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Fig.1 Security framework of video private network
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Table 1 Architecture of security situation indicator system for video private network
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for video private network
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Table 4 Overload degree quantification
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Table 5 Vulnerability inherent threat quantification
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Table 6 Quantification of asset importance
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Trojan index
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Table 8 Quantification of indicator elements of

cyber attack index
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Table 9 Quantification of indicator elements of virus index
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Table 11 Quantification of indicator elements of

abnormal state safety index
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Table 10 Quantification of indicator elements of

service state safety index
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Table 12 Quantification of indicator elements of

boundary operational safety index
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Construction of network security situation indicator
system for video private network
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(1. College of Information Technology and Network Security, People’s Public Security University of China, Beijing 100038, China;
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3. Ministry of Public Security Third Institute of Information Security Technology, Shanghai 200031, China)

Abstract: In view of the lack of a complete set of index system in the current network security situation
assessment for video private networks, the article studies the construction of network security situation index
system. Firstly, the paper focuses on the research and analysis of the network security risks faced by the video
private network ; then, combined with the basic evaluation indicators of previous network security situation as-
sessment technology, a network security situation indicator system suitable for video private network is con-
structed according to the characteristics of video private network;finally, the calculation method of indicator
values is given, which lays a foundation for network security situation assessment of video private network. It
has certain reference significance for perfecting and enriching the network security situation indicator system for
video private network.

Keywords: indicator system; video private network ; situational element; situational awareness; situation

assessment
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Cross-modal object tracking algorithm based on pedestrian attribute
ZHOU Qianli"®, ZHANG Wenjing', ZHAO Luping', TIAN Naigian', WANG Rong' "

(1. Police Information Engineering and Network Security College, People’s Public Security University of China, Beijing 100038, China;
2. Beijing Municipal Public Security Bureau, Beijing 100740, China;
3. Key Laboratory of Security Technology and Risk Assessment, Beijing 100038, China)

Abstract: The accuracy and robustness of the object tracking algorithm have been influenced by the intra-
class interference when tracking pedestrian. In this paper,we analyze the drawbacks of current tracking algo-
rithms and propose a model to combine the visual feature and language priori to improve the performance of the
tracker. The language guided branch is added to supervise the visual tracking branch by generating the atten-
tion, so the intra-class interference can be alleviated. We also propose a method to improve the accuracy of
thecross-modal object tracking based on the location confidence instead of classification confidence for siamese
trackers. To validate our method, we customize the dataset specialized for pedestrian tracking. The experiment
shows the effectiveness of this model.
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Lane semantic analysis based on road feature information
LUO Sheng, ZHAO Li*, WANG Muchou

(College of Computer Science and Artificial Intelligence, Wenzhou University, Wenzhou 325000, China)

Abstract: Law enforcement on express roads in moving car requires to semantically analyze the road by
lane detection algorithm, but the accuracy and recall rate of the algorithms based on human-crafted features
are not good enough, and the algorithms based on deep learning require too much computing resource. There-
fore, this paper proposes a semantical analysis algorithm based on road feature information. The proposed algo-
rithm makes use of the gradient statistical information of edge points to filter out the candidate points in Hough
space, and dynamic programming to find the most reasonable solution of lane line combination among the re-
maining candidate points. Thus it can accurately find all lane markings on roads with less computing resource.
The experiment with self acquisition of data shows that the proposed method can structurally find all lanes on
structured and unstructured roads. In a comparative experiment, contrasted with some other traditional lane
detection methods and some deep learning networks, the proposed algorithm demonstrates its improvement in
accuracy, recall rate and computing speed.

Keywords : lane detection; road analysis; dynamic law enforcement; Hough transformation; dynamic plan-

ning
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Fig.4 Network structure of vehicle re-identification optimization algorithm based on high-confidence local features
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Vehicle re-identification optimization algorithm based on
high-confidence local features
DOU Xinze'?, SHENG Hao'**, LYU Kai'?, LIU Yang', ZHANG Yang'®, WU Yubin'?, KE Wei’

(1. State Key Laboratory of Software Development Environment, School of Computer Science and Engineering, Beihang University, Beijing
100083, China; 2. Beijing Advanced Innovation Center for Big Data and Brain Computing, Beihang University, Beijing 100083, China;
3. School of Applied Sciences, Macao Polytechnic Institute, Macao SAR 999078, China)

Abstract: In solving vehicle re-identification problems, different vehicle regions have different recogni-
tion degree of confidence. Based on this observation, we propose a vehicle re-identification optimization algo-
rithm that takes advantage of the high-confidence local features. First, the vehicle key point detection algo-
rithm is utilized to obtain the corresponding multiple key points’ coordinate information of the vehicles, and to
divide the vehicle brand extension regions and other prominent local regions. As the brand extension region is
the most salient region, we propose to improve the degree of confidence of the local region in the testing
phase. We also utilize a multi-layer convolutional neural network for processing the input images, cutting the
convolutional features into several parts based on the obtained local regions, and acquiring feature tensors re-
presenting global and key regional information. Then, a fully connected layer is applied to combine the above
features and output a one-dimensional vector for loss function calculating. In the testing phase, to reduce the
target distances of vehicles with the same local identification, we propose to utilize the global features together
with the high-confidence local features obtained by trained brand extension region extraction branch. Experi-
ments on the widely used vehicle re-identification VehicleID dataset show that the proposed algorithm is effec-
tive.

Keywords: vehicle re-identification; high-confidence local features; feature optimization; region detec-

tion; neural network
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White-box cryptographic video data sharing system
based on SM4 algorithm
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(1. China Electronics Technology Cyber Security Co. , Ltd. , Chengdu 610041, China;
2. Chengdu Sanling Kaitian Communication Industry Co. , Ltd. , Chengdu 610041, China;
3. The 30th Research Institute of CETC, Chengdu 610041, China)

Abstract: White-box cryptographic video data sharing system based on SM4 algorithm is a system that
guarantees the security of cross-level and cross-domain sharing of surveillance video data. In this paper, we
propose a white-box cipher implementation method based on SM4 cryptographic algorithm ,and analyze the se-
curity of the algorithm , solves the problem how the SM4 algorithm can compute safely in untrusted hardware en-
vironments. In addition, we developed a video data security sharing software system based on background per-
mission control mechanism, including shared video data upload/download, sharing audit, data white-box en-
cryption, access control functions, and shared video decryption player based on white-box cryptographic algo-
rithm , realizing the security management and control of the entire process of video data sharing. Then we set up
the experimental environment, and the system’ s functional performance experiment was performed. The ex-
perimental results show that the system’s functional performance meets the design requirements.
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Abstract: The problem of video traffic transmission has become a research focus in the task of high-per-
formance video stream transmission. In this paper, a model based on PF_RING is proposed to solve this prob-
lem. In this model, PF_RING + TNAPI technology, memory routing table, multi-core, multi-queue multi-
threading and other related technologies are used to ensure the high-performance transmission of video stream.
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Table 2 Average classification accuracy rate and

training time of different models
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Table 3 Average classification accuracy rate of
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Automatic recognition for terrorism related image based on transfer learning

CHEN Mengfu”

(School of Public Administration, Beihang University, Beijing 100083, China)

Abstract; Using Al and deep learning technology to automatically analyze massive Internet pictures,
quickly and accurately identifying harmful images related to terrorism and dealing with them in time is one of
the important means for anti-terrorism work. This paper studies how to use deep learning and transfer learning
technology to classify and recognize the images related to terrorism. First, we define the main concept features
of the image related to terrorism and collect the relevant positive samples to construct dataset. Second, we de-
sign suitable deep neural network model and transfer learning method for the problem of less positive samples
of the image related to terrorism. Finally, using the constructed training dataset to fine-tune the final model.
The results show that, based on the proposed method in this paper, we can classify and recognize the Internet
pictures which have terrorism content quickly and accurately with average classification accuracy rate of
96.7% , and thus the labor intensity of manual monitoring will reduce effectively, which can provide support
for decision-making in the work of anti-terrorism early warning.

Keywords: terrorism related image; deep learning; image recognition; convolutional neural network;

transfer learning
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FBAFIEIC N PAF (Part Aligned Feature) , 5 1 5 fiF
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S b BRG TR SCER A X 5 Y JR AR R A A 42 )
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fem 1.6% ,R-1 $25 1.5% , 1 HICIe X 42 Jm) Ff
fIE 38 J2 JRy AR AR, 0 A5 SR AE A A2 P (T ) 248
e AT NERB R PERE , JLF S ME T 5 mAP 735l
fef 13. 1% F1 23. 8% , R-1 1 P 6E 73 i 42 & 1
20.6% F129.8% . i85y kB, B G 2R 5 R R
LA AE A S PE IO T B A0 i A7 N E IR PR RE
HR-1Fl mAP 25135 8] 1 77.6% 1 45.0% . [7)
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B 4 25 AT N E R AR 2] T RE
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Table 1 Ablation experiment of cross-domain person re-identification on Market-1501 and DukeMTMC-reID datasets

i CE L] DukeMTMC-relD—>Market-1501 Market-1501—DukeMTMC-relD
i3 WiRIR R-1/% R-5/% R-10/% R-20/% mAP/% R-1/% R-5/% R-10/% R-20/%  mAP/%
GAP 45.1 62.4 68.9 75.2 18.8 29.6 43.9 50.2 57.0 15.1
PAF 45.9 63.5 69.9 75.7 19.7 30.0 45.4 51.8 58. 1 15.5
GAP + PAF 46.6 63.9 70.6 76.3 20.4 30.3 46.7 52.4 58.8 16.0
Inv + GAP 65.7 81.5 86.0 89.9 31.9 52.7 64.7 69.7 73.4 27.0
Inv + PAF 75.7 89.4 92.0 94.3 43.5 64.1 76.5 80.3 83.8 41.0
Inv + GAP + PAF 77.6 88.7 92.0 95.2 45.0 65.5 77.6 81.1 84.5 42.8
i TR Market-1501— Market-1501 DukeMTMC-relD— DukeMTMC-relD
LR RIS R-1/% R-5/% R-10/% R-20/% mAP/% R-1/% R-5/% R-10/% R-20/%  mAP/%

Inv + GAP + PAF 88.2 95.6 97.4 98.3

67.0 74.7 85.5 89.1 91.8 54.1
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I BRI R E] A1 GPU A 9 T4

