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Video surveillance plays an increasingly important role in public security and is a technical foundation for constructing safe and
smart cities. The traditional video surveillance systems can only provide real-time monitoring or manually analyze cases by
reviewing the surveillance video. So, it is diﬃcult to use the data sampled from the surveillance video eﬀectively. In this paper, we
proposed an eﬃcient video detection object super-resolution with a deep fusion network for public security. Firstly, we designed a
super-resolution framework for video detection objects. By fusing object detection algorithms, video keyframe selection algorithms, and super-resolution reconstruction algorithms, we proposed a deep learning-based intelligent video detection object
super-resolution (SR) method. Secondly, we designed a regression-based object detection algorithm and a key video frame
selection algorithm. The object detection algorithm is used to assist police and security personnel to track suspicious objects in real
time. The keyframe selection algorithm can select key information from a large amount of redundant information, which helps to
improve the eﬃciency of video content analysis and reduce labor costs. Finally, we designed an asymmetric depth recursive backprojection network for super-resolution reconstruction. By combining the advantages of the pixel-based super-resolution algorithm and the feature space-based super-resolution algorithm, we improved the resolution and the visual perception clarity of
the key objects. Extensive experimental evaluations show the eﬃciency and eﬀectiveness of our method.

1. Introduction
Video surveillance systems are widely distributed in urban
streets and roads, commercial places, residential areas, bank
outlets, stations, terminals, airports, and other public places,
playing an increasingly important role in public security.
Through the video surveillance system, suspicious signs and
objects can be found in time and monitored closely, to avoid
the occurrence of criminal harm eﬀectively. The police can
obtain information about criminals by surveillance videos
and inquire about the locations of suspected vehicles and
personnel. In the interrogation stage of case investigation,
the surveillance video can be used as objective litigation
evidence. Video surveillance has become the fourth major
ﬁeld of investigation technology after criminal science and
technology, action technology, and network investigation
technology. It plays an irreplaceable role in the construction
of a safe and smart city. In 2015, the Ministry of Public

Security, the Ministry of Science and Technology, and other
nine ministries and commissions put forward “several
opinions on strengthening the networking application of
public security video monitoring construction”. And, they
pointed out that constructing the network application of
public security video surveillance helps to maintain national
security and social stability and to prevent and crack down
on violent terrorist crimes under the new situation. It is of
great signiﬁcance to improve the urban and rural management and innovate the social governance system.
The traditional video surveillance system can only
provide real-time monitoring or manually analyze cases by
reviewing the surveillance video. It leads to a low usage rate
of surveillance video data. With artiﬁcial intelligence and
machine learning technologies, video surveillance systems
can intelligently analyze video content, detect abnormal
behaviors, and discover potentially harmful behaviors [1].
Besides, these technologies can assist police and security
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personnel in investigating cases, thereby providing more
accurate and safer surveillance. Alibaba Cloud’s intelligent
video surveillance platform can identify ﬁreworks and inspectors wearing helmets, detect intruders in the area, and
escort safe production. Baidu’s video surveillance development platform EasyMonitor has a wealth of AI business
skills, including electronic fences, smoke detection, safety
cap detection, and departure detection [2]. Large Internet
companies have released many intelligent video surveillance
products. However, on the one hand, limited by the cost of
the software product purchase, operation, and maintenance,
the surveillance video ﬁeld lacks simple and eﬀective auxiliary tools. On the other hand, limited by hardware cost,
hardware technology, and shooting environment, the current surveillance video suﬀers from low-resolution and
unclear visual perception. In summary, there are two
problems in the ﬁeld of public security based on surveillance
video: (1) in most cases, surveillance video viewers need to
manually identify the object and manually select video
keyframes for analysis, making it easy to lose the object in
addition to being ineﬃcient. (2) It is diﬃcult to use the lowresolution video frames since it is easy to lose high-frequency
information when zooming in to view the object, resulting in
blurring and hardness of recognition.
To solve the above problems, we proposed a superresolution method for video detection objects. We use object
detection algorithms to assist surveillance video viewers to
track objects in real time and use super-resolution algorithms to reconstruct high-resolution video frames with
clear visual perception. The traditional object detection algorithm OpenCV cascade classiﬁer uses a sliding window to
select the region, then uses HOG + SVM and other methods
for feature extraction, and ﬁnally uses the classiﬁer to classify
the detection area [3, 4]. Object detection algorithms based
on deep learning can be divided into two types: object
detection and recognition algorithms based on region recommendations and object detection; recognition algorithms
based on regression. R-CNN, object detection and recognition algorithm based on region recommendations, ﬁrst
generates object candidate frames based on region recommendations, then ﬁlters the generated object candidate
frames, and ﬁnally reﬁnes the size and position of the
candidate frames [5]. The regression-based object detection
and recognition algorithm YOLO regards object detection as
a regression problem. The training phase aims to train a set
of weights and directly call the trained weights for object
positioning during testing [6]. Traditional super-resolution
methods are mainly based on interpolation (such as zeroorder interpolation, bilinear interpolation, and bicubic interpolation) and examples. The instance-based sparse representation method establishes the mapping relationship
between low-resolution and super-resolution images by
learning the sparse associations between image blocks to
achieve super-resolution reconstruction of images [7]. Super-resolution algorithms based on deep learning can be
divided into pixel-space-based methods and feature-spacebased methods. A super-resolution method based on pixel
space SRCNN ﬁrst uses a 9 ∗ 9 convolutional layer to extract
the initial features of the image, then uses a 1 ∗ 1
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convolutional layer to learn the nonlinear mapping from low
resolution (LR) to high resolution (HR), and ﬁnally uses a
5 ∗ 5 convolutional layers reconstruct super-resolution
images [8]. SRGAN, a super-resolution method based on
feature space, learns the nonlinear mapping from LR to HR
through a generator, and then the discriminator constrains
the generated super-resolution image in terms of semantics
and style [9]. These object detection algorithms and superresolution algorithms have achieved better and better results
in their respective ﬁelds, but they lack integration, uniﬁcation, and optimization for speciﬁc application scenarios
and are not suitable for direct use in the ﬁeld of public
security based on video surveillance [10].
In this paper, we proposed a super-resolution method
based on a deep fusion network for surveillance video object
detection. Firstly, we designed a comprehensive surveillance
video analysis framework that integrates object detection
algorithms, keyframe selection algorithms, and super-resolution algorithms. It solves the problem of large workload,
easy object loss, and low resolution in public security video
data analysis. Secondly, we used regression-based object
detection and recognition algorithms to identify video objects in real time, which is convenient for surveillance video
viewers to track objects. Besides, we employed the keyframe
selection algorithm to select the frames with signiﬁcant
changes in the scene of the surveillance video to reduce the
workload of video analysis. Finally, a super-resolution algorithm combining pixel space and feature space is used to
reconstruct the object in the keyframe. It is beneﬁcial to
improve the resolution of key objects and the visual perception quality of objects detected by surveillance video and
surveillance video viewer’s investigation and handling cases.
The main contributions of this paper are summarized as
follows: (1) We designed a novel comprehensive analysis
framework for surveillance video. It improves the eﬃciency
and accuracy of video analysis by combining object detection, keyframe selection, and super-resolution algorithms.
(2) We proposed a keyframe selection algorithm and use
regression-based object detection and recognition algorithm
to recognize video objects in real time. (3) We proposed a
super-resolution approach that deeply integrates the advantages of pixel space and feature space to improve the
resolution of surveillance video detection objects.
The rest of this paper is organized as follows: Section 2
explains the related works, Section 3 describes the work
process of our approach, Section 4 explains our approach in
detail, and Section 5 provides experimental results. Section 6
concludes our work.

