. However, it is mentioned that using the
automatic single-threshold foreground segmentationmethod
is not good for the identification of colored pigs; nor is
it suitable for the black and white bodies of cows in this
article. By using the Kinect method based on the multisensor
3D image acquisition device, Zhao et al. achieved accurate
segmentation of body regions such as heads, necks, torsos,
and limbs of dairy cows in depth images [15]. Deng et al.
realized the identification of cows’ body parts based on depth
images. However, this kind of depth image acquisition device
cannot detect the movement of tail swishing, so this method
is not suitable for the detection of cows’ self-protective
behaviors [16].

At present, many works have shown being efficient for
recognizing actions in videos [17]. Artificial neural network
is also a common tool for motion recognition [18]. Most
studies of cow tracking are based on target segmentation;
there are also studies on segmented identification of dairy
cows using depth images. It is easy to identify the cow’s
head and trunk due to the obvious image characteristics.
Many scholars have completed the identification of cows’
body parts but have been unable to detect the tail features,
because the regions of the tail and legs are very similar.
Detecting tail features is important because tail swinging is
one of the most frequent and characteristic movements of
self-protective behavior. Therefore, it can be seen that there
is still a great deal of research space and practical need for the
identification of cows’ self-protective behaviors.

Tail swishing, head throwing, and leg stamping are the
most typical self-protective behaviors in dairy cows. These
are very different from normal studied cow behaviors, such

as walking, standing, lameness, lying, and resting. According
to experts, the cow’s self-protective behavior generally lasts
for about 1-2 seconds each time; therefore, the algorithm
requires higher real-time accuracy. Due to the complex scene
and the influence of occlusion and with the foreground
targets being black and white dairy cows, which have a low
degree of differentiation from the background, the difficulty
of identifying self-protective behavior is increased.

The adoption of computer vision technology could solve
the problems of relying on labor. In the process of high-
intensity repetitive production, machine vision technology
can greatly liberate the labor force and improve automation
efficiency. Therefore, it is vital to study a method based on
video analysis and tracking to replace traditional observa-
tional analysis.

2. Principles and Methods

Using the optical flow method to track every pixel in the
image makes the running speed very slow. At the same time,
fewer corner points will result in incomplete target infor-
mation and reduces the accuracy of detection. Combined
with the morphological characteristics of head, leg, and tail
self-protective behaviors, the optical flow tracking algorithm
based on Shi-Tomasi corner detection method is improved
by eliminating the number of nontarget corner points and
supplying the number of target corner points.The calculation
efficiency and the accuracy of moving target detection are
improved. The flow chart of the proposed method is shown
in Figure 1, and the specific steps are as follows:

(1) The Shi-Tomasi corner detection method detects the
feature points, while the pyramid Lucas-Kanade optical flow
algorithm locates and tracks the feature points in continuous
video frames.

(2) Delete the corner points that do not move continu-
ously by using the movement information of the frames.

(3) If the distance of the tracking point trajectory is
greater than the threshold, the method is to retain the feature
point and exclude the nonforeground target feature point.

(4)When the number of corner points is too small, corner
detection is performed again to provide a sufficient number
of feature points for optical flow detection.

(5) Use a bounding box of corner points to track self-
protective behavior, which could effectively distinguish the
different behavior characteristics and provide the necessary
feature vector parameters.

The Shi-Tomasi corner detection algorithm is based on
an improvement to the Harris corner detection algorithm
[19]. Compared with the Harris corner detection algorithm, a
nonmaximum suppression step is added, and adjacent Harris
corners are removed. The problem of feature points clusters
is solved, so that the distribution of corner points becomes
more uniform in the detection of the head, legs, and tail area,
while reducing the number of feature points.

TheLucas-Kanade optical flow algorithm [20] is amethod
of detecting feature points by performing two frames; it is
used for sparse optical flow tracking with a relatively small
number of feature points. The pyramid Lucas-Kanade optical
flow algorithm is based on the improved Lucas-Kanade
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Figure 1: The flow chart of the proposed method.

optical flow method. It has a wider range of applications and
has a good detection effect for fast motion or discontinuous
motion. Pyramid optical flow tracking starts at a larger spatial
scale and is then gradually corrected along the pyramid to
determine the motion speed.

Through the improved tracking method proposed in
this paper, the computational complexity of the tracking
algorithm can be greatly reduced. Although the number of
feature points is reduced, the distribution of feature points is
optimized, and the tracking of feature points can accurately
represent the pixels of the self-protective behavior.

3. Test and Analysis

3.1. Test Conditions. The video image is of size 1440 ∗ 1080,
computer configuration: Intel (R) Core (TM) i7-4790 CPU
@ 3.6 GHz, 16 GB memory, graphics card NV9500GT, 512M
memory, Windows 10 operating system, VS2012 program-
ming environment with OpenCV library, and MATLAB

R2017a artificial neural network toolbox to create an artificial
neural network model.

The experimental site is at Xuri Ranch, Tuoketuo County,
Hohhot, Inner Mongolia. An independent cowshed of 2.5
m∗2.5 m is built. The outside of the semiclosed cowshed
is surrounded by mesh yarn. A Panasonic HDC-HS100 HD
digital video camera is used to track 10 healthy Holstein cows;
only oneHolstein cow is photographed at a time. Considering
that self-protective behavior involves detailed action of the
body, the distance is within 3 m, and the height is about 1.4 m
for video tracking, at a rate of 25 frames per second.

3.2. Test of Feature Point Detection Algorithm. This article
mainly analyzes the typical characteristics of dairy cows’
self-protective behavior. This behavior is characterized by
sudden and instantaneous movement. In order to improve
the efficiency of system implementation, the number of
feature points can be optimized. When the target is tracked
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(a) Corner detection (b) Optical flow tracking

(c) Remove nonmoving points (d) Bounding box detection

Figure 2: Tracking of self-protective behavior feature points.

for the first time, the corner detection method obtains more
corner points to initialize the detection image in Figure 2(a),
and many corner points are not the foreground target area.
When using the optical flow method to track all the feature
points, most of the nonmoving feature points waste a lot
of computing resources. Figure 2(b) shows the trajectory
map that is tracked by the optical flow method. It can be
seen that many moving feature points are not tracked for
a while, and the effective feature points are not supplied
in time, resulting in failure to track behavior. By using
the movement information of the frames, deleting corners
that do not continue to move can effectively reduce the
number of corner points. When the number of effective
corner points is too small, corner detection continues again
in order to provide a sufficient number of feature points for
optical flow detection; this reduces the complexity of the
algorithm and improves the detection efficiency. The small
circles in Figure 2(c) are the detected feature points. Most of
the corners describe self-protective behavior characteristics.
At the same time, some nonforeground targets, such as blown
gauze in the background, are also detected. In order to avoid
these nonforeground targets interfering in the detection of
self-protective behavior, the feature points are retained if the
tracking distance is greater than the given threshold. This
method can effectively reduce the number of nonforeground
target feature points such as gauze. Figure 2(d) is the result of
tracking self-protective behavior using a bounding box. The
bounding box can effectively describe the behavior character-
istics and provide the necessary feature vector parameters.

3.3. Detection of Self-Protective Behavior in Complex Con-
ditions. In the feeding bar, parts of the cows’ bodies are
often blocked by the railings. The algorithm proposed in this
paper can realize the detection of the blocked body in a

complex environment. The corner points can still be attached
to the unblocked body area. The nonmoving feature points
are eliminated first, and the continuously moving feature
points can still be effectively tracked using the optical flow
method. Some feature points will lose tracking information
because they have moved to the blocked area, but constantly
supplementing the new feature point number ensures the
continuous tracking of the moving self-protective behavior.
By extracting the feature vector of the bounding box, the
common trajectory of multiple moving feature points can be
seen as a whole, thereby effectively detecting the blocked self-
protective behavior.

In Figure 3(a), the tracking effect is better when the self-
protective behavior features are not blocked. Even if the cow
is facing away from the camera and the tail is blocked by the
fence, the bounding box can still describe the characteristics
of the movement, and the self-protective behavior movement
can be effectively detected in time.

In Figure 3(b), the guardrails block some areas of the
cow’s head and body, but this does not affect the effectiveness
of the algorithm’s detection. It can continue tracking the
cow’s head and tail movement feature points, track the
movement trajectory, and accurately and effectively identify
self-protective behavior.

3.4. Artificial Neural Network. 20 typical unblocked videos
were selected, including 2840 training samples of tail swish-
ing, 2310 training samples of leg stamping, and 1160 training
samples of head throwing.This article extracts 9-dimensional
feature vectors: rotation angle, moving distance, horizontal
and vertical displacement of feature points, starting point
and end point ordinates, area of bounding box, height to
width ratio, and height difference in a vertical direction. In
order to realize the artificial intelligence to identify cows’
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Figure 3: Detection of self-protective behavior under shielded conditions.
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Figure 4: Cross-entropy curves of different training samples.

self-protective behaviors, an artificial neural network model
was established using MATLAB R2017a artificial neural
network toolbox on the basis of extracting the characteristic
values of dairy cows’ self-protective behaviors.The input layer
of the artificial neural network is set to 9 (9-dimensional
feature vectors), and the output layer is set to 3 (tail swishing,
head throwing, and leg stamping).

By using this artificial neural network model, the propor-
tion of training samples, verification samples, and test data
needs to be set. This article sets the training sample to 80%,

the validation sample to 10%, and the test sample to 10%.
The smaller the cross-entropy, the better the classification
effect. To prevent overfitting, a validation set is used to
improve the accuracy of the classifier model. If the cross-
entropy value cannot be reduced for 6 consecutive iterations,
the iteration is stopped. As shown in Figure 4(a), the model
stops after 19 iterations, while the cross-entropy minimum
value is 0.010578 and the best validation performance is at
epoch 13. The model shown in Figure 4(b) is a convergence
that stops after 54 iterations. The cross-entropy value is
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0.0001927. It can be seen that the accuracy of this model is
higher.

The receiver operating characteristic (ROC) curve can be
used to determine the merits of the classifier model.The true
positive rate (TPR) of the classification model is the ordinate
and the false positive rate (FPR) is the abscissa. The ROC
curve is plotted in Figure 5. The artificial neural network
model has a high accuracy and can be used as an effective
detection and identification model for dairy cows.

4. Discussion

In order to accurately evaluate the accuracy and effectiveness
of the algorithm, this paper compares its accuracy and real-
time performance.

4.1. Contrast with Artificial Experience. To evaluate the accu-
racy of the detection algorithm, a video of a typical cow’s
self-protective behaviors was selected for the collected 100-
hour video. 20 sets of video samples were selected, each
of which included tail swishing, head throwing, and leg
stamping behavioral actions. Because other video detection
methods cannot effectively identify self-protective behaviors,
this article only compares with artificial statistics. When a
behavior is artificially marked as one of the three types of

self-protective behaviors if the system also recognizes the
behavior as a corresponding body behavior it is denoted as
TP (True Positive), otherwise as FN (False Negative). When
a behavior is not artificially marked as one of the three self-
protective behaviors, if the system could not recognize the
corresponding self-protective behavior, it is denoted as FP
(False Positive); otherwise it is denoted as TN (True Nega-
tive). The accuracy rate reflects the proportion of true test
results that are really true to all test results, and the recall rate
reflects the proportion of results that are correctly detected
as true and the results of manual test results are all true.
The formula is as follows: Accuracy (precision) = TP (correct
detection) / (TP + FP); recall = TP (correct detection) / (TP +
FN).

Figure 6 shows the number of tail swishing, head throw-
ing, and leg stamping incidents using the algorithms pro-
posed in this paper and artificial statistics. As can be seen
from Figure 6, the accuracy of the detection algorithm in
this paper is in the range of [0.88, 1] for tail swishing, head
throwing, and leg stamping, and [0.87, 1] for recall, indicating
that the detection algorithm is close to the artificial statistics.

4.2. Comparison of Detection Effect. Figure 7(a) is an effect
diagram of an adaptive threshold frame difference method.
The frame difference method can detect moving feature
points while a cow is walking, but it cannot effectively
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Figure 7: Comparative analysis of video tracking detection algorithms for difference method.
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Figure 8: Comparison of running speeds for different detection algorithms.

distinguish between the characteristic pixel points of a
self-protective behavior and a normal motion behavior.
Figure 7(b) shows the result using a Gaussian mixture model.
Although the pixel feature points of the self-protective
behavior were detected using the Gaussian mixture model,
erroneous detection due to bodily shaking and jittering could
not be avoided. The feature points of the behavior cause a lot
of interference, which makes it impossible to effectively track
and identify the self-protective behavior.

Figure 7(c) is the result of the improved Shi-Tomasi
corner detection optical flow tracking algorithm based on
the motion characteristics of the swinging tail proposed in
this paper. The box is the tail bounding box; the dot is the
tracking feature point, and the line is the tail trace feature.
The trajectory of a point can be clearly tracked by using
this description method; the position and the trajectory of
the tail can be clearly observed, and the pixels having the
characteristics of body protection can be effectively traced,
which can reduce the number of corner points and the
computational complexity of the algorithm to improve the
detection accuracy. It is better than the adaptive threshold
frame difference method and the Gaussian mixture back-
ground model, which could find the characteristics of self-
protective behaviors and realize intelligent identification and
classification.

4.3. Comparison of Time Complexity. To compare and ana-
lyze the running speeds of different detection algorithms,
we randomly select 10 groups of videos from the collected
100-hour video. The average running time of each of the 6
different segmentation algorithms is shown in Figure 8.

The average running times of the different algorithms
are as follows: direct optical flow method 1835ms; Harris
corner optical flowmethod 1104ms; adaptive frame difference
method 214ms; Gaussian mixture model 616ms; Shi-Tomasi
corner optical flow algorithm 984ms; and the proposed
method 251ms.The results show that the proposed algorithm
is stable and effective. The method proposed in this paper
saves time and greatly improves efficiency.

5. Conclusion

This paper proposes an improved optical tracking algorithm
based on Shi-Tomasi corner detection for intelligent clas-
sification and identification of three typical self-protective
behaviors in cows. The main conclusions are as follows:

(1) The targets detected in this paper are three typical
self-protective behaviors in dairy cows: tail swishing, head
throwing, and leg stamping. Feature vectors are extracted
based on the characteristics of the movements to find out the
outline of the target. Using the artificial neural network to
establish a classifier model can effectively classify cows' tail
swishing, head throwing, and leg stamping.

(2) By combining the morphological characteristics of
head, leg, and tailmovements, the interference of background
movement is eliminated. At the same time, the number of
effective corner points is added in time to ensure the accuracy
of detection. The test results show that, compared with the
manual statistics, the accuracy rate range of this method is
[0.88, 1] and the recall rate range is [0.87, 1].

(3) Using the method of decreasing nonmoving fea-
ture points and setting the tracking trajectory displacement
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threshold proposed in this paper, the calculation of corner
detection is greatly reduced. The experimental results show
that the computation time of this method is lower than that
of the Shi-Tomasi corner point optical flow algorithm, which
could save time and greatly improve efficiency. Blocked self-
protective behaviors can be detected more accurately, which
shows that the proposed detection algorithm has strong
robustness.

The method can automatically and accurately track and
detect cows’ self-protective behaviors, provide effective and
accurate statistics for animal behavior researchers, and help
them for further research in this field.

Data Availability

The data used to support the findings of this study are
available from the corresponding author upon request.
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There are serious distortion problems in the history audio and video data. In view of the characteristics of audio data repair, the
intelligent technology of audio evaluation is explored. As the traditional audio subjective evaluationmethod requires a large number
of personal to audition and evaluation, the tester’s subjective sense of hearing deviation and sample space data limited the impact
of the accuracy of the experiment. Based on the deep learning network, this paper designs an objective quality evaluation system
for historical audio and video data and evaluates the performance of the system and the audio signal quality from the perspective of
feature extraction and network parameter selection. Experiments show that the system has good performance in this experiment;
the predictive results and subjective evaluation of the correlation and dispersion indicators are good, up to 0.91 and 0.19.

1. Introduction

In 1999, Gers et al. introduced the forget gate on the basis of
the original LSTM, and after adding the forgotten door, the
model had the ability to clear useless historical information.

In 2000, Gers & Schimidhuber et al. [1] believe that if you
want tomakemore accurate use of historical information and
input data, the memory cell itself should also participate in
the control of multiple doors. Therefore, they made Peephole
Connections, the memory cell status as the input of the vari-
ous doors.

In 2005, Graves & Schmidhuber et al. proposed the train-
ing of the LSTM model by using a complete backward prop-
agation approach. The implementation of the LSTM process
can bemademore reliable because of the addition of gradient
detection steps. In 2009, Bayer proposed different LSTM
models in order to improve the stability of the model when
dealing with some context-sensitive sequence problems.

In 2014, sak et al. in order to reduce the number of param-
eters of the LSTM model of the multi-memory module,
a linear dimensionality reduction operation is added after the
LSTM output. And Doetsch et al. improved the performance

of LSTM inoffline handwriting recognition data sets by intro-
ducing new parameters into the activation functions of the
various gates. Cho et al. [2] proposed a simplified version of
LSTM, GRU (Gated Recurrent Unit). The GRU unit has only
two gates, reset gate and update gate. However, after several
sets of comparative experiments, it was found that although
GRU had fewer parameters, the performance on multiple
tasks was similar to that of LSTM.

2. Theory of LSTM

2.1. The Basic Thought and Workflow of LSTM

2.1.1. Forgetting Information. The role of the forgetting gate
is to control the function of some unwanted information
accumulated in the neural network before it is forgotten.
Concretely, its input is a network inputXt at a certain time and
one of the outputs of the previous network element, ht-1,
whose output is a value between 0 and 1, which is used to com-
municate with the previous network element. The state Ct-1
is multiplied, as shown in Figure 1.
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Figure 2: LSTM status update layer.

The process can be represented by the following formula:

f𝑡 = 𝜎 (𝑊𝑓) . [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓 (1)

2.1.2. Update Status. Once the network controls the degree
of forgetting for the previous “memory”, the next step is to
control the amount of information stored in each network
element. This step contains two parts: first, use an input gate
(the sigmoid layer in the figure) to control the information
update; next, a tanh layer is used to create a “candidate” vector
C̃, which is used to add to the state of the current network unit
and become part of it, as shown in Figure 2.

The process above can be represented by the following
formula:

it = 𝜎 (𝑊𝑖 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖)
𝐶𝑡 = tan ℎ (𝑊𝑐 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐) (2)

2.1.3. Decision Output. In LSTM, each network cell first
performs some ‘filtering’ operations on the current cell state
and then outputs the results as an output. Concretely, the
current unit state output section is controlled by a sigmoid
layer, and then the result of the previous stage is processed
by the tanh layer and multiplied by the output of the sigmoid
layer; thereby we can obtain one of the output hidden layers
of the network unit, as shown in Figure 3.

The process above can be represented by the following
formula: 𝑂𝑡 = 𝜎 (𝑊𝑜 [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜)

ℎ𝑡 = 𝑜𝑡 ∗ tanh (𝐶𝑡) (3)

2.2. The Variant Structure of LSTM. The structure used by
Gers and Schmidhuber in research [3] is shown in Figure 4.
As you can see from the figure, this structure adds a structure
called “peephole” to the original infrastructure, so that each
gate structure can be connected to the current cell state.
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The structure of the workflow is expressed as follows:

f𝑡 = 𝜎 (𝑊𝑓 ⋅ [𝐶𝑡−1, ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓)
f𝑖 = 𝜎 (𝑊𝑓 ⋅ [𝐶𝑡−1, ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) (4)

Another structure considers the structure of a pair of
mutually associated forgetting gates and output gates. Unlike
all previous structures, the structure no longer considers the
state of control and update of the forgotten information sep-
arately, but only the former, which shows that the structure
only outputs the unit state values after forgetting the useless
information. Its structure is shown in Figure 5.

The process above can be represented by the following
formula:

𝐶t = 𝑓𝑡 ∗ 𝐶𝑡−1 + (1 − 𝑓𝑡) ∗ 𝐶t (5)

In study [4], Choproposed amore dynamic LSTMvariant
structure, GRU, which combines the forgetting gate and the
output gate into a single update gate and also fuses the hidden
layer and the state in the network cell. Cho has applied
the RNN network structure in his research on Machine
Translation, which is called RNN codec model. The encoder

is responsible for coding a symbol sequence into a fixed
length vector representation, and the decoder is responsible
for converting the formula to another symbol sequence. He
uses this codec model as an additional feature and combines
traditional logarithmic linear models to achieve better trans-
lation results. The structure is shown in Figure 6.

The operation is expressed as follows:

𝑍t = 𝜎 (𝑊𝑧 ⋅ [ℎ𝑡−1, 𝑥𝑡])
𝑟𝑡 = 𝜎 (𝑊𝑟 ⋅ [ℎ𝑡−1, 𝑥𝑡])
ℎ̃t = tanh (𝑊 ⋅ [𝑟𝑡 ∗ ℎ𝑡−1, 𝑥𝑡])
ℎ𝑡 = (1 − 𝑧𝑡) ∗ ℎ𝑡−1 + 𝑧𝑡 ∗ ℎ̃𝑡

(6)

3. System Experiment and Analysis

3.1. System Composition Framework. As shown in Figure 7,
the whole framework of the speech quality evaluation system
is presented, which can be divided into four stages: prepro-
cessing stage, feature extraction stage, training stage, and
system evaluation phase.
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Figure 8: Voice activity detection process.

It can be seen from the figure, the system first prepro-
cesses speech, including preemphasis, overlapping frames,
windowing, and the steps of voice activity detection, then the
processed data are extracted by artificial feature extraction,
the system using GFCC. And the MFCC characteristics were
compared with the reference control group. The feature data
are trained in the LSTMneural network, and the classification
of the samples is used as the label of classification. After train-
ing the network model, the quality of the speech samples in
the sample space is evaluated (the classification results are
given) and compared with the sample real tags, so as to evalu-
ate the performance of the system.

Each module of the system is described in detail below.

3.1.1. PreprocessingModule. Thepreprocessingmodulemain-
ly includes speech signal preemphasis, windowing and sub-
frame and voice activity detection. Among them, the signal
preemphasis, by canceling the extra poles of glottal excitation,
strengthens the high frequency part of the speech signal,
thus smoothing the speech signal and providing convenience
for analyzing the spectrum and sound channel parameters;
windowing is to divide the whole speech signal into several
short segments, thus satisfying the assumption that the short-
time speech signal is stable, in which the length of each frame
is 25ms, and the overlap time is 10ms; voice activity detection
is to use short-time energy combined with short-time zero
rate as the standard to evaluate whether a frame signal is
speech frame, by removing the silence segment, the response
of data to speech signal feature is more significant, and
improve the accuracy and reliability of the follow-up process
for speech quality evaluation. The specific process of voice
activity detection is shown in Figure 8.

Among them, Eh, El, Zh, and Zl, respectively, indicate the
frame short-time energy and zero crossing rate threshold.

3.1.2. Feature Extraction Module. The speech feature selected
in this paper is the traditional MFCC feature and the im-
proved GFCC feature. The extraction process of the two fea-
tures is described in detail below and compared.

Compared with the GFCC feature, the MFCC uses the
triangular filter banks with n center frequency distribution
in the Mel frequency domain to filter the spectrum energy,

which is called the Mel filter bank. The operation of this pro-
cess mainly plays a role of smooth spectrum, eliminates the
harmonics, and highlights the formant in the original speech
and through this approach highlights the core information in
the original signal and eliminates the influence of different
tone interference information; another difference is the use
of logarithmic compression when compression is performed.

The comparison of the two compression functions is
shown in Figure 9.

3.1.3. Network Training Module. In this experiment, after the
training voice fragments are feature extracted, we sent them
into the neural network with LSTM as the structure. And
the number of network units circle is 400, the characteristic
matrix through the input of hidden layer integration and
then entering the LSTM neural units to train; on the basis of
the last layer: LSTM neural unit, the probability distribution
is obtained by Softmax, and the maximum probability of
dimension is selected as the final classification forecast.

3.1.4. System Evaluation Module. The evaluation system can
be divided into two categories: for the evaluation of neural
network structure and the training results, we mainly start
with the network parameters, and, through experiments on
different parameters, we can select the best value group of
parameters for the network; for the evaluation of feature
selection method, wemainly start with the feature extraction,
through the training of different character data, to compare
the different effect of different characteristics in the quality
evaluation.

Among them, the former considered parameters includ-
ing the learning rate, dropout and network layers, and the
index of evaluation is the final correct rate for the network on
the test set; the latter mainly compare GFCC andMFCC, and
the index of evaluation is correlation coefficient (Karl-Pear-
son) and root-mean-square error (RMSE).These two param-
eters are used to describe the degree of proximity and
fluctuation between the objective voice quality of the system
estimate and the given subjectivemass fraction.The following
is to briefly introduce these indexes.

(a) Correct Rate. We separate some sample data into a test
sample set, which does not participate in network training,
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Figure 9: Cube root compression and logarithmic compression.

and just is used to finally test the generalization and robust-
ness of the network model. Specifically, we compared each
sample quality score of the network predictionwith the actual
given quality score, and calculated the proportion of the same
number of samples in the whole test set, and then obtained
the accuracy of the test set. The higher the correct rate is, the
more the network parameter setting meets the training task.

(b) Karl-Pearson Coefficient. The expression is as follows:

𝑅 = ∑𝑁𝑖=1 (𝜆𝑖 − 𝜇𝜆) (�̃�i − 𝜇𝜆)√∑𝑁i=1 (𝜆𝑖 − 𝜇𝜆)∑𝑁𝑖=1 (�̃� − 𝜇𝜆2) (7)

𝜆𝑖 represents the subjective quality evaluation score given
by the human ears, and the �̃�𝑖 represents the predictive quality
evaluation scores given by the system, 𝜆𝑖, �̃�𝑖 represent the
average values of 𝜆𝑖, �̃�𝑖 respectively. N represents the number
of samples. The range of R is [0, 1] which is to measure
the correlation between the predicted quality scores and the
actual subjective scores.

(c) RMSE. The mean square error RMSE is mainly used to
measure the estimation accuracy of the system. The expres-
sion is as follows:

𝑅𝑀𝑆𝐸 = √∑𝑁i=1 (𝜆𝑖 − �̃�𝑖)2𝑁 (8)

The meanings of each variable are the same as those
in formula (8). In practice, 0.5 is regarded as distinction
threshold in the most: when the RMSE is smaller than the
value, the system accuracy is higher, the subjective evaluation
is smaller, otherwise, the accuracy is lower.

3.2. Voice Library and Experimental Environment

3.2.1. Voice Library. We obtained 300 pieces of old film voice
from the film museum, which is including speech, music,
voice singing, car sound, war artillery, musical instruments,
six categories, each category contains 50 segments. Each seg-
ment of audio is 10s long, and the film archive’s restoration
personnel provided us both the same soundtrack of the audio
before and after (the restoration), and the quality evaluation
scores.

3.2.2. Experimental Environment. The experimental environ-
ment is built with Tensorflow neural network framework.
Tensorflow is an open source numerical calculation software
library based on data flow diagrams. The nodes in the flow
diagrams represent mathematical operations, while the edges
represent the multidimensional data array of that is con-
nected in the operation (it is called tensors in Tensorflow).
Tensorflow, originally developed by Brain Team of Google
machine intelligence research organization, which is for
machine learning and deep neural network research and
development and has been widely used and popularized now.
In this experiment, we selected Tensorflow 1.01 version for the
study.