®2 HF{E#EMRE S Mini-batch §JLE
Table 2 Comparison of feature template pooling

memory and Mini-batch

DukeMTMC-reID— Market-1501

AN T ARSI AR BT S AT — i i AT NE U T 3k
ECN™ R-1 ¢85 0.3% ,R-5 £ 0.8% ,R-10 2
B 1.2% ,mAP 3275 0.4% ., 1F DukeMTMC-relD—
MSMT17 5 8 5 19 52 38 op , R SCT7 ik i T AT
NP7 ECN'™ R-1 4755 0. 4% , R-5 475
0.3% ,R-10 275 0.8% ,mAP $£ 5 0.5% , 4
diu] DL E ], 7E DukeMTMC-reID — Market-1501
1 5 R A AT AN E UM S5 v, A N E U B 4
8 R-1 2 77.6% ,R-5 3 88.7% ,R-10 592.0% ,
mAP 3y 45.0% , AREET 25 A — ¥ 09 25 48 AT N E R
)7 i ECN'™ 3547 B W i (i HE RE 4R T, 43 )42
F2.5% .1.1% 0. 4% 1 2. 0% , 7& 5 5 4
Market-1501—DukeMTMC-relD [ 55 H , A< SC 7
WA BT AT N E U ik ECNTY L R R
2.2% ,R-5 $25 1.8% ,R-10 $&5 0. 7% , mAP 42
19 2.4% o BT U A SO T R i SR
T AN 1) 5 3R AT N R 5 i A Ot P v 1 B
BAT NE R B TERE

% 3 7£ Market-1501 1 DukeMTMC-relD 2 MSMT17

BEHBEE L EHMAH AT ENIRILE
Table 3 Experimental comparison with other advanced
methods from Market-1501 and DukeMTMC-reID to
MSMT17 cross-domain datasets

e R-1/% R-5/% R-10/% R-20/% mAP/% - Market-1501—MSMT17
Mini-batch 66.4 83.5 88.3 90.6 36.2 R-1/%  R5/%  R-10/%  mAP/%
Mini-batch + Memory 77.6 88.7 92.0 95.2 45.0 PTGAN'™ 10.2 24.4 29

ECN[4] 25.3 36.3 42.1 8.5
2.3 Xttbscig ' 25.6 37.1 43.3 8.9
SRy e 1) LU A AR 0 S T R R SCRRAE AR i DukeMTMC-relD—MSMT17

AR I B AT N RO A vk, 7R Market-1501 i R-1/%  RS5/%  R-10/%  mAP/%
DukeMTMC-relD 1 MSMT17 %4 45 I JF J& B5 45, PTGAN! 1.8 27.4 3.3
17 AT L RE 1O S BB IE . 72 Market-1501 — PONT 02 4Ls 4602
MSMT17 5 ¥4 4 975 A TR A S ke, % 3 rx ve 48 @6 W7

F 4 7 Market-1501 1 DukeMTMC-relD B5if ##E& £ 5 HR1E# FEMN IR LE
Table 4 Experimental comparison with other advanced methods on Market-1501 and
DukeMTMC-relID cross-domain datasets
DukeMTMC-relD —Market-1501 Market-1501—>DukeMTMC-relD
17 N B 0y

R-1/% R-5/% R-10/% mAP/ % R-1/% R-5/% R-10/% mAP/%
MMFA 33 56.7 75.0 81. 27.4 45.3 59.8 66.3 24.7
SPGAN + LM ! 57.7 75.8 82.4 26.7 46.4 62.3 68.0 26.2
TJ-AIDL!?! 58.2 74.8 81.1 26.5 44.3 59.6 65.0 23.0
CamStyle!**) 58.8 78.2 84.3 27.4 48.4 62.5 68.9 25.1
HHL 4 62.2 78.8 84.0 31.4 46.9 61.0 66.7 27.2
ECN#4 75.1 87.6 91.6 43.0 63.3 75.8 80.4 40.4
73 77.6 88.7 92.0 45.0 65.5 77.6 81.1 42.8
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Cross-domain person re-identification based on partial
semantic feature invariance

ZHANG Xiaowei~ , LYU Mingqiang, LI hui

(College of Computer Science and Technology, Qingdao University, Qingdao 266071, China)

Abstract: Cross-domain is one of the main challenges of person re-identification which is an important in-
vestigative method in criminal investigation cases, and that restricts the practical application of re-identifica-
tion. In this paper, cross-domain invariance feature model based on pedestrian partial semantics is learned
from the labeled source domain and the unlabeled target domain. First, features of person parts are learned by
supervised learning with only pedestrian signs without labels of parts, and pedestrian parts are aligned by un-
supervised learning in the source and target domains. Second, based on the aligned global and local features,
feature template pooling is introduced to store the aligned global and local partial features of the target domain,
and cross-domain invariance loss function is designed for feature invariance constraints to improve the cross-do-
main adaptability of person re-identification. Finally, verification experiments of cross-domain person re-
identification are conducted on the Market-1501, DukeMTMC-relD and MSMT17 datasets. The experiment re-
sults show that the proposed method achieves significant performance improvements in cross-domain person re-
identification.

Keywords: person re-identification; global feature; local feature; semantic alignment; feature template

pooling ; cross-domain invariance
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Fig. 1  Architecture of cross-domain retrieval triplet network
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Monocular image based 3D model retrieval using triplet network

DU Yujia"*?, LI Haisheng' " | YAO Chunlian'?", CAI Qiang'*”’

(1. School of Computer and Information Engineering, Beijing Technology and Business University, Beijing 100048, China;
2. National Engineering Laboratory For Agri-product Quality Traceability, Beijing 100048, China;
3. Beijing Key Laboratory of Big Data Technology for Food Safety, Beijing 100048, China)

Abstract: With the diversified development of media data, the cross-domain retrieval between images and
3D models becomes a new challenge for 3D model retrieval. In view that images and 3D models are extremely
different and hard to match, a cross-domain retrieval algorithm based on triple network is proposed to construct
a joint embedding space for real images and 3D shapes in an end-to-end manner. Then the similarity between
different modal data could be effectively computed by the distance in the space, leading to accurate retrieval of
similar 3D models from single image. In order to improve the accuracy of cross-domain retrieval , the 3D model
was represented by a set of sequential views, and the Gate Recurrent Unit (GRU) was utilized for view-level
features to generate the global feature. In addition, an attention mechanism was introduced to extract image
features and bridge the semantic gaps between the real image and the rendered 3D views. Experimental results
show that the mean average precision can be improved by at least 2.98% -3.05% on two cross-domain data-
sets compared with other similar algorithms.
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Table 1 Mean PSNR and SSIM of results recovered by different methods on test images with various
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mPSNR/dB mSSIM
14 I7 ik
P, =63 P, =255 P, =1023 P, =63 P, =255 P, =1023
PURE-LET'® 23.09 25.13 26.02 0.8525 0.8844 0.9097
TGV 24.35 26.16 28.86 0.8590 0.8939 0.9188
pps!” 23.28 25.70 26.47 0.8566 0.8921 0.9151
ER/NEEES
Hess'® 25.15 27.63 29.75 0.8734 0.9011 0.9206
A SCTCH G 78 4 25.04 27.60 29.49 0.8601 0.8953 0.9184
ARSIk 26.32 28.65 30.61 0.8865 0.9126 0.9317
PURE-LET'® 24.05 26.09 27.06 0.8367 0.8733 0.8976
TGV 24.96 27.17 29.75 0.8438 0.8806 0.9043
pps!” 24.12 26.18 27.53 0.8418 0.8797 0.9002
[ 24 E %
Hess'® 26.10 28.59 30.63 0.8575 0.8891 0.9078
A SCTG 45 4 A5 26.06 28.26 30.19 0.8442 0.8836 0.9035
A e 27.14 29.70 31.26 0.8719 0.9024 0.9209
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Structural weighted low-rank approximation for Poisson image deblurring
WU Qingbo'?, REN Wenqi' "

(1. State Key Laboratory of Information Security, Institute of Information Engineering, CAS, Beijing 100193, China;

2. School of Cyber Security, University of Chinese Academy of Sciences, Beijing 100049, China)

Abstract: To solve the problem of image quality degradation caused by Gaussian blur and Poisson noise,
an image deblurring method based on structural weighted low-rank approximation is proposed. First, a struc-
tural transformation is introduced by subsequently combining the four basic operations of scaling, rotation,
shearing, and flipping in order to boost the similarity of candidate patches in the searching space. Then, a no-
vel objective function is proposed by carefully designing the regularization term. To this end, we perform struc-
tural transformation on image patches and then penalize the transformed results with Weighted Nuclear Norm
(WNN) based on the assumption of low-rank among non-local similar patches, suppressing Poisson noise at
the same time of deblurring. Finally, an alternating optimization algorithm is presented based on the Half-
Quadratic Splitting ( HQS) method to solve the proposed objective function for Poisson image deblurring. Ex-
perimental results demonstrate that, under multiple intensities of Poisson noise, the proposed algorithm
achieves higher Peak Signal to Noise Ratio (PSNR) and Structural Similarity (SSIM) than the state-of-the-art
deblurring methods.

Keywords: image deblurring; Poisson noise; structural transformation; weighted low-rank approxima-

tion; Half-Quadratic Splitting ( HQS)
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Fig. 1  Flowchart of low-light image enhancement method
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ARSI 21.73 20.55 19.24 0.9116 0.8713 0.8520
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Fig.4 Comparison of different methods on real-world data
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Learning shrinkage fields for low-light image enhancement via Retinex
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Abstract: To enhance a low-light image and mitigate noises simultaneously, we propose an image en-
hancement algorithm by learning Shrinkage Field (SF) to improve the reflectance image and the illumination
map in Retinex model. To this end, first, we design a novel objective function by constraining the latent re-
flectance image and the illumination map with two different groups of high-order filters in regularization terms.
These filters can be learnt to possess various activation patterns and thus facilitate recovering the reflectance
image and suppressing noises at the same time. Then, we update the latent variables in the objective function
optimization by calculating SFs, where the parameterized shrinkage functions are capable to scale the responses
of the corresponding high-order filters convolving the reflectance image and the illumination map. Finally, we
embed an auxiliary SF model before the update of the illumination map in each cascade to suppress the propa-
gation of noises and undesirable artifacts and further to refine the estimation of illumination map. Experimental
results demonstrate that the proposed algorithm outperforms the state-of-the-art low-light image enhancement
methods in terms of Peak Signal to Noise Ratio( PSNR) and Structural Similarity ( SSIM).
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Fig.4 Experimental results on OSU thermal infrared pedestrian objects detection dataset
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Table 1 Performance evaluation indexes of OSU thermal

infrared pedestrian objects detection dataset
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Fig.5 Experimental results on LSI thermal infrared pedestrian objects detection dataset
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Extraction of foreground area of pedestrian objects under
thermal infrared video surveillance

ZHANG Yugui, SHEN Liuging, HU Haimiao "

(School of Computer Science and Engineering, Beihang University, Beijing 100083, China)

Abstract; Under the thermal infrared video surveillance, in order to solve the problem of the gray value
inversion in thermal infrared image caused by the changes in ambient temperature, this paper proposes a meth-
od of extracting the foreground area of pedestrian objects by the fusion of boundary feature and motion feature
in the thermal infrared images. First, the boundary feature of the pedestrian objects are extracted by using the
significant differences existing between the pedestrian objects and the surrounding environment, and then the
extracted boundary feature is subjected to area filling, which is followed by the elimination of the false detec-
tion objects by using thermal infrared pedestrian objects classifier, thus obtaining the final boundary feature ex-
traction results. Second, the motion feature of the pedestrian objects are obtained by using the motion informa-
tion between adjacent frames, and then the resulting motion feature is subjected to the morphological process-
ing, which is followed by the elimination of the false detection objects by using thermal infrared pedestrian ob-
jects classifier, thus obtaining the final motion feature extraction results. Finally, the final boundary feature
extraction results and the final motion feature extraction results are fused to obtain the final detection results.
Our experiments show that the proposed method can effectively reduce the adverse effects brought about by the
changes in ambient temperature, and further improve the extraction accuracy of foreground area of the pedestri-
an objects on the OSU and LSI thermal infrared image pedestrian objects detection dataset.
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Fig. 1  Footprint recognition technology route based on deep learning
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Intelligent criminal investigation system based on both footprint
recognition and surveillance video analysis

