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Eye Gaze Estimation Network Based on Class Attention

XU Jinlong'* ,DONG Mingrui''*, LI Yingying"*,LIU Yanging' and HAN Lin'
1 National Supercomputing Center in Zhengzhou,Zhengzhou 450000, China
2 School of Computer and Artificial Intelligence,Zhengzhou University,Zhengzhou 450000, China

3 Information Engineering University, Zhengzhou 450000, China

Abstract In recent years,eye gaze estimation has attracted widespread attention. The gaze estimation method based on RGB ap-
pearance uses ordinary cameras and deep learning for gaze estimation,avoiding the use of expensive infrared devices like commer-
cial eye trackers,providing the possibility for more accurate and cost-effective eye gaze estimation. However,due to the presence
of various features unrelated to gaze,such as lighting intensity and skin color,in RGB appearance images, these irrelevant features
can cause interference in the deep learning regression process,thereby affecting the accuracy of gaze estimation. In response to the
above issues,this paper proposes a new architecture called class attention network(CA-Net) , which includes three different class
attention modules:channel,scale,and eye. Through these class attention modules.different types of attention encoding can be ex-
tracted and fused,thereby reducing the weight of gaze independent features. Extensive experiments on the GazeCapture dataset
show that,compared to the state-of-the-art method, CA-Net can improve gaze estimation accuracy by approximately 0. 6% and
7.4% on mobile phones and tablets,respectively,in RGB based gaze estimation methods.

Keywords Class attention, Light squeeze-and-excitation, Self-attention, Multiscale. Eye gaze estimation
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BFRKM 6 5232 K 0.0001, #FH Adam 1EHEIL2E, &
EALE ZEW N 0. 000 1,3t R/ 250,
5,3 M Paddle 58 B ¥ 4% A (1940 B 4L
4.3 AT

FAF 22 R B R 5 AE B2 B A 25 190 455 10 R B3 il A A B

[ £ fifi F Paddle

WETHMNT r 2, IFEHT 1X1T BREZEMEHE K 64,
WA BTG &R 6 SRR BB H BB KN,
ERERK VHETEBA DB N64X2,3,1,0),(64X3,3,1,0),
(64X4,2,1,0),(64X5,3,1,0),(64X6,3,1,0),(64X7,2,
1,007, [ mhfdi ] BN JZH Rel.U e85 Sy 4 T2 00 45 4L 2
FVE BRAL . WIS BB 2 3 B s (Y
53k AR R ) SR IR 4 R AR R DG ML OF HLIR
Dropout 24 0. 2, 2 B K7 AE R 8 25 7 2 7 4 10 il & 5 ik
FE45 Ry —4E RN ZE A AR R BN, 64, [N, 64 X 4]F
[N,64X 7], Hr N Jgdibie K/, 2 ROBEERE 43 1) 5 RUOEE 24
TR U ARG 2 R AR AR A R E Lt — R
PEZ S AF BB AR A LN 6 A IR I FR1F 3k Be 2tk 2 3 &
it BN ZFsiEdl  IF 68 Tanh BB . 5 . RIS ARAE 5
S FB A 1) B R AL B AL AR AT B A RN ZE Y one-hot 4 Y
Pz il it 2 2 2 vk 2 013 B A1 S B L EE’J&@F‘
(BrEJE— 240 258 BN 245 #E 4k B B ReLU 3R % ik
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4.4 HELIRLS

T RV Al 7 BB O AV A R S AT X B 2 R AR SO PR AR T
CA-Net 2L A3 2%t . LA CA-Net e, 8 5t T7E R
I JH o 3 T AR e R 2 R T R BRI 28
FIRE B 25 B AR B 48 A B, L ROk S 2R
AR v A B 20 S8l 4SS B i Ry T 46 8 e (SED A5 B et ) 4%
RURERE . SRR 1 5,

F1 WS

Table 1 Comparison of results from ablation experiments

(em)

Wk F LM R 2 AR A IR %
CA-Net (%) 1.58 2.13
oOBHEREE B 1.58 2.19
BOREXIRAER 1. 60 2.16
e IR KRR B 1.59 2.18
BOREMEER 1.70 2.50
CA-Net(SE) 1.62 2.19

M2 1 FH), YR bR A S B B, 4% (8 B 3 A
BN, HAEFHLERCEAR BB T R IR A AR . E/RR
B 4% (F AL b 3047 BE AN 11, ROBE 28 T 35 g 455 B X A5 7Y
K 38 35 B KL T LA B2 1.3 %0 .38 3 28 1 g 45 e X A
L R o N T R A - A G O TN v X Y
BEOLAL T W B R B AT LUGA B 2 2. 806 B 7 L
MR, ROEZE R B3 25 e/, 2058 1. 4%, IR
KEB BRI L M 2R E 25, 29 0. 620 (F
MO 2. 3% CEARD .