2. Related Work
2.1. Object Detection Algorithms. Object detection is the
basic task of computer vision and can be widely used in
object tracking, crowd counting, face recognition, and other
ﬁelds. It is an important algorithm in public safety. Object
detection algorithms based on candidate regions, also
known as two-stage object detection algorithms, mainly
include region-based convolution neural networks (RCNN), Fast R-CNN, Faster R-CNN, and other models
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[11–13]. Regression-based object detection algorithms, also
known as one-stage object detection algorithms, mainly
include YOLO series algorithms and SSDs [14, 15]. The twostage object detection algorithm consists of two steps. We
ﬁrst generate object candidate frames based on regional
suggestions, then ﬁlter the candidate frames, and classify the
objects. Faster R-CNN ﬁrst uses the Region Proposal Network (RPN) to generate a candidate frame and then uses
softmax to determine whether the candidate frame is in the
foreground or the background. And, it employs bounding
box regression to correct the candidate frame to obtain a
more accurate candidate frame, called proposals. Then RPN
uses the region of interest (ROI) layer pool proposals of
diﬀerent sizes into the same size and uses a fully connected
layer for object classiﬁcation and position adjustment regression [5]. The two-stage object detection algorithm has
high recognition accuracy, but the generation and selection
of candidate frames will consume a lot of computing power
and time, and it is diﬃcult to reach the detection speed of
24FPS, which is not suitable for real-time object detection.
YOLO v5 directly returns the position and category of the
bounding box in the output layer. It ﬁrst uses Mosaic data
enhancement to solve the problem of many small objects in
the data set and uneven distribution on the input side. Then,
it introduces the focus and cross stage partial (CSP) structure
into backbone to improve the feature extraction capabilities.
Besides, in neck, it uses feature pyramid network (FPN) and
pyramid attention network (PAN) structures to fuse semantic features and positioning features of feature maps at
diﬀerent scales and aggregates parameters for diﬀerent
detection layers. Finally, on the prediction side, it uses
generalized intersection over union (GIoU) loss to handle
the noncoincidence of bounding boxes. YOLO v5 has a
faster running speed and can meet the requirements of realtime object detection. The object detection algorithm will
generate a lot of redundant information in the surveillance
video frames. Selecting keyframes from abundant video
frames for eﬃcient object tracking is an eﬀective method to
improve detection eﬃciency and reduce the calculation and
workload.
2.2. Super-Resolution Algorithms. The super-resolution algorithm can reconstruct the corresponding high-resolution
image from a single or a series of low-resolution images. It is
a low-level computer vision algorithm and the basis of a
high-level computer vision algorithm. The super-resolution
algorithms based on deep convolutional neural networks can
reconstruct high-quality super-resolution images with rich
high-frequency information and clear texture features,
which have become the mainstream research methods. The
super-resolution convolutional neural networks (SRCNN)
use convolutional neural networks for the ﬁrst time in the
ﬁeld of super-resolution and only use three-layer convolutional neural networks to surpass most traditional super-resolution methods [8]. Compared with the examplebased super-resolution method, SRCNN does not require
complicated preprocessing and can optimize the superresolution reconstruction results several times through
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backpropagation, which not only improves the quality of
reconstructed results but also improves the eﬃciency. The
main disadvantage of SRCNN is that it is diﬃcult to build
deep convolutional neural networks to improve feature
extraction and characterization capabilities. The residual
network ResNet connects the input side information to the
output side via a shortcut connection [16]. The convolutional layer only needs to learn the residuals of the input and
output, which is the basis for building a deep neural network.
The key to super-resolution reconstruction is to optimize
high-frequency information. The residuals learned by the
residual network contain rich high-frequency information,
and since most of the residuals are close to 0, the learning
eﬃciency is very high. Therefore, the residual network plays
a very important role in improving the eﬃciency and quality
of super-resolution reconstruction and becomes the backbone network of the super-resolution methods. Super-resolution using very deep convolutional networks (VDSR)
introduces the residual network into the super-resolution
ﬁeld for the ﬁrst time and builds a super-resolution network
with a depth of 20 layers, which expands the receptive ﬁeld
and improves the convergence speed [17]. The speed and
quality of VDSR are signiﬁcantly better than SRCNN, and it
uses a single network to reconstruct super-resolution images
of diﬀerent multiples. Megvii Research Institute proposed a
method that can achieve super-resolution reconstruction at
any multiple through a single model [18]. Zhang et al. of
Harbin Institute of Technology proposed a plug-and-play
super-resolution method based on regular depth to process
low-resolution images with arbitrary blur kernels [19].
SenseTime proposed a super-resolution method of real
scenes with original images [20]. Li et al. of Sichuan University proposed an image super-resolution feedback network to improve the low-level representation with high-level
information [21]. Li et al. of Wuhan University proposed a
fast spatiotemporal residual network for video super-resolution [22]. Gu et al. of the Chinese University of Hong Kong
proposed a fuzzy kernel estimation method in the blind
oversegmentation problem [23]. Dai et al. of Tsinghua
University proposed a second-order attention network for
image super-resolution [24], and Ma et al. proposed a
method of constraining the super-resolution image structure
using a gradient map [25]. Xu et al. of China Taiwan
MediaTek Inc. proposed a dynamic convolutional network
to realize super-resolution restoration of multiple combinations of blur kernels and noisy images [26]. The superresolution method based on pixel space produces more
photo-realistic images, while the high-frequency information generated by the super-resolution method based on
feature space is rich. By combining the advantages of the two
methods in a deep fusion network, we can reconstruct highquality key objects.
To solve the problem that video surveillance system in
the ﬁeld of public security lacks basic and intelligent
management and analysis algorithms, we proposed a superresolution method of surveillance video objects based on a
deep fusion convolutional neural network. It assists police
and other surveillance video analysts to track, identify, and
analyze objects and investigate cases. By optimizing the
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regression-based one-stage object detection algorithm, we
can identify the objects in the surveillance video in real time,
which assists the viewers to track the video objects and
analyze the video content. We designed a keyframe selection
algorithm for surveillance video. By analyzing the object
category, number, and conﬁdence degree in the video frame,
a small number of video frames with signiﬁcant changes in
the object are selected from a large number of videos to assist
the surveillance video viewer to quickly locate the objects
and reduce the workload. We used the super-resolution
algorithm based on the deep fusion network to reconstruct
the determined object. It helps to improve the resolution of
the key object, assist the surveillance video viewer to
carefully check the details of the key object, and improve the
quality of the surveillance video content analysis. The superresolution method of surveillance video objects based on a
deep fusion convolutional neural network constructed in
this paper can be eﬀectively used in the ﬁeld of public security to assist police and security personnel to track and
analyze surveillance video objects. And, it also provides an
eﬀective auxiliary tool for preventing and cracking down on
violent terrorist crimes.