TAO Yining', SU Feng', YUAN Peijiang""*, WANG Tianmiao' , ZHONG Tao’, HAO Jingru’
(1. School of Mechanical Engineering and Automation, Beihang University, Beijing 100083, China;
2. Criminal Investigation Corps, Beijing Public Security Bureau, Beijing 100191, China)

Abstract: Criminal investigation is the basic requirement for cracking down on crimes and ensuring the
long-term security of the country. One of the key points in criminal investigation is how to effectively use the
collected information. In order to support criminal investigation better, an intelligent criminal investigation sys-
tem based on both footprint recognition and surveillance video analysis is proposed. The system is powered by
deep learning methods. First, using convolutional neural network technique, it predicts the characteristics of
suspected individuals based on footprint information, including the footprint length, width, distribution of
force, step length, stride, etc. Second, it uses the surrounding surveillance video big data for intelligent com-
parison to quickly screen criminal investigation objects and analyze the personal characteristics of pedestrians.
Finally, the virtual reality simulation technology is used to construct a finite element model of foot pressure and
sole stress analysis, and the model is used to obtain simulation footprints in various complex scenarios. The
three confirmed each other and organically combined to quickly select criminal investigation targets. Experi-
mental results show that the system can efficiently and accurately achieve people height prediction based on
footprint characteristics. Combined with video surveillance big data, the proposed system can quickly narrow
down the investigation range and find out the killer.

Keywords: deep learning; big data; criminal investigations; surveillance video analysis; footprint recog-
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Dual-spectrum intelligent temperature detection and health
big data management system
ZHANG Jieru, SU Feng, YUAN Peijiang” , WANG Tianmiao, TAO Yining, DING Dong

(School of Mechanical Engineering and Automation, Beihang University, Beijing 100083, China)

Abstract: Public safety video surveillance has played an important role in the battle against Corona virus
disease 2019. Aimed at the characteristics of high population density, large flow of people, and the easy
spread of Corona virus disease 2019 in China, an intelligent temperature detection and health big data manage-
ment system combining visible and infrared dual-spectral imaging monitoring is established to achieve contact-
less rapid temperature detection and face recognition while wearing a mask, and to quickly complete the regis-
tration of personal information. The system has been deployed in multiple places, and has passed the verifica-
tion of effectiveness and reliability. The measurement speed is fast and the response time is within 30 ms. The
measurement accuracy is high and the measurement temperature error is within +0.3°C. The measurement
range is wide and the monitoring distance is 0. 1 — 10 m. The face capture rate is over 99% , and the recogni-
tion rate is over 95% . The health big data management system can monitor and track back-to-back personnel
movements in real time, perform statistical analysis on personnel information and epidemic development big
data in multiple dimensions, conduct epidemic development trends modeling and prediction, improve epidemic
prevention and control strategies based on the analysis results, and carry out accurate and efficient epidemic
prevention and control.

Keywords: deep learning; video surveillance; dual-spectrum; temperature detection; epidemic situation
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Fig.4 IBN module structure
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MC B4 & 1 1404 AT A, Hdsk g 702 4
ANHY16 522 5K B A S N4k, 55 Ah Y 702 4> A
92 228> 2 1) R R g i i 4k L 18 AT 17 661 K &
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Python 155 SEBLAY o I 25 A0 1 25 R /£ NVIDIA
GTX1080Ti GPU Fizf7, Y%k B F %L epoch 15
9300, Yl Ry ) R G ECE  0.0002, 31 ZR 454>
bitchsize % & Fy 32, % L F] 150 4~ epoch I 27 )
R 10, B E M S HOLE N 5 x 1077,
XE = o4 2k oh S8 margin )8y 0.3, Z3[A]
TEE AL SCE BB rp i) 73 2H R By 64
3.3 AEXK

KU1 S E R E LG SCGE Bk 5] A
ResNet50 W 2%, 43 5l 7£ Market1501 , DukeMTMC |
CUHKO3 = A7 A F TR 51 188 ] &5 4l 4R DF i i s e
RIPERE . PEREDE O 4 R FH 4 Jm) BE B =) PR R 28 1Y
2% 8. (Global + DMLI) , DA M #: 47 F-HE F ( Re-rank-
ing , RK ) J5 1345

Rankl JE 818 45 /b B AG E lom 9 I v 2
IERA 4 R A9 HE 2R s Rank] (RK) 2 85 45 3R 1 HE 7
Jo &5 2R v A B I e 4 L e IE W A SR AR
CMC ( Cumulative Match Characteristic ) '™’ il £ J&
— Rl top-k 4 f; A HE A, 32 B TR PEAL 4] 4R o rank
fIE 4, 3% B Rank D 5 1 A9 HE 28 s mAP (mean
Average Precision) ") J& A8 7 (%) SF- 35 K5 3 2 (H, A5
R T A 26 5 AR IR s mAP(RK) 26
SERAEAT AR BRAE T BB 1 1 SRS BE (8 1
HERF I 3RS MR E 5, B 45 12 W IR B R 3R
HEFP SR R AT 55 AL EE AR 53

HiZ 1 AT RLAE i, ZE A SGE R 5, 72
Market1501"* Bl b4 REAR 22 A 2, (L AE i
1T Re-ranking ¥AE JG AE Rankl &5 P & D) &z mAP
T T 0.4% 0.3% ; 7E DukeMTMC""" % 4 4
L ,Rankl 5 R T 70.8% , mAP £ F} T
0.2% , 9417 Re-ranking #: /E 5 , Rankl i 7 #f %

#£7+0.5% , mAP $#£FF T1.5% ; 76 CUHKO03'"™ %k
Pt b, Rankl i R 4ETF T 1% , mAP $2 7} T
0.2% ,7E #17 Re-ranking #:/F J5 , Rankl $£F} T
3.5% ,mAP 4 F+ T 2.8% . WILLE I, FEIMAZ
) AL S, AR AT AR A R ROCR A B R
Tt

L2 K IN ZIARIH 162" o R B
BN JZ, 4 i IBN JZ 2[5 A F| ResNet50 R 4%,
43 #1E Market1501 . DukeMTMC , CUHKO3 = /~47
R 8 B S VAN O R R PR RE . PR RE T
22 5% 4 JRy BE B I R R BE B A9 45 2R (Global +
DMLI) , DA ) #7417 Re-ranking B VE IS By 4%

M2/ DIEM 5 A BN H—{L 25,78
Market1501 %48 % bV GEAH 22 A~ 2, Rankl £ 7}
T0.2% ,mAP $2F+ 7 1.9% ., £ #4T Re-ranking
B )5 7E Rankl d5 R 4ETH T 0.5% , mAP $2£ 7}
T 1.2% ;7F DukeMTMC %t #E % I, Rankl H#;th &
BTFT 2.9% ,mAP £ T} T 2.4% , 47 Re-ranking
A5, Rank] 5 rP AR TE 1.9% ,mAP $271 T
2.7% ;£ CUHKO3 %4 4 I, Rankl i i R 42 T}
T 4.2% ,mAP &£ F+ T 3% , 7 31T Re-ranking #
YEJG , Rankl 3+ T 5.5% ,mAP 327+ T74.5% .,
ATVE W TES] A IBN H— {02 )5, #8 T 5 ih
BRSO AT W] AR T

I3 K SGE BEHLA IBN IH—1k )2 hn A
ResNet50 2% 1 £ Market1501 . DukeMTMC ,CU-
HKO3 =47 A H- R B8 26 21 A ik 455 1Y
PERE . VEREDE Y 4R F 42 J) B B 0 J) S B 8 10 45
B (Global + DMLI) , DA M # 47 Re-ranking #:4E 5
1 2

% 3 ] LUFE i, 4 =5 (8] 7 2 ) MLl SGE 45
Pl IBN H—ABJZ A F ResNetS0 M 2% )5 , 1E
3 A EHEAE ERCRIYA WE ST 7E Market1501 %k

&1 ET SGE iRt iy 5 1% 58 7 Market1501 ,DukeMTMC,CUHKO3 %17 & £ #iE M

Table 1 Evaluation of improved model performance based on SGE module on Marketl1501,
DukeMTMC and CUHKO03 datasets %
Market1501 DukeMTMC CUHKO3
%) £ 25 H4
Rankl/Rankl (RK) mAP/mAP(RK) Rankl/Rankl (RK) mAP/mAP(RK) Rankl/Rankl(RK) mAP/mAP(RK)
ResNet50 91.0/92.0 77.6/88.5 80.7/85.2 68.0/81.2 60.9/67.6 59.7/70.7
SGE-ResNet50 90.5/92.4 76.8/88.8 81.5/85.7 68.2/82.7 61.9/71.1 59.9/73.5
&2 ET IBN E ¥y B M4 AL £ Market1501 . DukeMTMC, CUHKO3 % #E & F AiE 4
Table 2 Evaluation of improved model performance based on IBN layer on Marketl1501,
DukeMTMC and CUHKO03 datasets %
Market1501 DukeMTMC CUHKO3
I 245 25 g
Rankl/Rankl (RK) mAP/mAP(RK) Rankl/Rankl (RK) mAP/mAP(RK) Rankl/Rankl(RK) mAP/mAP(RK)
ResNet50 91.0/92.0 77.6/88.5 80.7/85.2 68.0/81.2 60.9/67.6 59.7/70.7
IBN-ResNet50 91.2/92.5 79.5/89.7 83.6/87.1 70.4/83.9 65.1/73.1 62.7/75.2
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0.9% ,mAP £ J} T 2% ; 7 DukeMTMC %X ¥ ££
L, Rankl 5 RETT 2.9% ,mAP T+ T 3%,
Re-ranking #: /E J5 Rankl ff F R ET+ T 2. 2%,
mAP 327+ T 2.9% ; £ CUHKO3 ¥4 4 I, Rankl
FHRIETT 4.7% , mAP 3£ F T 3. 2%, Re-
ranking #:/EJ5 Rankl d7 P 2427} T 5.4% , mAP
BIHT5. 1%,

BS 25 T JEBER L KO A SGE B il IBN
H—fLZ2E ke i g, v LLE Sk 5 i A
BAEVERE AR TR B A B AR T I T
o5 S AR 1) A AR

B 6 JETE AR M4 T, £ X 2 query

HH A [ — i A A R 1) A5 I, DA 3D 2 v
5 AR B Y 10 R AT NI R S bn e 3R
RS RS A A R A bR 4, B2 [a]— 4>
NG EL AR R R B AR ST A I R A2 A —
bR, BIAJE Rl —S Ao Al LAE L E5] A SGE 78
)V R AL LA S IBN 0 —AR 25, &4 R A T
ARG e, R W] T SR R A R

A4 UG E D5 S AT NN BT 5
ML, A 5 edt A O 120 e A, et
Jo T AR B B E, 7F Market1501 . DukeMTMC
Il CUHKO3 3 A Edla gk I A $2T1 0 5380 HiAl
A7 RN 5 AR B, SR S 0 5 0 R U HE
R EWAB R 5T, b n] DL S s
T3 12 AT Rb .