3.2.3. Parameter Adjustment

(a) Learning Rate Setting. In the network training process, the
weights are updated according to the following formula:

𝑤𝑒𝑖𝑔ℎ𝑡𝑠 = 𝑤𝑒𝑖𝑔ℎ𝑡𝑠–𝑠𝑡𝑒𝑝 𝑠𝑖𝑧𝑒 ∗ 𝑤𝑒𝑖𝑔ℎ𝑡𝑠 𝑔𝑟𝑎𝑑 (9)

The learning rate plays a role in determining the weight
and the rate of updating. If the setting is too large, it is easy
to cause the weights to exceed the optimal value and swing
around the optimal value. If the setting is too small, it will
cause slower network training. Because the problem that the
down of standard gradient is easy to fall into the local optimal
solution.
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Figure 10: Correct rate of test set under different learning rates.

Table 1: Correct rates of test set under different learning rates.

Learning
rate 2e-6 5e-6 1e-5 2e-5 5e-5 1e-4

Correct rate 0.602 0.694 0.741 0.829 0.853 0.849
Learning
rate 2e-4 5e-4 1e-3 2e-3 5e-3 1e-2

Correct rate 0.842 0.830 0.790 0.806 0.695 0.732

(b) Dropout. Dropout optimization is a way to improve net-
work generalization ability and reduce overfitting. By setting
the dropout parameters, it makes the hidden nodes of
network training process output to a probability value of 0,
at the same time, when using the back-propagation algo-
rithm to update the weights, which are connected with the
node weights do not participate in the update operation. A
figurative metaphor is: By “kill” hidden nodes in the network
randomly, the remaining nodes will become more efficient
and more reliable.

Specifically, for multilayer LSTM network structures,
dropout acts only between layers and layers at the same time,
and does not apply dropout to steps at different times between
the same layers. In this experiment, we first set dropout
parameters which are more central, and then gradually
expand to the extreme value. According to different results,
we determine the most appropriate dropout parameter value.

(c) LSTM’s Layers. Using multilayer LSTM can improve the
learning effect of the network for the sample features, but
it also brings negative effects of increasing computation and
running time, and it cannot provide significant training
results of the network. In this experiment, the initial selection
of network layers is three, and experiments are carried out in
the range of 1-7. It will select the optimal parameter values
according to the training results.

4. The Results of Experiment Evaluation

4.1. Network Parameter. Themethod of controlling variables
was used in this experiment. First, we refer to some studies

of the deep learning to set network parameters; and then
by fixed all remaining parameters and for a parameter in a
certain range, repeat training experiment; after the optimal
parameter value, we compare the next parameters, andmain-
tain optimal parameter settings for before value. After com-
paring the experimental results, an attempt is made to find
the optimal parameter set suitable for the network. The data
analysis process is as follows.

4.1.1. Learning Rate. The selected range of learning rate is [10-
2,2∗10-6]. We regard the correct rate of the network on the
testing set as the ultimate measure of network training quality
basis. At the same time, we combined with changes in the
process of training on the training set accuracy rate to analyze
them. Table 1 and Figure 10 show the relationship between
the change of learning rate and the accuracy of the test set
in terms of graphs and curves.

After comparison, it can be found that, with the learning
rate gradually changing from large to small, the correct rate
of test set experience gradually increases and then decreases,
and the optimal learning rate is between 2∗10-4 and 2∗10-5.

Figures 11 and 12 compare and analyze the training set
under different learning rate; and test the changes of the
correct rate on the set in the whole training process andmake
a brief analysis and explanation.

The correct rate of change, compared with the whole
training process can be found, when the learning rate is far
greater than the optimal value, the correct rate of the training
set and validation set fluctuated greatly, which shows that the
algorithm to search the optimal solution over the optimal
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Figure 11: Changes of correct rate under different learning rates in training process (1).

value easily, and result in the process of solving fluctuation
near the optimal value; when the learning rate is far less
than optimal, training set and validation set correct rate
was low, indicating that the learning rate is too small, the
algorithm to the optimal value of the convergence process
is too slow, resulting in training is not enough to make the
algorithm to find the optimal solution; when the learning rate
is near optimal value, the correct rate of the training set and
validation set is higher, and the convergence is faster, visible
in Figure 11 and Figure 12.

Figures 13 and 14 compare and analyze the change of loss
function value under different learning rates in the whole
training process and make a brief analysis and explanation.

By comparing the changes in the value of the loss function
in the whole training process, the following can be found:

When the learning rate is much greater than the optimal
value, the loss function value of the training set and the veri-
fication set fluctuates greatly, and the downward trend is not
obvious. It shows that the algorithm is too modified and pro-
duces large oscillation when searching for the optimal solu-
tion.

When the learning rate is close to but still greater than
the optimal value, the loss function value of the training set
and the verification set has a small range fluctuation, and the
training begins to decline rapidly, and a slight improvement is
made at the end of training. This may be due to the excessive
number of training in this kind of learning rate.

When the learning rate is near the optimal value, the
change curve of loss function value is smoother, decreases
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Figure 12: Changes of correct rate under different learning rates in training process (2).

rapidly, and the final fall point value is lower. It shows that
the training process converges well.

When the learning rate is less than the optimal value, the
value of the loss function declines slowly, and the final point
of fall is larger. This shows that the learning rate is too small,
and the convergence process of the algorithm to the optimal
value is too slow, so that training can not make the algorithm
to find the optimal solution.

In combination with the analysis above, the optimal
learning rate is finally selected as 5∗10-5.
4.1.2. Dropout Parameters. In the case that the network layer
is 4 and the learning rate is 5∗10-5, the dropout parameters
are similar, and the results are shown in Table 2.

The training set, and the validation set in training process
are shown in Figures 15 and 16.

As it can be seen from the figure, with the increase of
dropout parameters, the number of neurons wase “death”
in the network gradually reduced, and the data learning
ability is gradually strengthened, which is reflected in the
correct rate of the training set and validation set faster to
reach the optimal value; combined with the set of test results
in the table, when the parameter value is 1 (that is, there
is no give-up neuron in network), network is slightly over
fitting, at the same time when the parameter value is 0.3/0.4
(that is, there are more than half of the probability of giving
up neurons), learning ability of network for data feature is
slightly weakened. In general, when the values are chosen in
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Figure 13: Changes of loss function under different learning rates in training process (1).

Table 2: Correct rate of test set under different dropout.

Dropout 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
correct rate 0.828 0.834 0.855 0.863 0.847 0.853 0.802 0.799

the range of 0.6-0.8 value, it can maximize the optimization
of network performance and avoid overfitting. The optimal
value of the parameter is finally selected 0.7.

4.2. Feature Selection. The MFCC and GFCC parameters
extracted from different orders are trained as features, and
the results are shown in Table 3 (the highest values of each
result).

By comparing the data in the table, we can summarize
as follows: the correlation coefficient of performance, when

MFCC features are added in intermediate frequency (6-7
order), the system performance has improved significantly,
the high frequency part of the correlation coefficient showed
little effect. From theMinimummean square deviation to see,
with the increase of the order of the characteristic coefficients
of MFCC, the minimum mean square variance decreases
gradually. When joining the high frequency part (order 8-
13), the promotion is most obvious. Comparing the different
features, we can find that both the correlation and the least
mean square variance show that the GFCC feature is superior
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Figure 14: Changes of loss function under different learning rates in training process (2).

Table 3: The results of each index under different audio characteristics.

Feature type correlation coefficient R Mean square error RMSE
MFCC (1-2) 0.4369 0.6882
MFCC (1-5dimensions) 0.6929 0.5847
MFCC (1-7dimensions) 0.8015 0.4758
MFCC (1-13dimensions) 0.8343 0.2799
MFCC (1-20dimensions) 0.8909 0.2307
GFCC (13dimensions) 0.9117 0.1924

to the MFCC feature. This shows the former compress by
using the Gammtone filter and the cube root, which are
very good improvement for the latter and better simulate the
physiological characteristics of the human ear.

Data Availability

The data used to support the findings of this study are avail-
able from the corresponding author upon request.
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Figure 15: Changes of correct rate under different dropout in training process (1).
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We propose an anomaly detection approach by learning a generative model using deep neural network. A weighted convolutional
autoencoder- (AE-) long short-termmemory (LSTM) network is proposed to reconstruct raw data and perform anomaly detection
based on reconstruction errors to resolve the existing challenges of anomaly detection in complicated definitions and background
influence. Convolutional AEs and LSTMs are used to encode spatial and temporal variations of input frames, respectively. A
weighted Euclidean loss is proposed to enable the network to concentrate on moving foregrounds, thus restraining background
influence. Moving foregrounds are segmented from the input frames using robust principal component analysis decomposition.
Comparisons with state-of-the-art approaches indicate the superiority of our approach in anomaly detection. Generalization of
anomaly detection is improved by enforcing the network to focus on moving foregrounds.

1. Introduction

Video surveillance has been recently widely applied due
to highlighted safety concerns. Video surveillance generally
requires human operators to watch the screens, which often
leads to fatigue and inattention and failure to identify the
occurrence of abnormal events. On the other hand, signifi-
cant challenges arise with the substantial amount of surveil-
lance video data, which are extremely tedious and time-
consuming for manual analysis. Considering the inefficiency
and cost of traditional surveillance with humans, an auto-
mated anomaly detection system gains increasing interest
from academia and industry.

Early research of video anomaly detection mainly focuses
on specific tasks. For example, Foroughi et al. used support
vector machine for human fall detection [1], whereas Chung
et al. employed a hidden Markov model (HMM) to detect
abnormal behavior of patients in a nursing center [2]. How-
ever, realizing general video anomaly detection presents diffi-
culty due to the ambiguous definition of anomaly in practical
conditions. One may think that walking around on a square
is normal, but others may consider it an anomaly. Thus,
most researchers follow Hawkins, who defined anomaly (or

outlier) as an observation that significantly deviates from
other observations to arouse a suspicion that is generated by a
different mechanism [3]. Considering the imbalance between
normal and abnormal patterns, one can model normal
patterns in an unsupervised or semisupervised manner, and
the pattern that deviates from the model is regarded as
anomaly. A significant amount of effort is concentrated on
feature engineering to model normal patterns. In uncrowded
scenes where classic target tracking can be well achieved,
high-level features, such as tracklets [4, 5], can be used
for anomaly detection. However, in crowded scenes where
not all targets can be accurately tracked, low-level features,
such as histogram of oriented optical flow and gradients
[6], social force models [7], dynamic textures model [8],
and motion scale-invariant feature transform [9], which are
robust for extraction, are often used to detect anomalous
events in videos. A state-of-the-art approach for unsuper-
vised modeling is a combination of sparse coding and bag-of-
words [10, 11]. However, bag-of-words is unable to preserve
the spatiotemporal structure of words and requires prior
information about the number of words.

Given the significant success of deep learning in pat-
tern recognition, many researchers attempt to develop a
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generative model that encodes normal behavior through
deep learning, such as deep neural network [12], autoen-
coders (AEs) [13–18], and generative adversarial networks
(GANs) [19, 20]. Then, behavior with large reconstruction
errors is considered abnormal during testing. Compared with
hand-crafted feature-based anomaly detection approaches
that depend on predefined heuristics, deep learning-based
anomaly detection is easy to realize and generalize to different
surveillance scenes.

Despite the capability of deep neural network in detecting
general anomaly based on a generative model, the network
is easily influenced by the background. Thus, the network
cannot focus on the object of interest (for example, moving
crowds). Temporal variants are complicated. Thus, they
cannot be easily encoded by 3D convolutional filters or
one convolutional long short-term memory (convLSTM). To
resolve the preceding challenges mentioned, a weighted
convolutional AE–LSTM (WCAE-LSTM) network is built for
anomaly detection. Our contributions are threefold. First,
moving foregrounds are extracted using robust principal
component analysis (RPCA) decomposition which is more
robust than background subtraction. The segmented moving
foregrounds will be used as a priori information in the
proposed network. Second, anomaly can be detected by
the proposed WCAE-LSTM network, which uses AEs to
capture spatial variants and three convLSTMs to encode
temporal variants. The three convLSTMs can strongly cap-
ture complicated temporal variants. However, more than
three convLSTMs can no longer improve anomaly detection
performance. Third, we propose a weighted Euclidean loss
that can enforce the network to concentrate on moving
foregrounds. Thus, the influence of irrelevant background
information can be alleviated.

The remainder of this paper is organized as follows.
Section 2 provides a review of deep learning-based anomaly
detection. Section 3 specifies the details of the proposed
method. Section 4 discusses the experimental results and
analysis. Section 5 presents the conclusions drawn from this
work.

2. Related Work

As discussed in Section 1, recent efforts in anomaly detection
mainly focus on hand-crafted feature- and deep learning-
based approaches. We will review several works from these
perspectives.

Hand-Crafted Feature-Based Approaches. Hand-crafted fea-
ture is widely used in anomaly detection. For example,
social force models [7], mixtures of dynamic texture model
[8], optical flow-based video descriptors [23], temporal
analysis of gray-level cooccurrence matrix [24], and HMM
on local spatiotemporal volumes [25] are commonly used
to detect general anomalies. Despite their capability in
detecting general anomalies, the low detection accuracy
of these approaches makes them unsuitable for practical
applications. Inspired by sparse representation and dictionary
learning, Zhao et al. learned the dictionary of normal behav-
ior through sparse representation and detected abnormal

behavior through reconstruction errors [10]. Then, Lu et al.
improved Zhao et al.’s approach by increasing the speed to
150 fps [11]. However, nothing in the dictionary was trained
with abnormal events andwas usually overcomplete; thus, the
expectation for anomaly detection cannot be guaranteed in
real-world conditions.

Deep Learning-BasedApproaches. Recently, deep learning has
achieved significant success in object detection and video
understanding.Thus, researchers attempted to detect anoma-
lies in videos using deep learning. As a result of insufficient
abnormal patterns,most researchers build a generativemodel
of normal patterns and then detect anomalies based on
the reconstruction errors of input data. AEs are commonly
used to build generative models. An et al. used variational
AEs for anomaly detection by evaluating reconstruction
probability but not reconstruction errors [13]. Dimokranitou
et al. used adversarial AEs for robust anomaly detection
[14]. Raghavendra et al. used robust AEs to improve the
generalization and induction of AEs in anomaly detection
[15]. Hasan et al. used convolutional AEs (CAEs) on stacked
spatiotemporal frames to detect anomalies and better encode
temporal variations [16]. Chong et al. and Luo et al. pro-
posed a similar architecture named LSTM based on CAEs
(LSTM–CAEs); this approach can better capture temporal
variants through LSTM [17, 18]. Except for AEs, GANs can
also be used to build such a model. Schlegl et al. employed
a GAN model for anomaly detection in medical images
[19]. Ravanbakhsh et al. proposed a cross-channel prediction
conditional GAN architecture to fully utilize raw image
pixels and corresponding optical flows [20]. Compared with
CAE-based anomaly detection approaches, the GAN-based
anomaly detection approach reports large area under curve
(AUC) and low equal error rate in benchmarking datasets
Ped1 and Ped2. However, the preceding methods mentioned
are easily influenced by backgrounds. Thus, the anomaly
detection performance is unsatisfactory.

3. Proposed Method

3.1. Segmenting Moving Foregrounds. The RPCA is widely
used to detect moving objects given its robustness against
severe disturbances, such as dynamic background and illu-
mination changes.The RPCA decomposition is aimed at sep-
arating the sparse foreground from the low-rank background.
However, the traditional RPCA decomposition undergoes
constant punishing parameters. A block-RPCA segments the
input frame into different patches and then assigns each patch
with a punishing parameter [26]. Foreground segmentation
using the block-RPCA is formulated as follows:

min
L,𝐹

‖L‖∗ +∑
𝑖

𝜆𝑖Pi (F)
1

s.t. 𝐷 = 𝐿 + 𝐹,
(1)

where D represents input images, L denotes low-rank back-
grounds, F indicates sparse foregrounds, ‖‖∗ represents a
nuclear norm, and ‖‖1 indicates an L1 norm. Mapping matrix
P𝑖() is used to extract patches, and punishing parameter 𝜆𝑖
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(a) (b) (c)

Figure 1: Segmented foregrounds using a Block-RPCA from (a) Avenue, (b) Ped1, and (c) Ped2 datasets.

indicates the motion saliency of the 𝑖th patch.The calculation
of 𝜆𝑖 can be verified in [26]. The optimization of (1) is
achieved through inexact augmented Lagrange multipliers.
Figure 1 illustrates several samples of segmented foregrounds
from Avenue, Ped1, and Ped2 datasets. Notably, the detected
foregrounds only provide the weight information to train
the proposed network. Thus, few noises are allowed in the
detected foregrounds.

3.2. Structure of the WCAE-LSTM Network. The LSTM has
demonstrated considerable success in memorizing correla-
tions among temporal events. Shi et al. [27] proposed the
ConvLSTM by replacing the matrix multiplication in the
LSTM with the convolutional operation to make the ConvL-
STM suitable for processing video data. Then, temporal and
spatial information can be captured by the ConvLSTM. The
ConvLSTM is defined as follows:

𝑖𝑡 = 𝜎 (𝑤𝑥𝑖 ⊗ 𝑥𝑡 + 𝑤ℎ𝑖 ⊗ ℎ𝑡−1 + 𝑏𝑖)

𝑓𝑡 = 𝜎 (𝑤𝑥𝑓 ⊗ 𝑥𝑡 + 𝑤ℎ𝑓 ⊗ ℎ𝑡−1 + 𝑏𝑓)

𝑜𝑡 = 𝜎 (𝑤𝑥𝑜 ⊗ 𝑥𝑡 + 𝑤ℎ𝑜 ⊗ ℎ𝑡−1 + 𝑏𝑜)

𝑐𝑡 = 𝑓𝑡 ⊙ 𝑐𝑡−1 + 𝑖𝑡 ⊙ tanh (𝑤𝑥𝑐 ⊗ 𝑥𝑡 + 𝑤ℎ𝑐 ⊗ ℎ𝑡−1 + 𝑏𝑐)

ℎ𝑡 = 𝑜𝑡 ⊙ tanh (𝑐𝑡) ,

(2)

where 𝑥𝑡 and ℎ𝑡 represent the input and output of the
ConvLSTM at time 𝑡; and 𝑖𝑡, 𝑓𝑡, and 𝑜𝑡 represent input, forget,
and output gates, respectively. 𝑐𝑡 is the memory cell that
stores the historical information. 𝜎 represents the sigmoid
activation function. 𝑤𝑥𝑖, 𝑤ℎ𝑖, 𝑤𝑥𝑓, 𝑤ℎ𝑓, 𝑤𝑥𝑜, 𝑤ℎ𝑜, 𝑤𝑥𝑐, and
𝑤ℎ𝑐 represent the weights of convolutional filters, and 𝑏𝑖, 𝑏𝑓,

Figure 2: Structure of the proposed WCAE-LSTM network.

𝑏𝑜, and 𝑏𝑐 represent the bias. ⊙ represents the element-wise
multiplication, and ⊗ represents the convolutional operation.

We build a WCAE-LSTM to reconstruct the input data.
In Figure 2, a sequence of 𝑇 reshaped frames (225 × 225)
in chronological order is fed into the WCAE-LSTM. The
content of each frame is encoded by an encoder with three
convolutional layers.Then, the encoded feature of each frame
is fed into the ConvLSTM module, which contains three lay-
ers. The output of ConvLSTM module is used to reconstruct
the input frame through a decoder, which contains three
deconvolutional layers.The filter numbers of C1, C2, C3, CL1,
CL2, CL3, D1, D2, and D3 are 128, 256, 512, 128, 256, 512,
256, 128, and 1, respectively. Kernel size, stride, and padding
of each layer (C for Conv, CL for ConvLSTM, and D for
Deconv) are displayed in detail. In contrast to the work of Luo
et al. [18], we use three ConvLSTM units to capture temporal
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correlations. WCAE-LSTM is also trained by minimizing
the weighted Euclidean loss, which requires segmentation of
moving foregrounds from the input frames through RPCA
decomposition.

3.3. Weighted Euclidean Loss. A generative model tries to
estimate an output that is similar to the input. Euclidean loss
is often used to minimize the pixel-level differences between
input and estimated output. However, the traditional gener-
ative model-based anomaly detection approaches are likely
to be influenced by backgrounds. We propose a weighted
Euclidean loss inspired by saliency detection. The new loss
can highlight the moving foregrounds through giving more
attention to foreground regions. The loss between the input
frame and the corresponding reconstructed output is defined
using the L2 norm, with a weight matrix 𝑊 to restrain the
background influences, as shown in the following:

𝐿 = ‖(𝐸 (𝐼,𝑂) − 𝐼) ⊙𝑊‖2 , (3)

where O is a set of network parameters, I is the input frame,
E (I, O) is the reconstructed output (denoted as R), and ⊙
indicates the element-wise production. W has the same size
as I, in which RPCA is used to segment foreground region
from background region. Taken I as reference, pixel values
of W in foreground region are set to 2, and other pixels in
W are set to 1. Then, the network can put more focus on the
foreground region while estimating the output during due to
the large weight in this region. Background influences which
are harmful to anomaly detection can be restrained due to the
small weight in background region.

3.4. Regularity Score. Measuring the quality of reconstructed
frame by computing mean square error between recon-
structed frame and its ground truth of all pixels is favored.
However,Mathieu et al. [28] argued that peak signal-to-noise
ratio (PSNR) is a better choice for quality assessment; this
variable is defined as follows:

𝑃𝑆𝑁𝑅 (𝐼, 𝑅) = 10 log10
𝑚𝑎𝑥𝑅2

(1/𝑁)∑𝑁𝑖=0 (𝐼𝑖 − 𝑅𝑖)
2
, (4)

where 𝑚𝑎𝑥𝑅 refers to the maximum possible value of image
intensities, and 𝑁 represents the number of pixels in the
frame. High PSNR value of one frame indicates its likelihood
to be normal. After calculating each frame’s PSNR in the
testing video, regularity score of the 𝑘th frame can be
calculated by normalizing the PSNR of all frames in the
testing video to the range [0, 1].

𝑆 (𝑘) =
𝑃𝑆𝑁𝑅 (𝐼𝑘, 𝑅𝑘) − 𝑚𝑖𝑛𝑘𝑃𝑆𝑁𝑅(𝐼𝑘, 𝑅𝑘)

𝑚𝑎𝑥𝑘𝑃𝑆𝑁𝑅(𝐼𝑘, 𝑅𝑘) − 𝑚𝑖𝑛𝑘𝑃𝑆𝑁𝑅(𝐼𝑘, 𝑅𝑘)
. (5)

Then, we can predict whether a frame is normal or abnormal
based on its regularity score S(k) and an experimentally
defined threshold.

3.5. Implementation Details. Our approach is performed on
NVIDIA GTX 1080 GPU (8G) using the Caffe framework

Table 1: Parameters used in our approach.

Parameters Value
Base Learning rate 0.0001
Learning policy “fixed”
Gamma 0.5
Max iterations 100000
Momentum 0.9
Weight decay 0.0005
Optimization Type ADAGRAD

and a cuDNN library. Table 1 lists the parameters used to
train our approach. We set the stride between two sampled
frames in original videos to 1, 2, and 3 to perform data
augmentation. Batch size is set to 16 during training due
to memory limitations. Xavier [29] is used for initialization
of each convolutional layer. The activation functions in the
convolutional and deconvolutional layers are a rectified linear
unit.

4. Experimental Results

4.1. Evaluations in the CUHK Avenue Dataset [11]. This
dataset is officially split into 21 training clips and 32 testing
clips, with each video clip being approximately 2 min long.
The training part contains normal events like regular walking
of pedestrians. The testing part contains various anomalous
events, such as running, throwing objects, and walking in the
wrong direction.

We illustrate the pixel-level differences between the
input frame (Figure 3(a)) and all reconstructed frames to
understand the superiority of our approach well in anomaly
detection and localization. Figure 3(a) displays an anomaly
of a girl walking in the wrong direction. We use ConvLSTM-
AE [18] and Conv-AE [16] for comparison. The ConvLSTM-
AE focuses on the background. Thus, numerous activations
are performed in the background regions of the pixel-
level differences (Figure 3(b)). Conv-AE performs better than
ConvLSTM-AE in restraining background influence. How-
ever, a certain amount of background information, such
as the bag in the left bottom corner (notably, we only
detect moving anomaly), remains. The pixel-level differences
of our approach have the fewest background activations
through making the network concentrated on the moving
foregrounds.Thus, the intrusive anomaly can be detected and
localized more accurately than the two other approaches.

The regularity scores over frames reflect the proba-
bilities of abnormal events. Regularity scores of Conv-AE
and ConvLSTM-AE are used for comparison, as shown in
Figure 4. We display two frames, wherein one contains
anomalous events marked with red rectangle, and another
contains only normal events. Three approaches achieve sim-
ilar performances for most frames. However, our approach
has lower regularity scores than Conv-AE and ConvLSTM-
AE around the 135th frame, in which an anomaly of wrong
direction occurs. Around the 400th frame, Conv-AE and
our approach are found to be superior to ConvLSTM-AE
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(a) (b) (c) (d)

Figure 3: Illustration of pixel-level differences in the Avenue dataset: (a) input data, (b) pixel-level differences of ConvLSTM-AE, (c) pixel-
level differences of Conv-AE, and (d) pixel-level differences of our approach.
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Figure 4: Regularity scores of different approaches in the 9th video
clip of Avenue dataset.

because the former present much higher regularity scores in
processing normal frames.

4.2. Evaluations of UCSD Ped1 and Ped2 Datasets [22]. This
dataset contains two subdatasets, namely, the Ped1 and Ped2.
For Ped1, 32 video clips are available for training and 36
video clips for testing. For Ped2, 12 video clips are used for
training and 16 video clips for testing. All training videos
contain normal events, such as regular walking in walkways.
Testing videos contain several irregular events, such as riding
a bicycle, skating, and moving vehicles.

Figure 5 presents the pixel-level differences between the
input frame of Ped2 (Figure 5(a)) and the reconstructed
frames of different approaches. Figure 5(a) displays an
anomaly of a people riding the bicycle. Nearly all pix-
els in the foregrounds of the pixel-level differences of
ConvLSTM-AE (Figure 5(b)) are activated.This result reveals
that ConvLSTM-AE cannot accurately reconstruct moving
targets even when they are normal. Conv-AE can reconstruct
better moving targets than ConvLSTM-AE. Thus, only a
few activations are observed in the pixel-level differences
depicted in Figure 5(c). However, the reconstructed anomaly
also contains a few activations, and the background influence
is obvious. Therefore, we cannot accurately distinguish the

normal and abnormal events based on Figure 5(c). Our
approach has some activations in the reconstructed normal
behaviors like regular walking, but has more activations
in the reconstructed abnormal behavior (people riding the
bicycle) than Conv-AE (Figure 5(d)). Moreover, the back-
ground influence is significantly restrained through min-
imizing weighted Euclidean loss. Thus, our approach can
better distinguish normal and abnormal behaviors than
ConvLSTM-AE and Conv-AE.