3. Preliminary
3.1. Object Detection and Super-Resolution Process. The regression-based one-stage object detection method takes the
video frame as the input of the network and returns the position and category of the bounding box (BBox) at the output
end. For each grid of the video frame, it predicts n BBox and c
category information. Among them, each BBox contains four
location information items (w, y, w, h) and one conﬁdence
information item. The BBox position information (x, y) is used
to calibrate the center point of the BBox, and (w, h) is used to
calibrate the width and height of the BBox relative to the video
frame. Conﬁdence predicts the conﬁdence of the objects
contained in the BBox and the accuracy of the BBox compared
to the real object box. The conﬁdence is deﬁned by (1), where C
means conﬁdence, O means object (if there is an object,
Pr(O) � 1; otherwise Pr(O) � 0), and IOUtru
pre predicts the
intersection over union between the BBox and the real box.
Deﬁne A as the predicted frame and B as the real frame; S is the
set of all frames; and A, B⊆S ∈ Rn . IoU can be described by (2).
According to the predicted category information of each grid of
the video frame and the conﬁdence of the BBox prediction, we
can obtain the class-speciﬁc conﬁdence score of each BBox,
which is deﬁned in (3). According to the class-speciﬁc conﬁdence score, the BBox with a low score is ﬁltered out by setting
a threshold, and the remaining BBox is processed by nonmaximum suppression (NMS) to obtain the ﬁnal detection
result.
C � Pr(O) ∗ IOUtru
pre ,
IOU �

|A ∩ B|
,
|A ∪ B|

CC � Pr Classi  ∗ Pr(O) ∗ IOUtru
pre ,

(1)
(2)
(3)

ILR � IHR ∗ k↓s + n,

(4)

ILR � bicubic IHR ↓s ,

(5)

ISR � upsample Res Feature ILR .

