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Abstract For detecting the shadow in outdoor illumination conditions rapidly and efficiently, a shadow detection
approach based on pixel-wise orthogonal decomposition is proposed. Based on linear model in and out of shadows in
an outdoor scene image, a linear equation set is built for each pixel value vector and orthogonally decomposed. By
the decomposition of the linear equation solution space, a color illumination invariant image and an illumination
variation image are obtained. The color illumination invariant image is classified into some regions using K-means
algorithm, each region has the same spectral albedo. According to the classification results, a Gaussian mixture
model with expectation maximization algorithm is proposed for modeling the illumination variation image, and then
the shadow areas are extracted. The extracted shadow areas are optimized with morphological operator. The
proposed method does not need complex learning process of feature operators and greatly reduces the time
complexity of computation. It also does not require any prior knowledge and can be directly applied to the real-time
scene processing.
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Fig. 1 Shadow detection algorithm flow chart
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Fig. 2 Orthogonal decomposition and clustering of the image. (a) Original image; (b) illumination invariant image Ip ;

(¢) illumination varying image I, ; (d) clustering image
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(b) shadow region of R;; (c¢) non-shadow region of R, ; (d) results of Gaussian fitting
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Fig. 5 Final shadow detection result
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Fig. 6 Comparison of shadow detection results. (a) Original image; (b) shadow detection results of the proposed method;
(¢) shadow detection results ofRef. [7] method; (d) shadow boundary detection results of Ref. [8] method;

(e) shadow boundary detection results of Ref. [6] method
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Table 1 Accuracy assessment of different algorithms

Method Proposed method Ref.[ 7] method Ref.[ 8] method Ref.[ 6] method

Precision 0.6393 0.3195 0.6582 0.6750
Recall 0.4267 0.1498 0.4094 0.3039
F-score 0.4800 0.1688 0.4549 0.3896

N TV 4 R BSR AR SOXT 4 FVEEAE 100 B8 BHE B R s AT R BEAT T SETE T B R IR A6
FUGIT U6 2145 B BTS2 A I 25 58 1k, e 45 SR A0 181 8 Fra . il 11 8 W7 R, A SCA i FH I B g ARG 7 oAt = A B
%o MR 2 FroR BYIE AT I 18] GE T AT 1, AR SCAR I A 1 249 T8 2 R 24 2 SR8 19034 Y 2.3 4% SCHRL7 1530 1Y
8.3 % ICHRL6 301 /Y 22.7 A% . A SCI I B Kaa A7 I 8] 5 fie /N Az A I 8] B4R HG Al = Fh B33, EL3s 47 I ]
AR bR M 25 0 B AR T el =D ARk . R AR SCOR R s A AR R ) I v T A = A RE LR BT L AR S
B0 F9 I 1] 2 24 B2 AR O I, EL SR V602 A7 3 B A O AR E LA IO T 380 S i 37 O i 57 . 0 A2 FH 7 2 g 2 e
F1 T 5 R0 o R R 4

0815002-7



=== Tjan
e proposed [
===Lalonde [
Guo :

10 20 30 40 50 60 70 80 90 100
Number of image

7 F-score Xf Hb 4k

Fig. 7 Comparison of F-score

450
—— proposed method
400 ——— Ref.[7] method
—— Ref.[8] method
350 — Ref.[6] method
300
£ 250
£
= 200
150
100
50
g & ’
0 10 20 30 40 50 60 70 80 90 100

Number of image
&8 BH 2 K U2 A7 B ) %o L
Fig. 8 Comparison of running timewith shadow detection
# 2 BITHE G

Table 2 Statistical result of running time

Method Proposed method Ref.[ 7] method Ref.[ 8] method Ref.[ 6] method
Average /s 6.053400657 50.26007827 13.95875658 133.49846
Maximum /s 14.14863605 332.3222133 44.57112268 431.4326801
Minimum /s 0.881732456 7.994918936 1.595090275 8.532210544
Standard deviation 2.755323568 46.87255137 7.489803555 67.97607187
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