Figures 6 and 7 display the regularity scores of the
three approaches in Ped1 and Ped2, respectively. In Figure 6,
we illustrate two abnormal frames (38th and 147th frame)
that contain anomalies of riding bicycle. Notably, our
approach achieves lower regularity scores than Conv-AE and
ConvLSTM-AE.Thus, these anomalies can be better detected.
A similar phenomenon can be observed in Figure 7, in which
our approach yields lower regularity scores than Conv-AE
and ConvLSTM-AE in the 68th frame (anomaly of riding
bicycle) and the 110th frame (anomaly of riding bicycle and
skating). Accurate quantitative analysis is presented in the
following section.

4.3. Comparisons with State-of-the-Art Approaches. To com-
pare with the state-of-the-art anomaly detection approaches,
the frame-level AUC is calculated to evaluate the perfor-
mance of anomaly detection. Generally, a large AUC indi-
cates improved anomaly detection performance. We com-
pare our approach with several state-of-the-art anomaly
detection approaches, including hand-crafted features-based
approaches [21, 22] and deep learning-based approaches [16,
18]. Table 2 presents the comparison results with Avenue,
Ped1, and Ped2.

In this table, MPPCA [21] and MPPC + SFA [22] are
inferior to deep learning-based approaches in Ped1 and
Ped2, respectively. Their frame-level AUC values are much
lower than those of the other approaches. Conv-AE and
ConvLSTM-AE achieve much higher AUC values than
MPPCA and MPPC + SFA in Ped1 and Ped2, respectively.
These improvements reveal the superiority of deep learning
in anomaly detection to hand-crafted features. Our approach
with one ConvLSTM layer is similar to ConvLSTM-AE in
the perspective of network structure. However, focusing on
moving foregrounds helps the former achieve higher AUC
values than the latter in all three datasets. By adding another



6 Advances in Multimedia

(a) (b) (c) (d)

Figure 5: Illustration of pixel-level differences in the Ped2 dataset: (a) input data, (b) pixel-level differences of ConvLSTM-AE, (c) pixel-level
differences of Conv-AE, and (d) pixel-level differences of our approach.

Table 2: Comparisons with the state-of-the-art approaches in benchmarking datasets (frame-level AUC).

Avenue Ped1 Ped2
MPPCA [21] N/A 59.0% 69.3%
MPPC + SFA [22] N/A 66.8% 61.3%
Conv-AE [16] 80.0% 75.0% 85.0%
ConvLSTM-AE [18] 77.0% 75.5% 88.1%
Our approach with one ConvLSTM 82.9% 82.3% 89.3%
Our approach 85.7% 85.1% 92.6%
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Figure 6: Regularity scores of different approaches in the 6th video
clip of Avenue dataset.

two ConvLSTM layers, our approach further achieves the
best performance among all approaches used for comparison.
However, no evident improvement can be observed through
the addition of more than three ConvLSTM layers.

4.4. Evaluation of Generalization. A generalization of the
anomaly detection approach is a key issue for practical
applications. We test our approach in the transfer learning
setting by selecting one of the three datasets (Avenue, Ped1,
and Ped2) as the source domain and using the remaining
two datasets as the target domain. In particular, the model
trained in the source domain is used to detect anomalous
events in the target domain. Furthermore, we compare

Frame 68: riding bicycle

Frame 110: riding bicycle
And skating
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Figure 7: Regularity scores of different approaches in the 8th video
clip of Avenue dataset.

the generalization between our approach and two state-
of-the-art approaches, namely, the ConvLSTM-AE and the
Conv-AE, using a frame-level AUC. Table 3 summarizes
the results of a cross-dataset anomaly detection of two
approaches. Our approach is clearly superior to ConvLSTM-
AE in the cross-dataset anomaly detection. For example,
the AUC values of ConvLSTM-AE are 23.6% and 19.2%
when detecting an anomaly in Ped1 and Ped2 using the
model trained in Avenue. However, our approach achieves
high AUC values (80.3% and 84.4%) while performing the
same task. Moreover, our approach achieves higher AUC
values when performing the cross-dataset anomaly detection
between Ped1 and Ped2.We deduce that the differences in the
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Table 3: Performance of the different approaches across datasets (frame-level AUC).

Source dataset Avenue Ped1 Ped2
Target dataset Ped1 Ped2 Avenue Ped2 Avenue Ped1
Conv-AE 19.8% 15.6% 17.8% 67.4% 17.5% 68.8%
ConvLSTM-AE 23.6% 19.2% 18.3% 81.2% 19.5% 78.5%
Our approach 80.3% 84.4% 68.2% 85.3% 69.6% 81.6%

cross-dataset anomaly detection are caused by the back-
ground and shooting angles, which may change sharply
among different scenes. Thus, ConvLSTM-AE is likely
to inaccurately decide while performing the cross-dataset
anomaly detection because it focuses more on the back-
ground than on the moving foreground. However, our
approach concentrates on the moving foreground, which
shares many general characters in different scenes. In addi-
tion, the generalization of Conv-AE is even worse than that
of ConvLSTM-AE. We guess the reason is that no special
strategy is used in Conv-AE to process temporal information.
Conv-AE just processes a batch of consecutive frames, while
ConvLSTM-AE employs a long short-term memory strategy
to extract temporal correlations between consecutive frames.

5. Conclusion

An anomaly detection approach based on a generative model
is proposed in this work. We build a WCAE-LSTM network
to reconstruct an input frame sequence, and the reconstruc-
tion error between input and reconstructed frame is used
for anomaly detection. Specifically, spatial variations of each
frame are encoded using CAE, and temporal variations of
the sequence are encoded with a three-layer Conv-LSTM.We
train the network by minimizing a weighted Euclidean loss
with the aid ofmoving foregrounds segmented from the input
sequence through RPCA decomposition. The pixel-level
differences in benchmarking datasets reveal that providing
large weights to moving foregrounds can effectively enforce
the network to concentrate on foregrounds and exclude
background influence. Comparisons with state-of-the-art
anomaly detection approaches, based on either traditional
or deep learning features, indicate the superiority of our
approach. We further observe that generalization of anomaly
detection improves by enforcing the network to concentrate
on moving foregrounds.

Data Availability

UCSD dataset “Privacy Preserving Crowd Monitoring:
Counting People without People Models or Tracking” [On-
line] is available at http://www.svcl.ucsd.edu/projects/peo-
plecnt. Avenue dataset, by C. Lu, J. Shi, and J. Jia, “Abnor-
mal Event Detection at 150 FPS in MATLAB,” in ICCV,
2013, pp 2720–2727, is available at http://www.cse.cuhk.edu
.hk/∼leojia/projects/detectabnormal/index.html.
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Automatic audio announcement systems arewidely used in public places such as transportation vehicles and facilities, hospitals, and
banks. However, these systems cannot be used by people with hearing impairment. That brings great inconvenience to their lives.
In this paper, an approach of audio announcement detection and recognition for the hearing-impaired people based on the smart
phone is proposed and a mobile phone application (app) is developed, taking the bank as a major applying scenario. Using the app,
the users can sign up alerts for their numbers and then the system begins to detect audio announcements using the microphone
on the smart phone. For each audio announcement detected, the speech within it is recognized and the text is displayed on the
screen of the phone. When the number the user input is announced, alert will be given by vibration. For audio announcement
detection, a method based on audio segment classification and postprocessing is proposed, which uses a SVM classifier trained
on audio announcements and environment noise collected in banks. For announcement speech recognition, an ASR engine is
developed using a GMM-HMM-based acoustic model and a finite state transducer (FST) based grammar. The acoustic model is
trained on audio announcement speech collected in banks, and the grammar is human-defined according to the patterns used
by the automatic audio announcement systems. Experimental results show that character error rates (CERs) around 5% can be
achieved for the announcement speech, which shows feasibility of the proposed method and system.

1. Introduction

Voice is one of the most natural and important commu-
nication methods for human beings [1]. It is playing an
increasingly important role and bringing great convenience
to our daily lives. As an instance, automatic audio announce-
ment systems are widely used in public places such as
transportation vehicles and facilities, hospitals, and banks.
For example, nowadays in China, each customer in a bank
gets a number on his/her arrival and waits for his/her turn
of service until the audio announcement containing the
number tells him/her to which counter to go. However, these
systems cannot be used by people with hearing impairment.
Obviously, this brings great inconvenience to their lives.
Although sometimes the audio announcements are compan-
ioned by text announcements displayed on screens, it is still
inconvenient since the hearing-impaired people need to be

always paying attention on the screens, which is tiring and
may lead to missing of the information.

To make the announcements also available to hearing-
impaired people, wireless sensor networks or shortmessenger
systems are adopted to provide reminders via other methods
instead of voice [2]. The disadvantage of these systems is that
additional systems need to be deployed in the application
scenarios, which is often difficult and expensive.

In this paper, we propose a mobile phone-based solution
which avoids the deployment of additional systems in public
places. An application (app) installed on the mobile phone
can automatically detect and recognize audio announce-
ments and remind the user by vibration and text on the
mobile phone. There are two major challenges in the system:
the detection of audio announcements in audio collected in
real-world public places and recognition of the speech in the
audio announcements detected.
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Figure 1: Framework of the proposed system.

The detection of the audio announcement can be viewed
as a task of content-based audio classification, which is inher-
ently a difficult problem of pattern recognition.There are two
main issues for audio classification: the selection of audio
features and the choice of classifiers [3]. For the selection of
features, Pfeiffer et al. [4] proposed a theoretical framework
that uses a series of perceptual features for automatically
audio content analysis. Li et al. [5] studied the effect of a total
of 143 audio features, showing that cepstrum-based features
such as Mel-frequency cepstral coefficients (MFCCs) and
Linear Predictive Cepstral Coefficients (LPCCs) are more
effective than short-term and spectral features in audio classi-
fication. Feature-based fusion [6] and adaptive approach [7]
are also useful in audio classification. As for classifiers used
in audio classification [8], Lu et al. [9] used support vector
machine (SVM) to classify audio into five categories: silence,
music, background sound, the voice of a pure speaker, and
the voice of a speaker under noise or music, which is similar
to the Cuckoo algorithm [10].

Automatic speech recognition (ASR) techniques have
been studied for decades and used in many real-world appli-
cations. Earlier ASR systems used Hidden Markov Model
(HMM) for acoustic model. In recent years, the application
of Deep Neural Networks (DNNs) [11] has significantly
improved the accuracy of speech recognition. Neural net-
works such as Convolutional Neural Networks (CNNs) [12]
and Recurrent Neural Networks (RNNs) [13, 14] are used
and proved to be promising [15], and end-to-end speech
recognition methods [16, 17] using Connectionist Temporal
Classification (CTC) [18] and attention [19, 20] are also
proposed to further improve the performance. Although the
DNN-based approaches are reported to outperform HMM-
based systems, very large training data are needed to train
the DNNs. For applications on mobile phones, there are
also many open cloud services of speech recognition. For
example, in China, Baidu, iFLYTEK, Unisound, and other
companies provide convenient remote interfaces of speech
recognition which can be called by apps on mobile phones.
However, these services mainly focus on speech of general
domains and low-noise environments and may yield poor
performance for speech in special scenarios such as far-field
audio announcements in noisy public places [21, 22].

In this paper, an approach of audio announcement
detection and recognition for the hearing-impaired people

based on the smart phone is proposed and an Android app
is developed, taking the bank as a major applying scenario.
Using the app, the users can sign up alerts for their numbers
and then the system begins to detect audio announcements
using the microphone on the smart phone. For each audio
announcement detected, the speech within it is recognized
and the text is displayed on the screen of the phone. When
the number the user input is announced, alert will be given
by vibration. For audio announcement detection, a method
based on audio segment classification and postprocessing
is proposed, which uses a SVM classifier trained on audio
announcements and environment noise collected in banks.
For announcement speech recognition, an ASR engine is
developed using a GMM-HMM-based acoustic model and
a finite state transducer (FST) based grammar. The acoustic
model is trained on audio announcement speech collected
in banks, and the grammar is human-defined according to
the patterns used by the automatic audio announcement
systems. Experimental results show that character error rates
(CERs) around 5% can be achieved for the announcement
speech, which shows feasibility of the proposed method and
system.

2. System Overview

In this paper, a method of audio announcement detection
and recognition is proposed for the hearing-impaired people.
Based on the method, we developed a mobile phone-based
system, i.e., an Android app that can remind hearing-
impaired people of audio announcements containing spec-
ified keywords, e.g., numbers. The current version of the
app mainly focuses on the scenario of banks, although the
proposedmethod can be used for almost all public placeswith
audio announcements.

The framework of the proposed system is shown in
Figure 1. The user interface receives user input (a keyword,
e.g., a number) and starts monitoring of the keyword. During
themonitoring, status information is displayed, andwhen the
keyword is detected, the user interface will notify the user
by vibration. The monitoring of the keyword is achieved by
real-time detection and recognition of audio announcements
in the ambient audio collected by the mobile phone. For
each audio announcement detected, keyword matching is
performed between the text of the audio announcement and
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Figure 2: Flowchart of the proposed system.

Figure 3: Screen shot of the app.

the user input keyword to decide whether the keyword is
detected.

A more detailed procedure of the proposed systems is
shown in the flowchart in Figure 2 and illustrated by the
screen shots of the app in Figure 3. After starting launching
the app, the user sets the keyword to be monitored, which is

usually the number they have been assigned when arriving
at the bank, as shown in Figure 3(a). Then, the mobile phone
starts to continuously collect audio data and store the data
into the buffer pool. At the same time, the system begins
detection of audio announcements using the data in the
buffer. Each time, audio data of a fixed size is processed.
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Figure 4: The procedure of audio announcement detection.

If audio announcements are detected in the data, the audio
data containing announcement speech are input into the
announcement recognition module, which is a speech recog-
nition engine trained specially for audio announcements.The
announcement recognitionmodule transforms the audio into
text and matches the text with the user-specified keyword. If
the match succeeds, vibration will be triggered to notify the
user, as shown in Figure 3(c). Considering that match failure
may be caused by errors in speech recognition, during the
monitoring, the recognition result of each audio announce-
ment detected is also displayed on the mobile phone screen,
as shown in Figure 3(b). With this auxiliary information,
the user can understand current situation better and may
correct speech recognition errors by themselves using context
knowledge.

The core of the system is the automatic detection and
recognition of audio announcements. Machine learning
based methods are proposed for both the detection and
recognition tasks, which will be detailed in the following
sections. On the other hand, the methods for data collection
and keyword matching are relatively simple and will not be
further described.

3. Audio Announcement Detection

The procedure of audio announcement detection is as shown
in Figure 4.

The audio data collected and stored in the buffer are
first divided into frames with a length of 25ms and without
frame shift. Then preprocessing including pre-emphasis and
Hamming windowing are performed and audio features
are extracted for each frame. The features adopted are 13
MFCC coefficients, short time energy, and zero crossing rate.
Therefore, a 15-dimension feature vector is extracted for each
frame.

A classification-based scheme is used for audio
announcement detection. Instead of classifying each frame,
classification is performed for segments of 0.5 seconds,
since segments can be more distinctive between audio
announcement and background noise and segment-level
classification is more efficient. Every 20 frames, which is
related to an audio segment of 0.5 seconds, are combined into
a group of frames, and the features of frames are combined
into a 300-dimensional super-vector. The super-vector is
then input into the classifier.

As for the classifier, Support Vector Machine (SVM) with
RBF kernel is adopted due to its wide usage in content-based
audio classification. An SVM model is trained with audio
data collected in banks. Audio announcements are manually
segmented from the audio and used as positive samples, and
the remaining audio data without audio announcements are
treated as negative samples. Since the audio announcements
are relatively few, 1/5 of the negative samples are randomly
selected and used for training. During the training stage, 8-
fold cross-validation is performed to tune parameters.

By using the SVM to classify the audio for every 0.5
seconds, the probability of each 0.5-second segment being an
audio announcement can be obtained. Then, postprocessing
is performed to decide the starting and ending times of
the audio announcement based on the probabilities. In our
observation, we found that all the audio announcements in
banks are within 6 seconds. Therefore, a sliding window of
6 seconds is adopted. For each time, 12 adjacent groups of
frames are used for classification, and the 12 probabilities 𝑝

𝑖
,

i=1, . . ., 12, are obtained. The average probability value 𝑝 is
then calculated as

𝑝 =
12

∑
𝑖=1

𝑝
𝑖

12
(1)

If 𝑝 is greater than a predetermined threshold, the 6-second
segment is judged as an audio announcement.
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Figure 5: Example of postprocessing in audio announcement
detection.

Figure 5 shows an example of the postprocessing. The
abscissa indicates the time (second), and the ordinate indi-
cates the probability value. Each point indicates the probabil-
ity of the corresponding 0.5-second audio segment being an
audio announcement. The red lines indicate the prediction
of the starting and ending times of the audio announcement,
and the green lines indicate the ground truth labelled by
human.

4. Audio Announcement Recognition

After obtaining the audio announcements, the speech within
them needs to be recognized to yield the text used for
keywordmatching. Due to the high-noise, and especially, the
far collection distance of the audio collected in public places
such as banks, general-purpose speech recognition systems
which focus on speech collected by close talkingmicrophones
cannot be used. We have tried to use some cloud services of
speech recognition. However, very poor recognition results
were obtained (experimental results will be given in the
following section), and some speech recognition engines even
returned null for most of the speech. Therefore, we built a
speech recognition engine for audio announcements in banks
by ourselves, using the open source tool kit KALDI.

The challenge of building a speech recognition engine
for audio announcements mainly lies in the lack of data.
Therefore, we collected 27-hour audio data in 5 banks. The
data contains 995 audio announcements in total. Although
the amount is still small compared to other speech corpora, it
should be noticed that the speech in the audio announcement
is with limited vocabulary and of almost fixed pattern
of expression. Therefore, a continuous speech recognition
system with a small vocabulary and a simple grammar can
be built using the data collected.

Due to the small amount of the training data, models
based on deep neural network are not suitable.The traditional
HMM-GMM model is adopted. During the training stage,
the training data are divided into frames with 25ms frame
length and 10ms frame shift. The 12-dimensional MFCC
feature is extracted for each frame and, along with short time
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Figure 6: Finite state transducer of the grammar used.

energy, forms a 13-dimensional vector. Then, after first-order
and second-order differentiation, a 39-dimensional feature
vector is finally obtained.There are 48 initials and vowels used
in the dictionary as phonemes. Both mono-phone and tri-
phone-based models are trained, and the training of the tri-
phone model uses decision tree clustering for state binding
to reduce the number of states. The Baum-Welch algorithm
is used for training and beam search of Viterbi algorithm is
used for decoding.

For scenarios such as banks, hospitals, and transportation
vehicles and facilities, audio announcements are mostly gen-
erated automatically and follow fixed patterns. For example,
for banks in China, audio announcements are usually like
“Customer A0017, please go to counter 8”. Therefore, in our
work, a grammar is defined according to the pattern of
announcements in banks and used in the speech recognition
system as language model. The grammar is represented by a
finite state transducer, as shown in Figure 6, and is defined
using the OpenFst tool in KALDI.

5. Experiments

5.1. Experiment Setup. The experimental data are audio data
collected bymobile phones in 5 banks belonging to 3 different
companies.The data are stored in 16 KHz, 16-bit, mono PCM
WAV files. Information of the data is given in Table 1.

For audio announcement detection, the task is to detect
audio announcements in the audio and give the time bound-
aries of the audio announcements. In the experiment, the
input of this task is audio files collected in banks, and
the output is the starting and ending times of the audio
announcements in all the files. There may be multiple or
no audio announcements in an audio file. The training set
is formed by all audio in the first 4 banks and the test
set contains audio in the fifth bank. The test data consists
of 50 audio files with announcements and 10 files without
audio announcements. The starting and ending times of the
audio announcements in test data are labelled manually as
the ground truth. If the deviation between the ground truth
and the detected time is less than a given threshold, the
detection is considered to be correct. We compute the recall
rate, precision rate, and the F1 value to evaluate the overall
detection performance.

For speech recognition, to analyse the effect of different
data collection sites, two experiments are conducted by using
different datasets. The first training set consists of 770 audio
files, each containing one audio announcement.These audios
are collected in four different banks, while the test data
contains 132 audio files collected in a different bank, namely,
the fifth one. The second training set consists of 802 audio
files collected in all the five banks, and the second test
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Table 1: Information of experimental data.

Bank Duration (hours) Number of announcements
Zhichunlu 10 276
Shuangyushu 4 97
Kexueyuan 7 426
Xili 4 157
Haidian 2 39
Total 27 995

Table 2: Experimental results of audio announcement detection.

Precision rate Recall rate F1
Tolerance = 0.5s 0.822 0.740 0.778
Tolerance = 1.0s 0.855 0.940 0.895

Table 3: Results of audio announcement recognition.

The first dataset (training data from 4 banks and test
data from the fifth one)

The second dataset (training and test data both from 5
banks)

CER (%) SER (%) CER (%) SER (%)
Mono-phone 4.11 34.09 5.12 33.33
Tri-phone 5.41 40.15 5.41 40.40
Baidu 85.54 100.00 73.79 100.00
iFLYTEK 54.67 98.34 38.86 95.41
Unisound 95.10 100.00 88.93 100.00

data contains 100 audio files collected also in the same five
banks. The training data and test data do not contain same
audio, even audio collected in the same day in one bank.
The character error rate (CER) and the sentence error rate
(SER) are used tomeasure the accuracy of speech recognition.
To demonstrate the infeasibility of current general-purpose
speech recognition engines, three cloud services ofMandarin
speech recognition, namely, Baidu, iFLYTEK, and Unisound,
are also used to recognize both test sets.

5.2. Experimental Results. For audio announcement detec-
tion, experimental results are shown in Table 2, where toler-
ance is the threshold that both the starting and ending time
deviation should be less than. It can be seen that an F1 value
of 0.895 and a high recall rate (94%) can be achieved for the
1-second tolerance. In fact, the speech recognition module
does not require accurate time boundaries of the speech and
can deal with speech with background noise. Therefore, the
1-second tolerance is enough for the speech recognition. An
advantage of the proposedmethod is its high recall rate, since
in the application scenarios, miss of the audio announcement
will make the system useless while the user can to a degree
tolerate some false alarms.

The experimental results of audio announcement recog-
nition are shown in Table 3. It can be seen that the mono-
phone model outperforms the tri-phone model. This may be
due to the small amount of the training data. As for the two
different data sets, the performances do not differ much and

the CER on the first data set is even lower, which means
the system is robust enough to be used in banks in which
no training data is collected. For the mono-phone model,
a CER about 5% is achieved, which shows feasibility of the
proposed method and system. As for the general-purpose
speech recognition services, the CERs are very high and the
SERs are near 100%.This is because the engines mainly focus
on speech data collected by close talking microphones and
can not deal with far-field speech collected by a single mobile
phone microphone.

6. Conclusions

This article describes a novel system that runs on a mobile
phone. The system can be used by people with hearing
impairment to avoidmissing audio announcements they con-
cern in public places. An approach of audio announcement
detection and recognition is proposed and an Android app
is developed, taking the bank as a major applying scenario.
For audio announcement detection, amethod based on audio
segment classification and postprocessing is proposed, which
uses a SVM classifier trained on audio announcements and
environment noise collected in banks. For announcement
speech recognition, an ASR engine is developed using a
GMM-HMM-based acoustic model and an FST based gram-
mar. Experimental results show that character error rates
(CERs) around 5% can be achieved for the announcement
speech, which shows feasibility of the proposed method and
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system. Future work includes extending the system usage to
more public places and improvement of the keyword match
module.
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With the rapidly growing number of images over the Internet, efficient scalable semantic image retrieval becomes increasingly
important.This paper presents a novel approach for semantic image retrieval by combining Convolutional Neural Network (CNN)
and Markov Random Field (MRF). As a key step, image concept detection, that is, automatically recognizing multiple semantic
concepts in an unlabeled image, plays an important role in semantic image retrieval. Unlike previous work that uses single-concept
classifiers one by one, we detect semantic multiconcept by using a multiconcept scene classifier. In other words, our approach takes
multiple concepts as a holistic scene for multiconcept scene learning. Specifically, we first train a CNN as a concept classifier, which
further includes two types of classifiers: a single-concept fully connected classifier that is best suited to single-concept detection and
a multiconcept scene fully connected classifier that is good for holistic scene detection.Then we propose anMRF-based late fusion
approach that is able to effectively learn the semantic correlation between the single-concept classifier and multiconcept scene
classifier. Finally, the semantic correlation among the subconcepts of images is cought to further improve detection precision. In
order to investigate the feasibility and effectiveness of our proposed approach, we conduct comprehensive experiments on two
publicly available image databases. The results show that our proposed approach outperforms several state-of-the-art approaches.

1. Introduction

With the rapid development of information technique, a large
number of multimedia objects such as images are available
on the Web. Given a semantic query, how to effectively find
relevant images from such a scalable Web database remains a
challenge. For semantic image retrieval, image concept detec-
tion is a vital step. To address this issue, many approaches
have been proposed, such as Markov random walk [1], group
sparsity [2], ensemble learning [3], and multiview semantic
learning [4]. Although effective, these approaches work in the
case of single-concept-based image retrieval.This means that
each semantic query is supposed to contain only one semantic
concept, restricting its practice usability.

In this paper, we specifically consider the problem of
multiconcept-based image retrieval. This paradigm allows

users to employ multiple semantic concepts to search rel-
evant images. Its critical step is image multiconcept detec-
tion, that is, identifying multiple semantic concepts in an
unseen image. Most previous studies [5, 6] utilize multiple
and independent single-concept classifiers to detect such a
semantic multiconcept scene. Nonetheless, this method may
be ineffective, since a visual multiconcept scene (e.g., “grass,
person, soccer, and sports”) is hard to be detected solely by a
single-concept classifier. Therefore, further studies on image
multiconcept detection are necessary.

In recent years, CNNs have achieved the state-of-the-art
performance in many image tasks, such as single-concept-
based image retrieval [7, 8], face recognition [9], image seg-
mentation [10], and image reconstruction [11]. This indicates
that a CNN can learn robust visual features by capturing
semantic structures of images. A natural idea is to devise a
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specific CNN for image multiconcept detection. For a task
of image multiconcept scene detection, most conventional
CNNs focus only on single-concept detection of images. As a
result, they perform suboptimally on images with multicon-
cept scenes.Wehence design a specificCNN that suits holistic
scene detection, with two kinds of fully connected classifiers:
a single-concept classifier and a multiconcept scene classifier.
The former suits single-concept detection, while the latter
is for holistic scene detection. Differing from the existing
works that use single-concept classifiers, ourmethod employs
a multiconcept scene classifier to detect a semantic multicon-
cept scene, regarding multiple concepts as a holistic scene for
multiconcept scene learning.Using our proposedMRF-based
fusion method, we model the semantic correlation between
single-concept classifier and multiconcept scene classifier
and estimate the relevance score for an image multiconcept
scene. The semantic link among the subconcepts presented
in the images is further used to improve detection accuracy.
Experimental results onMIR Flickr 2011 [12] andNUS-WIDE
[13] datasets demonstrate the effectiveness of our proposed
method. The major contribution of this paper is twofold:

(1) Combining CNN and MRF, we propose a unified,
novel CNN framework for image multiconcept scene detec-
tion.