(6)

The super-resolution reconstruction method reconstructs a corresponding high-resolution image or video
based on one or a series of low-resolution images (video
frames). Since it is diﬃcult to obtain a series of low-resolution images of the same reconstruction object, current
research mainly focuses mainly on single-image super-resolution. Video super-resolution reconstruction needs to
comprehensively utilize information in both space and time
dimensions and improve the reconstruction eﬀect of the
center frame by using the information of adjacent lowresolution frames. The degradation process of an image or
video frame can be described by (4), where ILR represents a
low-resolution image, IHR refers to a high-resolution image,
↓s represents a downsampling scale, k is a blur kernel, and n
represents noise. In real-world scenes, there are many types
of downsampling scales, blur kernels, and noises. To facilitate supervised deep learning, the SR method generally uses
bicubic interpolation to downsample high-resolution images
and obtains paired images (LR, HR) for learning the
mapping relationship from low resolution to high resolution. The process of super-resolution reconstruction is
shown in (6). It can be typically divided into three steps.
Firstly, we use the convolutional layer (Feature) to extract
the low-resolution initial features. Then, we employ the
residual network (Res) to learn the nonlinear mapping from
low resolution to high resolution. Finally, we use the
upsampling layer (Upsample) to enlarge the low resolution
to a speciﬁed scale and reconstruct the super-resolution
image.
3.2. Work Process Overview. Video surveillance systems
widely distributed in communities, roads, streets, and
commercial places (supermarkets) are a powerful guarantee
of public safety. The combination of traditional video surveillance systems and artiﬁcial intelligence technologies can
eﬀectively improve the accuracy of video content analysis
and abnormal behavior warning, greatly improve the work
eﬃciency of surveillance video viewers, and reduce labor
costs. The super-resolution framework of the video detection
object based on deep learning is shown in Figure 1. By fusing
the object detection algorithm based on deep learning and
the super-resolution algorithm, we can track the object of the
surveillance video in real time, pick out the keyframes that
change signiﬁcantly, and perform super-resolution reconstruction of the key object. This provides the police and
judges with clear and high-resolution objects, which can
assist in the investigation and review of related cases. The
method proposed in this paper can solve the problems of
traditional video surveillance, provide eﬀective assistance to
surveillance video viewers, and eﬀectively serve the public
security ﬁeld.
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Figure 1: The work process of the video detection object super-resolution.

The super-resolution method of video detection object
based on deep learning is mainly divided into three steps.
Firstly, we use a regression-based object detection algorithm
to perform real-time object detection on surveillance videos
obtained from communities, roads, streets, supermarkets,
and other places. Marking the scope, category, and conﬁdence of the object in real time in the video frame assists
police, security, and other video viewers to track the object.
Then, we use a keyframe selection algorithm to select frames
with signiﬁcant changes from a large number of videos and
select the key information from a large amount of redundant
information to help viewers analyze video content quickly
and eﬃciently. We ﬁnally use the super-resolution algorithm
to reconstruct, improve the resolution of, and identify the
key object.

4. Video Detection Object Super-Resolution
4.1. Video Detection Object Super-Resolution Network. To
improve the safety of public places such as communities,
supermarkets, roads, and streets and assist surveillance video
viewers to quickly and eﬀectively locate objects, we design a
video object detection super-resolution algorithm that
combines object detection and super-resolution reconstruction. As shown in Figure 2, we use a regression-based
object detection algorithm for real-time object detection and
a deep back-projection network for super-resolution reconstruction. It should be noted that, for the convenience of
drawing, we did not show the details of each functional
module in detail in Figure 2, such as the feature fusion
module of diﬀerent scales of object detection and the feature
prediction module of video frames, and the asymmetric
recursive structure of super-resolution.
The object detection network consists of three parts.
Firstly, we use the backbone built by modules such as focus,
CBL (conv, BN, Leaky ReLU), and CSP to extract video
frame features. The focus module is used to slice the input

image and transform the dimension of the feature map. For
example, we can slice the 608 ∗ 608 ∗ 3 image into a
304 ∗ 304 ∗ 12 feature map according to RGB. Then, it
passes through a conv layer containing 32 ﬁlters and
transforms it into a 304 ∗ 304 ∗ 32 feature map. The CBL
module is composed of the conv layer, the BN layer, and the
Leaky ReLU activation function, and CBL is the basic
module unit of the object detection network. The CSP
module is composed of CBL, residual unit, conv layer, BN
layer, and Leaky ReLU activation function. It is the feature
splitting module unit of the object detection network.
Secondly, we use the multiscale fusion module constructed
by CBL, CSP-1, CSP-2, and other modules to extract fusion
features of diﬀerent scales and strengthen the ability of
network feature fusion (the structure of the CSP-1 and CSP2 modules is shown in Figure 3, and the relevant descriptions
are provided in Section 4.2). Finally, we use GIoU loss to
solve the problem that the detection frame and the real frame
do not intersect to optimize the detection frame and speed
up the convergence of the model.
Before we perform super-resolution reconstruction, we
will select the detection object to avoid wasting computing
power to super-resolve a large number of worthless objects.
The selection process of the object is described in detail in
Section 4.2. Our super-resolution reconstruction algorithm
uses a deep asymmetric recursive back-projection network
to reconstruct key objects. The super-resolution network
consists of three parts. Firstly, we employ two conv layers to
extract the initial features of the image. Then, we use the
upper and lower iterative sampling layers to learn the
mapping relationship between the low- and high-resolution
image several times to obtain upsampling features of different levels. We set up a recursive structure to deepen the
network level and learn advanced semantic features without
increasing parameters. By sharing the downsampling layer
and setting an asymmetric structure, we reduce the parameters of the network model. We fuse homology residuals
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Figure 2: The video detection object super-resolution network.
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Figure 3: The core module of object detection network and multiscale feature fusion network.

