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Moving Shadow Removal Algorithm Based on Multi-feature Fusion

CHEN Rong LI Peng  HUANG Yong

(College of Information Engineering, Xiangtan University, Xiangtan, Hunan 411105, China)
Abstract Aiming at the problem of the moving cast shadow in the video surveillance, this paper proposed an shadow
removal algorithm which combines color feature, normalized vector distance and intensity ratio. First, the background
picture is built according to Gaussian mixture model,and motion region is acquired by background subtraction. Then, se-
rial fusion method is adapted to detect and remove shadow pixels. Based on shadow detection according to the color con-
sistent feature in RGB color space,the normalized vector distance distribution histogram is implemented to detect sha-
dow pixels further. Finally,in view of the mistaken identification in the testing process, the illumination model of pixel is
built and the intensity ratio of shadow pixel and background pixel is calculated to rule out the mistakenly identified fore-
ground pixels according to the confidence interval. The results of experiment show that the proposed method can over-

come the limitation of single feature method,and is able to detect and remove shadow under various circumstances effi-

ciently. The adaptability and robustness of this algorithm are validated,and its processing time is moderate.
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Fig. 1 Extraction results of foreground area
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Fig. 2 Flow chart of shadow removal algorithm
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Fig.5 Shadow removal results based on NVD feature
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Fig. 6 Final results
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Fig. 7 Experimental results of each method
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Table 1 Shadow detection rate and target recognition rate

of each algorithm in different scenarios

CHLf7 2 %)
X pedestrians PETS2006 bungalows
VRS
7 ¢ 7 ¢ 7 13
Xwk[6] 92.3 82.3 47.4 64.5 40.5 62.1
X k(7] 91.7 85.2 45.9 63. 4 42.3 63.5
Tk[11] 93.9 87.7 88. 2 94. 6 86.9 83. 4
R X 93.1 86.5 87.4 92.8 83.3 81.6

K2 AREE A5 B AL B ]

Table 2 Average processing time of each algorithm in different

scenarios

BT ms/ )

7k pedestrians  PETS2006 bungalows
Xk [6] 10.3 13.6 15.7
XHk[7] 18.5 21.4 24.9
Xak[11] 207.2 274.8 304.3
A 25.7 31.3 39.8

25 DRk AR SCHR 6 ] iy 52 BE R 5 TR 7 ] i B

e Ah T FE e, SR P g L T DA S B A A e AL B {1 R
FEAE B B R A 25 5 52 IR 8 I R B R ) L e 0k S o vk 2

BABKE R, SCERC1L] 9 317 B ZR40E al A o7 2 AR= 35
Z AR RN 5 K BR B 5, A A T R T PR AR D3RR B R
W E 52, B R MERR P EIRAT M R S T R
T R S PR SR 53 AN W & b I P SR A T B R
BLM BN, ARG G THA S NVD RHE
a0 A A 5 MR T B AR AR B e T ik R M 2 A B A, SR
JHERAT SRS BUAR — o B b AR T 22 e AR BT 2 A I A 8 2R 5
AR B R IR/ 15 s 1S n A T T, B
Al TSI PR SR AR T HA S B — S e

BWRIEFE AR A ZRIERLE BB j&‘l‘fﬁ%
SRR AR AR B8 R AIE I — k) PRS0 T L SR A j—f“{ﬁ
W B AR 3R R 50 BE LU (8 B 1R X ) 3 SR 4 I 1 5t 1R R
SRR R AL BETE S Y R T A S LR, )
A oAl R E e 1 R = I B N W (11 DO 2 TR R K
i, N2 TERX R IHE Lk, DIREAR
VR B0 b PR [A] 4R AE A R R A N T 2 H AR
% 3hia B .

& % x W

[1] SANIN A,SANDERSON C,LOVELL B C. Shadow detection:



% 6 1 %8

I, 55 HE T 2R

LR iz B R R BRA

295

(2]

[3]

(4]

(5]

(6]

(7]

(8]

[9]

[10]

A survey and comparative evaluation of recent methods [J].
Pattern Recognition,2012,45(4) :1684-1695.
ZIVKOVIC Z.Improved adaptive Gaussian mixture model for
background subtraction C]// The 17th International Conference
on pattern Recognition. 2004 :28-31.
ONOGUCHTI K. Shadow elimination method for moving object
detection[ C] // Proceedings of International Conference on Pat-
tern Recognition. 1998:583-587.
ZHAO L,YU H M. Vehicle detecton based on shape priors and
level set[ J]. Journal of Zhejiang University (Engineering Scien-
ce),2010,44(1):124-130. (in Chinese)
B TR B TR IRIRAE BT S 07 i AR i L]
W R K 4] . 2010,44(1) : 124-130.
GAO XJ,WAN Y C,YANG Y W,et al. Automatic Shadow De-
tection and Automatic Compensation in High Resolution Re-
mote Sensing Images[ ] ]. Acta Automatica Sinca,2014,40(8):
1709-1720. (in Chinese)