(2)Wemodel the semantic link between a single-concept
classifier and a holistic scene classifier in a way that effectively
detects the semantic multiconcept scene in an unlabeled
image.

The remainder of this paper is organized as follows.
Section 2 briefly reviews some related works. Section 3 details
our proposed approach. Section 4 reports our experiments
with setup, results, and analysis, and Section 5 concludes this
paper with some remarks on further studies.

2. Related Work

Clustered in terms of discriminative, generative, and nearest-
neighbor methods, image concept detection is a vital step
for semantic image retrieval. A discriminative method learns
a classifier that projects visual images to semantic concepts,
that is, Stochastic Configuration Networks (SCN) [14], while
a generative method (e.g., a feature-word-topic model [15])
concentrates on learning the correlation between visual
images and semantic concepts. By a majority vote of nearest
neighbors of an image, a nearest-neighbor method assigns a
semantic concept to this image. An influential work is the
TagProp [6], which employed a weighted nearest-neighbor
graph to learn semantic concepts of unseen images, achieving
competitive learning performance. These above-mentioned
methods lose sight of the valuable semantics latently embed-
ded in image concepts so as to simplify the design of the
system and related calculation. Alternatively, some others
effectively integrate the semantics information under a uni-
fied learning framework, achieving the sound performance
of concept detection. In [16], the Google semantic distance
was proposed to extract the semantics of semantic concepts
and phrases. In [17], a semantic ontology-based hierarchical
pooling method was proposed to improve the coverage or
diversity of the training images.

In the research field of image retrieval, MRF-basedmeth-
ods are also widely used, achieving promising performance.
Laferte et al. [18] proposed a discrete MRF approach, which
employed the maximum a posteriori estimation on the
quadtree so as to reduce the computational expense. Metzler
et al. [19] proposed a MRF-based query expansion approach
that provided an effective mechanism for modeling semantic
dependencies of image concepts. In [20], a potential function
was proposed for parameter estimation and model inference,
which empowered the learning ability for a concept classifier.
Kawanabe et al. [1] utilized Markov random walks on graphs
of textual tags to improve the performance of image retrieval.
Lu et al. [21] utilized maximum-likelihood estimation to
train a spatial Markov model and then employed this model
for image concept detection. Dong et al. [22] proposed a
sub-Markov random walk approach with concept prior to
image retrieval, which can be interpreted as a conventional
random walker on a graph with added auxiliary nodes.
Most traditional methods concentrate on single-concept-
based image retrieval. For an imagemulti-concept query, they
employ a combination of single-concept classifiers [5, 6] to
detect image multiconcept scene.

CNN-based deep learning has recently achieved state-
of-the-art performance in single-concept-based image tasks.
Simonyan et al. [23] trained a deep CNN termed VGG,
achieving competitive performance on the large-scale dataset
ImageNet. Szegedy et al. [7] proposed a deeper CNN
architecture termed GoogLeNet, achieving better learning
performance on ImageNet. To improve performance of image
retrieval, Hoang et al. [24] proposed three masking schemes
to select a representative subset of local convolutional fea-
tures. Girshick et al. [8] proposed a scalable object detection
approach, Regions with CNN features (R-CNN), which
applied high-capacity CNNs to bottom-up region proposals.
Ren et al. [25] proposed a Region Proposal Network (RPN)
that shared full-image convolutional features with the detec-
tion network, thus enabling nearly cost-free region proposals.
In [26], a Multi-Loss regularized Deep Neural Network (ML-
DNN) framework was proposed, which exploited multiple
loss functions with different theoretical motivations to mit-
igate overfitting during semantic concept learning. He et al.
[27] proposed a residual learning framework to alleviate the
training of neural networks.Wang et al. [28] proposed a deep
ensemble learning approach for large-scale data analytics.
Huang et al. [29] proposed a Dense convolutional Network
(DenseNet) that connected each layer to every other layer
in a feed-forward fashion, strengthening feature propagation
and reducing training expense. Despite effectiveness, these
methods are confined to cope with single-concept-based
image retrieval, limiting its practical usability. This motivates
us to devise a new model to resolve this issue.

3. Proposed Approach

Our approach, called CMMR, aims to combine CNN and
MRF for the multiconcept-based image retrieval. Suppose
that 𝐿 and𝑈 stand for a training set and a test set, respectively.
Each image 𝐼 in 𝐿 or 𝑈 is represented as a low-level visual
feature vector. Given a vocabulary𝑉with𝐾 unique semantic
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Figure 1: The proposed CMMR framework.

concepts, each concept 𝑐 in𝑉 is a single concept, for example,
“grass” or “person.” Each image in the training set 𝐿 is
labeled with several semantic single concepts 𝑐, while the
images in the test set𝑈 have no concept labels. Each semantic
scene with the multiconcept 𝐶, for example, “clouds, sky,
and sunset,” is an element of the power set of 𝑉, that is,
𝐶 ∈ 2𝑉 or 𝐶 ⊆ 𝑉. Given a multiconcept query 𝑄 ∈ 2𝑉
(e.g., “grass, person, soccer, and sports”) and the target set𝑈,
our goal is to find a result set 𝑅 ⊆ 𝑈 with relevant images.
The result set 𝑅 satisfies the following conditions: (1) each
relevant image 𝐼 in𝑅 includes all target single concepts 𝑐 ∈ 𝑄;
and (2) ∀𝐼 ∈ 𝑅 and 𝐼 ∈ 𝑈 − 𝑅, 𝑓𝑠(𝑄, 𝐼) > 𝑓𝑠(𝑄, 𝐼),
where 𝑓𝑠(𝑄, 𝐼) and 𝑓𝑠(𝑄, 𝐼) stand for the relevance scores for
𝑄.

Figure 1 shows our proposed CMMR framework with
working mechanisms. Our CMMR framework consists
of three main components: CNN framework, MRF-based
fusion, and online retrieval. CMMR aims to learn concept
classifiers. Normally the last layer of CNN is a single-concept
classifier. We replace it with two types of classifiers: a single-
concept fully connected classifier for single-concept detec-
tion and a multiconcept scene fully connected classifier for
holistic scene detection. The MRF-based fusion component
learns the semantic correlation between such two types of
classifiers and produces the ultimate semantic score for a
given multiconcept query with a semantic scene 𝑄. Online
retrieval obtains the search result for this 𝑄 by taking four
steps. First, CMMR generates the detection context 𝑆𝑑𝑐(𝑄)
by using a semantic neighbor approach. The proposed CNN
then learns a single-concept classifier and a multiconcept
scene classifier.Third, the use of MRF-based fusion approach
learns the ultimate semantic scores of 𝑄. Finally, CMMR
employs the learned semantic scores to perform semantic
image retrieval.

3.1. Multiconcept Vocabulary Generation. CMMR regards
each multiconcept 𝐶 ∈ 2𝑉 as a whole, that is, one concept
of a holistic scene. In order to avoid meaningless concept
permutation, CMMR chooses the meaningful multiconcept
𝐶 to generate a multiconcept vocabulary 𝑉+ according to the
following cooccurrence rule over the training set 𝐿:

|𝐶| ≤ 𝑚, (1)

𝑓𝑐 (𝐶) ≥ 𝑛 (2)

where |𝐶| is the cardinality of 𝐶, for example,
|grass, person, soccer, sports| = 4, and 𝑓𝑐(𝐶) is the
multiconcept frequency of 𝐶. If the size of 𝑉+ is too
large, we can adjust the thresholds 𝑚 and 𝑛 to reduce
the computational expense. In this way, 𝑉+ containing
multiconcepts 𝐶 is generated.

3.2. CNN Network of Our Proposal. Normally a CNN has
multiple convolutional layers followed by fully connected
classifier layers. The functionality of the convolutional layers
is to learn and extract robust visual features, while the
classifier layers learn a concept classifier. AnyCNNs for image
tasks can be incorporated into our framework. Without loss
of generality, we choose an influential model, GoogLeNet [7],
to build our convolutional layer.

Image concept detection serves as a critical step in seman-
tic image retrieval. Most conventional CNNs concentrate on
image single-concept detection, thus performing subopti-
mally on image multiconcept scene detection. Furthermore,
an original CNN (e.g., GoogLeNet) aims to predict one
concept label of an unseen image, whereas in our case each
image is labeledwithmultiple concepts.Therefore, wemodify
the GoogLeNet so as to fit multiconcept scene detection.
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First, we design a specific fully connected classifier layer
that suits holistic scene detection, comprising two kinds
of classifiers: a multiconcept scene classifier and a single-
concept classifier. They share one convolutional layer, since
this convolutional layer generates a general visual represen-
tation. Second, we follow [30] to define our softmax loss
function 𝑓𝑙𝑜𝑠𝑠 of multiconcept learning. With this definition,
the normalized prediction 𝑝(𝐶𝑗 | 𝐼𝑖) of the image 𝐼𝑖 in the jth
multiconcept 𝐶𝑗 is calculated as

𝑝 (𝐶𝑗 | 𝐼𝑖) = 𝑒𝜙(𝐼𝑖 ,𝐶𝑗)
∑𝑁2𝑗=1 𝑒𝜙(𝐼𝑖 ,𝐶𝑗)

(3)

where 𝐶𝑗 (e.g., “grass, person, soccer, and sports”) is one
holistic scene concept, 𝜙(𝐼𝑖, 𝐶𝑗) is the activation function, and
𝑁2 is the number of multiconcepts. Following [30], we use
a rectified linear unit as our nonlinear activation function.
We minimize the Kullback-Leibler divergence between the
prediction and the ground truth; 𝑓𝑙𝑜𝑠𝑠 is defined as

𝑓𝑙𝑜𝑠𝑠 = − 1
𝑁1
𝑁1

∑
𝑖=1

𝑁2

∑
𝑗=1

𝑝 (𝐶𝑗 | 𝐼𝑖) log (𝑝 (𝐶𝑗 | 𝐼𝑖)) (4)

where𝑁1 is the number of images and𝑝(𝐶𝑗 | 𝐼𝑖) is the ground
truth in the image 𝐼𝑖 in the jth multiconcept 𝐶𝑗. It is obvious
that we have 𝑝(𝐶𝑗 | 𝐼𝑖) = 1 if 𝐶𝑗 appears in 𝐼𝑖 and 𝑝(𝐶𝑗 | 𝐼𝑖) =
0 otherwise.

3.3. CNN Training. Training a CNN is a two-stage process:
convolution layer training and classifier layer training. The
former extracts deep feature, while the latter learns a rea-
sonable concept classifier. This process is time-consuming,
especially for training on large image databases. Therefore,
a publicly released pretrained GoogLeNet is employed to
accelerate training.This procedure includes three steps. After
being initialized with the pretrained GoogLeNet, our CNN
model is able to extract deep features. Next, these deep
features are fed into the classifier layer, which is then well
trained. Finally, the CNN is well retrained by freezing the
bottom convolution blocks, as well as by fine-tuning the top
convolution block and the classifier.

For learning multiconcept of a scene 𝐶𝑗, the positive
sample set 𝑃𝑜(𝐶𝑗) and the negative sample set 𝑁𝑒(𝐶𝑗) are
built as follows:

𝑃𝑜 (𝐶𝑗) = {𝐼𝑖 | 𝐶𝑗 ⊆ 𝐴𝑛 (𝐼𝑖)} ,

𝑁𝑒 (𝐶𝑗) = {𝐼𝑖 | 𝐼𝑖 ∉ 𝑃𝑜 (𝐶𝑗)} ,
(5)

where𝐴𝑛(𝐼𝑖) is the annotation set for training image 𝐼𝑖. Based
on above positive samples and negative samples, we train
the multiconcept classifier. For traditional single-concept
classifier training, the images labeled with the concept 𝑐𝑗 are
employed as positive samples and the rest as negative samples.

3.4. Detection Context Generation. Given a multiconcept
query with a semantic scene𝑄,𝐾1 concept neighbors partic-
ipate the concept detection and output the relevance scores.

These concept neighbors are tightly linked to𝑄 and hence can
be taken as the detection context, denoted as 𝑆𝑑𝑐(𝑄). Some
details on the procedure of generating the detection context
are given below.

First, we generate a semantic neighbor set 𝑆(𝑄) ⊂ 𝑉+
by choosing neighbor concepts 𝐶𝑗 with probabilities 𝑝(𝑄 |
𝐶𝑗) > 0. This symmetric semantic probability 𝑝(𝑄 | 𝐶𝑗)
measures the interdependency between two concepts 𝑄 and
𝐶𝑗, which is represented as

𝑝 (𝑄 | 𝐶𝑗) = 2𝑓𝑐 (𝑄 ∪ 𝐶𝑗)
𝑓𝑐 (𝑄) + 𝑓𝑐 (𝐶𝑗)

(6)

where 𝑓𝑐(𝑄) and 𝑓𝑐(𝐶𝑗) are the occurrence frequency of 𝑄
and 𝐶𝑗, respectively, and 𝑓𝑐(𝑄 ∪ 𝐶𝑗) is the number of images
simultaneously including two multiconcepts 𝑄 and 𝐶𝑗. Each
multiconcept 𝐶𝑖 is seen as its own semantic neighbor and
hence 𝑝(𝐶𝑗 | 𝐶𝑗) = 1.

Second, we assign all subconcepts 𝐶𝑠 ⊆ 𝑄 into the
context set 𝑆𝑑𝑐(𝑄). Finally, we assign top-𝑟 related concepts
𝐶𝑟 into the context set 𝑆𝑑𝑐(𝑄) from the rest of 𝑆(𝑄). Thus, the
detection context 𝑆𝑑𝑐(𝑄) is generated, with 𝐾1 elements. The
interdependency probability 𝑝(𝑄 | 𝐶𝑗) should be normalized
as follows:

𝑝 (𝑄 | 𝐶𝑗) =
{{
{{
{

𝑝(𝑄 | 𝐶𝑗)
∑𝐾1𝑖=1 𝑝 (𝑄 | 𝐶𝑖)

if 𝐶𝑖, 𝐶𝑗 ∈ 𝑆𝑑𝑐 (𝑄) ,
0 elsewhere.

(7)

3.5. MRF-Based Fusion for Multiconcept Scene Learning.
With our CNN, the concept classifier has been learned.
This concept classifier projects visual images to semantic
concepts. If a semantic concept and its related concepts
frequently appear in images, the relevance prediction of this
semantic concept will be boosted in our model. Given a
multiconcept query with the semantic scene 𝑄, all concepts
𝐶𝑗 in the detection context 𝑆𝑑𝑐(𝑄) are used for estimating the
relevance. The relevance prediction 𝑝(𝑄 | 𝐼; 𝐴) is estimated
as follows:

𝑝 (𝑄 | 𝐼; 𝐴) =
𝐾1

∑
𝑗=1

𝑝 (𝑄 | 𝐶𝑗) 𝑝 (𝐶𝑗 | 𝐼) ,

𝐶𝑗 ∈ 𝑆𝑑𝑐 (𝑄) .
(8)

The relevance prediction 𝑝(𝐶𝑗 | 𝐼) predicted by a multicon-
cept classifier 𝐴 is seen as an evidence of 𝐶𝑗 in an image
𝐼, while the semantic correlation 𝑝(𝑄 | 𝐶𝑗) is treated as a
weight of this relevance prediction. In view of the promising
performance in single-concept learning reported in [6, 7], a
single-concept classifier𝐵 is integrated into the classifier layer
of our CNN. Following [6], this single-concept prediction
𝑝(𝑄 | 𝐼; 𝐵) between 𝑄 and 𝐼 can be estimated as follows:

𝑝 (𝑄 | 𝐼; 𝐵) =
𝑞

∏
𝑗=1

𝑝 (𝑐𝑗 | 𝐼) , 𝑐𝑗 ∈ 𝑄, (9)
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where 𝑞 is the cardinality of 𝑄 and 𝑐𝑗 is a conventional single
concept that is predicted by a single-concept classifier 𝐵.

As a graphic model, MRF provides a basis for modeling
contextual constraints in image retrieval. Hence, we employ
MRF to analyze the semantic link between two types of clas-
sifiers mentioned above and produce the ultimate semantic
score for 𝑄. We first construct a specific MRF for the two
types of classifiers and the query concept, that is, {𝐴, 𝐵, 𝑄}, so
as to model their correlation. Then we infer the MRF-based
fusion method for image concept detection.

Given a set of random variables 𝑋 = {𝑋1, . . . , 𝑋𝑁}
on an MRF graph, the joint probability of MRF is a Gibbs
distribution [31]:

𝑝 (𝑋) = 𝑒−𝐸(𝑋)
𝑍 , (10)

where 𝑍 is a normalization factor and 𝐸(𝑋) is the energy
function, that is, the sum of clique potentials over all possible
cliques. If using random variable 𝑦𝑄𝑖 ∈ {0, 1} represents
absence or presence of a multiconcept 𝑄 for an image 𝐼, the
joint probability of the random variable set {𝐴, 𝐵, 𝑦𝑄𝑖} can be
defined as

𝑝 (𝐴, 𝐵, 𝑦𝑄𝑖) = 𝑒−𝐸(𝐴,𝐵,𝑦𝑄𝑖)
𝑍 , (11)

where

𝐸 (𝐴, 𝐵, 𝑦𝑄𝑖) = 𝑉1 (𝐴, 𝑦𝑄𝑖) + 𝑉2 (𝐵, 𝑦𝑄𝑖) . (12)

We define the potential functions as

𝑉1 (𝐴, 𝑦𝑄𝑖) = 𝛼1𝑝 (𝑄 | 𝐼; 𝐴) (13)

𝑉2 (𝐵, 𝑦𝑄𝑖) = 𝛼2𝑝 (𝑄 | 𝐼; 𝐵) (14)

where 𝛼𝑄 = [𝛼1, 𝛼2] are the CMMR parameters to be
estimated and 𝑠.𝑡. 𝛼1 + 𝛼2 = 1.

3.6. Parameter Optimization. A widely used technique for
parameter optimization is a maximum likelihood, which
chooses the parameters that maximize the joint probabilities
over the training set. As such, wemaximize the log-likelihood
function L𝑄 of the query 𝑄. The final relevance prediction
𝑝(𝑦𝑄𝑖 | 𝐼; 𝐴, 𝐵) of the image 𝐼 is given by

𝑝 (𝑦𝑄𝑖 | 𝐼; 𝐴, 𝐵) = 𝑝 (𝐴, 𝐵, 𝑦𝑄𝑖)
𝑝 (𝐴, 𝐵, 𝑄) + 𝑝 (𝐴, 𝐵, 𝑄) , (15)

= 𝑒−𝐸(𝐴,𝐵,𝑦𝑄𝑖)
𝑒−𝐸(𝐴,𝐵,𝑄) + 𝑒−𝐸(𝐴,𝐵,𝑄)

, (16)

where 𝑄 and 𝑄 are equivalent to 𝑦𝑄𝑖 = 1 and 𝑦𝑄𝑖 = 0,
respectively. Therefore,L𝑄 is written as

L𝑄 =
𝑁1

∑
𝑖=1

log𝑝 (𝑦𝑄𝑖 | 𝐼; 𝐴, 𝐵) . (17)

By substituting 𝑝(𝑦𝑄𝑖 | 𝐼; 𝐴, 𝐵) in (17) with (15)-(16) and (11)-
(14), we obtain the following log-likelihood functionL𝑄:

L𝑄

=
𝑁1

∑
𝑖=1

{−𝐸 (𝐴, 𝐵, 𝑦𝑄𝑖) − log (𝑒−𝐸(𝐴,𝐵,𝑄) + 𝑒−𝐸(𝐴,𝐵,𝑄))} .
(18)

By using the gradient descentmethod [32], the log-likelihood
L𝑄 for optimizing𝛼𝑄 ismaximized.The gradient ofL𝑄with
respect to 𝛼𝑖 (𝑖 ∈ {1, 2}) can be expressed as the following
form:

𝜕L𝑄
𝜕𝛼𝑖

=
𝑁1

∑
𝑖=1

{−𝜑 (𝑦𝑄𝑖) + 𝑝 (𝑦𝑄𝑖 | 𝐼; 𝐴, 𝐵) 𝜑 (𝑄)

+ (1 − 𝑝 (𝑦𝑄𝑖 | 𝐼; 𝐴, 𝐵)) 𝜑 (𝑄)} ,
(19)

where 𝜑(𝑦𝑄𝑖) = [𝑝(𝑦𝑄𝑖 | 𝐼; 𝐴), 𝑝(𝑦𝑄𝑖 | 𝐼; 𝐵)].

3.7. Online Retrieval. CMMR concentrates on semantic
image retrieval, including single-concept-based image
retrieval and multiconcept-based image retrieval. A user
employs multiple concepts to search for top-K semantically
similar images from a database. In a word, we perform four
steps for semantic image retrieval.

Step 1. Employ a semantic neighbor method to build the
detection context 𝑆𝑑𝑐(𝑄).
Step 2. Learn a multiconcept scene classifier A and a single-
concept classifier B by our proposed CNN.

Step 3. Learn the final relevance score of 𝑄 by using MRF-
based fusion.

Step 4. Perform semantic image retrieval by using the learned
relevance scores. Higher relevance score ranks higher.

The detailed process of semantic image retrieval is
presented in Algorithm 1. From Algorithm 1, we conduct
complexity analysis of time and space. Computing a set 𝑉+
of multiconcept scene is an offline process, costing 𝑂(1)
time. Training a CNN is also an offline process, including
deep feature extracting and classifier layer learning. This
consumes 𝑂(𝑚𝑛) time, where 𝑚 and 𝑛 are the trainable
parameter number of CNN networks and the size of image
set, respectively. By initializing our CNN with a pretrained
GoogLeNet and using a very small classifier layer, the num-
ber 𝑚 is substantially reduced, boosting training efficiency.
Computing the detection context 𝑆𝑑𝑐(𝑄) is an online process,
with 𝑂(1) time and 𝑂(1) space. For each test image, time
and space complexity of computing predictions and fusing
predictions are all 𝑂(1). Therefore, all test images spend
𝑂(𝑛) time and 𝑂(𝑛) space. Ultimately, ranked images are
returned through heap sort, consuming 𝑂(𝑛 log 𝑛) time and
𝑂(1) space. Hence, the complexities of time and space of
Algorithm 1 are 𝑂(𝑛 log 𝑛) and 𝑂(𝑛), respectively.
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Input: training set 𝐿 with label vocabulary 𝑉, test set 𝑈 and query with multi-concept scene 𝑄
Output: ranked search result 𝑅

1 Compute a set 𝑉+ of multi-concept scene by Eqs. (1) and (2);
2 Train our CNN and obtain multi-concept scene classifier 𝐴 and single-concept classifier 𝐵;
3 Construct detection context 𝑆𝑑𝑐(𝑄);
4 for each 𝐼 ∈ 𝑈 do
5 Detect image concepts using classifier 𝐴 and compute relevance prediction 𝑝(𝑄 | 𝐼; 𝐴) by Eq. (8);
6 Detect image concepts using classifier 𝐵 and compute relevance prediction 𝑝(𝑄 | 𝐼; 𝐵) by Eq. (9);
7 Perform relevance prediction fusion of A and B, and compute final prediction 𝑝(𝑦𝑄𝑖 | 𝐼; 𝐴, 𝐵) by Eqs. (15) and (16);
8 end
9 Perform heap sort over all predictions 𝑝(𝑦𝑄𝑖 | 𝐼; 𝐴, 𝐵) for obtaining top-𝑀 images;
10 Output the image list {𝐼(1), 𝐼(2), . . . , 𝐼(𝑀)} that stands for the search result 𝑅;

Algorithm 1: Semantic image retrieval process.

4. Experiments

Our experiments on semantic image retrieval include
multiconcept-based image retrieval and single-concept-
based image retrieval.

4.1. Datasets. We conducted the comprehensive experiments
of our approach on two public datasets: MIR Flickr 2011 and
NUS-WIDE. Since they include large vocabularies, we chose
them to evaluate the performance of multiconcept-based
image retrieval. These two datasets are publicly available,
containing images and ground truth for single-concept task
evaluation. MIR Flickr 2011 contains 18,000 images labeled
with 99 semantic concepts. We split it into 8000 training
images and 10,000 test images. NUS-WIDE is comprised of
269,648 images with a vocabulary of 81 semantic concepts.
We downloaded 230,708 images in total for our experiments.
This dataset is randomly divided into two sets: 138,375 images
for training and the rest of 92,333 images for test.

On MIR Flickr 2011, we follow literature [33], by using
GIST, HOG, SIFT, and RGB histograms as visual features. To
compare two features, we employ 𝐿2 distance for GIST, 𝐻𝐼
for HOG, 𝜒2 for SIFT, and 𝐿1 for RGB. On NUS-WIDE, we
use six visual features [13]. Similarly, we employ 𝐿2 distance
for wavelet texture,𝐻𝐼 for an edge direction, 𝜒2 for SIFT, and
𝐿1 for LAB and HSV, which are used in [33].

The average number of images associated with a concept
is around 940 in MIR Flickr 2011 and 5381 in NUS-WIDE.
The average number of concepts associated with an image
is approximately 11 in MIR Flickr 2011 and about 3 in NUS-
WIDE. The label vocabularies consist of dozens of label
concepts, and around two-thirds of the semantic concepts
have frequencies less than the mean concept frequency.
Hence, semantic scene retrieval on these imbalanced datasets
is challenging.

4.2. EvaluationMeasures. Given a query with semantic scene
𝑄, the ground truth for 𝑄 is defined as follows: if an image
depicts all |𝑄| target concepts 𝑐𝑗 ∈ 𝑄, it is considered to
be relevant; and it is irrelevant otherwise. To evaluate the
performance of semantic retrieval, we use three evaluation
measures: Mean Average Precision (MAP), Precision at 𝑛

(P@𝑛), and Precision-Recall (PR) curve. For each semantic
query, Average Precision (AP) can be computed as 𝐴𝑃 =
∑𝑖 𝜀(𝑖)𝑝(𝑖)/𝑟, where 𝑟 is the total number of relevant images
in the test set 𝑈, 𝑖 is the rank in the retrieved image list 𝑅,
𝜀(𝑖) is an indicator function that equals 1 if the 𝑖th image is
relevant to𝑄 and equals 0 otherwise, and 𝑝(𝑖) is the precision
at cut-off 𝑖 in 𝑅, which is defined as a ratio between 𝑟 and
the number of retrieved images. MAP is the mean value of
APs on all the queries. For𝑄, the correctness of high ranking
retrieved image countsmore. Clearly, the higher theMAP the
better the retrieval performance. P@𝑛 is a variant of precision,
where only the top-𝑛 ranked images are considered. Higher
P@𝑛 means better retrieval performance. Besides MAP and
p@𝑛, we employ PR curve to measure semantic retrieval
performance.