and cascaded residuals in the upsampling unit to make full
use of residual information while correcting projection errors. We concatenate cascade non-depth upsampling features to improve the high-frequency detail information of
upsampling features [27, 28]. Finally, we use the conv layer
to reconstruct the super-resolution video frame detection
object.
4.2. Object Detection and Keyframe Selection Method. The
object detection algorithm can assist police and security
personnel in analyzing surveillance video objects and investigating security cases. It helps to track and monitor
suspicious signs and objects in real time to avoid criminal
harm. The object detection algorithm includes two core
modules, CBL and CSP, in which CSP is composed of residual structure CSP-1 and convolution structure CSP-2, as
shown in Figure 3. CBL is the basic module and consists of
conv layer, BN layer, and Leaky ReLU activation function.
The CSP-1 module includes two branches. The ﬁrst branch
includes a CBL feature extraction unit, two CBL residual
mapping units, and a conv layer. The second branch directly
uses a conv layer to extract the input low-level features, and
then we fuse the output of the two branches through the
concatenation layer. The CSP-2 module and the CSP-1
module share the same structure, and the diﬀerence is that
the ﬁrst branch of CSP-2 does not use the residual structure.

The multiscale feature fusion module uses the top-down
FPN structure to amplify the deep feature information and
fuse it with the backbone features of diﬀerent depths using
the upsampling unit. We use the bottom-up PAN structure
to downsample the upsampled features and merge them
with neck features of diﬀerent depths. The FPN structure
integrates strong semantic features from top to bottom, and
PAN integrates strong positioning features from bottom to
top. The multiscale feature fusion module structure is shown
in Figure 3.
Our object detection algorithm ﬁrst uses backbone to
extract the features of the input video frame; then uses the
multiscale feature fusion module to strengthen the ability of
network feature fusion; and ﬁnally uses GIoU loss to optimize the object frame, ﬁlter the object frame through
DIOU_NMS, and output object frame information, classiﬁcation information, and conﬁdence information. The objective box optimization loss function is GIoU � IoU−
|Ac − U|/|Ac |, where Ac is the smallest bounding box
between the predicted box A and the real box B, and U is the
union of the predicted box and the real box U � A ∪ B. GIoU
can distinguish diﬀerent positional relationships between
predicted frames and real frames with the same IoU and
the same size and can optimize the situation where the
prediction frame and the real frame do not intersect.
DIOU_NMS also considers the overlap area and the center
distance between the two boxes when ﬁltering the object box.
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DIOU_NMS will not delete two boxes with a far center point
since they may be in two diﬀerent objects. DIOU_NMS
instead of NMS can optimize the detection accuracy of
overlapping objects. It can improve the recognition accuracy
of occluded objects without increasing the computational
cost. Real-time object detection can assist surveillance video
viewers to track objects. However, it still takes a lot of labor
costs to face the massive amount of video information.
Therefore, selecting keyframes with signiﬁcant scene
changes can eﬀectively improve the eﬃciency of key object
recognition. The keyframe selection algorithm we designed
is shown in Algorithm 1.
According to the output of the surveillance video object
detection algorithm, we can select frames from the video
whose category, number, and detection frame have significant changes compared with the previous frame as keyframes. Static pictures often appear in surveillance videos
(the object category and amount in the video have not
changed). Detecting object super-scores for all static video
frames will result in a large amount of redundant information, which not only wastes computing power but also is
not conducive to video content analysis. As shown in Algorithm 1, our keyframe selection algorithm can use information such as the type, quantity, and conﬁdence of the
detection output to compare and analyze the diﬀerence
between the current frame and the previous frame while
detecting the object. If the surveillance video currently
captures a static image, we believe that this frame has less
valuable information and will not store keyframes. If any of
the following three situations occurs, the keyframe selection
algorithm can select a small number of frames with signiﬁcant changes from the surveillance video: (1) The object
category of the current frame changes relative to the previous frame; for example, the object of the previous frame
has cars and trees, but the object of the current frame
contains cars, trees, and people. (2) Compared with the
previous frame, the amount of a certain category in the
current frame has changed; for example, the previous frame
has cars (5 cars), trees (3), and people (1), and the current
frame has cars (5 cars), trees (3), and people (2). (3)
Compared with the previous frame, the detection box of the
current frame has changed. For example, the detection box
of a car in the previous frame is (bx = 0.2, by = 0.7, bw = 0.1,
bh = 0.15), and the detection box of the same car in current
frame is (bx = 0.5, by = 0.5, bw = 0.25, bh = 0.4). Video viewers
can understand the surveillance video content by viewing a
few frames to improve work eﬃciency. The time complexity
of the whole algorithm is O(T1 + N), where T1 is the time of
video object detection and N is the number of video frames.
4.3. Super-Resolution Method of Video Detection Object.
The goal of the super-resolution method based on pixel
space is to make the super-resolved image as close as possible
to the real image at every pixel point in pixel space. These
methods use L1 or L2 as the loss function and do not use
adversarial training to generate video frames, and the
reconstructed results are close to real-world video frames in
pixel space. However, it is easy to lose high-frequency
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information, which leads to extremely smooth and fuzzy
reconstructed video frames and poor visual perception
quality. The feature space-based super-resolution method
aims to make the feature space of the super-resolved image
close to the real-world image. These approaches combine the
perception loss, confrontation loss, and L1 and L2 as the loss
function. They use adversarial training to generate video
frames of high visual perception quality. However, these
methods easily lead to deformation and distortion of superresolution image structure. Therefore, we propose a superresolution method based on the fusion of pixel space and
feature space. The super-resolution method based on pixel
space ensures the authenticity of video frames while the
fusion of the loss function based on feature space improves
the visual perception quality of video frames.
The super-resolution method based on the deep backprojection structure learns the mapping relationship between LR and SR several times in the reconstruction process
through the up- and downsampling units placed in sequence. The structure of the up- and downsampling unit is
shown in Figure 4. The upsampling unit includes 2 deconv
layers and 1 conv layer. The ﬁrst deconv layer enlarges the
input LR feature map to a speciﬁed scale, and the conv layer
transforms the enlarged feature map back to the original size
and calculates the cascade projection error with the input LR
of this unit and the homologous projection error with the
original input LR. The second deconv layer ampliﬁes the
error information to a speciﬁed scale and adds it to the ﬁrst
deconv layer. It corrects the output of the upsampling unit
by cascading and homologous projection errors. The
downsampling unit includes 2 conv layers and 1 deconv
layer. The structure and execution process of the downsampling units are similar to the upsampling unit. We did
not use the homologous error in the downsampling unit and
only used the cascaded error to correct the output of the
downsampling unit.
To improve the eﬀect of super-resolution reconstruction,
we need to stack several upsampling and downsampling
units to obtain high-level semantic features. However,
stacking several upsampling units and downsampling units
will result in a sharp increase of the model parameters, and
the training and use of the model will become more diﬃcult.
As shown in Figure 4, we propose a recursive back-projection structure to increase the depth of the back-projection
network without increasing the parameters. We input 2 sets
of up- and downsampling units into the recursive loop
structure and set the recursive hyperparameter to 8. We use
the parameters of 2 upsampling and downsampling units to
achieve the performance of 16 upsampling and downsampling units. Besides, we introduce an asymmetric
structure based on recursive back-projection to further reduce the model parameters and improve the robustness of
the model in practical applications. As shown in Figure 4, we
concatenate the SR feature maps of upsampling units at
diﬀerent depths to reconstruct the output SR video frame to
improve the eﬀect of SR reconstruction. We use the
downsampling units to transform the output of the
upsampling units back to the original size. Therefore, we
propose that all upsampling units share the same
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(1)
(2)
(3)
(4)
(5)
(6)
(7)
(8)
(9)
(10)
(11)
(12)
(13)