£ 3 HTF IBN E K SGE #3R B i 945 B 4§ 7£ Market1501 . DukeMTMC , CUHKO3 #1F & 8934
Table 3 Evaluation of improved model performance based on IBN layer and SGE module on Market1501,

DukeMTMC and CUHKO03 datasets %
Market1501 DukeMTMC CUHKO3
W 2% 45 14
Rankl/Rankl (RK) mAP/mAP(RK) Rankl/Rankl (RK) mAP/mAP(RK) Rankl/Rankl(RK) mAP/mAP(RK)
ResNet50 91.0/92.0 77.6/88.5 80.7/85.2 68.0/81.2 60.9/67.6 59.7/70.7
SGE-IBN-ResNet50 91.8/92.9 80.3/90.5 83.6/87.4 71.0/84.1 65.6/73.0 62.9/75.8
98
98 [ 94 5
X X
s 9% ol
B ¥ oot
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2 ac|
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AT/ € AT AN/ ¢
(a) Market150 15(4i4E L P45 R (b) DukeMTMCHIRAE L IFM 255
95} —
90
851
S
§ 8o
=
#H 75¢
70
65 F — ResNet50
— IBN-ResNet50
60 - SGE-ResNet50
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G/ €1

(c) CUHKO3% i g PP 4s SR
B 5 4 Fh 4 fE Market1501 . DukeMTMC ,CUHKO3 ¥ # 45 F#y CMC i £k
Fig.5 CMC curves of four networks on Market1501 ,DukeMTMC and CUHKO3 datasets
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ResNet50
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IBN-
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Fig. 6 Ten most similar pedestrian images on different networks
x4 BHBEWMAEEEFTABRINAERR
Table 4 Comparison between improved method and latest pedestrian re-identification methods %
Market1501 DukeMTMC CUHKO03
VRS
Rankl mAP Rank1 mAP Rank1 mAP
Svp! 82.3 62.1 76.7 56.8 41.5 37.3
PCE&ECN'?! 87.0 69.0 79.8 62.0 30.2 27.3
MLFN 22! 90.0 74.3 81.0 62.8 52.8 47.8
HA-CNN'%! 91.2 75.7 80.5 63.8 41.7 38.3
AlignedReID + + 91.0 77.6 80.7 68.0 60.9 59.7
AlignedReID + + (RK) 92.0 88.5 85.2 81.2 67.6 70.7
AlignedReID + + (SGE + IBN) 91.8 80.3 83.6 71.0 65.6 62.9
AlignedReID + + (SGE +IBN) (RK) 92.9 90.5 87.4 84.1 73.0 75.8
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Pedestrian re-identification method based on spatial attention mechanism
ZHANG Zihao'*, ZHOU Qianli"**, WANG Rong'* "

(1. School of Police Information Engineering and Network Security, People’ s Public Security University of China, Beijing 100038, China;
2. Key Laboratory of Security Technology & Risk Assessment, Beijing 100038, China;
3. Beijing Public Security Bureau, Beijing 100740, China)

Abstract: Pedestrian re-identification has always been an important part of image retrieval. However,
due to different pedestrian poses and complex backgrounds, the extracted pedestrian features are not robust
and representative, which in turn affects the accuracy of pedestrian re-recognition. In this paper, based on
AlignedRelD + + algorithm, we proposes a pedestrian re-identification method based on spatial attention
mechanism. First,in the feature extraction part, a spatial attention mechanism is introduced to enhance feature
expression while suppressing possible noise. Second, the Instance-Normalization (IN) layer is introduced in
the convolution layer to assist the Batch-Normalization ( BN) layer to normalize the features and to solve the
problem of single BN layer insensitivity to feature tonal and illumination changes, which enhances the robust-
ness of feature extraction to tonal and illumination changes. Finally, to validate the proposed method, exten-
sive experiment has been carried out on the Market1501, DukeMTMC, and CUHKO3 pedestrian re-identifica-
tion datasets. The experimental results show that the recognition accuracy of the improved model on the three
datasets has been improved by 2% , 2.9% , and 5. 1% , respectively, compared with model before modifica-
tion, which indicates that the proposed method achieves higher accuracy and more robustness.

Keywords: deep learning; spatial attention mechanism; pedestrian characteristics; feature enhance-

ment; convolutional neural network
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Fig. 1 Schematic diagram of detachable convolution
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Table 1 MobileNetV2 network structure

A BB z c n v
224 x224 x3 Conv2d 32 1 2
112 x112 x32 bottleneck 1 16 1 1
112 x112 x 16 bottleneck 6 24 2 2
56 x56 x24 bottleneck 6 32 3 2
28 x28 x32 bottleneck 6 64 4 2
28 x28 x 64 bottleneck 6 96 3 1
14 x 14 x 96 bottleneck 6 160 3 2
7 x7 x 160 bottleneck 6 320 1 1
7 x7 x320 Conv2d 1 x 1 1280 1 1
7 x7 %1280 Avgpool 7 x7 1

1x1xf Conv2d 1 x 1 !
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Table 2 MobileFaceNet network structure

WA BB z ¢

n v
112 x 112 x3 Conv 3 x3 64 1 2
56 x56 x 64 Depthwise Conv 3 x3 64 1 1
56 x56 x 64 bottleneck 2 64 5 2
28 x28 x 64 bottleneck 4 128 1 2
14 x 14 x 128 bottleneck 2 128 6 1
14 x 14 x 128 bottleneck 4 128 1 2
7 x7 x128 bottleneck 2 128 2 1
7 x7 x128 Conv 1 x1 512 1 1
7 x7x512 Linear GDConv 7 x7 512 1 1
1 x1x512 Linear Conv 1 x 1 128 1 1
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Fig.2 Face recognition method flowchart
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Fig.3 SRM module structure
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Fig.4  Structure of bottleneck layer in MobileFaceNet
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Table 3 Performance comparison of face recognition
models with different convolution frames based on

AdaCos loss function

- DU BE 7 % R F N/
LFW  CFP-FF AgeDB MB
ResNet50 98.41  97.88  88.46 161.5
MobileFaceNet 98.90  98.69  90.94 4.9
MobileFaceNet-SRM 99.15  98.85  91.24 5.2

L, 8 R 2 R R s AT B T, (E TR RS R A
LFW CFP-FF AgeDB 3 %4 /2y B4 7+ T
0.25% .0.16% .0.3% , ] LA H okt 5 iy 4 78 7
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Fig. 6 ROC curves of three backbone networks on
AgeDB dataset
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Improved face recognition method based on MobileFaceNet network
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(1. School of Police Information Engineering and Network Security, People’s Public Security University of China, Beijing 100038, China;
2. Key Laboratory of Security Technology & Risk Assessment, Beijing 100038, China)

Abstract; In order to solve the problem of more convolutional model parameters and slower convergence
speed during training, an improved face recognition method based on MobileFaceNet network is proposed.
First, we use the MobileFaceNet network to extract facial features. In the process of extracting features, the
number of convolutional layer parameters in the model is reduced by introducing separable convolution. Then,
the style attention mechanism is introduced in the MobileFaceNet network to enhance the expression of fea-
tures. At the same time, the AdaCos face loss function is used to train the model, and the adaptive scaling
factor in the AdaCos loss function is used to dynamically adjust the hyperparameters to avoid the effect of artifi-
cially setting hyperparameters on the model. Finally, we evaluate the training model on the LFW, AgeDB and
CFP-FF test dataset, respectively. The experimental results show that the recognition accuracy of the improved
model on the LFW, AgeDB and CFP-FF test dataset has increased by 0.25% , 0.16% and 0.3% , respec-
tively, indicating that the improved model has higher accuracy and robustness than the model before improve-
ment.
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An improved ORB algorithm based on region division
SUN Hao, WANG Peng”

(School of Information Science and Electrical Engineering, Shandong Jiao Tong University, Jinan 250357, China)

Abstract: The feature points extracted by the traditional ORB algorithm are not evenly distributed, are
redundant and have no scale invariance. To solve this problem, this paper proposes an improved ORB algo-
rithm based on region division. According to the total number of feature points to be extracted and the number
of regions to be divided, the algorithm calculates the number of feature points to be extracted for each region,
which solves the problem of feature point overlap and redundancy in the feature point extraction process. By
constructing the image pyramid and extracting feature points on each layer, the problem that the feature points
extracted by ORB algorithm do not have scale invariance is solved. The experimental results show that the fea-
ture points extracted by our algorithm are more uniform and reasonable without losing the accuracy of image
matching, and the extraction speed is about 16% faster than that of the traditional ORB algorithm.
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Fig. 1  Flowchart of proposed method
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Fig.3 Steps of using EEMD-PCA technique to extract principal component signal of heart rate and respiratory rate from BVP signals
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Fig.4 Original principal component signals and corresponding variance characterization series representation
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Table 1 Comparison of heart rate among

different methods

5k MAE/bpm MEP/% P A% R B
ICA 4 9.866 11.966 0.733
AR 5.334 6.755 0.751
CEEMD!'* 3.804 4.881 0. 860
FastICA 6] 4.541 5.881 0.821
ATk 2.928 4.161 0.902

x2 AEAAFHFRMELLR
Table 2 Comparison of respiratory rate among

different methods

VRS MAE/bpm MEP/ % P MK R EL
ICA 24 7.300 16.292 0.556
AR 6.718 14.294 0.612
CEEMD!'! 3.804 9.878 0.753
FastICA 6 4.541 15.726 0.623
ARSI s 3.085 7.769 0.829

2.3 #Riig
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67 P AR R o8 46 Ay S il 4 A3 53 AT AR A5 10 2 i
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Vital signs detection via facial video analysis

CHEN Hui', ZHENG Xiujuan"* , NI Zongjun', ZHANG Yun®, YANG Xiaomei'

(1. College of Electrical Engineering, Sichuan University, Chengdu 610065, China;

2. School of Electronic and Information Engineering, Xi’ an Jiaotong University, Xi’ an 710049, China)

Abstract: To detect the physiological signals related to vital signs via facial video is easily affected by
ambient lights and head motions. In order to reduce the disturbance and increase the accuracy of estimations of
vital signs, this paper proposes a facial video analysis method that combines Ensemble Empirical Mode Decom-
position (EEMD) algorithm and signals quality detection to accurately detect vital signs such as the heart rate
and respiratory rate of human beings. The performance of the proposed method is validated by comparing it
with the existing signal processing techniques in a public dataset. The experimental results show that the pro-
posed method can obtain more accurate estimates of heart rate and respiratory rate than the existing methods.
The correlation coefficients between the estimates and the golden standards are higher than 0.9 and 0.8, re-
spectively. The vital signs detection method has the potential to benefit real-time living face recognition and in-
telligent surveillance video analysis.

