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Pixel detection in outdoor image sky
based on pixel deflection model and machine learning
MENG Xianghuan, LUO Suyun
(College of Mechanical and Automotive Engineering, Shanghai University of Engineering Science School, Shanghai 201620, China)

[ Abstract] The sky region in the image is of great significance for vision—based ground robot navigation. In order to identify the
sky part in the image, this paper proposes a BP neural network sky recognition method based on pixel deflection model. Firstly, sky
image sets and non—sky image sets were made. Sky image sets were extracted from the sky under various weather conditions. Non—
sky image sets were composed of non—sky objects, including buildings, cars, trees, plants, etc. Then, the proposed pixel deflection
model is used to extract and process the pixel features of sky image set and non—sky image set, and the sky pixel points and non-sky
pixel points are labeled. Then, the BP neural network is used to train the pixel features and obtain the weight file. Finally, the weight
file is used to identify the sky. In order to better illustrate the advantages of the algorithm and model in this paper, the algorithm in
this paper was compared with Otsu algorithm, YeHu algorithm, Graph—cut algorithm and Mask—RCNN algorithm. In addition, two
groups of comparative experiments were designed. The first group of experiments was used for subjective evaluation of recognition
effect, and the second group of experiments was used for quantitative analysis of algorithm accuracy using sky class of CamVid data
set.
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Fig. 1 Pixel deflection model
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Fig. 2 Image of feature training data extraction
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Tab. 1 Features used in the training process

BE B G R V(x) 0 YNLREBME
1 82 32 7 7 43 0
2 111 38 19 19 31 0
3 93 1 4 1 45 0
4 132 36 38 36 24 0
5 170 179 188 170 2 10
6 154 181 226 154 9 10
7 153 190 232 153 10 10
8 167 189 238 167 8 10

2.2 BP HEMEERIMEL

BP i1 225 [ 4 455 U g — e B 058 2 I 1) A5 R
B2 E T 4 = BT A e 5 R AR ]
KR A R 2 — 36 A 3G i
FEIES RN R 0L RE A S5 48 g A )2 | BROi

L5 B A 011 %
2 i Z A,
HEZHAXMA(S) ~X(10) .
X wiXivd') (5)
Zo =X w Y, +q) (6)
j=1
f = Sigmoid(x) = ! —, (7)
1+e™
1 <&
L:Iz (ZK_ZK)29 (8)
i=1
oL
w}j=w£j+AwU=wU—naWij, (9)
wj‘szij+ijK=ij_n oL (10)
9 wi

ot i AR IR X S, R AR § R, X,
S A A B2 R Y L, R AR R,
Y, WIHIZ A RS 2 2 X, AR b &
TR, Z, S A B 0! AR SRR R
T, w? S KRB R R , £ s 58 g,
RATRIZ 415 A, g, o HJR 415

{5 LR s, 2, JoBaRhSeBR (e, 2, Mk
Wi m e (0,1) R % B FomRB e R
1, 0 O b R e

0 w; J Wik

WAZEIA S A M X, X, X,
X, X, SPRUREIRE BOR =@ R 2, V(x)
S R NG Z RS E RS 6, FANRE
SR W AR R 5 A1

WG 2 100 A VA PG P o, 3 3 S ot
RAHE , LT B7 ) | A J2 1 A e
SRS AR (1) R E W B KA %5
FHRE W R 005 B

j< Sk +a (11)

Horb i R R B OB EE T G k
St 2 58 o S 0~ 10 Z RN HEL,

Xof i 28 X 4 64T 22 R LN 2, RIS 21
SUBCN 10 B, BB I8 B 5 A 10 T AR
2.3 RBIRGIIG RIS

R R R IE S B B Y1 2k B R IEAE N
T2 X 4 1) A RN REBILAZE B 70% (223 686 4
FEAS) BIERHE HE AT W 48 1 25, 15% (47 933 DMHEA)
(B R AT i 28 X 8 AL AU ) BRI, 15% (47 933 A
A BB AT AR B IR PEAG Sl BP 2R



5 4 1]

AR, A FE TR R R FIHL &7 ] ) = SMEMG R 25 AR Z A

107

LEFSUMAE A0 B340 B a0 e 3 Bl s, ol AR H 85000 0
IR T, 205 R B R 0.971 22, T

Training: R=0.971 61 Validation: R=0.971 2

0.94*Target+0.59

Output~

(65 PR — SRRy, R, 25 T K 25 i A
TUF) BP i 28 9 405 K2 SRR ER ¢

Test: R=0.969 36 All: R=0.971 22
15 Data A 15 P,am
YT I y=

5]

10 £10
;9_‘
<
=

5 S 5
I
3
E
=]

0 & 0

0 5 10 15 0 5 10 15
Target Target

3 BP #HEZMKZHEFDHT

Fig. 3 Regression analysis of BP neural network
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Fig. 4 Error recognition pixel culling effect
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Fig. 6 Prediction results
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Fig. 8 Subjective evaluation of the algorithm
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Tab. 2 Quantitative analysis of the algorithm
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Camvid 4146 423 4146 423 0 100.0%
A3 4315 324 4 048 547 264 737 91.7%
Otsu 7 150 967 4 140 762 3010 205 57.9%
Yehu 8 248 612 4165 289 4083 323 50.6%
Graph—cut 11 976 871 4129 972 7 846 899 34.4%
Mask—Renn 3646 423 3 442 760 103 663 84.5%
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