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Abstract: To solve the problem of motion blur in abnormal behavior detection, a fast motion blur removal algorithm,
based on DeblurGAN, is proposed. Three 3x3 convolutions are used to replace the 7x7 convolution in the original
generator. The transposed convolution is discarded. Firstly, bilinear interpolation is used to expand the size of the
feature map which needs upsampling. The residual unit is replaced by a residual density block (RRDB) in the original
algorithm. The RRDB is then scaled to 0~1 to avoid unstable training. The L1 loss of gradient images is added to the
loss function of the original generator. As the DeblurGAN reconstructed image edge is often not clear enough, the
edge information of the image is added to make the reconstructed image edge more obvious. The effectiveness of
this method is verified by experiments and is compared with other similar algorithms like DeblurGAN. The PSNR of
the optimized model is improved by 0.94. The structure similarity and speed are equivalent. The chessboard lattice
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problem in the reconstructed image is solved. The edge of detail is more prominent. The performance of the pro-

posed model is better than that of other related algorithms.

Keywords: generate countermeasure network; motion blur; dense residual block; image reconstruction
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Fig. 1 Algorithmic framework based on cGAN
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Fig. 3 Generator structure
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Fig. 8 Comparison of results.
(a) Blurred image; (b) DeblurGAN method; (c) Method in the Ref.[14]; (d) Method in the Ref.[18]; (e) Our algorithm

5.3.4 BHE/E I Tiny YOLOV3 BB7E 2 ER Fi

BHIE

B JE AR SCYRAIE T B0 551 X ek 5 ) Tiny
YOLOV3 J7 ikl vER A5, HEH 100 FRASTHIY
PR NS R AT M R AR A A5 2500, Kl
ZEIRANPE 10 iR

MNEL 10 H] AR H , 2 220K A A0 18] F TR

FA TR, DeblurGAN H3k | SCHK[14] FISCHR[ 18]
i Pk, A SCERAL IR S A R I G A
B, ARGE T IR, 25N 2 R,

2 ol LIE 2, BOE A 125 L TR0
PGSR 9%, AETIRILE 8%, A FIRHLFEH S
5%, FLSCHR[14)820 2%, HLSCHR[18]48 5 3%, X T4
MEERARKIET

210009-7



JtH T#E, 2021, 48(6): 210009 https://doi.org/10.12086/0ee.2021.210009

P ST

B9 xflbzX.,
(a) HEME%; (b) DeblurGAN 7 ik; (c) Xak[14]7 #%; (d) X#k[18]F#%; (e) AX ik
Fig. 9 Comparison of results.
(a) Blurred image; (b) DeblurGAN method; (c) Method in the Ref.[14]; (d) Method in the Ref.[18]; (e) Our algorithm

(1 REFks RSk

Table 1 Comparison of results for different methods

Evaluating indicator DeblurGAN Ref.[14] Ref.[18] Our
9 method method method algorithm
PSNR/dB 25.62 24.97 25.32 26.56
SSIM 0.803 0.82 0.81 0.84
Running time/s 0.32 1.63 0.32 0.35
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B 10 #ws R, (a) E#¥EE; (b) DeblurGAN 7 ik; (c) X#Kk[14]F %, (d) X#K[18]F %, (e) AL H ik
Fig. 10 Detection results.
(a) Blurred image; (b) DeblurGAN method; (c) Method in the Ref.[14]; (d) Method in the Ref.[18]; (e) Our algorithm

A2 TR FEGIT

Table 2 Comparison of different methods

Method Blurred image DeblurGAN method Method in the Ref.[14] Method in the Ref.[18] Our algorithm
Accuracy/% 66 72 76 75 74
Recall/% 42 46 49 48 51
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Algorithmic framework based on cGAN

Overview: In a complex environment, such as motion, defocusing and other noise, the image quality will become worse,
and it will increase the difficulty of detection and recognition. Traditional deblurring methods usually estimate the mo-
tion blur kernel according to the prior assumption of clear images, and then convolute with the blurred image and re-
move the blur with additive noise. However, the estimation of motion blur kernel is complex, and the prior assumption
of a clear image is not generalized. As a result, it is difficult to achieve the goal. Deep-learning based motion blur remov-
al methods are constantly proposed. In order to solve the problem of motion blur in abnormal behavior detection, a fast
motion blur removal algorithm, based on DeblurGAN, is proposed. In order to further improve the detail clarity of
deblurring and solve the chessboard effect of the original algorithm (inserting pixel 0 into each row and column of the
feature map pixel which causes the reconstructed image pixels unevenly distributed). The transposed convolution is
discarded. Firstly, bilinear interpolation is used to expand the size of the feature map which needs upsampling. On the
premise of the same receptive field, three 3x3 convolutions are used to replace the 7x7 convolution in the original gene-
rator. As a result, the parameter is reduced and the nonlinearity of the network is increased. In order to solve the layered
feature of the original algorithm due to the loss of residual cells, the residual unit is replaced by a residual density block
(RRDB) in the original algorithm. The RRDB is then scaled to 0~1 to avoid unstable training. As a result, the details of
the restored image are enriched. In addition, in order to solve the problem that the edge of the reconstructed image is
not clear, the L1 loss of gradient images is added to the loss function of the original generator. The edge information of
the image is added to make the reconstructed image edge more obvious. The effectiveness of this method is verified by
experiments and is compared with other similar algorithms, such as DeblurGAN. The PSNR of the optimized model is
improved by 0.94. The structure similarity and speed are equivalent. The chessboard lattice problem in the recon-
structed image is solved. The edge information is more prominent. The performance of the model is better than that
other related algorithms. The improved algorithm of Tiny YOLOV3 is used to verify the abnormal behavior of the esca-
lator after deblurring. It is found that the detection of accuracy and recall rate are improved by 8% and 9% respectively
after deblurring, which is helpful to improve the detection accuracy of abnormal behavior of pedestrians on the escala-
tor in the real scene.
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