Keywords; facial video; imaging photoplethysmography; Ensemble Empirical Mode Decomposition( EE-

MD) ; signal quality detection; anti-interference
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Table 2 Model’s accuracy before and after compression

BEAY AR R NAFE/KB

ResNet-18 + hourglass + CBNet 0.92  0.90 24254
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Table 3 Model’s inference speed comparison
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Fig. 6  Partial pictures of dataset
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A lightweight multi-target real-time detection model
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Abstract; For the public security monitoring system, a lightweight multi-target real-time detection algo-
rithm is proposed in order to realize the accurate intelligence of the content analysis and improve the actual
service ability. First, the multi-fusion gradient cascade structure of CBNet is added based on CenterNet detec-
tion network, which effectively solves the problem of insufficient feature extraction capability of the backbone
network in daily monitoring videos. Second, the number of parameters is reduced through the model pruning
and compression, which can speed up the analysis speed of monitoring videos. During the experiments, the
dataset for training and testing consists of a part of COCO datasets and a number of field data collected by our-
selves. The ablation experiments are conducted with other mainstream detection algorithms ( YOLO, Faster-
RCNN, SSD, etc. ). The experimental results show that the presented model can effectively balance the speed
and precision in the analysis of monitoring videos for public security and has stronger universality.
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fort=11to T do

FEHLAEEZS mini-batches: B
for mini-batch do

BT R M 2 B 42 RPN
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d)[y = ljlm bh* =50
L. = l(:ls + ¢[}’ = ljllo(‘ bh* = 100

ZpAe RPN R th 4528 P, = { P, P, P
TS-FAN f&Hk .
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end for

end for
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Table 1 Ablation experiment of RPN on
Caltech dataset

R /g
FIER
All T4 Far 74  Medium 4 Near +4
C, 87.7 71.5 90.6 91.9
c, 92.8 75.2 95.9 97.7
Cs 82.4 59.7 85.4 95.2
P, 95.5 89.1 96.8 97.3
Ca 95.3 93.7 95.7 97.9
P, 92.9 76.2 96.3 97.3
Cys 93.3 77.3 97.7 97.9
Pas 93.7 91.1 94.5 93.4
Ciys 97.2 93.7 97.7 97.9

e H AR FEAE FPN A A5 300, Ul e 465 0 28
RS R 2 LRl A )5 B FPN SR 5 A
Z R AT E R
2.2.2 ¥ RBEIRAHAES TAT AR 69 A 2
B UEA L TS-FAN BEHR X 47 A A I 194 4%
P, AR S FPN BT AR 45 R AT T SE 8
XFE o 3% 2 H Y Proposal 2y FL 42 RPN % A,
4 FPN-P3 F1 TS-FAN-H3 43 %] % 78 FPN [ 2% F
TS-FAN [ 2% 15 ResNet-50 2 3 By Beka i, e 4wk
2L, TS-FAN-H3H4HS K78 £ 73 KAl . N3 2
"] LW g% F|, TS-FAN ## #t TS-FAN-H3 F1 TS-
FAN-H4 #{ % F+ FPN [y FPN-P3 f1 FPN-P4 ¥E
Caltech %45 4 b X547 W] . A 46 0 PR RE $2 71
H. )& TS-FAN-H3 [t FPN-P3 ¥£ Caltech 1) Reason-
able Near Medium T4 I 1947 A g K % MR [%
RT 17.45% 28% .11.25% ,TS-FAN-H4 %t T
FPN-P4 7¢ Far T4 L0947 A KL% MR 427} T
9.91% o X AT PTG 12 YRR 1 40 19 15 2
AR TR T BRI ROCR o
%x2 Caltech HIEETRIFERERSIFMIENERE
Table 2 Verification of validity of trans-scale

aggregation features on Caltech dataset

MR “%/%

Jr ik Proposal Reasonable Near  Medium  Far

T4 T4 T%H FH

FPN-P3 C, 31.29  43.31  31.75 54.06
TS-FAN-H3 C, 13.84  15.31  20.50 52.80
FPN-P4 c, 5.33 0.72  24.65 75.41
TS-FAN-H4 c, 5.12 0.47 20.08 65.50
FPN-P5 Cs 28.45 2.05 75.82 100.00
TS-FAN-H5 Cs 37.96 1.97  82.73 100.00
TS-FAN-H3H4H5 c, 6.16 1.57  17.24 50.38
TS-FAN-H3H4H5  Cys 5.53 0.47 13.76 47.30

{H 15 56 1 (1) J& 76 FPN-P5 Jin AIK2 WK 55 1iE
J& ,TS-FAN-H5 H¥E Caltech % Near i 74 I
O MR T, R AT U 25 O R SRR 2 ) B
SRR, B 1] F R R SE AT AN S B A, TG
H#F 2 A & 8 RE R G FAELE Caltech 1)
Reasonable Fl Near Jllif F £ I £ PR R AL T
P RO SR A FRIE , M AE Medium F1 Far U 74
AT AR Z MR 23 17.24% F1 50. 38% , W i
T s R R G RE . X0 i T2 RHE 1
D) AN R A R 1 SR E S S N AN N 3 =8
A SCHNT T B 4E RPN fE £ 1512 RPN FEEA &
s R B A R AE TS-FAN-H3H4HS5 | RE0% 5 45 3 4
f i 2 ROBEAT NS5 4, 76 Reasonable , Near , Medi-
um  Far Il 74 E47 A AL % MR 72 43 51 ik 3]
5.53% .0.47% .13.76% 47.30% ., H7E R R
FEAT N 1 e b 4 B A A, D R AT
IAZ5°h Z f42 RPN 55 — B BeAT A TR i i i i
TN EARL B HE SR (T /&5 A Il 388 | g T it A7 A%
Ve X 4k
2.3 5HI—RITARNAENLIEE

AT R A 1] % B AR SCOF I 2 ROBEAT A Al
FIA R, 1 e AE Caltech M BUIR4E 5 H A3
BB F 19 AT A K J7 3% FasterRCNN + ATT' |
RPN + BF'™'  AdaptFasterRCNN"'  F-DNN +
ssP PCN™  GDFL™  F-DNN2 + SS* | TLL-
TFA Hl AR-Ped ™ #4772 8 Xf b, A 3 ]
DL H, A3 TS-FAN J7 i 4% Caltech 345 45 1 I
157 I i i A 4 B8 , L 7E Reasonable All | Near
Medium FI Far () 74 F, 17 A # R MR 7 %3 51
$5.53% 26.21% 0.47% 13.76% F1 47.30% .
1 Caltech P35 3 45 Reasonable 145 |, A CHf
BB T Y 0T — W) AR-Ped J5 5, 47 AU i 3
MR B T 0.92% . 54 [{ 4056 H TLL-TFA J5
LA, 7E All Near Medium Fl Far 1) F4E F47 A
TR R MR 4 K&K T 11. 94% . 0. 25% .
9.16% 1 12.79% . AL L5 X L 45 R an &l 5
HRT R, AT DL B M O 2% 3 AR SCHR Y TS-FAN
P 28 X6 T AN ) RUBE 14T N S 4 141 3% B A A e 1 4
N SRS E S

)2 R R A7 2 Je) 350 20 777 4R E £ 8 TN 4 R A
T 1) R LA L, (75 I 4% 5 T o7 B J A A ) o o
AT AT N (] 4308 424 ) A1 [R) A 2 0 o B A 5 4
TIHAT AR AR o TS-FAN J5 3k 7€ Caltech %5 4fg
SE ) Partial Al Heavy T4 5 24 {ij 4 /¢ i) TLL-
TFA JriE ML, 78 Partial #1 Heavy T4 17 AJw
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TS-FAN J5 347 AR 2% MR 232 F+ 719.97% Fi

29.21% , 408l 6 (e) F1 (f) Fr7x . T 7E Near ¥ ££
|, TS-FAN 77 348 RPN + BF J5 3£ fil F-DNN2 +
SS 5 ¥ AT AU A% MR 77 43 BIBEAR T 1.519% Fi
3.19% , HJF AT 45 R4 3C TS-FAN J7 ik 5
it IS R 2 R 0 4 B2 AR AE B 40 9% 32 g it [
ToRAE 64 1) .

RHIE G 4l L A< SC TS-FAN £ B 7 Caltech
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Table 3 Comparison of proposed method with some state-of-the-art methods on the Caltech dataset under

different overlapping evaluation protocols

MR ~%/%
7k
Reasonable 14 All 745 Near ¥4  Medium ¥4  Far 4§ Partial ¥4 Heavy f-4£
FasterRCNN + ATT!?%! 10.33 54.51 1.43 40.75 90.94 22.29 45.18
RPN + BF[®! 9.58 64. 66 2.26 53.93 100 24.23 74.36
AR-Ped ®! 6.45 58.83 1.37 49.31 100 11.93 48.80
TLL-TFA 2! 7.40 38.15 0.72 22.92 60.09 18.49 28.66
TS-FAN (2= 30) 5.53 26.21 0.47 13.76 47.30 10.68 17.82
1.00r=sz 1.00 1.00[
C _ 0.64F
. 040f . 0.40F=r,
s M I }"\ﬁ 4 L™
< £ 020 2 & 02047 1
= N BN L
0.10 0.10F NN 0.10f !t
TN LF
0.05} 0.05} e 0.05F o
103 102 107! 10° 10! 1032 102 107! 10° 10! 107 107" 10° 10!
Tl B PR B Tk Il ) B PR A~ 5 Tk I A B PR~ 5
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MR2=58.83%,AR-Ped --- MR2=8.45%,PCN - == MR-2=1.14%,GDFL
--- MR?=54.51%,FasterRCNN+ATT === MR2=8.18%,F-DNN+SS --- MR2=1.14%,F-DNN2+SS
--- MR2=50.29%,F-DNN+SS --- MR2=7.85%,GDFL MR~2=0.85%,AdaptFasterRCNN
--- MR2=49.80%,F-DNN2+SS - - - MR?=7.67%,F-DNN2+SS MR-2=0.57%,TS-FAN
--- MR?>=48.14%,GDFL --- MR2=7.40%,TLL-TFA - == MR2=0,FasterRCNN+ATT
--- MR2=38.15%,TLL-TFA MR2=6.45%,AR-Ped === MR2=0,TLL-TFA
MR2=26.21%,TS-FAN MR2=5.53%,TS-FAN --- MR2=0,PCN
(a) All T4 (b) Reasonable T-4& (c) Large T4
1.00r 1.00p 1.00 — -
0.641 0.64[ 0.641
o« 0.40 « 0401 o 0401
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(d) Near T4
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MR2=22.92%,TLL-TFA
MR2=13.76%,TS-TFA

(e) Medium T4

--- MR?=100%,PCN
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--- MR2=90.94%,FasterRCNN+ATT