4.3. Experimental Configurations. In (1) and (2), 𝑚 and 𝑛,
respectively, control concept cardinality and concept fre-
quency. Since training images with 11 and 3 concepts appear
the most frequently, we set 𝑚 = 11 for MIR Flickr 2011 and
𝑚 = 3 for NUS-WIDE, respectively. To reduce computational
cost, the size of𝑉+ is limited to an acceptable one.Thismeans
that if the frequency of a concept exceeds 𝑛, it is put into 𝑉+;
otherwise it is discarded. We set 𝑛 = 200 for MIR Flickr 2011
and 𝑛 = 50 for NUS-WIDE in our experiments. Thus, 𝑉+
contains 15,970 and 2084 multiconcepts, respectively. In (7),
𝐾1 is used to control the size of 𝑆𝑑𝑐(𝑄), which is determined
by 5-fold cross-validation. By testing𝐾1 from a candidate set
{2 ∗ 𝑖 | 𝑖 = 1, . . . , 20}, we observe that the best performance is
achievedwhen setting𝐾1 = 10 onMIRFlickr 2011 and𝐾1 = 4
on NUS-WIDE, respectively. Therefore, we set their values
accordingly. In addition, all the parameters in the compared
methods are turned to the best performance reported in the
relevant literatures.

The basic structure of the convolution layer we use is the
same as the one used in [7]. For the classifier layer, it starts
by a densely connected layer with the output size of 1024,
followed by a 20% dropout. For all layers, rectified linear
unit is employed as the nonlinear activation function. The
optimization of the whole CNN is achieved by the stochastic
gradient descent method with the mini-batch size of 128 at a
0.9 momentum. At the beginning, the CNN learning rate is
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Table 1: MAPs (%) and P@10s (%) of semantic image retrieval over all 1599 semantic queries on MIR Flickr 2011. MAP scores and P@10
scores are given in the format MAP/P@10.

Method All concepts Query concept length |𝑄|
2 3 4

TagProp 12.8/27.3 15.2/32.1 10.4/22.6 9.9/21.9
FastTag 13.5/27.6 15.8/31.9 10.9/23.2 10.4/22.1
VGG 17.1/32.8 19.8/37.9 14.0/27.7 13.7/27.3
DBM 17.8/35.7 20.5/40.6 15.0/30.8 14.4/30.1
GoogLeNet 19.0/35.8 21.9/40.6 15.4/30.5 15.2/30.5
Ours 21.3/39.2 24.6/45.2 17.7/34.0 16.8/31.8

Table 2: MAPs (%) and P@10s (%) of semantic image retrieval over all 1581 semantic queries on NUS-WIDE. MAP scores and P@10 scores
are given in the format MAP/P@10.

Method All concepts Query concept length |𝑄|
2 3 4

TagProp 5.5/13.8 5.5/14.9 5.2/12.8 4.5/9.8
FastTag 9.8/27.7 9.9/28.7 9.0/25.4 8.1/22.3
VGG 14.4/36.4 14.8/38.3 13.4/34.7 12.3/30.0
DBM 14.2/36.9 14.3/38.9 13.2/34.7 12.2/30.1
GoogLeNet 15.6/37.0 16.4/39.1 14.4/34.9 13.1/31.1
Ours 17.8/42.6 18.0/44.3 16.5/41.1 15.4/35.8

adjusted to 0.01. After 20 epochs, a staircase weight decay is
used.

4.4. Comparisons. Our method is compared with several
state-of-the-art concept-based methods, including TagProp
[6], FastTag [34], VGG [23], DBM [35], and GoogLeNet [7].
As a classical nearest-neighbor method, TagProp uses single-
concept techniques to resolve multiconcept-based image
retrieval. FastTag learns two linear classifiers coregularized
in a joint convex loss function that can be efficiently opti-
mized in closed form on large-scale datasets. The others
are influential single-concept-based deep learning methods.
After experimenting with TagProp on the large-scale dataset
NUS-WIDE, we found that this method is difficult to scale
up to a large-scale dataset due to its 𝑂(𝑛2) time and space
complexity. As such, we perform TagProp experiments by
using 25,000 examples onNUS-WIDE. In addition, following
literature [6], we use (9) to compute relevance prediction,
given a query with multiconcept scene 𝑄.

4.5. Experiments on Semantic Image Retrieval. To evaluate
retrieval performance, we construct a test query set Q, by
following two steps. First, all single-concept queries 𝑐 ∈
𝑉 are added to Q. Then 1500 randomly generated queries
with multiconcept scenes 𝐶𝑗 ∈ 2𝑉 are put into Q, with
500 2-concepts, 500 3-concepts, and 500 4-concepts, where
𝑖-concept is a multiconcept with cardinality 𝑖. In this way,
Q is built. On MIR Flickr 2011, Q is comprised of 1500
multiconcepts and 99 single concepts, while Q contains 1500
multiconcepts and 81 single concepts on NUS-WIDE. The
MAPs and P@10s are used for evaluation on semantic image
retrieval with varying query lengths. Tables 1 and 2 report

MAP scores and P@10 scores, where MAP scores and P@10
scores are given in the format MAP/P@10.

From the results, we can see that our method, CMMR,
is better than other methods. Clearly, multiconcept queries
perform much worse than single-concept queries on both
datasets. This is because detecting a multiconcept scene is
more difficult than detecting a single-concept one. A multi-
concept scene may have the characteristic visual appearance,
while the goal of traditional single-concept models is to
achieve precise results of single-concept detection. To search
for a holistic scene, traditional methods use a combination
of single-concept technologies. However, in some cases,
this may lose some semantics latently embedded in the
holistic scene.Therefore, only using single-concept classifiers
is difficult to detect a sophisticated multiconcept scene. This
observationmotivates us to jointly consider themulticoncept
scene classifier and the single-concept classifier in devising
our CNN. Moreover, the MRF-based fusion method can
effectively learn the semantic correlation of multiconcept
scene classifier and single-concept classifier, boosting the
detection accuracy of a semantic scene.

We further conduct the comparisonswith different exper-
iment settings. More specifically, we construct a group of
comparative evaluation, that is, a difficult query set with less
than 100 relevant images and an easy query set with more
than 100 relevant images.The experimental results are shown
in Figure 2. We can find out that our method still leads the
search results. Figure 3 shows the PR curves of all compared
methods on two datasets, illustrating the precision variation
with the varying recall. As can be seen, our method CMMR
has the better precision than comparedmethods at every level
of recall.
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Figure 2: Semantic retrieval performance (MAPs % and P@10s %) over the comparative group: a difficult query set and an easy query set on
two datasets.
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Figure 3: The PR curves on two datasets.

4.6. Experiments on Rare Concept Queries. Most existing
approaches assume balanced concept distributions or equal
misclassification costs. Nevertheless, a real-world dataset is
commonly highly imbalanced [36]. When presented with
complex imbalanced datasets, these methods fail to properly
represent the distributive characteristics of the data and
resultantly provide unfavorable precision. On MIR Flickr
2011 and NUS-WIDE, the frequencies of most concepts are
below average, leading a concept classifier to overclassify the
frequent concepts with high occurrence frequencies in the
learning stage. This makes it hard to derive a proper model

for rare concepts with low occurrence frequencies. In such
situations, a concept classifier commonly has the good per-
formance on frequent concepts but very poor performance on
rare concepts.This observation suggests that, for developing a
classifier, we should consider varying frequencies of concepts.

Two groups of experiments are devised: rare concept
queries and frequent concept queries. In the first group,
the top-50 rare single concepts, the top-100 rare 2-concepts,
and the top-100 rare 3-concepts from Q are selected as
three respective sets of the single-concept rare queries,
the 2-concept rare queries, and the 3-concept rare queries,
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Figure 4: MAPs and P@10s (%) of semantic image retrieval for rare concepts and frequent concepts on MIR Flickr 2011.
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Figure 5: MAPs and P@10s (%) of semantic image retrieval for rare concepts and frequent concepts on NUS-WIDE.

respectively, denoted by 𝑅1, 𝑅2, and 𝑅3. In the second group,
the top-50 frequent single concepts, the top-100 frequent 2-
concepts, and the top-100 frequent 3-concepts from Q are,
respectively, chosen as the set 𝐹1 of single-concept frequent
query, a set 𝐹2 of the 2-concept frequent query, and a set 𝐹3 of
the 3-concept frequent query.

As shown in Figures 4 and 5, concept classifiers achieve
the higher MAPs and P@10s on the frequent concept sets
𝐹1, 𝐹2, and 𝐹3 but far lower MAPs and P@10s on the rare
concept sets 𝑅1, 𝑅2, and 𝑅3, significantly impacting retrieval
performance and user experience. For the rare concept sets
𝑅1, 𝑅2, and 𝑅3 onMIR Flickr 2011, our approach outperforms
the compared methods, with the better improved 30%, 24%,
and 26% over the second best method in terms of MAP,
respectively. On NUS-WIDE, a similar improvement is also
observed. During rare concept detection with semantic scene
𝑄, a group of weighted concept classifiers of its detection
context 𝑆𝑑𝑐(𝑄) take part in concept detection through MRF-
based fusion method. Among these concepts from 𝑆𝑑𝑐(𝑄),
some concepts 𝐶𝑗 ∈ 𝑆𝑑𝑐(𝑄) may be frequent concepts,
which significantly boosts the relevance prediction of 𝑄 and
makes the rare concept 𝑄 easier to be detected. Moreover,
our maximization of the log likelihood of semantic con-
cepts compensates for the varying frequencies of concepts.

Consequently, our approach can remit the issue of concept
imbalance, thus boosting retrieval performance.

5. Conclusion

Searching semantic images with high accuracy turns to be
significant nowadays because of a vast number of real-
world applications such as cognitive educational resource
retrieval. As a key step, image scene detection plays an
important role in semantic image retrieval. In this paper, we
have presented a novel CNN framework for semantic image
retrieval, which combines CNN and MRF in a novel way
that enhances the capacity of multiconcept scene detection.
Compared with previous methods, our CNN framework
seamlessly incorporates three components: single-concept
classifier, multiconcept scene classifier, and semantics. The
combination of these three components can enhance the
capability of CNN for detecting semantic scenes. We have
conducted the comprehensive experiments on two public
datasets. The favorable results indicate that our proposed
method outperforms the compared approaches.

For future work, we intend to develop a better learn-
ing and fusion method for multiconcept scene detection.
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Additionally, we would also like to explore the links among
concepts, for example, concept graph or semantic hierarchy
to boost the retrieval performance.
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Speech synthesis is an important research content in the field of human-computer interaction and has a wide range of applications.
As one of its branches, singing synthesis plays an important role. BeijingOpera is a famous traditional Chinese opera, and it is called
Chinese quintessence. The singing of Beijing Opera carries some features of speech but it has its own unique pronunciation rules
and rhythms which differ from ordinary speech and singing. In this paper, we propose three models for the synthesis of Beijing
Opera. Firstly, the speech signals of the source speaker and the target speaker are extracted by using the straight algorithm. And then
through the training of GMM, we complete the voice control model to input the voice to be converted and output the voice after
the voice conversion. Finally, by modeling the fundamental frequency, duration, and frequency separately, a melodic control model
is constructed using GAN to realize the synthesis of the Beijing Opera fragment. We connect the fragments and superimpose the
background music to achieve the synthesis of Beijing Opera. The experimental results show that the synthesized Beijing Opera has
some audibility and can basically complete the composition of Beijing Opera. We also extend our models to human-AI cooperative
music generation: given a target voice of human, we can generate a Beijing Opera which is sung by a new target voice.

1. Introduction

With the development of the times and the continuous
innovation of science and technology, the demand for speech
synthesis [1] is no longer simple to speak but can accomplish
special voices such as singing and poetry. It is undoubtedly
ingenious and novel to apply the method of singing synthesis
[2] to Beijing Opera. Known as the quintessence of Chinese
culture, Beijing Opera is one of the most famous traditional
operas in China. And since its birth at the end of the 18th
century, it has been favored by Chinese people and the people
of other countries in East Asia. Beijing Opera has a long
history and rich cultural connotation. In addition to the
exquisite stage performances and vivid story plots, the music
and singing of Beijing Opera are of great artistic value. In
particular, it is a unique style of singing, which shows the
extraordinary creativity of the Chinese nation, being the
embodiment of the traditional artists’ superb skills. It makes

sense to use the straight algorithm, GMM, and GAN to
synthesize Beijing Opera.

The synthesis of Beijing Opera can consist of three steps
in Figure 1. First is voice conversion by using the straight
algorithm, and then the synthesis of Beijing Opera fragments
can be achieved through the tone control model and the
melody control model. Finally, we connect the fragments and
superimpose the background music to achieve the synthesis
of Beijing Opera.

2. Synthesis of Beijing Opera
with Straight Algorithm

2.1. Phoneme

2.1.1. Phoneme Profile. The phoneme is the smallest unit of
speech or the smallest piece of speech that constitutes a
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Target voice
(A tone A content)

New target voice
(A tone B content)

Beijing Opera
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Figure 1: Beijing Opera synthesis.
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Figure 2: Time-domain waveforms, energy graphs, and zero-
crossing rate graphs.

syllable and is the smallest linear speech unit that is divided
from the perspective of sound quality. From the acoustic
properties, phonemes are the smallest units of speech divided
from the sound quality point of view. From a physiological
point of view, a phonetic movement forms a phoneme.
Phonemes are divided into vowels and consonants, two
categories.Their classification is based onwhether the airflow
is obstructed by the various organs when the sound is emitted
by humans.The unhindered factor is called the vowel and the
obstructed one is called the consonant.

2.1.2. Phonemes Segmentation. Because the same phonemes
have the same characteristics, and different factors and their
combinations have different characteristics, we can divide
each factor.The time-domain waveforms, energy graphs, and
zero-crossing rate graphs of “jiao Zhang Sheng yin cang
zai qi pan zhi xia” in “Matchmaker’s Wall” sung by Beijing
Opera were showed in Figure 2. From this, we can see that

the consonant phonemes of the initial consonants are more
irregular and the consonants formed by them have a periodic
waveform. The former has the characteristics of large zero-
crossing rate and low energy characteristics; the latter most
of the energy is larger. In addition, if silence appears, both are
small (red line is the beginning and end of a word).

2.2. Selection and Method of Characteristic Parameters

2.2.1. Choice of Personality Characteristics. Whether it is Bei-
jing Opera or general voice, the speaker’s personal habits and
pronunciation styles are different on the one hand, and the
speaker’s position on the other (or the role of different actors
in Beijing Opera) will result in each person having a handle
on each phoneme a little difference. Generally speaking, the
parameters that characterize the speaker’s personality are the
features of the syllabic, the suprasegmental, and the linguistic
[3, 4].

Syllabic features: they describe the tonal characteristics
of speech. The characteristic parameters mainly include the
position of the formant, the bandwidth of the formant, the
spectrum tilt, the pitch frequency, and the energy. Segment
features are mainly related to the physiological and phonetic
features of vocal organs and also to the speaker’s emotional
state.The features used in the tone control model in Section 3
are mainly for this reason.

Supersonic characteristics: they mainly refer to the way
of speaking, such as the duration of phonemes, pitch, and
stress, what people feel is the rate of speech, pitch, and volume
changes. The features used in the melodic control model in
Section 4 are mainly for this reason.

Language features: for example, idioms, dialects, accent,
and so on.

However, Beijing Opera and voice are different in their
purpose of pronunciation and expression.The pitch and pitch
length of each word in Beijing Opera are controlled by the
score in addition to its own pronunciation. The ordinary
speech is mainly used to express the content of the speech,
but Beijing Opera is more emotionally expressed by melody.
Through the description of the above characteristics, the
main considerations of this test sound quality mapping of the
research factors are as follows.

Pitch: it is determined by the vibration frequency of the
source in a period of time.Thehigher the vibration frequency,
the higher the sound and the lower the converse. Beijing
Opera’s pitch and character roles, such as LaoSheng, are
relatively low; Dan is relatively high.

Pitch length: the length of the sound is determined by
the duration of the sound source vibration. The longer the
duration, the longer the sound and the shorter the other hand.
The average length of Beijing Opera per word is relatively
long, and its variation range is relatively large.

Sound intensity: the strength of the sound depends on
the vibration amplitude of the sound source; the greater
the amplitude, the stronger the sound; on the other hand,
the lower the amplitude, the smaller the sound. Since the
amplitude of Beijing Opera is controlled by strong emotion,
it is larger than the voice range. In general, the voice has only
a relatively small amplitude range of uniform distribution.
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Table 1: The correlations of subjective and objective amount of speech.

Objective amount Subjective amount
pitch volume tone duration

fundamental frequency +++ + ++ +
amplitude + +++ + +
spectral envelope ++ + +++ +
time + + + +++

Relevance is positively related to the number of ‘+’ s

Tone: the frequency performance of different sounds
always has distinctive characteristics in waveforms. For
example, different Beijing Opera characters sing the same
passage according to the difference between the two timbres.

By combining the subjective amount of speech with the
objective amount we have analyzed, the correlations can be
obtained in Table 1.

Acoustic characteristics of speech signal are an indis-
pensable research object for speech analysis and speech
transformation. It mainly displays prosody and spectrum.
Prosody perceives performance as pitch, duration, and vol-
ume. Acoustically, the rhythm corresponds to the fundamen-
tal frequency, duration, and amplitude.The spectral envelope
is perceived as a tonal characteristic.

2.2.2. MFCC Feature Extraction. MFCC is an acronym for
Mel Frequency Cepstrum Coefficient (MFCC), which is
based on human auditory properties and is nonlinearly
related to Hz frequency. The Mel Frequency Cepstral Coef-
ficients (MFCCs) use this relationship between them to
calculate the resulting Hz spectral signature. Its extraction
principle is as follows.

(1) Pre-Emphasis. Pre-emphasis processing is to pass the
speech signal through a high-pass filter as

𝐻(z) = 1 − 𝜇z−1 (1)

The value of 𝜇 is between 0.9 and 1.0; we usually take 0.97.
The purpose of pre-emphasis is to raise the high-frequency
part, flatten the spectrum of the signal, and keep it in the
whole low-to-high frequency band, with the same signal-to-
noise ratio. At the same time, it is also to eliminate the vocal
cords and lips in the process of occurrence, to compensate for
the voice signal suppressed by the high frequency part of the
system, but also to highlight the high-frequency formant.

(2) Framing. The first N sampling points set into a unit
of observation, known as the frame. Under normal cir-
cumstances, the value of N is 256 or 512, covering about
20 ∼ 30ms or so. In order to avoid the change of two
adjacent frames being too large, there is an overlapping area
between two adjacent frames. The overlapping area contains
M sampling points, and the value of M is usually about
1/2 or 1/3 of N. Usually speech recognition [5] voice signal
sampling frequency is 8KHz or 16KHz. For 8KHz, if the
frame length is 256 samples, the corresponding time length
is (256/8000)∗1000=32ms.

(3)Windowing (HammingWindow).Multiply each frame by a
Hamming window to increase continuity at the left and right
ends of the frame. Assuming the framed signal is S (n), n =
0,1, ..., N-1, N is the size of the frame then multiplied by the
Hamming window is 𝑆(n) = 𝑆(n)×𝑊(n).The form ofW (n)
is as

𝑊(𝑛, 𝑎) = (1 − 𝑎) − 𝑎 × cos [ 2𝜋𝑛𝑁 − 1] ,
0 ≤ 𝑛 ≤ 𝑁 − 1 (2)

Different ‘a’ value will produce a different Hamming
window. In general, ’a’ takes 0.46

s𝑛 = {0.54 − 0.46 cos(2𝜋 (𝑛 − 1)𝑁 − 1 )} ∗ 𝑠𝑛 (3)

(4) Fast Fourier Transform. As the signal in the time-domain
transformation is usually difficult to see the characteristics of
the signal, so it is usually converted to the frequency domain
to observe the energy distribution; different energy distribu-
tion can represent different voice characteristics. Therefore,
after multiplying the Hamming window, each frame must
also be subjected to fast Fourier transform to obtain the
spectral energy distribution. The signal of each frame after
windowing is subjected to fast Fourier transform to obtain
the spectrum of each frame. And the spectrum of the speech
signal is modeled to obtain the power spectrum of the speech
signal. Set the DFT of the voice signal as

𝑋a (𝑘) = 𝑁−1∑
𝑛=0

𝑥 (𝑛) 𝑒−𝑗2𝜋𝑘/𝑁, 0 ≤ 𝑘 ≤ 𝑁 (4)

where x (n) is the input speech signal andN is the number
of points in the Fourier transform.

(5) Triangular Bandpass Filter.The energy spectrum is passed
through a set of Mel-scale triangular filter banks to define a
filter bank with M filters (the number of filters is similar to
the number of critical bands). The filter used is a triangular
filter. M usually takes 22-26. The spacing between each f (m)
decreases with decreasing ‘m’, broadening as m increases, as
shown in Figure 3.

The frequency response of the triangular filter is defined
as
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𝐻m (𝑘) =
{{{{{{{{{{{{{{{{{{{

0, 𝑘 < 𝑓 (𝑚 − 1)2 (𝑘 − 𝑓 (𝑚 − 1))[𝑓 (𝑚 + 1) − 𝑓 (𝑚 − 1)] [𝑓 (𝑚) − 𝑓 (𝑚 − 1)] , 𝑓 (𝑚 − 1) ≤ 𝑘 ≤ 𝑓 (𝑚)
2 (𝑓 (𝑚 + 1) − 𝑘)[𝑓 (𝑚 + 1) − 𝑓 (𝑚 − 1)] [𝑓 (𝑚) − 𝑓 (𝑚 − 1)] , 𝑓 (𝑚) ≤ 𝑘 ≤ 𝑓 (𝑚 + 1)

0, 𝑘 ≥ 𝑓 (𝑚 + 1)
(5)

(6)Calculate logarithmic energy output from each filter bank
as

𝑠 (𝑚) = ln[𝑁−1∑
𝑘=0

𝑋𝑎 (𝑘)2 𝐻𝑚 (𝑘)] , 0 ≤ 𝑚 ≤ 𝑀 (6)

(7) The MFCC coefficients are obtained by discrete cosine
transform (DCT) as

𝐶 (𝑛) = 𝑁−1∑
𝑚=0

𝑠 (𝑚) cos [𝜋𝑛 (𝑚 − 0.5)𝑀 ] ,
𝑛 = 1, 2, . . . , 𝐿

(7)

The above logarithmic energy is taken intoDCT to obtain
the L-order Mel-scale Cepstrum parameter. The L-order
means the MFCC coefficient order, usually 12-16. Here M is
the number of triangular filters.

(8) Logarithmic Energy. In addition, the volume (i.e., energy)
of a frame is also an important feature of speech and is very
easy to calculate. Therefore, the logarithmic energy of one
frame is usually added so that the basic speech features of each
frame have one more dimension, including one logarithmic
energy and the remaining cepstrum parameters.

(9) Dynamic Segmentation Parameters Extraction (including
First-Order Difference and Second-Order Difference). The
standard cepstrum parameter MFCC only reflects the static
characteristics of the speech parameters. The dynamic char-
acteristics of the speech can be described by the difference
spectrum of these static characteristics. Experiments show
that combining dynamic and static features can effectively
improve the system’s recognition performance. The calcula-
tion of the difference parameter can use the following formula
as

dt =
{{{{{{{{{{{

𝐶𝑡+1 − 𝐶𝑡, 𝑡 < 𝐾
∑𝐾
𝑘=1 𝑘 (𝐶𝑡+𝑘 − 𝐶𝑡−𝑘)2∑𝐾

𝑘=1 𝑘2 , others

𝐶𝑡 − 𝐶𝑡−1, 𝑡 ≥ 𝑄 − 𝑘
(8)

where dt is the t-th first-order difference; Ct is the
t-th cepstrum coefficient; Q is the order of the cepstral
coefficients; and K is the time difference of the first derivative,
which can be 1 or 2. Substituting the result in the above
equation yields the second-order difference parameter.

2.3. Signal Characteristics Analysis. According to the previ-
ous research on speech signal processing technology, people
mainly focus on the signal analysis in the time domain and
frequency domain of these two methods.

2.3.1. Time-Domain Analysis. In the time domain, the hori-
zontal axis is the time and the vertical axis is the amplitude.
By observing thewaveform in the time domain, we can obtain
some important features of the speech signal, such as the
duration, the starting and ending positions of the syllables,
the sound intensity (energy), and vowels (see Figure 4).

2.3.2. Frequency Domain Analysis. The voice signal spec-
trum, power spectrum, cepstrum, spectral envelope, and
so on are included. It is generally considered that the
frequency spectrum of the speech signal is the product of the
frequency response of the channel system and the spectrum
of the excitation source, while the frequency response of the
channel system and the excitation source are time-varying.
Therefore, frequency domain analysis of speech signals is
often performed using short-time Fourier transform (STFT).
It is defined as

𝑋n (𝑒𝑗𝜔) = +∞∑
𝑚=−∞

𝑥 (𝑚)𝑤 (𝑛 − 𝑚) 𝑒−𝑗𝜔𝑚 (9)

The study of Chinese song synthesis algorithm is based
on parameter modification, where we can see that short-
time Fourier transform has two independent variables (n
and w), so it is both a discrete function about time n and a
continuous function about angular frequency. In the formula,
w (n) is a window function, and n takes different values and
removes different voice short segments, where the subscript
n is different from the standard Fourier transform. Since
the shape of the window has an influence on the short-time
spectrum, the window function should have the following
characteristics:

(1) High frequency resolution; the main lobe is narrow
and sharp.

(2) Side lobe attenuation is large, and spectrum leakage
caused by other frequency components is small. These two
conditions are in fact contradictory to each other and cannot
be satisfied at the same time. Therefore, we often adopt a
compromise approach and often choose aHammingwindow.

However, both time-domain analysis and frequency
domain analysis have their own limitations: time-domain
analysis does not have an intuitive visualization of the
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Figure 3: Mel frequency filter bank.
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Figure 4: “Jiao Zhang Sheng yin cang zai qi pan zhi xia” time-
domain diagram.

frequency characteristics of speech signals; and frequency
domain analysis lacks the variation of speech signals over
time. As a result, the experiment of the Beijing Opera
synthesis analyzed the speech signal using the later improved
method of analyzing the spectrum.

2.3.3. Spectrum Analysis. The Fourier analysis display of
the speech signal is called a sonogram or spectrogram. A
spectrogram is a three-dimensional spectrum that represents
a graph of the frequency spectrum of a voice over time, with
the vertical axis as the frequency and the horizontal axis as
the time. The intensity of any given frequency component
at a given moment is expressed in terms of the grayness or
hue of the corresponding point. The spectrum shows a great
deal of information related to the characteristics of the speech
sentence. It combines the characteristics of spectrograms
and time-domain waveforms to clearly show how the speech
spectrum changes over time or is a dynamic spectrum. From
the spectrum we can get: formant, fundamental frequency,
and other parameters in Figure 5.

2.4. Straight Algorithm Introduction. Straight is an acronym
for “Speech Transformation and Representation based on
Adaptive Interpolation of weighted spectrogram.” It is a
more accurate method of speech analysis and synthesis
proposed by Japanese scholar Kawara Eiji in 1997.The straight
algorithm builds on the source/filter model. Among them,
the source comes from the vocal cords vibration, and the
filter refers to the channel transfer function. It can adaptively
interpolate and smooth the speech short-duration spectrum
in the time domain and the frequency domain so as to extract
the spectral envelope more accurately and adjust the speech
duration, fundamental frequency, and spectral parameters to
a great extent without affecting the quality of the synthesized
speech. The straight analysis synthesis algorithm consists
of three steps: fundamental frequency extraction, spectral
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Figure 5: “Jiao Zhang Sheng yin cang zai qi pan zhi xia” spectro-
gram.

parameter estimation, and speech synthesis. The first two of
them are described in detail below, and only the synthesis
process will be described in Figure 6.