Input: V# input video
Output: FKEY # output keyframe
deﬁneBas backbone of the object detection network
deﬁneN as neck of the object detection network
deﬁnePas prediction of the object detection network
deﬁneUas output of the object detection network
U � DIOU NMS(P(N(B(V))))
U ⟶ (C, N, B, P) # Choose category, quantity, BBox, conﬁdence
for i � 1,... n do #n is the number of video frames
if (Ci! � Ci-1or Ni! � Ni-1)
if(Pi > 0.5)
Storage (Fi)
end for
FKEY ←(F1 , F2 , . . . , Fk ) #k is the number of key video frames
ReturnFKEY ;
ALGORITHM 1: Keyframe selection algorithm.

Upsample

Concat

Upsample

Upsample

Upsample

Downsample

Upsample

Conv

Deconv
Conv

Upsample

Downsample

Deconv
Conv
Deconv

Recursions = 8

Downsample

Figure 4: The sampling units, recursive structures, and asymmetric back-projection structure.

downsampling unit to construct a deep recursive backprojection network with an asymmetric structure.
LT � αL1 + βLcx ,

(7)

��
��
�
1 ��� N
LR
HR �
�
L1 � � FDBPN Ii  − Ii ��� ,
��
N�� i�1
1

(8)

Lcx ϕISR , ϕIHR , l � −logCXϕl ISR , ϕl IHR .
(9)
The image reconstructed by the super-resolution method
based on pixel space lacks high-frequency detail information, and the texture features are not clear enough. We tried
to directly generate super-resolution images using methods
based on generative adversarial networks. Then, we found
that these approaches can improve the clarity of visual
perception. However, the generated SR image suﬀered from
structural deformation and distortion, it is prone to mode
collapse when processing real-world video frame superresolution reconstruction, and the robustness of the model is
not enough. Therefore, we propose to use the L1 loss
function based on the pixel space and the contextual loss
based on the feature space on the asymmetric depth recursive back-projection network. The contextual loss
function is shown in (9), where ϕ(ISR ) represents the SR
image feature map, ϕ(IHR ) represents the HR image feature
map, and ϕ uses a pretrained 19-layer VGG network. We

select the feature map of the 5th layer before max-pooling
after the 4th layer of convolution. We have CX(x, y) � (1/
N)j maxi CXij , where CXij is the similarity of local features
xi and yj . We decouple the video frame into a collection of
local features and optimize the reconstruction of ISR features
by measuring the distance between the local feature distributions of ISR and IHR . Based on the asymmetric recursive
back-projection SR network, we add contextual loss to
optimize the reconstruction of high-frequency information
in the feature space. Combining the advantages of the authenticity of the pixel space SR method and the high visual
perception quality of the feature space SR method, we can
reconstruct a high-quality video frame object with realistic
visual perception.

