MRS ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
Computer Systems & Applications,2023,32(10):208—214 [doi: 10.15888/j.cnki.csa.009232] http://www.c-s-a.org.cn
O E RGBT TR . Tel: +86-10-62661041

T4 SqueezeNet HIEN BB 1B E 1T E®
k4K, 5k B e’

"EK S BB AL IR S DRI AT 70, I 430079)

2GR EARES TR, I 430079)

SCRYIT R SR G BR A =], BRI 510310)

WEMEH: Tk &, E-mail: zxx@whu.edu.cn |
O T RS AEE B, 25 5 B AR R MRS, S BRI 10 R AT 5%, B M ARy P e o o
S SE I (R I I, AR B 5 5 AR B 1 € R (R4 — B30 A 45 e 1 e B 1 2k SRR T 52 140
TRIREE, N T BRI B3 A VS B R 250, 3R HE T —FPJE T SqueezeNet HESE BB €0 1H & P H HAL A 85
PG I 25 8 RGO, T 51N T VR B ML A% =i 12, S Tt [ 2080 145 ) B AR - S . 0246 [ B T
KI5 25 X e e S e, st Wit 3 FhAS [t Ay =0 58, it US4 Al T 68, B e A A B IR IE
1. LIRSS R, $EH YR o B R AR AL T U O IR B S, B iE R k.

SEREIA): R P JEURME T SqueezeNet; YERE A HLHI; 5% 2 HE B

IR R KA A I Rl 3 T M0H SqueezeNet [RITEAE i ML T30 11 S0HL 2R 48R, 2023,32(10):208-214. htp://www.c-s-a.org.cn/1003-
3254/9232 html
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Abstract: Due to the defects of imaging equipment, it is easy to cause the shift of the imaging color and affect the
downstream tasks of the image algorithm. Therefore, the color constancy algoritﬁm iswequired to correct the image color
so that the image color is consistent with the color seen by the human naked eye. The effect of the traditional color
constancy algorithm depends on specific light source environmeﬂts. In order to improve the application range and
utilization efficiency of the color constancy algorithm, a color constancy calculation model based on the SqueezeNet
framework is proposed, which senses the imagér light source through the convolutional image network. In addition, the
attention mechanism and residual connection are introduced to improve the network’s understanding of images and
computing performancé. The network predicts the illumination color of each area of the input image at the same time and
then gathers them by designing three different pooling methods to output the global estimated light source of the image,
and it finally uses the estimated light source to correct the image. Experimental results show that the proposed light source
estimation algorithm can effectively estimate the illumination color of the image and correct the image color.
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