VR THN e S A B IE AR B Bk S A
ZJJ%M%’[J]. EZJJ{JG’?—’?[K,2014,4O(8):1709—1720.
CHEN C T,SU C Y,KAO W C. An enhanced segmentation on
vision-based shadow removal for vehicle detection[ C]//Procee-
dings of the International Green Circuits and Systems. 2010
679-682.
SALVADOR E,CAVALLARO A,EBRAHIMI T. Cast shadow
segmentation using invariant color features[ J]. Computer Vision
and Image Understanding,2004,95(2) :238-259.
HAN Y X,ZHANG Z S. Shadowd detection based on texture
feature in gray sequence images[ ] ]. Optics and Precision Engi-
neering,2013,21(11):2931-2942. (in Chinese)
s JEAE L 3R AR . KR B IR R T SRR AR Y B B R A
LT 2K % TR, 2013,21(11) :2931-2942.
CAO J,CHEN H Q,ZHANG K.,et al. Moving cast shadow de-
tection based onregion color and texture [ J]. Robot, 2011,
33(5):638-633. (in Chinese)
A PREUAG L ok B, 45 45 A XU G AU 12
010, HL2R A ,2011,33(5) :638-633.
QI M,DAI J Y.ZHANG Q,et al. Cascaded cast shadow detec-

B B A J7

[11]

[12]

[13]

[14]

[16]

[17]

[18]

tion method in surveillance scenes [ ] ]. Optik,2014,125(3);
1396-1400.

TANG C,AHMAD M O, WANG C Y. An efficient method of
cast shadow removal using multiple features[]J]. Signal, Image
and Video Processing,2013,4(7) :695-703.

NAKAGAMI K,NISHITANI T. The study on shadow removal
on transform domain GMM foreground segmentation [ C] // Pro-
ceedings of International Symposium on Communication and In-
formation Technologies. 2010:867-872.

ZHANG L.ZHANG Q,XIA C X.Shadow Remover:Image
Shadow Removal Based on Illumination Recovering Optimization
[J]. IEEE Transactions on Image Processing,2015,24(11) :4623-
4636.

CAO X J,WANG W T,SONG X L.,et al. Vehicle shadow detec-
tion and Vehicle tracking algorithm based on multiple informa-
tion fusio[ J]. Journal of Central South University (Science and
Technology) ,2015,46(11) :4049-4055. (in Chinese)

HRIR £SO R, L T 205 B RA 1Y AW 5 4
BRERFE )], g R iR CA AR R . 2015, 46 (11) : 4049~
4055

HIGASHI K,FUKUI S,ADACHI Y,et

shadow detection by combination of two features roust to illumi-

al. New feature for

nation changes[C]//20th International Conference on Knowl-
edge Based and Intelligent Information and Engineering Sys-
tems., 2016:896-903.

NADIMI S,BHANU B. Physical model for moving shadow and
object detection in video [ J]. IEEE Transactions on Pattern
Analysis and Machine,2004,26(8):1079-1087.

PRATI A,MIKIC I,TRIVEDI M M,et al. Detecting moving
shadows:algorithms and evaluation[ ] ]. IEEE Transactions on
Pattern Analysis and Machine Intelligence,2003,25(7) :918-923.
YANG L,SU L H,WU B G,et al. Targe Detection Algorithm of
Hyperspectral Remote Sensing Imagery Combined with CEM
[J]. Journal of Chongging University of Technology ( Natural
Science) ,2017,31(12) :146-150,172. (in Chinese)

W IRt RN & — R g & CEM B w4 H
g oallRcR- NN EHQIETJC%%?E( F R FHE) ,2017,31(12)
146-150,172.

(EE% 269 W)

[7]

(8]

(9]

[10]

[11]

ZHANG J,ZHENG C W,HU X H. Triangle mesh compression
along the Hamiltonian cycle[ J]. The Visual Computer, 2013,
29(6):717-727.

GANG M,JOHN C T.XU N X. A Generic Paradigm for Acce-
lerating Laplacian-Based Mesh Smoothing on the GPU[J]. Ara-
bian Journal for Science and Engineering, 2014,39(11):7907-
7921.

ZHANY Z, L1 Y T,WANG X Y,et al. A blind watermarking
algorithm for 3D mesh models based on vertex curvature[ J].
Journal of Zhejiang University Science C,2014,15(5):351-362.
SHARMA S,DEWAL M L,ANAND R S. Performance evalua-
tion of 3D hybrid transforms and 2D-set partitioning methods
for lossy hyperspectral data compression[ ]]. Signal, Image and
Video Processing,2015,9(8) :1881-1888.

LI B,LU C Y,LENG C C,et al. Robust Low Rank Subspace
Clustering Based on Local Graph Laplace Constraint[ J]. Acta

Automatica Sinica,2015,41(11):1971-1980. (in Chinese)

[12]

[13]

[14]

[15]

2R, ARV BN L AL BT R A T L R T 2 R B R AR
BN BT EL ] A4, 2015,41(11) : 1971-1980.
NIU J] W,DAI B, TONG C, et al. Complex network clustering
algorithm based on Jordan-form of Laplace-matrix[ ] ]. Journal
on Communications,2014,35(3) :11-21. (in Chinese)
A=A M, B, 45, 35T Laplace 5 Jordan B (¥ 5 2% W %%
RRREL ], 524, 2014.35(3) 1 11-21.

TATSUMA A, AONO M. Multi-Fourier spectra descriptor and
augmentation with spectral clustering for 3D shape retrieval[ J].
The Visual Computer,2009,25(8) :785-804.

WANG Y J.BENSON D ]J. Isogeometric analysis for paramete-
rized LSM-based structural topology optimization[ ] ]. Computa-
tional Mechanics,2016,57(1) ;:19-35.

LEE M S.KIM H J,CHO H S,et al. Compressed-sensing (CS)-
based 3D image reconstruction in cone-beam CT (CBCT) for
low-dose, high-quality dental X-ray imaging[ J]. Journal of the
Korean Physical Society,2013,63(5):1066-1071.