5. Experimental Results
5.1. Implementation Details. We use PyTorch to build a
super-resolution model for video detection objects. In the
model training phase, we use a high-performance server to
train and verify the model. In the model testing phase, we use
a personal computer for testing to ensure the usability and
robustness of the model in actual application scenarios. The
high-performance server runs on Linux operating system,
and the GPU is NVIDIA TITAN Xp. The operating system
of the personal computer for testing is Windows 10 with
the i5 CPU core. We have taken some videos that do not
involve personal privacy in communities, roads, streets,
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supermarkets, and schools. We then extracted the video
frames for incremental training of the object detection
module. We selected some high-resolution video frames
from the shooting videos and added them to the DIV2K data
set, and then we expanded the training set to 1,000 and the
validation set and test set to 200.
PRE �

TP
,
(TP + FP)

(10)

REC �

TP
.
(TP + FN)

(11)

The evaluation metrics of the super-resolution method
for video detection objects include the accuracy and speed of
object detection, the peak signal-to-noise ratio, and the
structural similarity of SR images. We use the mean Average
Precision (mAP) to evaluate the object detection accuracy,
which mainly includes the precision rate and the recall rate,
as shown in (10) and (11). The numerator of precision is the
number of detection frames with IoU greater than 0.5, and
the denominator is the sum of the detection frames with IoU
greater than 0.5 and less than 0.5. The numerator of recall is
the number of detection frames with IoU greater than 0.5,
and the denominator is the sum of detection frames with
IoU greater than 0.5 and the true frames that are not detected. We use FPS (frames per second) to evaluate the object
detection speed, which is the number of video frames that
the model can process per second. We require the model to
reach 30FPS on an ordinary PC. The PSNR is based on the
sensitivity of pixel error, and we use it to measure the mean
square error of the SR image and the real image. The unit of
PSNR is dB. The larger the value, the smaller the distortion.
The SSIM (structural similarity) measures the similarity of
images from three aspects: brightness, contrast, and structure. The value range of SSIM is [0, 1]. The larger the value,
the smaller the image distortion.
5.2. Object Detection Experiment Results. We ﬁrst obtained
some surveillance videos online, but we found that the
scenes involved in these surveillance videos are relatively
single. To verify the eﬀectiveness of our method in the ﬁeld
of public safety, we have taken some surveillance videos that
do not involve personal privacy in communities, roads,
streets, supermarkets, schools, and other places. The video
frame rate is 30FPS, the video resolution is 720p (16 : 9), and
the 10-second video size is about 1.5 MB. We use regressionbased object detection algorithms to detect objects in surveillance videos in real time. The object detection algorithm
assists police and security personnel to track suspicious
objects in real time and prevent crimes. On the other hand,
the output information of object detection lays the foundation for the keyframe selection and key object superresolution reconstruction. We use surveillance videos of
three scenes: supermarkets, communities, and roads, to
verify the eﬀect of the object detection algorithm, as shown
in Figure 5.
In the supermarket scene, the main detection object of
surveillance video is people. Our object detection algorithm

can accurately detect people in real time. We can monitor
the valuables in the supermarket in real time by expanding
the training data set. When the type, quantity, and conﬁdence of the valuables change, we can promptly remind the
supermarket management personnel. The real-time detection of people and valuables can assist supermarket managers to track suspicious persons in time and prevent the
theft of valuables. In the community scenario, the main
monitoring objects of surveillance video are people and cars,
which helps in ensuring the safety of people and property.
Since there are many small objects in community video
surveillance and the occlusion between vehicles in the
parking area is more serious, the object detection algorithm
needs to recognize small objects and occluded objects well.
We can see that our object detection algorithm can well
identify small objects and obscured objects from Figure 5. It
helps the community managers to track suspicious persons
and vehicles in real time and maintain community safety. In
road scenes, the main monitoring objects of surveillance
video are people, vehicles, etc. We use object detection algorithms to assist traﬃc police to track suspicious people
and vehicles in real time and maintain public safety.
5.3. Keyframe Selection Experiment Results. When investigating criminal cases, the police often need to ﬁnd a very
small number of frames with key information from a large
number of videos. Selecting the keyframes manually requires
a lot of costs and material resources and is ineﬃcient. Based
on the object detection algorithm, we designed a keyframe
selection algorithm to pick out keyframes with signiﬁcant
changes in category, number, and conﬁdence from a large
amount of redundant video frame information. We selected
12 keyframes from the community surveillance video (540
frames), 14 keyframes from the supermarket surveillance
video (450 frames), and 16 keyframes from the road surveillance video (510 frames). Our keyframe selection algorithm can ﬁlter a large number of redundant information
frames generated by static pictures. Figure 6 shows some of
the keyframes and key objects we selected from the scenes of
community, supermarket, and road.
In the community scenario, the main monitoring object
of the surveillance video is the ground parking lot. When
there are no pedestrians and other objects on the ground
parking lot and surrounding roads, the surveillance video is
in a static image so no keyframe is extracted. As shown in
Figure 6, when there are pedestrian objects in the community parking lot, the classes of surveillance video objects
increase and the keyframes of the classes are extracted.
When the pedestrian object is getting closer to the camera,
the object detection frame and conﬁdence become larger,
and the conﬁdence keyframe is extracted. When the number
of pedestrians changes, the number keyframe is extracted.
According to the extracted keyframes, we further extract key
objects by setting the conﬁdence threshold for the following
super-resolution reconstruction. In the supermarket scene,
the surveillance video mainly monitors the number of
consumers before the product, and the frame that records
the change in the number of consumers is the keyframe. By
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Supermarket surveillance video detection objects

Community surveillance video detection objects

Road surveillance video detection objects

Figure 5: Object detection results of supermarkets, communities, and roads.