=== MR2=77.37%, F-DNN+SS

--- MR?=75.83%, F-DNN2+SS

--- MR?=70.97%,GDFL

=== MR?=60.09%,TLL-TFA
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(f) Far 74&
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Fig.5 Comparison of proposed method with some state-of-the-art methods on Caltech dataset
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Fig. 6 Comparison of proposed method with some state-of-the-art methods on ETH dataset
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Fig. 7 Comparison of visualized effects of proposed method with some state-of-the-art methods on Caltech dataset
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Fig.8 Comparison of visualized effects of proposed method with some state-of-the-art methods on ETH dataset




1794

b B = R KR

A AL AR

M ]

2020 4F

3 4 i

1) ASCEE R 2 RIEFT AKIAT 55, B3t T —
b 25 ROBE SR 3R & 19 2 RO AT AR I I 4%, o
1 2 AR RPN RUBE A0 £ 5 s O 47 U B B 4
B8 B Y AR A X

2) $EH TS-FAN W28 B8R O 2 ROE A7 A
R 1 2 4 AL 1 g o MR BRI JE TR AR 4R
B, I3 1 52 56 56 9F TS-FAN %) 4% #5 Bk E (3. 35 12
AT AR RE

3) it 2 ROBEAT AR I ™ 4%, Bk & £ Bk 4%
RPN 75 21 i1 i & H A5 X 8 F0 85 REE 2R 4 55 A1k
FEAT R FORS 40 4 = 8] 07 . S 45 R R W],
AL TS-FAN 7£ Caltech U454 #1 ETH (¥
& LU T — A 2 RUEZEAT AR PR BE

S Z 3 Hk (References)

[ 1] REN S,HE K,GIRSHICK R,et al. Faster R-CNN ; Towards re-
al-time object detection with region proposal networks[ C] //In-
ternational Conference on Neural Information Processing Sys-
tems. Cambridge : MIT Press,2015:91-99.

LIU W, ANGUELOW D, ERHAN D, et al. SSD: Single shot
multibox detector[ C] // European Conference on Computer Vi-
sion. Berlin : Springer,2016:21-37.

[ 3] ZHANG X W,CHENG L C,LI B, et al. Too far to see? Not re-

ally! —Pedestrian detection with scale-aware localization poli-
cy[ J]. IEEE Transactions on Image Processing,2018,27(8) :
3703-3715.

—
&~
-

GIRSHICK R,DONAHUE J, DARRELL T, et al. Rich feature
hierarchies for accurate object detection and semantic segmenta-
tion[ C] // IEEE Conference on Computer Vision and Pattern
Recognition. Piscataway ;: IEEE Press,2014 ;:580-587.

[ 5] DALAL N,TRIGGS B. Histograms of oriented gradients for hu-
man detection| C] //IEEE Conference on Computer Vision and
Pattern Recognition. Piscataway : IEEE Press,2014 .886-893.

[ 6] Ffirsc, WA, 220 5. — Fh 55 T 2 R A FBL A8 2% ) 19 43
HAT ARG IT 3 T]. B 3 fbaE4) ,2012,38(3) :375-381.
ZHONG Y W,KUANG H L,LING Q Q. Two-stage pedestrain
detection based on multiple features and machine learning[ J].
Acta Automatica Sinica,2012,38(3) :375-381 (in Chinese).

[ 7] SINGH B,DAVIS L. An analysis of scale invariance in object
detection snip[ C] //IEEE Conference on Computer Vision and
Pattern Recognition. Piscataway : IEEE Press,2018 :3578-3587

[ 8 ] SINGH B,NAJIBI M, DAVIS L. SNIPER : Efficient multi-scale
training[ C ] // International Conference on Neural Information
Processing Systems. Cambridge : MIT Press,2018:9310-9320.

[ 9] LIUST,HUANG D,WANG Y H. Receptive field block net for
accurate and fast object detection[ C] // European Conference
on Computer Vision. Berlin; Springer,2018 :385-400.

[10] LIU W,LIAO S C,HU W D, et al. Learning efficient single-stage
pedestrian detectors by asymptotic localization fitting [ C ] //
European Conference on Computer Vision. Berlin: Springer,
2018 :643-659.

[11] HE K Y,ZHANG X Y,REN S Q,et al. Deep residual learning

[12

[

[13]

[14]

[15

[—

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

for image recognition[ C] // IEEE Conference on Computer Vi-
sion and Pattern Recognition. Piscataway : IEEE Press,2016:770-
778.

HONARI S, YOSINSKI J, VINCENT P, et al. Recombinator net-
works ; Learning coarse-to-fine feature aggregation[ C] // IEEE
Conference on Computer Vision and Pattern Recognition. Pisca-
taway ; IEEE Press,2016:5743-5752.

WAL L, 2 LA XM, 26 R AR 1G5k 1 SSD B0 B B e H
FRARI b B AT [T ] 3 B LA B i 5 R e e ),
2019,31(4) :63-69.

TAN H C,LI S H,LIU B, et al. Feature enhancement SSD for
object detection|[ J ]. Journal of Computer-Aided Design & Com-
puter Graphics,2019,31(4) :63-69 (in Chinese).

LIN T Y,DOLLAR P,GIRSHICK R,et al. Feature pyramid net-
works for object detection[ C] /IEEE Conference on Computer
Vision and Pattern Recognition. Piscataway : IEEE Press,2017 ;
2117-2125.

LIU S,QI L, QIN H F,et al. Path aggregation network for in-
stance segmentation[ C] // IEEE Conference on Computer Vi-
sion and Pattern Recognition. Piscataway: IEEE Press, 2018 ;
8759-8768.

ZHAO Q J,SHENG T,WANG Y T, et al. M2Det: A single-shot
object detector based on multi-level feature pyramid network
[ C] // AAAI Conference on Artificial Intelligence. Menlo Park ;
AAAI Press,2019,33:9259-9266.

LI Y,CHEN Y, WANG N, et al. Scale-aware trident networks
for object detection [ C] // IEEE International Conference on
Computer Vision. Piscataway : IEEE Press,2019:6054-6063.

LI J,LIANG X,SHEN S M, et al. Scale-aware fast R-CNN for
pedestrian detection [ J ]. IEEE Transactions on Multimedia,
2017,20(4) :985-996.

DOLLA P,WOJEK C,SCHIELE B, et al. Pedestrian detection:
An evaluation of the state of the art[ J|. IEEE Transactions on
Pattern Analysis and Machine Intelligence,2011,34 (4) .743-
761.

ESS A LEIBE B,GOOL L V. Depth and appearance for mobile
scene analysis[ C] // IEEE International Conference on Com-
puter Vision. Piscataway : IEEE Press,2007 :1-8.

SONG T,SUN L Y,XIE D,et al. Small-scale pedestrian detec-
tion based on topological line localization and temporal feature
aggregation| C ] // European Conference on Computer Vision.
Berlin ; Springer,2018 :536-551.

BRI S 78 = I ¥ AR AN ER N R i
W [I]. db 5L %8 A K K 4% % 4R, 2015, 41 (12) ¢
2309-2318.

WAGN G,CHEN Y G,YANG S C,et al. Robust visual saliency
detection method for infrared small target[ J]. Journal of Beijing
University of Aeronautics and Astronautics, 2015, 41 (12)
2309-2318 (in Chinese) .

ZHOU P,NI B B,GENG C, et al. Scale-transferrable object de-
tection[ C] //IEEE Conference on Computer Vision and Pattern
Recognition. Piscataway ;: IEEE Press,2018 :528-537.
e, AT BRF-, 2R, S5 T 1 2 R H bR A Bk
Faster R-CNN 553 [ 1], 55 WL Bh B2t 5 B 2% 22 4,
2019,31(7) :1095-1101.

LIX G,FU C P,LI X L, et al. Improved Faster R-CNN for
multi-scale object detection[ J]. Journal of Computer-Aided De-
sign & Computer Graphics,2019,31(7) :1095-1101 (in Chi-

nese) .



EHR ] WO AE B TS R FRE R G W 48 1 2 RUEEAT AR U 1795
[25] &M, F 28, Rk TE, 4. o kg SSD i3 B b5 A I Jr [33] LIN C Z,LU J W,WANG G, et al. Graininess-aware deep fea-

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[J]. 5 fE2#412,2019,30 (3 ) :248-268.

PEI W,XU Y M,ZHU Y Y, et al. The target detection method
of aerial photography images with improved SSD[ J]. Journal of
Software ,2019,30(3) :248-268 (in Chinese) .

VEUK, AR, B Sl A5 N B bs i 5 4 B A
12 LI ] A s iR R 25 41,2016 ,42(2) :310-317.

XU B,NIU Y X,LYU J M. Object detection and segmentation
algorithm in complex dynamic scene [ J]. Journal of Beijing
University of Aeronautics and Astronautics,2016,42(2) :310-
317 (in Chinese) .

LIU W,LIAO S C,REN W Q,et al. High-level semantic feature
detection; A new perspective for pedestrian detection [ C ] //
IEEE Conference on Computer Vision and Pattern Recognition.
Piscataway ;: IEEE Press,2019:5187-5196.

ZHANG S J,YANG J,SCHIELE B. Occluded pedestrian detec-
tion through guided attention in CNNs[ C] /IEEE Conference
on Computer Vision and Pattern Recognition. Piscataway : IEEE
Press, 2018 :6995-7003.

ZHANG L L,LIN L,LIANG X D, et al. Is Faster R-CNN doing
well for pedestrian detection? [ C] // European Conference on
Computer Vision. Berlin ; Springer,2018 :618-634.

ZHANG S S, BENENSON R, SCHIELE B. Citypersons: A di-
verse dataset for pedestrian detection[ C] // IEEE Conference
on Computer Vision and Pattern Recognition. Piscataway : IEEE
Press,2017:3213-3221.

DU X Z,EL-KHAMY M, LEE J, et al. Fused DNN: A deep
neural network fusion approach to fast and robust pedestrian de-
tection[ C] //IEEE Winter Conference on Applications of Com-
puter Vision. Piscataway : IEEE Press,2017:953-961.

WANG S G,CHENG J,LIU H J,et al. PCN; Part and context
information for pedestrian detection with CNNs [ EB/OL ].
(2018-04-12) [ 2020-01-27 ]. https: // arxiv. org/abs/1804.
04483.

[34]

[35]

[36]

[37]

[38]

[39]

[40]

1
E

0

3K
it

ture learning for pedestrian detection [ C ] // European Confer-
ence on Computer Vision. Berlin; Springer,2018:732-747.

DU X,EL-KHAMY M,MORARIU V I, et al. Fused deep neural
networks for efficient pedestrian detection[ EB/OL]. (2018-05-
02)[2020-01-27]. https; // arxiv. org/abs/1805. 08688.
BRAZIL G,LIU X M. Pedestrian detection with autoregressive
network phases [ C] // IEEE Conference on Computer Vision
and Pattern Recognition. Piscataway: IEEE Press, 2019
7231-7240.

DOLLAR P,TU Z,PERONA P, et al. Integral channel features
[ C] //British Machine Vision Conference,2009:91.1-91.11.
OUYANG W L,WANG X G. Joint deep learning for pedestrian
detection[ C] // IEEE International Conference on Computer Vi-
sion. Piscataway : IEEE Press,2013:2056-2063.