First of all, the speech signal is input, the speech fun-
damental frequency F0 and spectral envelope are extracted
by straight algorithm, and the parameters are modulated
to generate a new sound source and time-varying filter.
According to the original filter model, we use (10) to synth
voice:

y (t) = ∑
𝑡𝑖∈𝑄

1
√𝐺 (𝑓𝐷 (𝑡𝑖))V𝑡𝑖 (𝑡 − 𝑇 (𝑡𝑖)) (10)

vt𝑖 ,𝑇(t𝑖) is shown as

V𝑡𝑖 (𝑡) = 1√2𝜋 ∫+∞

−∞
𝑉 (𝜔, 𝑡𝑖) 𝜑 (𝜔) 𝑒𝑗𝜔(𝑡)𝑑𝜔 (11)

𝑇 (𝑡𝑖) = ∑
𝑡𝑘∈𝑄,𝑘<𝑖

1
√𝐺 (𝑓0 (𝑡𝑘)) (12)

In the formula, Q represents the position of a group of
samples in the synthesis excitation, and G represents the
pitch modulation. The F0 after modulation can be matched
with any F0 of the original language arbitrarily. All-pass
filter is used to control the time structure of fine pitch
and original signal, such as a frequency-proportional linear
phase shift, used to control the fine structure of F0. 𝑉(𝜔, 𝑡𝑖)
is the corresponding Fourier transform of the minimum
phase pulse; as in (12)𝐴[𝑆(𝑢(𝜔), 𝑟(𝑡)), 𝑢(𝜔), 𝑟(𝑡)] is calculated
from the modulation amplitude spectrum, where A, u, and r
represent the modulation of amplitude, frequency, and time,
respectively, as (13), (14), and (15).

𝑉 (𝜔, 𝑡) = 𝑒(1/√2𝜋) ∫∞0 ℎ𝑡(𝑞)𝑒
𝑗𝜛𝑞𝑑𝑞 (13)

ℎ𝑡 (𝑞) = {{{{{{{{{
0, (𝑞 < 0)
𝑐𝑡 (0) , (𝑞 = 0)
2𝑐𝑡 (𝑞) , (𝑞 > 0)

(14)

𝑐𝑡 (𝑞) = 1√2𝜋
⋅ ∫+∞

−∞
𝑒−𝑗𝜔𝑞lg𝐴 {𝑆 [𝑢 (𝜔) , 𝑟 (𝑡)] , 𝑢 (𝜔) , 𝑟 (𝑡)} 𝑑𝜔 (15)

q is the frequency. Straight audiometry experiments show
that even in the case of high-sensitivity headphones, the
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Figure 6: Straight synthesis system.

synthesized speech signal is almost indistinguishable from
the original signal.

3. Tone Control Model

Voice tonal conversion refers to the voice signal processing
technology to deal with the voice, to maintain the same
semantic content, but only change the tone, so that a per-
son’s voice signal (source voice) after the sound conversion
processing sounds like another person voice (target voice).
This chapter introduces the extraction of the parameters
that are closely related to the timbre by using the straight
algorithm, and then the training model of the extracted
parameters by using GMM to get the corresponding rela-
tionship between the source voice and the target voice.
Finally, the new parameters are straight synthesis, in order to
achieve voice conversion. It can be seen from Section 2 that
the tone characteristics in speech mainly correspond to the
parameters “fundamental F0” and “channel spectrum”.

3.1. The Fundamental Frequency and
Channel Spectrum Extraction

3.1.1. Extraction of the Fundamental Frequency. Straight algo-
rithm has a good time-domain resolution and fundamental
frequency trajectory, which is based on wavelet transform
to analyze, first found from the extracted audio frequency
to find the base frequency, and then calculated the instanta-
neous frequency, as the fundamental frequency.

Fundamentals of the extraction can be divided into three
parts: F0 coarse positioning, F0 track smooth, and F0 fine
positioning.The coarse positioning of F0 refers to the wavelet
transform of the voice signal to obtain the wavelet coeffi-
cients; then, the wavelet coefficients are transformed into a
set of instantaneous frequencies for selecting F0 for each
frame. F0 trajectory smoothing is based on the calculated
high-frequency energy ratio, the minimum noise energy
equivalent, in the instantaneous frequency selected the most
likely F0, and thus constitutes a smooth pitch trajectory. F0
fine positioning through FFT transforms the current F0 fine-
tuning. The process is as follows.

Input signal is s(t), the output composite signal is𝐷(𝑡, 𝜏𝑐),
where gAG(t) is an analysis of the wavelet which is gotten by

the input signal through Gabor filter, and 𝜏𝑐 is analysis cycle
of the analyzed wavelet as

𝐷(𝑡, 𝜏𝑐) = 𝜏𝑐−1/2 ∫+∞

−∞
𝑠 (𝑡) 𝑔𝐴𝐺𝑡 − 𝜇𝜏𝑐 𝑑𝜇 (16)

gAG(t) is (17) and shown as (18):

g𝐴𝐺 (𝑡) = 𝑔 (𝑡 − 14) − 𝑔(𝑡 + 14) (17)

𝑔 (𝑡) = 𝑒−𝜋(𝑡/𝜂)2𝑒−𝑗2𝜋𝑡 (18)

Among them, 𝜂 is the frequency resolution of the Gabor
filter, which is usually larger than 1 according to the charac-
teristics of the filter.

Through calculation, the variable “fundamentalness” is
introduced and denoted by 𝑀(𝑡, 𝜏0) as

𝑀 = − log [∫
Ω
(𝑑 |𝐷|𝑑𝑢 )𝑑𝑢] + log [∫

Ω
|𝐷|2 𝑑𝑢]

− log[∫
Ω
(𝑑 arg |𝐷|𝑑𝑢 )2 𝑑𝑢] + 2 log 𝜏0

+ logΩ(𝜏0)
(19)

The first term is the amplitude modulation (AM) value;
the second term is the total energy, used to normalize the
value of AM; the third term is the frequency modulation
(FM) value; the fourth term is the square of the fundamental
frequency, used to normalize the value of FM; the fifth is the
normalization factor of the time-domain integration interval.
By the formula the following can be drawn: when AM, FM
take the minimum, M takes the maximum, namely, getting
the fundamental part.
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However, in practice, F0 always changes rapidly, so in
order to reduce the impact on M, the formula makes some
adjustments as (20), (21), and (22):

𝑀 = − log[∫
Ω
(𝑑 |𝐷|𝑑𝑢 − 𝜇𝐹𝑀)2 𝑑𝑢]

+ log [∫
Ω
|𝐷|2 𝑑𝑢]

− log[∫
Ω
(𝑑arg |𝐷|𝑑𝑢 − 𝜇𝐹𝑀)2 𝑑𝑢]

+ 2 log 𝜏0 + logΩ(𝜏0)

(20)

𝜇𝐴𝑀 = 1Ω ∫
Ω
(𝑑 |𝐷|𝑑𝑢 ) (21)

𝜇𝐹𝑀 = 1Ω ∫
Ω
(𝑑2 arg (D)𝑑𝑢2 ) (22)

Finally use 𝜏0 to calculate the instantaneous frequency𝜔(𝑡), and get the fundamental frequency F0 by (23), (24), and
(25):

𝑓0 = 𝜔0 (𝑡)2𝜋 (23)

𝜔 (𝑡) = 2𝑓𝑠 arcsin 𝑦𝑑 (𝑡)2 (24)

y𝑑 (𝑡) = 𝐷 (𝑡 + Δ𝑡/2, 𝜏0)𝐷 (𝑡 + Δ𝑡/2, 𝜏0) − 𝐷 (𝑡 − Δ𝑡/2, 𝜏0)𝐷 (𝑡 − Δ𝑡/2, 𝜏0) (25)

3.1.2. Channel Spectral Parameter Extraction. Thevoice of the
sound source information and channel spectrum informa-
tion extracted and then make adjustments to achieve voice
adjustment, which is the previousmethod.However, since the
two are often highly correlated, they cannot be independently
modified, thus affecting the final result.

The relationship among the voice signal s(t), the channel
parameter v(t), and the sound source parameter p(t) is as

𝑠 (𝑡) = 𝑝 (𝑡) ∗ V (𝑡) (26)

Since it is difficult to find v(t) directly, the straight
algorithm calculates the frequency domain expression of
v(t) by short-time spectral analysis of s(t). The method to
calculate the short-term spectrum is (27) and (28):

𝑠𝑤 (𝑡, 𝑡) = 𝑠 (𝑡) 𝑤 (𝑡, 𝑡) (27)

𝑆𝑊(𝜔, 𝑡) = 𝐹𝐹𝑇 [𝑠𝑤 (𝑡, 𝑡)] = 𝑆 (𝜔, 𝑡)𝑊(𝜔, 𝑡) (28)

The short-term spectrum shows the periodicity related
to the fundamental frequency in the time domain and the

frequency domain, respectively. The short-time spectrum
window function used is (29) and (30):

𝑤 (𝑡) = 1𝑓0 𝑒−𝜋(𝑡/𝑓0)
2

(29)

𝑊(𝜔) = 𝑓0√2𝜋𝑒−𝜋(𝜔/𝜔0)2 (30)

However, since both the channel spectrum and the sound
source spectrum are related to the fundamental frequency
at this time, it cannot be considered that they have been
separated. Instead, they need to be further cyclically removed
in the time domain and the frequency domain to achieve the
separation.

Periodic removal of the time domain requires the design
of pitch-sync smoothing windows and compensation win-
dows, respectively, as (31), (32), and (33):

𝑤𝑝 (𝑡) = 𝑒−𝜋(𝑡/𝜏0) ∗ ℎ( 𝑡𝜏0) (31)

ℎ (𝑡) = {{{
1 − |𝑡| (𝑡 < 1)
0 (𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒) (32)

𝑤c (𝑡) = 𝑤𝑝 (𝑡) sin(𝜋 × 𝑡𝜏0) (33)

Then the short-time amplitude spectrum |𝑆p(𝜔, 𝑡)| and|𝑆p(𝜔, 𝑡)|, respectively, is obtained by the two windows and
finally we get the short-term amplitude spectrum with the
periodicity removed as

𝑆r (𝜔, 𝑡) = √𝑆r (𝜔, 𝑡)2 + 𝜉 𝑆r (𝜔, 𝑡)2 (34)

Among them, 𝜉 is the mixing factor; when 𝜉 is taking
0.13655, there is the optimal solution.

Similarly, the frequency domain also needs smoothing
windows 𝑉(𝜔) and compensation windows 𝑈(𝜔) to remove
the periodicity in the short-time spectral 𝑆𝑊(𝜔) domain and
finally remove the periodic spectral envelope 𝑆𝑆(𝜔) as

𝑆𝑆 (𝜔) = 𝑆𝑊 (𝜔) ∗ 𝑉 (𝜔) ∗ 𝑈 (𝜔) (35)

Finally, the logarithmic amplitude compression and dis-
tortion frequency discrete cosine transform the channel spec-
tral parameters into MFCC parameters for the subsequent
use.(MFCC is described in detail in Section 2).

3.2. GMM Achieve Parameter Conversion

3.2.1. GMMProfile. TheGaussianMixtureModel (GMM) [6]
can be expressed as a linear combination of differentGaussian
probability functions in

𝑃(𝑋𝜆 ) = 𝑀∑
𝑖=1

𝜔𝑖𝑏𝑖 (𝑋) (36)
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where X is a random vector of n dimensions, 𝜔i is a
mixture weight, ∑𝑀

i=1 𝜔𝑖 = 1, 𝑏𝑖(𝑋) is a subdistribution of
GMM, and each subdistribution is a Gaussian distribution as

𝑏𝑖 (𝑋) = 1(2𝜋)𝑛/2 ∑𝑖
1/2 𝑒

−(1/2)(𝑋−𝜇𝑖)
𝑇∑−1𝑖 (𝑋−𝜇𝑖) (37)

where 𝜇i is the mean vector and ∑i is the covariance
matrix.

Although the types of phonemes are definite, each
phoneme varies in different situations due to the context.
We use GMM to construct the acoustic characteristics of the
speaker to find the most likely mapping at each time.

3.2.2. Conversion Function to Establish. GMM refers to the
estimation of the probability density distribution of the
sample, and the estimated model (training model) is the
weighted sum of several Gaussian models. It maps matrices
of source speech and target speech, thereby increasing the
accuracy and robustness of the algorithm and completing the
connection between the two phonetics.

(1)The Conversion of Fundamental Frequency. Here the single
Gaussian model method is used to convert the fundamen-
tal frequency, and the converted fundamental frequency is
obtained through the mean and variance of the target person(𝜇𝑡𝑔𝑡, 𝜎𝑡𝑔𝑡) and the speaker (𝜇src, 𝜎src) is (38):

𝑓0,𝑐𝑜𝑛V (𝑡) = √ 𝜎2𝑡𝑔𝑡𝜎2𝑠𝑟𝑐 × 𝑓0,𝑠𝑟𝑐 (𝑡) + 𝜇𝑡𝑔𝑡 − √ 𝜎2𝑡𝑔𝑡𝜎2𝑠𝑟𝑐 × 𝜇𝑠𝑟𝑐 (38)

(2) Channel Spectrum Conversion. The model’s mapping rule
is a linear regression function; the purpose is to predict
the required output data by inputting data. The spectrum
conversion function is defined as

𝐹 (𝑋) = 𝐸{𝑌𝑋} = ∫𝑌 ∗ 𝑃(𝑌𝑋)𝑑𝑌
= 𝑀∑
𝑖=1

𝑃𝑖 (𝑋)[[𝜇𝑌𝑖 + 𝑌𝑋∑
𝑖
(𝑋𝑋∑

𝑖
)−1 (𝑋 − 𝜇𝑋𝑖 )]]

(39)

𝑃i (𝑋) = 𝜔𝑖𝑏𝑖 (𝑋𝑡)∑𝑀
𝑘=1 𝜔𝑘𝑏𝑘 (𝑋𝑡) (40)

𝜇i = [𝜇𝑋i𝜇𝑌i ] ,

∑
𝑖

= [[[[[[

𝑋𝑋∑
𝑖

𝑋𝑌∑
𝑖

𝑌𝑋∑
𝑖

𝑌𝑌∑
𝑖

]]]]]]
,

𝑖 = 1, . . . ,𝑀

(41)

𝜇𝑋i and 𝜇𝑌i are the mean of the i-th Gaussian component
of the source speaker and the target speaker; ∑𝑋𝑌

𝑖 is the
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Figure 7: “Jiao Zhang Sheng yin cang zai qi pan zhi xia” envelope.

variancematrix of the i-th Gaussian component of the source
speaker; ∑𝑋𝑌

𝑖 is the covariance matrix of the ith Gaussian
component of the source speaker and the target speaker
covariance matrix; 𝑃i(𝑋) is the feature vector probability of
X belonging to the i-th Gaussian components of the GMM.

4. Melody Control Model

The composition of Beijing Opera has similarities with the
synthesis of general singing voice [7, 8]. That is, through
the superimposition of voice and melody, the new pitch
of each word is reconstructed. Through the analysis of the
second chapter, it is found that the major factors affecting the
melody are the fundamental frequency, duration, and energy.
Among them, the fundamental frequency of melody has the
greatest impact; it can indicate the frequency of human vocal
vibration and duration and pronunciation of each word of
each word length; you can control the rhythm of Beijing
Opera, which represents the speed of human voice. Energy
and sound intensity were positively correlated, representing
the emotions.

4.1. The Fundamental Frequency Conversion Model. Al-
though both speech and Beijing Opera are issued through
the same human organs, the speech pays more attention to
the prose, while the Beijing Opera emphasizes the emotional
expression of the melody. Most of the features in the melody
are in the fundamental frequency.The fundamental envelope
of a Beijing Opera corresponds to themelody, which includes
tone, pitch, and tremolo [9]. However, the pitch of a note in a
note is a constant, and their comparison is as in Figure 7.

From this we can see that we can use the fundamental
frequency to control the melody of a Beijing Opera, but
the acoustic effects such as vibrato need to be considered.
Therefore, the control design of the fundamental frequency
[10] is as in Figure 8.

4.2. Time Control Model. Each word in Chinese usually has
different syllables, and the initials and vowels in each syllable
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Figure 8: The control design of the fundamental frequency.

Table 2: Duration parameters.

Duration parameters
Before modification After modification

dur a k∗dur a
dur b dur b
dur c dur t – (k∗dur a) – dur b

dur a: initial part duration, dur b: initial part to vowel transition part
duration, dur c: final part duration, and dur t: target total duration.

also play different roles. The initials, whether normal or
Beijing Opera, usually play a supporting role, while vowels
carry pitch and most of the pitch information. In order to
ensure the naturalness of Beijing Opera, we use the note
duration to control the length of each word and make the
rules for the vowel length shown in Table 2.

Initial part of the length of time is in accordance with
the proportion [11] (k in the table) to be modified, k is a
lot of voice, and song comparison experiments are obtained.
The duration of the area with the initials to vowels transition
remains unchanged.The length of the vowel section varies so
that the total duration of the syllable can correspond to the
duration of each note in the score.

The method of dividing the vowel boundaries is intro-
duced in Section 2 and will not be repeated here.

4.3. Spectrum Control Model. The vocal tract is a resonant
cavity and the spectral envelope reflects its resonant proper-
ties. Studies have found good vibes singing, the spectrum in
the vicinity of 2.5-3 kHz has a special resonance farm, and
singing spectrum changes will directly affect the people of
the party’s results. In order to synthesize music of high nat-
uralness, the spectral envelope of the speech signal is usually
corrected according to the unique spectral characteristics of
the singing voice.

4.4. GAN Model

4.4.1. Introduction of GAN Network. Generative adversarial
networks, abbreviated as GAN [12–17], are currently a hot
research direction in artificial intelligence.The GAN consists
of generators and discriminators. The training process is
inputting random noise, obtaining pseudo data by the gener-
ator, taking a part of the real data from the true data, mixing
the two and sending the data to the discriminator, giving
a true or false determination result, and, according to this
result, the return loss. The purpose of GAN is to estimate the
potential distribution of data samples and generate new data
samples. It is being extensively studied in the fields of image

and visual computing, speech, and language processing and
has a huge application prospect. This study uses GAN to
synthesize music to compose Beijing Opera music.

4.4.2. Selection of Test Datasets. The Beijing Opera score
dataset that needs to be used in this study is the recording and
collection of 5,000 Beijing Opera background music tracks.
The dataset is processed as shown in the Figure 9: dataset
preparation and data preprocessing

First of all, because sometimes some instruments have
only a few notes in a piece of music, this situation makes the
data too sparse and affects the training process. Therefore, it
is necessary to solve this data imbalance problem by merging
the sound tracks of similar instruments. Each of the multi-
track Beijing Opera scores is incorporated into five musical
instruments: huqins, flutes, suonas, drums, and cymbals.
These five types of instruments are the most commonly used
musical instruments in Beijing Opera music.

Then, we will filter the datasets after the merged tracks
to select the music with the best matching confidence. In
addition, because the Beijing Opera arias need to be synthe-
sized, the scores in the part of the BeijingOperawithout lyrics
are not what we need. Also select the soundtracks of Beijing
Opera lyrics.

Finally, in order to obtain a meaningful music segment
to train the time model, it is necessary to divide the Peking
Opera score and obtain the corresponding music segment.
Think of the 4 bars as a passage and cut the longer passage
into the appropriate length. Because pitches that are too high
or too low are not common and are therefore less than C1 or
higher than C8, the target output tensor is 4 (bar) × 96 (time
step) × 84 (pitch) × 5 (track). This completes the preparation
and preprocessing of the dataset.

4.4.3. Training and Testing of GAN Structure and Datasets.
The GAN structure diagram used in this study is as in
Figure 10.

The basic framework of the GAN includes a pair of
models: a generative model and a discriminative model. The
main purpose is to generate pseudo data consistent with
the true data distribution by the discriminator D auxiliary
generator G. The input of the model is a random Gaussian
white noise signal z; the noise signal is mapped to a new data
space via the generator G to generate the generated data G(z).
Next, a discriminator D outputs a probability value based
on the input of the true data x and the generated data G(z),
respectively, indicating that the D judges whether the input
is real data or the confidence of generating false data. In this
way, it is judged whether the performance of the G-generated
data is good or bad. When the final D cannot distinguish
between the real data x and the generated data G(z), the
generator G is considered to be optimal.

The goal of D is to distinguish between real data and
false data so that D(x) is as large as possible, while D(G(z))
is as small as possible, and the difference between the
two is as large as possible, whereas G’s goal is to make
the data it produces in D. The goal of G is to make the
performance ‘D(G(z))’ of its own data on D consistent with
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Figure 9: Illustration of the dataset preparation and data preprocessing procedure.
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Figure 10: GAN structure diagram.

the performance ‘D(x)’ of the real data, so that D cannot
distinguish between generated data and real data. Therefore,
the optimization process of the module is a process of mutual
competition and confrontation.The performance of G and D
is continuously improved during repeated iteration until the
final D(G(z)) is consistent with the performance D(x) of the
real data. And both G and D cannot be further optimized.

The training process can be modeled as a simpleMinMax
problem in

min
G

max
𝐷

𝐷 (𝑥) − 𝐷 (𝐺 (𝑧)) (42)

The MinMax optimization formula is defined as follows:

min
qG

max
𝑞𝐷

𝑉 (𝐷,𝐺) = min
𝐺

max
𝐷

{𝐸𝑥:𝑝𝐺 [log𝐷(𝑥)]
+ 𝐸𝑥:𝑝𝐺 [log (1 − 𝐷 (𝐺 (𝑧)))]} (43)

The GAN does not require a pre-set data distribution;
that is, it does not need to formulate a description of
p(x) but directly adopts it. Theoretically, it can completely
approximate real data. This is the biggest advantage of the
GAN.

The training and testing process of the GAN generated
music dataset is as in Figure 11.

The generator-generated chord section data and specific
music style data, generator-generated multiple track chord
section data, andmultiple tracks ofmusic groove data are sent
to the GAN for training. Reach music that generates specific
styles and corresponding grooves.

5. Experiment

5.1. Tone Control Model

5.1.1. Experimental Process. The voice library used in the
experiment simulation of this article is recorded by the
former in the environment of the entire anechoic room,
and comprehensive consideration of the previous factors
can better meet the actual needs of the speech conversion
system.The voice library is recorded by a woman in standard
Mandarin accent and contains numbers, professional nouns,
everyday words, etc., as source speech. Then find another
person to record a small number of statements as the voice
to be converted, and Figure 12 is the tone conversion process.

5.1.2. Experimental Results. Figures 11, 12, and 13 speech of
the source speaker, respectively, and the target speaker is
based on the speech spectrogram STRAIGHT and convert
speechGMMmodel obtained. All voices are sampled at 16khz
and quantized with 16 bits. Set the voice to 5s during the
experiment. Their MFCCs are in Figures 13, 14, and 15.

They show the MFCC three-dimensional map of the
source speech, the target speech, and the converted speech.
The horizontal axis represents the audio duration, the vertical
axis represents the frequency, and the color represents the
corresponding energy. From the comparison of the graphs,
it can be directly seen that the vocalogram shape of the
converted MFCC parameters is closer to the target speech,
indicating that the converted speech features tend to be the
target speech features.
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5.2. Melody Control Model

5.2.1. Experimental Process. In order to evaluate the qual-
ity of the melody conversion results, three Beijing Opera
pieces were selected for testing, followed by conversions
using Only dura, dura F0, dura SP, and all models, and
Beijing operas produced by the four synthesis methods were
compared with the original Beijing Opera. Among them,
Only dura uses only the duration controlmodel for synthesis;
dura F0 uses only the base frequency control model and the
duration control model for synthesis; dura SP uses only the

duration control model and the spectrum control model for
synthesis; allmodels use three controlmodels simultaneously.
’Real’ is the source Beijing Opera.

So the melody control model can be summarized in
Figure 16.

5.2.2. Experimental Results. The purpose of speech con-
version is to make the converted speech sounds like the
speech of a specific target person. Therefore, evaluating the
performance of the speech conversion system is also based
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Table 3: MOS grading.

MOS grading
Score MOS Evaluation
1 Uncomfortable and unbearable
2 There is a sense of discomfort, but it can endure
3 Can detect distortion and feel uncomfortable
4 Slightly perceived distortion but no discomfort
5 Good sound quality, no distortion

Table 4: Experimental results.

Experimental results

ways MOS fraction
BeiJing Opera1 BeiJing Opera2 BeiJing Opera3

Only dura 1.25 1.29 1.02
dura F0 1.85 1.97 1.74
dura SP 1.78 2.90 2.44
all models 3.27 3.69 3.28
real 5 5 5
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Figure 13: Source speech spectrogram.

on human-oriented auditory evaluation. In the existing sub-
jective evaluation system, the MOS score test is an effective
method for evaluating the voice quality, and the similarity
test is a test method for judging the conversion effect of the
system.

TheMOS scoring criterion divides the speech quality into
5 levels; see Table 3.The tester listens to the converted speech
and gives the score of the quality level to which the measured
speech belongs according to these 5 levels. The MOS score
is called the communication quality at about 3.5 minutes.
At this time, the voice quality of the auditory reconstructed
voice is reduced, but it does not prevent people from talking
normally. If the MOS score is lower than 3.0, it is called
synthetic speech quality. At this time, the speech has high
intelligibility, but the naturalness is poor.

Find 10 testers and score MOS for the above composite
results. The results are shown in Table 4.

5.3. Synthesis of Beijing Opera. Beijing Opera is mainly
composed of words and melodies. The melody is determined
by the pitch, tone, sound intensity, sound length, and other
decisions. In this experiment, each word is distinguished by
the unique characteristics of words such as zero-crossing rate
and energy. Then the tone control model and the melody

control model are designed and do extraction for important
parameters of the fundamental frequency, spectrum, time,
and so on, using MFCC, DTW, GMM, and other tools to
analyze the extracted characteristic conversion and finally to
the opera synthetic fragment.

Compared with other algorithms, the straight algorithm
has better performance in terms of the natural degree of
synthesis and the range of parameter modification, so the
straight algorithm is also selected for the synthesis of the
Beijing Opera.

Again, let the above-mentioned 10 testers perform MOS
scoring on the above composite effect. The result is shown in
Table 5.

According to the test results, it can be seen that the
subjective test results reached an average of 3.7 points,
indicating that the design basically completed the Beijing
Opera synthesis. Although the Beijing Opera obtained by the
synthesis system tends to originate in Beijing Opera, it is still
acoustically different from the real Beijing Opera.

6. Conclusion

In this work, we have presented three novel generativemodels
for Beijing Opera synthesis under the frame work of the
straight algorithm, GMM and GAN. The objective metrics
and the subjective user study show that the proposed models
can achieve the synthesis of Beijing Opera. Given the recent
enthusiasm in machine learning inspired art, we hope to
continue our work by introducing more complex models and
data representations that effectively capture the underlying
melodic structure. Furthermore,we feel thatmorework could
be done in developing a better evaluationmetric of the quality
of a piece; only then will we be able to train models that are



Advances in Multimedia 13

Table 5: Rating results.