setting the conﬁdence threshold, we can monitor and record
the change frame of the consumer before a certain valuable
product in real time. In road scenes, surveillance video
mainly monitors vehicles and pedestrians, and frames that
record the change in the number, type, and conﬁdence of
vehicles and pedestrians are keyframes.
5.4. Keyframe Object SR Experimental Results.
Surveillance videos suﬀer from low resolution due to
hardware technology, hardware cost, shooting environment,
network transmission, and so on. To observe the details of
key information, police and security personnel often need to
magnify the image 4 times, 8 times, or even higher. If you
directly magnify an image, the magniﬁed image will miss a
lot of high-frequency information and suﬀer from low
quality and poor visual perception, making it diﬃcult to

recognize. The pixel-space-based super-resolution method
can reconstruct SR video frames close to the real image by
optimizing the distance between the super-resolved image
and the real image in the pixel space. However, the
reconstructed frames may lack a lot of high-frequency detail
information, and the visual perception of texture features is
unclear. Therefore, on the basis of super-resolution method
based on pixel space, we further integrate the contextual loss
based on feature space. By optimizing the local features of
the super-resolved image and the real image in the feature
space, we can improve the high-frequency information of
the reconstructed video frames and obtain high-quality SR
images with clear visual perception. It should be noted that,
on the basis of object detection and keyframe selection, we
select key objects from the keyframes according to the
conﬁdence threshold. The resolution and storage capacity
are often very small and lack high-frequency information.
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Key frame-281

Key frame-329

Key frame-472

Key objects

Key frame-69

Key frame-121

Key frame-293

Key objects

Key frame-32

Key frame-128

Key frame-261

Key objects

Figure 6: Some keyframes and key objects selected by the keyframe selection algorithm.

LR

SPSR [24]

ESRGAN [29]

Ours

Figure 7: Comparison of super-resolved key objects (tricycles) in road surveillance video.

ESRGAN is the champion solution of the PIRM2018-SR
(region 3) super-resolution competition, which can generate
natural and detailed SR images. SPSR adds gradient map
branches based on ESRGAN to constrain the structure of the
generated image, which improves the authenticity of the SR
image and the quality of visual perception. Therefore, the
SPSR and ESRGAN [29], which can generate rich highfrequency information, were selected as our comparison
methods. Figures 7–10 show the SR reconstruction results of
the key objects in the three scenarios of roads, communities,
and supermarkets.

We designed an asymmetric deep recursive back-projection network. We ﬁrst constructed a back-projection structure
in which the upper and lower sampling units are stacked in
sequence by simulating the human visual system. Then, we
used the cascading projection error and homologous projection
error to correct the loss of the upsampling and downsampling
units. In addition, we improved the SR reconstruction eﬀect by
cascading the outputs of upsampling units of diﬀerent depths.
We designed a recursive loop and asymmetric structure to
improve the SR reconstruction eﬀect without increasing the
parameters. In the road scene, we choose a tricycle and a taxi
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LR

SPSR [24]

ESRGAN [29]

Ours

Figure 8: Comparison of super-resolved key objects (taxies) in road surveillance video.

LR

SPSR [24]

ESRGAN [29]

Ours

Figure 9: Comparison of super-resolved key objects (customers) in supermarket surveillance video.

LR

SPSR [24]

ESRGAN [29]

Ours

Figure 10: Comparison of super-resolved key objects (children) in community surveillance video.

for reconstruction and make comparison with the SPSR and
ESRGAN. From Figure 7, we can see that the SPSR method
reconstructs the SR image and produces a lot of artifacts, and
many lines do not exist in the LR. The eﬀect of ESRGAN
reconstruction is typically similar to our method, but the edge
part of the SR video frame reconstructed by our method is
sharper and the visual perception is clearer. The eﬀect of the
reconstructed taxi in Figure 8 is the same as that of Figure 7.
The SR video frame reconstructed by SPSR has artifacts on the
underside of the taxi. Our method not only is free of artifacts
but also has better clarity. In the community and supermarket
scenes, we selected a girl, a boy, and two customers in the
supermarket as the key objects for SR reconstruction. In
Figure 10, we can see that the SPSR reconstructs artifacts in

many places, such as the little girl’s face and arms. When using
real-world video frames for reconstruction, SPSR lacks generalization ability and robustness, while ESRGAN suﬀers from
a mass of parameters, diﬃcult model training, and insuﬃcient
visual perception quality. Our model uses the least parameters
and achieves the best reconstruction eﬀect.

6. Conclusion
Maintaining and ensuring the safety of the public domain
constitute the foundation of safe and smart cities. Surveillance equipment widely distributed in the public domain can
detect suspicious signs and objects in time, can inquire
information about suspected vehicles and personnel through

Security and Communication Networks
surveillance video, and can provide objective litigation evidence during the investigation and interrogation stage of
the case. Traditional video surveillance systems rely on
manual analysis of video content, which makes it diﬃcult to
eﬀectively play the role of video surveillance. Therefore, we
combine the traditional video surveillance system with artiﬁcial intelligence technology. Firstly, we fuse the object
detection algorithm, keyframe selection algorithm, and
super-resolution reconstruction algorithm to construct a
super-resolution framework for video detection objects,
which provides an eﬀective auxiliary tool for the police
personnel. Then, we employ the object detection algorithm
to detect the object of the surveillance video in real time,
which assists the police and other personnel to track the
suspicious object. Besides, it helps select the type, quantity,
and conﬁdence of the surveillance video frames that have
changed from a large amount of redundant information.
Selecting key information from a large amount of redundant
information can improve the eﬃciency of video analysis and
reduce manual workload. Finally, to solve the problem that
low-resolution surveillance video cannot be used eﬀectively,
we select the key object from the keyframe for super-resolution reconstruction. Combining the advantages of the
pixel-based super-resolution method and the feature space
loss function, we designed an asymmetric deep recursive
back-projection network that can reconstruct the key objects
with high resolution. The next step of our work is to realize
super-resolution reconstruction of video detection objects
under noise, blur, and other interference in the surveillance
video.
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