ZENG X Y,OUYANG W L,WANG X G. Multi-stage contextual
deep learning for pedestrian detection[ C] // IEEE International
Conference on Computer Vision. Piscataway: IEEE Press,
2013:121-128.

OUYANG W L,ZENG X Y,WANG X G. Modeling mutual visi-
bility relationship in pedestrian detection[ C ] // IEEE Confer-
ence on Computer Vision and Pattern Recognition. Piscataway :
IEEE Press,2013.:3222-3229.

TIAN Y L,LUO P,WANG X G,et al. Pedestrian detection ai-
ded by deep learning semantic tasks[ C] /IEEE Conference on
Computer Vision and Pattern Recognition. Piscataway: IEEE

Press,2015:5079-5087.

EEA:

U IS U S 7/ I e SR s 3 (1l P NG L 3 R A
17 2C I L R e s 3 e RN R V8 B T B
TR BEFIPL &



A 4R

1796 b B = R KR 2020 4

Trans-scale feature aggregation network for multiscale pedestrian detection
CAO Shuai, ZHANG Xiaowei” , MA Jianwei

(College of Computer Science and Technology, Qingdao University, Qingdao 266071, China)

Abstract: Space scale variation of pedestrian instance is one of the main bottlenecks affecting pedestrian
detection performance. For this issue, a Trans-Scale Feature Aggregation Network ( TS-FAN) is proposed to
effectively deal with multi-scale pedestrian detection. First, in view of the feature differences among different
scale spaces, we introduce a scale compensation strategy based on multi-path Region Proposal Network
(RPN). According to the effectiveness of the convolutional feature layers of different scales, a series of candi-
date regional scale sets are generated adaptively from the feature maps corresponding to the size of the recep-
tive field. Second, considering the semantic complementarity of convolutional features at different levels, a
trans-scale feature aggregation module is proposed to effectively aggregate with semantic robustness highllevel
features and with accurate location information of low-level features and achieve enhanced representation ability
of convolutional features, by aggregating horizontal connection, top-down path and bottom-up path. Finally,
combining the multi-path RPN scale compensation strategy and trans-scale feature aggregation module, we
construct a multi-scale pedestrian detection network by adaptive scale perception. The experimental results
show that, compared with the state-of-the-art method TLL-TFA, the log-average miss rate of pedestrian detec-
tion on widely-used Caltech dataset is reduced to 26.21% (increased by 11.94% ) for whole-scale pedestri-
ans (above 20 pixel in height) , and 47.30% (increased by 12.79% ) for small-scale pedestrian ( between
20 — 30 pixels in height). And the similar improvement is also achieved on ETH dataset with drastic scale var-
iation.

Keywords: pedestrian detection; scale perception; feature pyramid; feature aggregation; non-

maximum suppression
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LA U 1 5 R

1 #xXTIME

e SRE N E I AV Bk S F O SR
BT I S U Z 45 4E , 491 4 LBP \HOG ( Histogram
of Oriented Gradient )"’ | SIFT ( Scale-Invariant
Feature Transform) '™ 28 ¢ B | i3 #6 J5 o fF —
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T # 3h 41: 3E AT 0 40 B0 Chen I Hu'™"' 42 i 2%
1] 5 2R 27 > 0 2%, (] ] Ji A TP 5 A ) 2 1 1 BT R
2234 JUA Inception J2 15 3 45 4k 18] 9 17 il 5 % >
ENEE S A N DS N ERE B = WA K /I U B=SPANGS S
o Liu &5 AR T — PR A A8 B 1 4 2R
(19 3D & FRUA 22 W 2%, i ) 45 BT ARG 3 5 72 1Y
T 750 ¥ 23 B A 5F HL AR IR B X B R AEFRAE .
Nguyen 45 48 th T — >3 F 5% 22 W 4 oy JEfik 14
ZRFIEK P BB A T vk AR 2 R R s =
UE B R 5 Ok il 10 i oo HL v 3

T o7 > R B B s AR Ak R e R
2015 4, Toffe Fl Szegedy *’ 2 thi Ht £t 1 W 4k , X 2
i B BURE Z 5 8 E AT AR AL 0 ) 2% 1 4k
PR P 2 At i 0 T Ak X T Ak 3 ) RN EURR
S EHE b P N HAOR B 2E . 2017 4, Ulyanov
ST ST T U Ak X B BT AT A B A P
PG B XK, RE 8L A i 30 552 8 AN B0
fiE, FLROCRAE UG AR TE 7%, e 20 H S 4 55 5 T =L
AR R, Wu Fl He'™ 7E 2018 41y 5 it 5t
IENACHY Ry R 32 1 ZH AR AL, s 1 e At AL B
BN B RS  H R A I A 3K B O A I O
VAR B A o 2019 4F 28 BTN 2 o T 5 0k
i U 1o U A X T 2 T ) A R 15 SR ik — 2D Y
Tt AR T ALENA A0, TR DR B T A
1 JUI Ak 7 AL AL PR BT IR .

2 EXR[FHE

T D) P ) 5 A it LR A o 28 O 4 2 > AT
{14 BB oA A 0, 4 BEAT IE DU Al Ak B IR 4 g —
LU ZR K 1 0 A HE A — K, b T 4 )2 B A %L
I o3 A1 HRAE AN BT 9 A2 AL, 33X 2 T B0 46 E LA
T 1 DU A 3 202 X i A B 080 AT AR AL DLAR v
R (b 3 2, B 1k s 0L, 32 6 3 02
PERETT o A TR 1 22 W 45 mp i i LR I U 4k 7
WA At A | S 0 U A 4T U Ak A D
ot W SOE T S04 o SR sk — b 1 DU AR 1z FH A AS )
14 S R TE U A 3 2 T IR R e SRR
[ AL 5 S 451 T Ak 3 28 T KU 2 AR L IR 4y
HE A 5 i 2 IE U AR R SR b T A I D Al AR LA
HR /NIy 2 BUASCR B 22 1 i A — S AR i A% 1
T RLSE A TS5 49 TE D0 Ak 5 3o 3 A N S U A AN
ACALTR ARt 1E DA X T4 Ak B 5 /) ik 2 BE 2 1]
B PR AR 1 At T DU A X T A BRI A RICR



59

2LV, A T TG L Uk SR P AR T IR N O ik

A 4R
NEEEE

1799

2.1 #HEEMHK

A T U AR i R R OR R Y —
il TE U AR Y O 5, R 5 U (1) T L
A, TR 20 (2) 6 A3l AT TE AL

N H W
1
- NHW 1
s NHW nzzl ; uz:l X chw ( )
X F s~ M
Xgy = h BN (2)

AHex,,, WEHEKEIOCRE,x =[N, C,H, W] K
FRAE K, N AL A KN, C REEELH Fl W
5330 HEAE T 00085 098 s 0 S B R D 0 2
50 W B2 N RFAE S5 1E AL R4 IS i1

HEEE WAL 3 R X A — A T, 8L
P AE A B PR B H, WA B T A AL A B
Y 7 22 s il (0 A 5 e SRR E o 0, 22 R
1 P IE 20 A, 080 Y1 S5 TR 22 0 245 Bsf DN 3 P10 A
R, b G R B %, HRE R o R I ELonpk
W SR B X AL BN T — 2 R A
TR 28 0 26 48 49— 38 4%, 491 01 ResNeXt™'' Incep-
tion'™ Dense Net'™ 2§ i 1F U] b th A — & Y Bk
s B SE Ay 22 SR RIS I SR8 ST AR,
i AT TS E, R 7 R B B A R AT
WENAE 24 B AR EE oA &R AR AR RT3 Y
g Rt ] BE & 7 A AR Ak, i 2B [R) B 4 5 807 I Sk
FOMR S 7= A o JE . AN, LA B RN T &
FAL TN GBI W Y AE AN 7 228 3 R R AR
2.2 EHIIENL

54t 1 W A AS 8] 9 2, it OE W) 4k v A
— YR AL AL B A /N B A7 IE Ak, AR Tk B o A —
B, PR R 0 A R Hp 6 R e T R R A 1) 43 A
Do SR SE 15 1F ] Ak 2 ok B3 A vk b i B A B e
PEAT IE AL, BT LA SE ) E AL i (5 BAERR B T H
BRI A T AR £ T — 4 A
= OHREXN T A EEZREAE B, HE
B (3) TR L A B R (4) %
ANERAE R FEAT E AL

oW
1
= — 3
M HW,,Z‘, wz:] % nehw (3)
A xll(‘ nw -
Ay = h MiN (4)

\/HlWhl ;l (% e _IJ«m)2 tw
A s RIS R AE B 0 E5 08 5 v, O RRAE Z8 0
IE WA AR e O fEL
S IE U AL T T KURS S RS AR AR A 55
B TR AT LK P e i e R RE S A R

15 8o AHR A S 1E Ak 32 2 F T R 43 25 1 1]
AR A T Ak Y 45 SR ke R 22
2.3 AENK

Y1 IE AR R T et e D DU A b Ak B
KNI /NI $ A 2 T D) e 3 T A
IEAE R S I AR ) B Ay 25 . 2 IE Nk
B St /N TG, BT DAV B R AR & Rt
HAR/NTEBAR AR, A IE Ak B S 2l i = (5)
THE A A Y, #5255 30 3 5 (6) X 43 40 9F 47 1
WAL A, G A B IE R C i RN

(g+1)C/C H W

1
G = xnmw (5)
TRy TP I IPIE
A Xpehw ~ Mo
Xon =

(g+1)C/G H w

1 2
\/( C/G)HWC;/G Z‘l ; (%ppe — Moy )+ @
(6)
G O T8 3 B 5 ey J9 3T ) AL B 1Y
PAH s % N R AE 28 28 1E AL B R J5 1 5 ¢ il
B 5 R
2.4 iR R e Rz IE 4k
Aok I8 45 W 7 T D) A R 552 7] 2 DU A S A ] — A~
i JE PEAT HRAR 3B — AR B B — 1 E

S [
v ZW’; Z,]x; (7)
-~ 1 e (8)
JHWh—lz‘le/ +w
R Y (9)
v tw

ey Mg Dl 2 2] (SR, a1 9 285 1 I
SJAFE] 0” S RRAE B R T s 2 h
TEJU AR S5 o AR HRUAE 5 3, O 5 AE 22 0 10 U AL A )
P 4% i ) 19 4L
2.5 BAEMNWK

AT, 268 K 22 5000 TR JBE I 6% 1 FH 1) 48 i o —
F14 T D) P SR e, 2 SR L BE S R B EL B B I
[a] I s 23 o — & A o BB IE A SR filE
T PR E WAL AR 25 5 B4 7 I RAF T PRI IE
WAL S DL R, IR AN T PIE AN L o il 4
TE U AL SR AL, At i TE U AL R E AR B T A%
AREAR Z 1] DX R o A5 5 B 22 M 45 25 )
S EN IS e 9 R o S IE AR T BR T AR
Xt EE, (EURE R 01 A A5 8, 2o B s i 7 O
DN PETR AN T I AR e i, () B i PR A T
WAL OE A B AN E T AR5 s 5, 0F Bl
I e 17 T DU P 19 D7 2 %o i E L TE R NG B



1800 J OB MR K ¥ ¥ R

2020 4F

WRIT A E 25 B R IR, 25 %8 RIS
TEN A SR 5 AEI W 25 25k b LUOR B 4% B B3,
I M EAME . {5 % SCHRI35 T8 %, XF ResNet18
Bk 7 W 45 1 S AL AT S T i 5 — 4 R
7R 64 /l\i_iEF K 64 A~ 38 oy A~ 32

FIX P A~ 32 38 3 2 9 1% B A [A] G A e Ko
FRN + BN, IN + GN DA & BN + GN F 43 F id 1
A (10) ~ 30 (12) FEAT IE WAL 40 2], 12235 4 1E W 4k
i JE RIS 32 Sl E PHEAE i R F N — L

o C . C .