MOS Score

score students
student1 student2 student3 student4 student5

Source Opera fragment 5 5 5 5 5
Synthetic Opera fragment 4 4 4 3 3

score students
student6 student7 student8 student9 student10

Source Opera fragment 5 5 5 5 5
Synthetic Opera fragment 4 3 4 4 4
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Figure 14: Target speech spectrogram.

0

1000
2000
3000
4000
5000
6000

Sp
ec

tro
gr

am
fre

qu
en

cy
 (H

Z)

3.02.0 4.51.5 2.5 4.03.50.5 1.0

Figure 15: Converted speech spectrogram.
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Figure 16: Melody control model.

truly able to compose the Beijing Opera singing art works
with higher quality.

Data Availability

The [.wav] data of Beijing Opera used to support the
findings of this study have been deposited in the [zenodo]
repository: [http://doi.org/10.5281/zenodo.344932]. The pre-
viously reported straight algorithm used is available at

http://www.wakayama-u.ac.jp/∼kawahara/STRAIGHTadv/
index e.htmll. The code is available upon request from
kawahara@sys.wakayama-u.ac.jp.
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Person re-identification, aiming to identify the same pedestrian images across disjoint camera views, is a key technique of intelligent
video surveillance. Although existingmethods have developed both theories and experimental results,most of effective ones pertain
to fully supervised training styles, which suffer the small sample size (SSS) problem a lot, especially in label-insufficient practical
applications. To bridge SSS problem and learning model with small labels, a novel semisupervised co-metric learning framework is
proposed to learn a discriminative Mahalanobis-like distance matrix for label-insufficient person re-identification. Different from
typical co-training task that contains multiview data originally, single-view person images are firstly decomposed into pseudo two
views, and then metric learning models are produced and jointly updated based on both pseudo-labels and references iteratively.
Experiments carried out on three representative person re-identification datasets show that the proposed method performs better
than state of the art and possesses low label sensitivity.

1. Introduction

Person re-identification (re-id), namely, seeking occurrences
of a query person (probe) from person candidates (gallery), is
a hot-spot and challenging topic of intelligent video surveil-
lance [1, 2], which also underpins many crucial multimedia
applications, such as person retrieval [3, 4], long-term pedes-
trian tracking [5, 6], and cross-view action analysis [7]. The
main challenge of re-id can be concluded as intrapersonal
visual variations across multicamera views even larger than
interpersonal ones, due to the significant changes in view-
points, illuminations, body poses, and background clutters
(see Figure 1). Moreover, traditional biometrics, such as gait
and face, are unreliable to be exploited especially in uncon-
trolled practical environment; thus researchers always carry
out person re-identification task based on body appearance
characteristics. Current person re-identification methods
have been primarily introduced to two aspects: feature
construction and learning, or subspace/metric learning. Due
to more and more attention from computer vision and
machine learning fields in recent years, researchers bring
great improvements on both theories and experimental
results of person re-identification study.

(i) Feature construction and learning aim at designing
or studying discriminative appearance descriptions

[8–20] that are robust for distinguishing different
pedestrians across arbitrary cameras. However, hand-
crafted feature construction is extremely challenging
due to miscellaneous and complicated variations.
Therefore, feature learning based on salience model,
deep neural network, and so forth becomes popular
approaches to practice better feature representation.

(ii) Subspace and metric learning aims at seeking a proper
subspace or distance measure by Mahalanobis-like
metric learning [21–30]. Given a set of person image
pairs, metric learning based methods are to learn an
optimal positive semidefinitematrix for the validity of
metric that maximizes the probability of truematches
pair having smaller distance than wrong match pairs.

Whether feature learning ormetric learningmethods, state of
the art usually exploits the characteristics of labelled training
data as far as possible, which typically pertains to fully
supervised method. However labels are always insufficient
in practical applications, resulting in the number of labelled
training samples even smaller than that of feature dimen-
sions, namely, small sample size (SSS) problem [31] that is a
core challenge of learning based person re-identification. To
solve the SSS issue, there are many training styles designed
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(a) (b)

Figure 1: Illustration of the person re-identification task. (a) Person image samples of pedestrian derived from VIPeR dataset [35], in which
each column represents the same person images and each row represents images observed from the same camera views, and appearance of
the same person images changes severely in different camera views. (b) Example illustrating the characteristics of person re-identification in
practical surveillance environment; as can be seen, gait and face are infeasible to be exploited by reason of low resolution and occlusion.

for noisy learning and inadequate supervision [32], and co-
training is always one of themost important paradigms that is
still vibrant for multiview learning [33].Therefore, motivated
by semisupervised co-training [34], we propose a novel co-
metric learning framework for person re-identification to
bridge the inadequate labelled data and metric learning
model.

In a typical co-training work, training data is adopted to
study classification models in two views separately, whereas
the updates of models benefit from each other's views.
However, different from applications where data is collected
from multimodal sources, person re-identification datasets
are commonly presented as single-view pedestrian images. In
that case, the core difficulty of applying co-training paradigm
in person re-identification community comes at learning and
updating a model in single view. As we know, the features in
higher dimension own more useful information but larger
noise, such that dimension reduction is always necessary
for feature extraction. If we decompose the high-dimension
features into two views before dimension reduction, it is
probably to produce different but effective descriptions in
pseudo two views for our co-metric learning framework.
Therefore, we firstly present a binary-weight learningmethod
for splitting the single-view representation to pseudo two
views automatically, and then two metric learning models
are studied, respectively, in each view for matching the
unlabelled training samples; finallymetrics benefit each other
and meanwhile are jointly updated based on the ranking list
of unlabelled samples iteratively.

The main contributions of this paper can be summarized
as follows: (1) An effective co-metric learning framework is
presented for semisupervised person re-identification;
it can learn a discriminative Mahalanobis-like distance
matrix, even lacking adequate labelled data. (2) Pseudo
two views of person data could be used for metrics genera-
tion based on self-adaptive feature decomposition. (3) Both

pseudo-labels and references on unlabelled dataset are adopt-
ed for acquiring discriminative metrics update. The rest of
the paper is organized as follows. Section 2 introduces a
brief review of related work for person re-identification.
Section 3 explains our method in detail. Section 4 presents
experimental results compared with state of the art on three
datasets. Section 5 concludes this paper.

2. Related Work

In this section, we give a brief review of the studies most
related to person re-identification task. Typically, current
person re-identification research can be categorized into two
classes: feature representation based methods and distance
measure based methods.

Feature representation based methods pay attention to
constructing discriminative visual descriptions by feature
selection or learning. Gheissari et al. [8] generated salient
edges based on a spatial-temporal segmentation algorithm
and then obtained an invariant identity signature by combin-
ing normalized color and salient edge histograms.Wang et al.
[9] designed a co-occurrencematrix based appearancemodel
to capture the spatial distribution of the appearance relative to
each of the object parts. Farenzena et al. [10] tried to combine
multiple features from five body regions that are exploited by
symmetry and asymmetry perceptual principles. Kviatkovsky
et al. [11] found that color structure descriptors derived from
different body parts turn out to be invariants under different
lighting conditions. To improve the discriminative power of
visual descriptions, feature selection technique is used to pick
out more robust feature weightings, or dimensions, or patch
salience. Gray et al. [12] transformed person re-identification
into a classification problemand employed an ensemble of the
localized features through AdaBoost algorithm. Zhao et al.
[13] applied adjacency constrained patch matching to build
dense correspondence between image pairs and assigned
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Figure 2: Flowchart of the co-metric learning framework for person re-identification. Single-view features of training data are firstly
decomposed into pseudo two views for learning corresponding metric models. And then ranking list of unlabelled dataset in each view could
be generated via distance measurement. Finally, positive and negative pseudo labels that are the top-n and bottom-m samples of ranking list,
respectively, and references that are the top-k neighbours of consensual pseudo-labels (marked red) are jointly utilized for metric update.

salience to each patch in an unsupervised manner. Some
recent works introduce deep learning framework to acquire
robust local feature representations and then encoding them.
Li et al. [14] learned a unified deep filter by introducing a
patchmatching layer and amax-out grouping layer for person
re-identification. Ahmed et al. [15] presented a deep convolu-
tional architecture that captured local relationships between
person images based on mid-level features. Generally, deep
learning is usually utilized to learn feature representations by
using deep convolutional features [14–17] or from the fully
connected features [18–20] in person re-identification works.

Distance measure based methods aim at finding out a
uniform distance measure by subspace learning or metric
learning. Most successful metric learning algorithms demon-
strate an obvious superiority based on supervised learning.
Hizer et al. [21] and Dikmen et al. [22] utilized a classical
metric learning method called LMNN to learn an optimal
metric for person re-identification. Zheng et al. [23] learned
a Mahalanobis distance metric with a probabilistic relative
distance comparisonmethod. Kostinger et al. [24] introduced
a simpler metric function (KISSME) to fit pairwise samples
based on Gaussian distribution hypothesis, and Tao et al.
[25] got better estimation of the covariance matrices of KISS
metric learning by seamlessly integrating smoothing and
regularization. Mignon et al. [26] learn distance metric from
sparse pairwise similarity/dissimilarity constraints in high
dimensional space called pairwise constrained component
analysis. Pedagadi et al. [27] conducted a metric-like work
that combined unsupervised PCA dimensionality reduction
and Local Fisher Discriminant Analysis. Li et al. [28] pro-
posed to learn a decision function that joined distancemetric
and locally adaptive thresholding rule. Wang et al. [29]
transformed the deep learning as the most popular machine
learning paradigm is also adopted to learn the distance

metric. Wang et al. [30] put forward a data-driven distance
metric method, re-exploiting the training data to adjust the
metric for each query-gallery pair.

3. Methodology

This section presents the main procedures of our co-metric
learning framework (see Figure 2), mainly including self-
adaptive feature decomposition for pseudo two-view metric
learning, semisupervised metric update based on pseudo-
labels and references.

3.1. Problem Formulation. Under a semisupervised person
re-identification setting, it considers a pair of cameras𝐶𝑎 and𝐶𝑏 with nonoverlapping field of views and training persons
set 𝑂 = {𝑂𝐿, 𝑂𝑈}. Labelled training persons set 𝑂𝐿 ={𝑜1, 𝑜2, . . . , 𝑜𝑚} is associated with the two cameras, where𝑚 is
the number of persons. Images of persons captured from 𝐶𝑎
and 𝐶𝑏 are denoted as 𝑥𝑖𝑎 and 𝑥𝑗𝑏, respectively, 𝑥𝑖𝑎, 𝑥𝑗𝑏 ∈ R𝑑.
Two labelled training sets corresponding to 𝐶𝑎 and 𝐶𝑏 are
represented by 𝑋𝑎,𝐿 = {𝑥1𝑎, . . . , 𝑥𝑖𝑎, . . . 𝑥𝑚𝑎 }, 1 ≤ 𝑖 ≤ 𝑚, and𝑋𝑏,𝐿 = {𝑥1𝑏, . . . , 𝑥𝑗𝑏, . . . 𝑥𝑚𝑏 }, 1 ≤ 𝑗 ≤ 𝑚, where 𝑖 = 𝑗means the
same person 𝑜𝑖.Then let unlabelled training persons set𝑂𝑈 ={𝑜𝑚+1, 𝑜𝑚+2, . . . , 𝑜𝑚+𝑛}, 𝑋𝑎,𝑈 = {𝑥𝑚+1𝑎 , . . . , 𝑥𝑚+𝑖𝑎 , . . . 𝑥𝑚+𝑛𝑎 }, 1 ≤𝑖 ≤ 𝑛, and 𝑋𝑏,𝑈 = {𝑥𝑚+1𝑏 , . . . , 𝑥𝑚+𝑗𝑏 , . . . 𝑥𝑚+𝑛𝑏 }, 1 ≤ 𝑗 ≤ 𝑛;
however 𝑜𝑖 and 𝑜𝑗 may not be the same pedestrian here even
if 𝑖 = 𝑗.

A classical supervised metric learning algorithm [21]
trains a Mahalanobis-like distance function based on 𝑋𝑎,𝐿
and 𝑋𝑏,𝐿. Given a pair of training samples 𝑥𝑖𝑎 and 𝑥𝑗𝑏, their
distance can be defined as

𝑑M (𝑥𝑖𝑎, 𝑥𝑗𝑏) = (𝑥𝑖𝑎, 𝑥𝑗𝑏)𝑇M (𝑥𝑖𝑎, 𝑥𝑗𝑏) . (1)
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M is a positive semidefinite matrix for the validity of metric.
By performing matrix decomposition on M with M = L𝑇L,
(1) can be rewritten as

𝑑M (𝑥𝑖𝑎, 𝑥𝑗𝑏) = (𝑥𝑖𝑎, 𝑥𝑗𝑏)𝑇 L𝑇L (𝑥𝑖𝑎, 𝑥𝑗𝑏)
= L ⋅ 𝑥𝑖𝑎 − L ⋅ 𝑥𝑗𝑏2 . (2)

It is easy to see from the above derivation that the essence of
the metric is to seek an optimal projection matrix M (or L)
under the supervised information generally containing two
pairwise constraints, i.e., similar constraint and dissimilar
constraint. However, access to labelled data is usually difficult
or too expensive to obtain; comparatively unlabelled data is
massive and easily acquired.Therefore learning based onboth
labelled and unlabelled samples is not only meaningful issue
but also pressing for practical intelligent video surveillance.

3.2. Self-Adaptive Feature Decomposition. Given a set of
single-view training samples, it aims at producing pseudo
two-view representations that could be used for learning
metric model in each view. In a typical co-training task, there
is dataset𝑂 consisting of two feature views𝑉1 and 𝑉2, which
satisfy two conditions [34]: (1) two hypotheses ℎ1, ℎ2 ∈ Η
occur having low-error on 𝑉1, 𝑉2; (2) 𝑉1 and 𝑉2 need to be
conditionally independent.

To achieve the above demands, a binary learning method
based on binary-weight vectors 𝜔1, 𝜔2 is proposed to decom-
pose single-view features 𝑉 ∈ R𝑑 with dimension 𝑑 into two
totally different but both effective views𝑉1,𝑉2 automatically,
which could be treated as pseudo two-view features of
training samples.𝑉𝑖1 = 𝑉𝑖∗𝜔𝑖1,𝑉𝑖2 = 𝑉𝑖∗𝜔𝑖2.𝑉𝑖, 𝑉𝑖1, 𝑉𝑖2 indicate
the 𝑖th dimension of𝑉,𝑉1, 𝑉2, respectively, 1 ≤ 𝑖 ≤ 𝑑. Tomake𝑉1, 𝑉2 conditionally independent, a succinct way is that 𝑉𝑖
can only be used by one of 𝑉𝑖1, 𝑉𝑖2. In other words, 𝜔𝑖1, 𝜔𝑖2 can
be both indicated as 0/1 weights as

𝜔𝑖1 + 𝜔𝑖2 = 1.𝜔𝑖1 ∗ 𝜔𝑖2 = 0. (3)

As can be seen, the values of 𝜔𝑖1, 𝜔𝑖2 are still uncertain.
Therefore, 𝜔1, 𝜔2 are trained together on the labelled samples
set 𝑂𝐿, ensuring that feature representations generated from𝑉1, 𝑉2 both perform well. 𝑥𝑖𝑏, 𝑥𝑗𝑏 (𝑖 ̸= 𝑗) are, respectively,
positives and negatives of sample 𝑥𝑖𝑎 on 𝑂𝐿, and 𝜔1 can be
trained by the objective function as

argmin
𝜔1

ℓ (𝜔1)
= ∑1 + 𝑑 (𝜔1𝑇𝑥𝑖𝑎, 𝜔1𝑇𝑥𝑖𝑏) − 𝑑 (𝜔1𝑇𝑥𝑖𝑎, 𝜔1𝑇𝑥𝑗𝑏) . (4)

So 𝑥𝑖𝑎 is similar to 𝑥𝑖𝑏 andmeanwhile dissimilar to 𝑥𝑗𝑏 as much
as possible by applying 𝜔1. 𝑑(⋅) denotes the normalized dis-
tance of objects; here Euclidean distance is adopted. Similarly,ℓ(𝜔2) is constructed for𝜔2. And then, ℓ(𝜔1), ℓ(𝜔2) are trained

with the constraints of (3) jointly through minimizing the
maximum of the two as𝑓 (𝜔1, 𝜔2) = argmin

𝜔1 ,𝜔2

max (ℓ (𝜔1) , ℓ (𝜔2)) . (5)

3.3. Semisupervised Metric Update. After acquiring pseudo
two-view representations 𝑉1, 𝑉2 of person images, Maha-
lanobis-like metric model would be learned each from one
view for matching the unlabelled training samples. Consider
a pairwise difference Δ = 𝑥𝑖 − 𝑥𝑗, 𝑥𝑖, 𝑥𝑗 ∈ 𝑂, where 𝑂
is the person dataset and Δ is the intrapersonal difference
if 𝑦𝑖 = 𝑦𝑗, namely, 𝑦𝑖𝑗 = 1, while Δ is the interpersonal
difference if𝑦𝑖 ̸= 𝑦𝑗, namely,𝑦𝑖𝑗 = 0. Mahalanobis-likemetric
can be learned via zero-mean Gaussian structure [24] of the
difference space as

𝛿 (Δ) = log((1/√2𝜋∑−1𝑦𝑖𝑗=0) 𝑒−(1/2)Δ𝑇∑−1𝑦𝑖𝑗=0 Δ(1/√2𝜋∑−1𝑦𝑖𝑗=1) 𝑒−(1/2)Δ𝑇∑−1𝑦𝑖𝑗=1 Δ). (6)

The above decision function can be simplified as (7) by the
log-likelihood ratio test, and then distance between 𝑥𝑖 and 𝑥𝑗
can be written as (8):

𝛿 (Δ) = Δ𝑇( −1∑
𝑦𝑖𝑗=1

− −1∑
𝑦𝑖𝑗=0

)Δ. (7)

𝑑 (𝑥𝑖, 𝑥𝑗) = (𝑥𝑖 − 𝑥𝑗)𝑇( −1∑
𝑦𝑖𝑗=1

− −1∑
𝑦𝑖𝑗=0

)(𝑥𝑖 − 𝑥𝑗) . (8)

The original semidefinite matrixM in Mahalanobis-like met-
ric function is reflected by ∑−1𝑦𝑖𝑗=1 −∑−1𝑦𝑖𝑗=0. Since the ranking
lists of unlabelled training samples are calculated based on
(8), the core issue comes to how to use these ranking lists
for metric update, and three observations could be helpful
and important to answer the question. First, co-training style
is promoting the models in two views teaching each other;
thereby ranking list in one view should benefit model in
another. Second, top-n samples in the ranking lists probably
havemore similar visual appearance as the probe, whereas the
visual information of bottom-m samples is perhaps further
dissimilar as that of the probe; thus the top-n and bottom-
m samples could be treated as positive and negative pseudo-
labels for iterative metric update of each other's view. Third,
the aim of co-training is to reach an agreement between two
views just as increasing consensual pseudo-labels from both
views. In that case, top-k neighbours of consensual pseudo-
labels on unlabelled samples set 𝑂𝑈 may be also useful
for metric update, and they could be regarded as special
references. Therefore, we attempt to learn a generic model𝑓(M1) that updates metric learning model by discovering
both pseudo-labels and references.

Assume that a metric model M1 is learned in view 𝑉1
on labelled samples set 𝑂𝐿 and unlabelled training samples𝑋 = {𝑥1, . . . , 𝑥𝑖, . . . , 𝑥𝑁}, 1 ≤ 𝑖 ≤ 𝑁 on 𝑂𝑈. 𝑥+𝑖 , 𝑥−𝑖 are
used to define the positive and negative pseudo-labels of 𝑥𝑖
from metric model M2 in view 𝑉2, 𝑥+𝑖 = {𝑥+𝑖,1, 𝑥+𝑖,2, . . . , 𝑥+𝑖,𝑛},
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(a) VIPeR dataset (b) PRID2011 dataset

Figure 3: Some samples of two public datasets. Each column shows two images of the same person from two different cameras. (a) VIPeR
dataset. (b) PRID2011 dataset.

𝑥−𝑖 = {𝑥−𝑖,1, 𝑥−𝑖,2, . . . , 𝑥−𝑖,𝑚}. 𝑟+𝑖 , 𝑟−𝑖 , the positive and negative
references of 𝑥𝑖, are indicated as 𝑟+𝑖 = {𝑟+𝑖,1, 𝑟+𝑖,2, . . . , 𝑟+𝑖,𝑘}, 𝑟−𝑖 ={𝑟−𝑖,1, 𝑟−𝑖,2, . . . , 𝑟−𝑖,𝑘}. Firstly,𝑓1(M1) is defined to pull the pseudo-
positives 𝑥+𝑖 to 𝑥𝑖 as close as possible andmeanwhile push the
pseudo-negatives 𝑥−𝑖 away from 𝑥𝑖 as far as possible, as

argmin
M1

𝑓1 (M1) = 1 + 𝑑M1 (𝑥𝑖, 𝑥+𝑖 ) − 𝑑M1 (𝑥𝑖, 𝑥−𝑖 ) . (9)

And then, 𝑓2(M1) is to both pull the pseudo-positives 𝑥+𝑖 to
referential-positives 𝑟+𝑖 and pull the pseudo-negatives 𝑥−𝑖 to
referential-negatives 𝑟−𝑖 close enough as

argmin
M1

𝑓2 (M1) = 𝑑M1 (𝑥+𝑖 , 𝑟+𝑖 ) + 𝑑M1 (𝑥−𝑖 , 𝑟−𝑖 ) . (10)

Finally, metric update becomes an optimizing problem with
the following objective function:

argmin
M1

𝑓 (M1) = 𝑓1 (M1) + 𝑓2 (M1) . (11)

Gradient descent algorithm is adopted to optimize (11), and
learning procedure of metric model M2 is similar to that of
M1.The finalM1, orM2, or combination after iterative update
can be utilized for test dataset.

4. Experimental Results

In this section, the proposed method is validated by compar-
ing with state-of-the-art person re-identification approaches

on three publicly available datasets: the VIPeR dataset [35],
PRID2011 dataset [43], and PRID450s dataset [44]. The
widely used VIPeR dataset contains 632 person image pairs
obtained from two different cameras. Some example images
are shown in Figure 3(a). All images of individuals are
normalized to a size of 128×48 pixels. View changes are the
most significant cause of appearance change with most of the
matched image pairs containing a viewpoint change of 90
degrees. Other variations are also considered, such as illumi-
nation conditions and the image qualities. The PRID2011 is a
challenge dataset from two surveillance cameras; particularly
there is serious camera characteristics variation as shown in
Figure 3(b). In particular, 385 persons’ images are from one
camera and 749 persons’ images are from the other camera,
with 200 common images in both views. All images are
normalized to 128×48 pixels. The PRID450S is an extension
of PRID2011; it has significant and consistent lighting changes
and chromatic variation, and there are 450 single-shot image
pairs captured over two spatially disjoint camera views. All
images are normalized to 168 × 80 pixels.
4.1. Implementation Details. Both hand-crafted and deeply
learned features are adopted as the original single-view repre-
sentations in this paper. Hand-crafted feature employs salient
color name [42], and deeply learned feature is produced
by a typical Siamese convolutional neural network [45]. All
the quantitative results are exhibited in standard Cumulated
Matching Characteristics (CMC) curves [9], which are plots
of the recognition performance versus the rank score and
represent the expectation of finding the correct match inside
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Table 1: CMC values (%) at top ranks on VIPeR dataset. Best results are shown in bold text.

Method Rank@1 5 10

Semi/unsupervised

Ours 32.9 60.3 73
SDALF [10] 19.9 40 49.4
eSDC [13] 26.7 50.7 62.4
TSR [36] 27.7 55.3 68.3

SSCDL [37] 25.6 53.7 68.2
Null-semi [38] 31.7 59.4 72.8

Fully supervised

KISSME [24] 19.6 - 62.2
kLDFA [39] 32.3 65.8 79.7
DeepNN [15] 34.8 63.6 75.6
XQDA [40] 40 68.1 80.5
Null [38] 42.3 71.5 82.9

Table 2: CMC values (%) at top ranks on PRID2011. Best results are shown in bold text.

Method Rank@1 5 10
Ours 25 47.5 58
kCCA [41] 5.8 16 24.7
kLFDA [39] 12 27.1 37.8
XQDA [40] 12.6 29.4 40.2
Null-semi [38] 24.7 46.8 58.2

top 𝑘 matches. Following the evaluation protocol described
by state of the art [23], dataset is randomly divided into two
parts, a half for training and the other for testing. However,
different from fully supervisedmethods that training data are
all labelled, only one-third of labelled data are used in this
semisupervised person re-identification evaluation while the
remaining training data are unlabelled, similarly to [37]. All
images from camera view A are treated as probes and those
from camera view B as gallery set. For each probe image,
there is one person image matched in the gallery set. With
two different methods, we use the same configuration for
experiments at each trial to get the ranking lists. To achieve
stable statistics, we repeated the evaluation procedure for 10
times.

4.2. Experiments on VIPeR. We compare our co-metric
learning (CML) based person re-identification method with
ten most published unsupervised, semisupervised, and fully
supervised results on the VIPeR dataset. Unsupervised/sem-
isupervised approaches include SDALF [10], eSDC [13],
TSR [36], SSCDL [37], Null-semi [38], and fully supervised
baselines including KISSME [24], kLDFA [39], DeepNN [15],
Null Space [38], and XQDA [40]. Semisupervised person re-
identification usually assumes the availability of one-third of
the training set, while the whole training set of fully super-
vised approaches is labelled and adopted in learning proce-
dure. To show the quantized comparison results more clearly,
we summarize the performance comparison (see Table 1).
As can be seen, we make the following observations: (1)
our method achieves 32.9% at rank@1 matching rate, which
improves the previous best results over 1.1%, and matching
rates at rank@5 and rank@10 also possess the highest per-
formance compared with all unsupervised/semisupervised

results. (2) Compared with fully supervised baselines, our
result is also competitive, especially at rank@1; e.g., the per-
formances of KISSME and kLDFA are both lower than that
of our CML. (3) Although there is still long way compared
with best fully supervised result, our approaches only need
one-third labelled training data, which is more suitable for
label-insufficient practical environment.

4.3. Experiments on PRID2011. Compared with VIPeR da-
taset, the number of person images on PRID2011 is small,
where training sample size may be much smaller than feature
dimension; i.e., SSS problem can be worse. We compare the
state-of-the-art semisupervised baselines kCCA [41], kLFDA
[39], XQDA [40], and Null-semi [38] on PRID2011 with
access to the implementation codes using the same LOMO
features. It can be seen that (see Table 2) (1) except result at
rank@10, rank@1, and rank@5, matching rate of our method
is the best result compared with baselines, and there is only
0.2%margin belowNull-semi that takes the best performance
at rank@10. (2) Influenced by small sample size, our approach
and baselines all yield much poorer results on PRID2011
dataset compared with results on VIPeR dataset.

4.4. Experiments on PRID450s. Many published unsuper-
vised/semisupervised SDALF [10], eSDC [13], and TSR [36]
and fully supervisedKISSME [24] and SCNCD [42] are intro-
duced as baselines on PRID450s. The performance of our
method ismuch better than all unsupervised/semisupervised
comparisons (see Table 3). It achieves 61.8% at rank@5 and
73.8% at rank@10, which improves the previous best results
over 10%. Moreover, for verifying the label sensitivity of
our CML method, we test SCNCD with metric learning
and our method with 1/2, 1/3, 1/5 labelled training samples
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Table 3: CMC values (%) at top ranks on PRID450s. Best results are shown in bold text.

Method Rank@1 5 10

Semi/unsupervised

Ours 32.9 61.8 73.8
SDALF [10] 17.4 30.9 40.8
eSDC [13] 25.5 40.6 48.4
TSR [36] 29.0 49.4 58.4

Fully supervised KISSME [24] 26.5 47.8 57.6
SCNCD [42] 41.5 66.6 75.9

Table 4: CMC values (%) at different label-sizes on PRID450S.

Method Rank@1 5 10
Ours 1/2 38.2 67.1 76
Ours 1/3 32.9 61.8 73.8
Ours 1/5 25.3 45.8 57.8
SCNCD 1/2 34.7 64.2 74.7
SCNCD 1/3 27.6 53.3 65.3
SCNCD 1/5 0 1 2

(see Table 4). And our results exceed significantly that of
SCNCD at every labelled training size and decrease gently
along with lower training samples; however SCNCD declines
sharply especially with 1/5 training samples. That is because
the within-class scatter matrix of traditional metric learning
becomes singular, when the number of labels is smaller than
the dimension of feature representation. Relatively speaking,
our method combines labelled and unlabelled data for learn-
ing procedure, which is more robust and less sensitive about
label size.

5. Conclusions

This paper proposes a novel semisupervised co-metric learn-
ing framework for label-insufficient person re-identification.
To bridge the small sample size problem and learning
model with small labels, motivated by co-training that is
commonly used for insufficient/imperfect-label learning, we
adopt binary-weight learning to decompose single-view per-
son features into pseudo two views, which could be used
to learn two metric models as a co-training style, and then
metrics are jointly updated by discovering both pseudo-
labels and references. Experiments on three representative
person re-identification datasets show that proposed method
performs better than state of the art with small labelled
sample size and possesses low label sensitivity.
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In the video monitoring of piglets in pig farms, study of the precise segmentation of foreground objects is the work of advanced
research on target tracking and behavior recognition. In view of the noninteractive and real-time requirements of such a video
monitoring system, this paper proposes amethod of image segmentation based on an improved noninteractive GrabCut algorithm.
The functions of preserving edges and noise reduction are realized through bilateral filtering. An adaptive threshold segmentation
method is used to calculate the local threshold and to complete the extraction of the foreground target. The image is simplified by
morphological processing; the background interference pixels, such as details in the grille and wall, are filtered, and the foreground
target marker matrix is established.The GrabCut algorithm is used to split the pixels of multiple foreground objects. By comparing
the segmentation results of various algorithms, the results show that the segmentation algorithm proposed in this paper is efficient
and accurate, and the mean range of structural similarity is [0.88, 1]. The average processing time is 1606ms, and this method
satisfies the real-time requirement of an agricultural video monitoring system. Feature vectors such as edges and central moments
are calculated and the database is well established for feature extraction and behavior identification. This method provides reliable
foreground segmentation data for the intelligent early warning of a video monitoring system.

1. Introduction

Pig farming is an important industry in China’s agricultural
economy [1]. Modern pig farming implements intelligent and
digital management of the breeding industry by establishing
large-scale modernized pig farms. Reducing the working
intensity of the breeder and reducing the number of breeders
are themost important factors to increase production, reduce
the enterprise cost, and increase farmers’ profits.

Artificial intelligence based on machine learning has
important theoretical value and significant application poten-
tial in pig behavior recognition. Research on the precise
segmentation of pig foreground targets is the basic work
of advanced research such as artificial intelligence on target
tracking and behavior recognition. This identifies piglets’
movements, resting, or feeding activities and promptly deter-
mines whether piglets have been squeezed for long periods of
time, thus issuing an early warning to alert keepers in time to
rescue the piglets and improve their survival rate.

In complex environments, effective foreground detection
is still the hotspot and challenge of the research. The main-
stream background modeling detection methods, such as
background difference, frame difference, optical flow, mixed
Gaussian model, or background subtraction algorithm [2–
7], cannot effectively detect a stationary foreground target.
Each method has its limitations, and there is no common
way to accurately handle all complex scenarios, especially
if these include illumination changes, heavy shadows, or a
foreground target that does not move for a long time.

The segmentation tracking algorithm that was proposed
by and Schofield in 1995 is based primarily on initial seg-
mentation and background estimation [2]; image difference
is used to detect the intermediate background fusionmethod.
This method requires the foreground target to move all
the time; otherwise it is easy to lose the target. Perner in
2001 [3] detects pig position in grayscale videos by using
background subtraction and threshold segmentation. This
method is used by Lind for tracking pig behavior under the
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effects of different drugs [4]. Viazzi proposes that there must
be a knock, bite, or squeeze in the contact behavior lasting
for more than 5 seconds and uses background subtraction
to identify the attack behavior [5]. Gang provides a target
detection method based on a mixed Gaussian model and
two-dimensional wavelet transform [6]. This method is still
based on background modeling; therefore detection of less
mobile foreground targets is still invalid. Peter developed a
very convenient pig behavior video monitoring system based
on a mobile phone [7]. The tracking algorithm is divided
into 2 steps: first, a map is established from a library of
image segmentation data on pigs; second, a 5-dimensional
Gaussian model is used to identify a pig’s position and shape.
The system can track 3 pigs simultaneously for up to 8
minutes without losing the target. However, the system also
has a large number of identification problems in a com-
plex piggery environment under the influence of dust and
dirt.

The key to successful background modeling is to update
the background model at all times. The main methods to
do this include statistical average, median filter, Gaussian
modeling, and mixed Gaussian background modeling. The
existing background modeling method is inadequate for
situations where there are illumination changes and less
mobile foreground targets. When the light suddenly changes,
most of the pixels will be detected as part of the foreground,
which will affect the detection effect. Aiming to address
the problem of light change, less mobile targets, and fast
background changes, the foreground target detectionmethod
is more effective [8–13].

Bin Shao et al. developed a real-time image-processing
system in 2008 to detect the movement and monitor the
comfort of pigs [8]. In this paper, the global threshold
method is adopted, while image noise is removed by the
morphological method. The minimum European distance is
used to distinguish the thermal comfort of pigs.

Navarro developed a system in 2009 to detect piglets in
narrow circles [9]. The nine piglets were marked with color,
and the system automatically tracked the piglets’ position, so
as to analyze their current status: whether they were squeezed
into a group, were active, were suckling, etc. The biggest
problem of the system is that expert experience is required
to analyze and mark the target in the image in advance.

In 2013, Kashiha proposed a water consumption tracking
analysis method based on image-processing algorithms [10]
and in 2014 proposed an image detection method based on
morphology and ellipse matching [11]. In 2014, Chang et al.
proposed a detection method based on the foreground target
[12]. The emphasis of the detection method is transferred
to the algorithm research of the foreground target. Guo
in 2015 proposed a precise segmentation method based on
the multithreshold segmentation method [13]. The initial
segmentation is divided by the maximum entropy global
threshold, the distance curve from the center to the edge is
calculated, and the circular radius is obtained. The accuracy
of the threshold segmentation is improved based on the
quadratic segmentation in each circular region. This method
can segment the foreground target more accurately than
other global segmentation algorithms.

Vincent et al. proposed the watershed method [14]. This
method is fast but cannot control the number, size, and
compactness of the superpixels. Boykov et al. proposed the
Graph Cut algorithm [15]. In this paper, the optimal path is
found by the maximum flow/minimum cut algorithm, and
the optimal segmentation of the interactive target image is
completed. Rother et al. proposed aGrabCut algorithm based
on the Graph Cut [16]. A good segmentation result can be
obtained by using a small amount of user interaction. In 2017,
Sun et al. proposed a method of pig image segmentation
based on an improvedGraphCut algorithm [17].Thismethod
is based on the interaction of regional block watershed com-
bined with the improved Graph Cut segmentation algorithm
for image foreground and background, although interactive
segmentation is unable to meet the requirements of a real-
time video surveillance system.

This paper will focus on the image segmentation of
multitarget piglets. Piglets are characterized by a wide range
of activities, which are fast-moving and involve stacking and
extrusion, which is difficult for image segmentation. It is
automatically judged when piglets have been pressed for a
long time, thus issuing a timely warning to feeding staff to
rescue the piglet and improve the overall survival rate of
piglets.

2. Methods

The proposed segmentation method adopts the combi-
national algorithm, including histogram equalization to
enhance image contrast, bilateral filtering to preserve edge
and reduce noise, and adaptive threshold segmentation
method to automatically calculate the local threshold to
complete foreground target extraction. This method uses
the morphological processing method to simplify the image
pixels and filter out the grille, cracks, and other background
interference and establish the pixels’ tag array, which may
belong to the foreground and background as an input matrix
of the GrabCut algorithm. Using a GrabCut algorithm to
segment foreground target pixels of pigs can effectively
improve the accuracy of recognition. By calculating edge,
central moment, and other feature vectors of an elliptic fitting
contour, which are used for feature extraction and behavior
identification, the video monitoring system algorithm frame
diagram is shown in Figure 1.

2.1. Bilateral Filtering. Bilateral filtering is a nonlinear filter
that can achieve the effect ofmaintaining edge and smoothing
[18–21].Theweight of the bilateral filtering not only considers
the Euclidean distance of the pixel, but also considers the
similarity between the center pixel and the neighborhood
pixel. Bilateral filtering is also a weighted average method,
representing the intensity of a pixel with a weighted average
of ambient pixel brightness. Space weight usually uses the
weighting calculation method of Gaussian filter by calculat-
ing the distance between two pixels [22]; the formula is as
follows:

g (i, j) = ∑𝑘,𝑙 𝑓 (𝑘, 𝑙) 𝜔 (𝑖, 𝑗, 𝑘, 𝑙)∑𝑘,𝑙 𝜔 (𝑖, 𝑗, 𝑘, 𝑙) (1)
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Figure 1: Algorithm frame diagram of the videomonitoring system.

The weighting coefficient 𝜔(𝑖, 𝑗, 𝑘, 𝑙) depends on the kernel
product of the domain and range.

The domain kernel is expressed as follows:

d (i, j, k, l) = exp(−(𝑖 − 𝑘)2 + (𝑗 − 𝑙)22𝜎𝑑2 ) (2)

The range kernel is expressed as follows:

r (i, j, k, l) = exp(−𝑓 (𝑖, 𝑗) − 𝑓 (𝑘, 𝑙)22𝜎𝑑2 ) (3)

When the two kernels are multiplied, the bilateral filtering
weight functions are generated as follows:

𝜔 (i, j, k, l)
= exp(− − (𝑖 − 𝑘)2 + (𝑗 − 𝑙)22𝜎𝑑2 − 𝑓 (𝑖, 𝑗) − 𝑓 (𝑘, 𝑙)22𝜎𝑑2 ) (4)

2.2. Adaptive Threshold Segmentation. In the case of uneven
illumination or distribution of gray values, if global threshold
segmentation is used, the segmentation effect is often not
satisfactory. The strong illumination regions are separated
only by global threshold, while areas that are shaded or
weakly illuminated are not segmented. In image filter pro-
cessing, average filtering, Gaussian filtering, and median
filtering use different rules to calculate the current pixel as the
center of the neighborhood grayscale average. This principle
can be applied to the threshold segmentation algorithm
(an improved adaptive threshold segmentation method [23])
by setting the parameter to calculate adaptive and variable
thresholds. The adaptive threshold of each pixel point is
different and is obtained by calculating a weighted average of
the pixel area.

In adaptive threshold processing, the size of the filter
operator is determined by the size of the segmented object. If
the size of the filter is too small, the calculated local threshold
will not be ideal. The width of the filter operator must be

greater than the width of the object being recognized. The
larger the size of the filter operator is, the better the result
will be as a reference for the threshold value of each pixel.
This paper uses the mean filter operator as the parameter
of the adaptive threshold segmentation algorithm. First, the
image is filtered; the result is denoted as F; then the adaptive
threshold reference matrix is obtained. T = (1 − ratio) ∗ F.
The segmentation results are obtained by using the adaptive
threshold reference matrix.

2.3. Noninteractive GrabCut Algorithm. TheGraph Cut algo-
rithm is one of the classical algorithms of combinatorial
graph theory. In recent years, many scholars have applied
this algorithm to images and video segmentation, which
has achieved good results. The Graph Cut algorithm is a
kind of image segmentation technique based on a graph
cutting algorithm. It requires human interactionmarkers and
foreground and background pixels as input. The algorithm
is set up by empowering the graph based on the various
degrees of similar background and foreground pixels and by
solving the minimum cutting to distinguish the foreground
andbackground.TheGrabCut algorithm is an image segmen-
tationmethod based on the Graph Cut algorithm.The energy
function is defined as follows:

E (𝛼, k, 𝜃, z) = U (𝛼, k, 𝜃, z) + V (𝛼, z) (5)

U (𝛼, k, 𝜃, z) = ∑
𝑛

𝐷(𝛼𝑛, 𝑘𝑛, 𝜃, 𝑧𝑛) (6)

V (𝛼, z) = 𝛾 ∑
(𝑚,𝑛)𝜖𝐶

[𝛼𝑛 ̸= 𝛼𝑚] exp−𝛽 𝑧𝑚−𝑧𝑛2 (7)

𝐷(𝛼𝑛, 𝑘𝑛, 𝜃, 𝑧𝑛) = − log𝑝 (𝑧𝑛 | 𝛼𝑛, 𝑘𝑛, 𝜃)
− log𝜋 (𝛼𝑛, 𝑘𝑛) (8)

The U function represents the area data item of the energy
function. The foreground and background mixture Gaussian
models are used to indicate the probability that a pixel is
a foreground or background pixel. V function represents
the boundary of the energy function and the discontinuous
penalty of neighborhood pixels between m and n. If the
difference between two neighborhood pixels is very small,
the possibility that they belong to the same foreground and
background is very big. Conversely, the two pixels are likely
to be edge and separated to foreground and background.The
mixedGaussianmodel is used to calculate the probability that
each pixel belongs to the background or the foreground, and
the image segmentation result is obtained by optimizing the
energy function.

The traditional interactive GrabCut algorithm requires
the user to provide an image with a marker rectangle
containing the foreground target to extract the foreground in
the image. In order to satisfy noninteractive videomonitoring
requirements, this paper takes the image of adaptive thresh-
old segmentation results and obtains the array of tags that
may be the foreground target and the background. Through
multiple eroded treatments, the pixels in the image belong
only to the foreground target, and pixel value of 255 is used to
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mark the foreground target pixels. Elements that may belong
to the background through multiple expansion are obtained.
A combination of foreground target and the background of
two markers in the image is used as the input image for the
GrabCut algorithm. At the same time, the foreground target
minimum envelope rectangles are used as input rectangles
for the GrabCut algorithm. Because there are also some
background pixels in the tag rectangle, the marking matrix
is not completely correct. The Gaussian mixture model does
not require that all training data are correct. The GrabCut
algorithm uses the properties of the Gaussianmixturemodel,
so that even if part of the classification is not correct, the final
result is correct by iterative steps.

3. Experiments

The experimental data collection site is the pig farm of Inner
Mongolia Agricultural University Experimental Base at the
Inner Mongolia Agriculture and Animal Husbandry Science
and Technology Park. It is located at 668 km of National
Road 110, Tumd Right Banner, Baotou City, Inner Mongolia
Autonomous Region. It is at 110.5∘ east longitude and 40.5∘
north latitude. The pig farm is a closed structure, with a
building area of 290.83m2, 29.7m east, north–south width
9m. The ceiling is 2.4m high, and the walls are insulated.
Each circle of the experiment base is 3m wide and 4m long.
The base is equipped with an automatic feeding system and
a drinking water pipe. The ground uses a mesh grille. We set
up the camera in the pig house, taking into account the angle
of collection. Camera installation should avoid occlusion and
missing pictures caused by different angles. The shooting
distance should be kept at 1.5m.The length of time is daylight
hours (7 to 9 a.m.). The fixed position of the camera can
effectively avoid shaking, so as to improve the stability of the
video sample collection.

Video image is with 1440 ∗ 1440 resolution, computer
configuration for Intel (R) Core (TM) i7-4790 @ 3.6GHz
CPU, 16GB of memory, graphics NV9500GT, 512MB of
memory, Windows operating system 10, in VS2012 pro-
gramming environment with Open CV function library
development of video monitoring system.

4. Results and Discussion

The experiment collected 160 hours of video images and
randomly selected 200 typical images for a noninteractive
algorithm test. Figure 2(a) is one of the original images.
Figure 2(b) shows the result of histogram equalization.
After histogram equalization, the contrast of the piglets is
enhanced, but the image is susceptible to noise, shadow, and
light changes. The histogram equalization mainly solves the
problem of the low contrast of the piglets’ images, enlarging
the grayscale level of the output image to the specified degree
so that the detail of the image becomes clearer. The effect of
noise on the image after equalization is considerable: noise
in the dark area may be amplified and become visible, while
the bright area may lose information. Compared with the
traditional mean filtering and Gaussian filtering methods,
bilateral filtering preserves the edge of the target image based

on the filtered noise, which is the most important feature
of bilateral filtering (Figure 2(c)). After filtering out the
background of a brick wall and part of the grid, the edge of
the foreground subject has been well preserved. The task of
removing the grid is completed by image segmentation.

Figure 2(d) shows the result obtained by using the adap-
tive threshold segmentation method. The foreground object
can be separated without human interaction. The filtering
operator of the adaptive threshold segmentation algorithm
is not ideal. As the size increases, the foreground object
becomes more and more complete. The adaptive threshold
segmentation can overcome the unevenness and shadow of
the light, so that the target area can be segmented completely.
The adaptive threshold segmentation may not completely
remove the background, and other objects, such as iron pipes
and grilles, which are similar to the gray value of the piglets,
need to be processed by image morphological methods.
After being eroded 2 times by morphological treatment
(Figure 2(e)), the noise and backgroundwere removed.There
is also part of a white screen in the upper right corner of
the picture, which is very close to the piglet and can be
temporarily retained.

Figure 2(f) is eroded 5 times; this shows the foreground
of the target in the image pixels marked, with the result of
the expansion after 5 times (Figure 2(g)) and the composite
tag matrix (Figure 2(h)) as the input of the GrabCut algo-
rithm images. Figure 2(i) shows the noninteractive GrabCut
segmentation image as a result. It can be seen that the
method can adaptively use the accurate segmentation of
the pig target and effectively realize interactive real-time
segmentation where the target and the background have a
detailed division.

4.1. Comparison of Segmentation Effects. The traditional
interactive GrabCut method, interactive watershed algo-
rithm, OTSU threshold segmentation method, adaptive
threshold segmentation algorithm, and the piglet image
segmentation method based on the improved noninteractive
GrabCut algorithm were compared and analyzed.

By analyzing the segmentation effect (Figure 3), the
traditional GrabCut algorithm is more sensitive to local
noise, it is time-consuming and unsatisfactory for extracting
edges, and there is difficulty in performing multiobjective
segmentation tasks, resulting in large error segmentation
and poor segmentation results. The interactive watershed
algorithm can distinguish the target area after marking the
foreground object multiple times, but there is a large number
of oversegmentation phenomena and the segmentation error
is large.The interactive segmentationmethod fails tomeet the
noninteractive requirements of the video surveillance system.
Although the adaptive OTSU global threshold segmentation
algorithm is simple to calculate [24], it does not produce
good results for nonuniform illumination pictures. Adaptive
threshold can overcome the effects of sudden light changes
and environmental changes. However, it cannot completely
separate the foreground target from the grid and does not
achieve the expected results. The proposed method adopts
prior methods such as histogram equalization, bilateral fil-
tering, adaptive threshold segmentation, and morphological
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(a) The original image (b) Histogram equalization (c) Bilateral filtering

(d) Adaptive threshold
segmentation

(e) Eroded 2 times (f) Eroded 5 times

(g) Dilated 5 times (h) Marker matrix (i) GrabCut segmentation
results

Figure 2: The segmentation of images of piglets by a noninteractive GrabCut algorithm.

processing to simplify the image and to extract the fore-
ground target pixels. This greatly reduces the computational
complexity of the GrabCut algorithm and not only realizes
the automatic effective segmentation of multiple foreground
targets, but alsomeets the real-time requirements of the video
surveillance system.

All piglets’ contours are detected on the segmentation of
the pig image with the noninteractive GrabCut algorithm,
and the small area of each contour is filtered out. In Figure 4,
in the top view, the ellipse is more suitable to fit the
pigs’ shape, and the center moment of the contour can be
calculated. The piglets can be tracked dynamically according
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(a) The original image (b) Adaptive threshold (c) OTSU global threshold

(d) Interactive GrabCut (e) Interactive watershed algo-
rithm

(f) Noninteractive segmentation
method

Figure 3: Segmentation effect of each segmentation method.

to the barycentric coordinates. By calculating the Euclidean
distance between the central moments, the range of piglet
movement can be dynamically observed and the minimum
value of the Euclidean distance under normal conditions
can be calculated. When the situation is dangerous, the
minimum Euclidean distance is seriously below average. The
system could send alerts to farmers in dangerous situations to
prevent the piglets from being squeezed for a long time, thus
increasing the survival rate of the piglets.

The results obtained by the segmentation method of the
foreground object proposed in this paper can also be further
studied in many aspects, for example, counting the time of
contact between the ellipse and the trough and estimating
the time of eating or drinking by the piglet. Calculating
the linear relationship between the test area and the weight
of the pig according to the size of the contour, so as to
further estimate the weight of the piglet, according to the
displacement changes of ellipse and the centroid, the pig’s
status is observed for a long time. It is clear that the research
on the precise segmentation of the foreground target is the

basic work of artificial intelligence advanced research such as
target tracking and behavior identification.

4.2. Comparison and Analysis of SSIM Indicators. Wang et
al. proposed an image quality assessment method based on
structural distortion, called the structural similarity (SSIM)
method [25]. Structure similarity is an index to measure
the similarity of two images, which reflects the similarity
between the segmented image and the standard reference
image.The structural similarity ranges from 0 to 1. When the
two images are exactly the same, the SSIM value is equal to
1.The larger the similarity value, the higher the segmentation
accuracy and the better the segmentation effect. The index
can measure the distortion of the image structure and has
certain versatility. The formula is

SSIM (S,T) = 2𝜇𝑆𝜇𝑇 + 𝐶1𝜇𝑆2 + 𝜇𝑇2 + 𝐶1 ∗ 2𝜎𝑆𝑇 + 𝐶2𝜎2
𝑆
+ 𝜎2
𝑇
+ 𝐶2 (9)

𝜇𝑆 = 1𝑍
𝑍∑
𝑖=1

𝑆𝑖 (10)
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(a) Contour (b) Ellipse fitting (c) Central moment and distance

Figure 4: Results of the piglet ellipse fitting contour.

𝜇𝑇 = 1𝑍
𝑍∑
𝑖=1

𝑇𝑖 (11)

𝜎𝑠 = √ 1𝑍 − 1
𝑧∑
𝑖=1

(𝑆𝑖 − 𝜇𝑠)2 (12)

𝜎𝑇 = √ 1𝑍 − 1
𝑧∑
𝑖=1

(𝑇 − 𝜇𝑇)2 (13)

𝜎𝑆𝑇 = 1𝑍 − 1
𝑍∑
i=1
(𝑆𝑖 − 𝜇𝑠) (𝑇 − 𝜇𝑇) (14)

In the formula, 𝜇𝑠 and 𝜇𝑇 denote gray mean values of the
segmentation effect image S and the standard reference image
T, respectively, which are the brightness metrics of the image
structure information; 𝜎𝑠 and 𝜎𝑇 represent the standard
deviation of S and T, which is a measure of the contrast of
the image structure information; 𝜎𝑆𝑇 is covariance between S
and T, which is ameasure of the image structure information;
Z is the total number of pixels.

In order to compare and analyze SSIM indexes of different
segmentation methods, standard segmentation needs to be
obtained as evaluation criteria for segmentation effects. In
the experimentally acquired images, 200 acquired images are
selected, manually segmented images are used as reference
images, and manual interactive segmentation is performed.
The method can overcome interference items such as illumi-
nation, noise, and sundries, and the edge information can be
preserved more completely.

Figure 5 shows the structural similarities obtained by
using different segmentation algorithms for 200 images to
analyze the SSIM similarity evaluation between different
segmentation methods and reference images. As can be seen
from Figure 5, the average range of structural similarity of the
segmentationmethod in this paper is [0.88, 1].The algorithm
proposed in this paper can provide reliable foreground
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Figure 5: The structural similarity of different segmentation algo-
rithms.

segmentation data for intelligent behavior identification for
video surveillance systems.

4.3. Comparison of Segmentation Efficiency. To compare and
analyze the segmentation efficiency of different segmenta-
tion algorithms, we collected 200 images of pigs randomly
selected and divided into two groups, which included 10
test images. The average execution time of five different
segmentation algorithms of each group is shown in Table 1.

The results of Table 1 show that the proposed algorithm
is stable and effective, and the average program running
time of different segmentation algorithms is calculated as fol-
lows: GrabCut algorithm 2062ms and the proposed method
1606ms. The proposed method uses histogram equalization,
bilateral filtering, adaptive threshold segmentation, and the
morphological processing method to simplify the image
pixels and to extract the foreground target, sharply reducing
the amount of calculation time of theGrabCut algorithm.The
average time taken by the GrabCut algorithm is 22.1% lower
than for conventional methods, so the efficiency is greatly
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Table 1: Segmentation efficiency of different segmentation algorithms.

Num. Algorithm Time (unit: ms)
Group 1 Group 2 Average

1 The proposed methods 1498 1714 1606
2 Threshold segmentation 768 588 678
3 GrabCut 2361 1763 2062
4 Watershed 1839 1977 1908
5 OTSU global threshold 403 491 447

improved. In this paper, the segmentationmethod, combined
with the advantages of the algorithm, not only realizes
the effective segmentation of the automatic multiforeground
target, but also satisfies the real-time requirements of the
video monitoring system.

5. Conclusions

In this paper, we propose an image segmentation method
based on an improved noninteractive GrabCut algorithm.
Through histogram equalization and bilateral filtering (which
can preserve edge and reduce noise), the adaptive threshold
segmentation method is used to automatically calculate
local thresholds and complete foreground target extraction,
using the morphological processing method to filter out the
grille, cracks, and other background interference pixels. The
foreground targetmarkermatrix is built, combiningGrabCut
algorithms to segment multiple pig targets. The average
elapsed time is 1606ms, which effectively improves the
segmentation accuracy, and the foreground target structure
similarity (SSIM) is in the average range of [0.88, 1].

The segmentation method proposed in this paper not
only realizes the effective segmentation of noninteractive
multiforeground targets, but also satisfies the real-time
requirement of a video monitoring system. The research on
the precise segmentation of the foreground objects is the
basic work of the advanced research on target tracking and
behavior recognition, which can be combined with artificial
intelligence and machine learning techniques to further
deepen the real-time analysis of pig behavior research and
environmental monitoring.
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