XFRN+BN  — Cat( Txmw 97xBN) (10)
A C . C -

XINioN = Cat( jxm ?Tx(;N) (11)
n n C A

XBN+GN = Cat( ?xBN ’?ch) (12)
Xrpe £FRN+BN \’ACINH;N \;CBNH;N PR GG IE N4k

Ak PR B RFAE 5 cat pRRUT] T 3% 45 A [R] 1E U4 pR %L
Ab B BRFAE o SR ALK A7 35 51 A E 4K e
B0, AT RE B DR B A A R AL Al B R e R o
AR T A HE N R BB TR AR R
B A IR

3 % W

3.1 BEE

S VEAS BT B2 A I 1 AR 5 vk Y RICR ANz
ek, A& SCHE 2 A B I B A T B A g
(FER2013 I CK + ) F#k4T 75256 . DL T 4y 22
I — R &2 MR .
3.1.1 FER2013 ## &

ZEYE 4L & 1 ICML ( International Conference
on Machine Learning)2013 o] |8 AT o 1
o) KA 4R o AR R A 8 B, X SE R A A
O AR IBOT B 5k & R 2 e 3R R A5 4 T 40
B, BT LAk 26 (8] Ry ml 68 A M 7S Bl 2 SO A X
Mg, A By B R #R 4 A B O AR BT
48 x 48, 155 T 28709 skl Zk & F,3 589 5'K—%lﬁ|5
& #3589 skl 1] Jr &Ry A 7 R R bR B

Eg\,.,, &7 E3

ﬁ' L ”LA

'5

(a) Ffg7r25 01

Kl 1 FER2013 %dlsde 1 7 2

ARRE FEN R o BT, X
TRpFRESREE T OHE Y%K Ekman 5 Fries-
en" X FME O T L KN4 R 6 Bl (RS
PROE CEM R 2% 0 B ) 38 R T AS [ R %
FSCAb 25 5 0 3l B JE SO IN T R R S
o — g 7 MR, B 1 (a) BART
FER2013 %A 3RAG /- MR 6], 8 1 (b) 45k T
FER2013 & A~ A% $icit 1 43 A 15 00 .

3.1.2 CK+ #%#%&

PR CK + %4 5 F T 1Al AR 0 3 56
Sz s g E A SR . CK + 40 T 123
ARG BRI 593 AT T 51 o 3K L T A 5 S8 I
] A 10 T 2] 60 MiAS 45, &7 T M 1 JG: 155 )
R FAE LA, FEX B POk B 118 X4
1) 327 NP AR T SRR E (R K
MLDCE FEAD R 2% 0 AR ) ER R T AR
B RS, 5 FER2013 KA, CK + T B
PARCE: 2 9F B CK + S A 248 E TR I 2
£ IR UEAE R BT DA SR T4 IR A g —
FET WA E R J5 ik K 28O 2 8 B
Ja 1~ 3 Wi E A w6 A A WU A E S 1
T (PR SRS X SRR S O 0 AL, #E AT n
5 538 LB UESE 85, — Mt n HUS 8,10, ¥ 2(a)
RT CK + RAF MR, B 2(b) 51T CK +
A NG B W 3 A B
3.2 WMEEHRE%

BT ResNetl8 W25 L F By, $2 13 3 FhER G
TE WA A TR X 28 R AT AR, O AT = A 0
L 3 0 245 e SO 1 DU £k 5 o T U £k | S B O 0 Ak
541 1E W4k 41 1F W4k e w0 Ak 2 i 4 A .
ResNet18 40 T 4 N3 He, & 3 1 (a) £/
A 7 B — IE W L S i ( BN FRN  GN # IN) fE
HEREAE L, BRI 1 2 BT <7
3 x3 B, B2 FER2013 FI CK + #f 2 K
FEEMR, TR 2 A8l 5 0 18 &2 0k 3 4
AR5k 22 M 2% 1 A R 3 3B IE  fE e — B

10 000
8000

g 6000

= 4000
2000 l

0

i BEL. FoEN il BF Pk
QOE-FS i

71 ) B A Bt A

Fig.1 Samples of FER2013 dataset for facial expression and distribution of number of each facial expression
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Fig.2 Samples of CK + dataset for facial expression and distribution of number of each facial expression
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Table 1 Experimental results of basic framework and

adding joint normalization strategies
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Table 2 Comparison of impact of adding number of

joint normalization based on residual network

R 2/ %
B

Modell Model2 Model3
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12 72.053 72.417 71.691
1-3 73.558 73.530 73.031
14 72.778 72.416 72.723

el NI
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Table 3 Comparison between individual normalization
and joint normalization ( used in the first

three residual blocks)

LA 58 HET 5/ %
BN 71.190
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GN 73.029
FRN 72.276
Modell 73.558
Model2 73.530
Model3 73.031
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Table 4 Comparison of accuracy rate between proposed

method and state-of-the-art methods on FER2013 dataset
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Fig.4 Confusion matrix for FER2013 private and public test sets
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Table 5 Comparison of accuracy rate between proposed

method and state-of-the-art methods on CK + dataset
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Fig.5 Confusion matrix for CK + dataset
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Facial expression recognition method based on a joint
normalization strategy

LAN Linggiang, LI Xin, LIU Qiyuan, LU Shuhua”

(College of Police Information Technology and Cyber Security, People’s Public Security University of China, Beijing 102600, China)

Abstract: As for that end-to-end feature extraction and classification based on deep learning often used in
facial expression recognition, a new method of depth model optimization has been proposed. This paper propo-
ses the joint optimization strategies learned from ResNetl8 residual network and normalization ideas, that is,
filter response normalization and batch normalization, instance normalization and group normalization, as well
as group normalization and batch normalization were embedded in the network, respectively, to balance and
improve the distribution of feature data, make up for the shortcomings of single regularization, and improve
model performance. The validation and test were carried out on the two public datasets FER2013 and CK +
and the highest accuracy rates are 73.558% and 94.9% , respectively. The experimental results indicate that
the joint optimization strategy enhances the performance of the basic network, which is better than most of the
latest facial expression recognition methods.
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Table 2 Comparison results of palmprint enhancement
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Jik2 99.13 71.61

AR 3CT5 i 99. 49 76.47

3.3 AEEBITHELLER

Sy Y I UE P 28 0 4% 5 12 A PR R R PR Y R
FEL AR SO0 B 5 R0 o3 N ) BEAT SR SR
AR 300 5K B2 2 AR A9 Ak BEPE AT 05K, 52 56 26
Bk Linux #4/E R4, 5 T tesla #1 quadro By i {4
V6o ASTHT I I A9 3G 5 L o3 ) 07 2 0 A py-
thon %5 1Y) U-Net #1817, 73 % )i 22 4k B3R 7

16 JH MATLAB B8 J5 52 3, % W9 25 (19 Ak B 8] 647
Geit s BEAT LU 95 J7 35 O BM3D £ I + Gabor
/NP 58 5 3%, MATLAB 72 5 52 85 20 5 9 Lo
BETT 100 9 0 F TR A A A R 1) E 62 03 80 7
BT G R B Y € 64 #1 U7 %, B MATLAB
PP LB SITE R S R, Bk E o kg
Zeqk BM3D £ + Gabor /)N 5 38 58 4b B P 75 i [i]
J 1 355.73 ms BT A R0 A E 773 )
J7 i #EAT ROT 73 FIF5 22 32. 23 ms, 58 )l 98 7
AR B H 21 387,96 ms, HE T S BRI Y
AL 1 J5 1 AT ROL 70 1 75 22 14,49 ms, 58
B SR oy BB A B LT 1 370,22 ms, T AR SCHR
BT U-Net #2845 19 07 75 56 iURE 7K 3 20K
BRI 5R A3 FALH 90,49 ms, NI AT DL 4L T
U-Net $if1 22 [# 2% 4b PSR W] AL T % W5 125 o
£S5 SRELEGLERE

Table 5 Processing time of each palmprint image

[} [8] / ms
ik - .
i 43 % KR A4y
Jrik 1355.73 32.23 1387.96
Jik 2 1355.73 14.49 1370.22
ATk 90. 49
r
4 z:nl: EE Ta

AR SCHE M T —Fh LT U-Net i 28 [ 45 1) 3 4
WSk 5oy R 07 . FEOUEBN SR, BTk Ty ik A
AR EBRFE SRR AR R R B A0 3 K
FLOUH R AR PR BRI T A T . AR SUK
PR DX Iy B R X T B AR TE AR S R T i
JIr & J7 5 He R 000 EI T A A R I SE LA
JE o AR ST o ot 28 X 4 Ao P A 5 PR AGRIT R O
Aib P 25 PRI AT S TE]AS BE, %o b & B 2 ) 2%
A HEDR A AL HE R [N I T U-Net it 22 [ 4%
Xof F SRR JEATHY 5 A ROT 23812 BoA s 3otk o
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Palmprint enhancement and ROI extraction based on U-Net
LU Zhanhong', SHAN Lubin®, SU Lixun®, JIAO Yuxin', WANG Jiahua', WANG Haixia™"

(1. Hangzhou Hikvision Digital Technology Co. ,Ltd. , Hangzhou 310051, China;
2. College of Information Engineering, Zhejiang University of Technology, Hangzhou 310023, China;
3. College of Computer Science and Technology, Zhejiang University of Technology, Hangzhou 310023, China)

Abstract: Palmprint is a biometric feature with great application potential due to its stability ,uniqueness,
hardness in copying,and easy access. In the palmprint recognition , palmprint Region of Interest( ROI) acquisi-
tion and palmprint enhancement usually have the problems of high time cost and high dependency between
methods. This paper proposes a palmprint preprocessing method based on U-Net neural network structure. The
experiments are carried out on palmprint database from Hong Kong Polytechnic University. The results show
that the proposed method can eliminate the mutual influence between the preprocessing methods. Both denois-
ing and enhancement of palmprint images are realized,and the region of interest can be extracted quickly and
accurately ; plamprint

Keywords : U-Net; Region of Interest (ROI) enhancement; deep learning; Region of Interest (ROI) ex-

traction ; plamprint
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