1 Hfh 3 F GazeCapture R BF 55 . 5 343 T4 #3% &
Fh2EAE BAE T 28 0 i A . SR, 7 2 SCIY 52 56 vh & R 4%
Fh 283X — 5 BT BERLAG THAR B2 7 AL T A, ke 17
F, Lk CA-Net 32k . 25 5 B % £ Fh 2805 B, W 2 16 T HLAN
SEMR B N2y 7.6 % F 17, 4% By iR 25 . GazeCap-
ture {if FH 99 38 5 0 ik B R A A, BT TR A I A N T IR A B
18K A bR R BE L AR AR T IR A R R OC . SR, ST 45
RHIEH] TR 2RAE B X B IR B B, A SCHEW R
RN AT R g A 7] 5 A 0 B R BRI TR R R B R RO
BT — {5 B 15 WU 25 R R 62 40 T bR 35 RN, T2 =
TEMAGIF A .

W 1 R 45 WO B e 4 SE B IR B B R RS
BRERE R/ 5X5 BEE IX 1. i B ES SEGTA &
JIu AL G BRSO I BT B 0 B AL AL
R RE Y T R o DASE I 45 SR AT 00 Al T 6 T 4 TR Rl RS R 119 CA-
Net(GEH) FRS B 25 Ho il SE BB CA-Net m 25 2% (F
BN 3% CEARD o T 20 5 1 3 4 7 AL s o R F 181 R 1 35 1
B W a4 By AR AR 32 5 B0 T R B9 TR AR AR I
FERTE . DR, AR SCHRE Y 8 T A0 VR B M S TE 5 75 B
A FIMERE A BL T 0 — AT e . 0 R N 4% 3 SR PR Y
FE A8 4 SE AU — AN T4 0 38 B A0 R BT AR B
TR 2 A8 3 F P A e 4 S R P O B BT R RUBE A A [ g
BRI R,

4.5 HHME#HFENER
A SCHEH B CA-Net 7 GazeCapture $0#5 4 I 5 H A iy

5 B A A 31 4% 0E AT T 6 H L A 4 iTracker!™ , SAGE™,
TATM , AFF-Net"™ Fl InceptionResNet"'™ | A IR 45 T X
SR RVTE THL E AR b My BT 2R 2% DUKCH T B LA
FIMR G AR i or BE S, 45 R 3k 2 T3, CA-Net {1
30X 30 183K (pixeD 43 P 3 1Y ML AG AR #E 4T BE ML AL 11, 2 B A
XoF L 7 1 48 P 0 R B PR G B R e /N O L T — E R L
B UE T8 /N 43 B A BR W RS SR AT BE AR T i AT AT M. e
Hh CA-Net fEFHLBE 5 LSBT 1. 58 em RS JEE L 76 F AR 3¢
& LPZIT 2. 13 cm MRS R, Bl T B T RAL I T .
# 2 CA-Net 5HAb e J5 ik Bx Lt

Table 2 Comparison between CA-Net and other advanced methods

s FHLEEAL AR AL R
i% # /cm & % /cm 4 ¥ & /pixel

iTracker 1.86 2.81 224 X224
SAGE 1.78 2.72 64 X 64
TAT 1.77 2.66 64 X 64

AFF-Net 1.62 2.30 112X112

InceptionResNet 1.59 — 128 X128
CA-Net 1.58 2.13 30X30

4.6 KEBENERD
N T BRFESETE R S WS AR T AR SO B gE i Tl AR
T 2 5 8 H RORE RIR I 28 BE AT 43 2 I 1 P 2R 7R
2 B T T R G A R AT M PR T D 4 S B A R
TR REE L AR SO R A AT S0t RO R IE B 45
0 HIR I 248 T T8 7 2 B 2 1)y X B B e v ) B R — SRR R
Sy HAS RN 3 Nk 4 A,
# 3 CFREEE T i
Table 3

Average scale attention coding

TR R AR ERE B THERN BB

%1E 0.37
%4 E 0.39
E-] 0. 61

4 IR TR T

Table 4 Average eye attention coding
7+l R H FHEEA T
AR 0.48
A IR 0.70

Wk 3 Fral AR A G T 12 A A R T R
RO L ) - 23 RUBE 26 U T 0 1 o MR 0 S o 295 2R T o4 2%
XA () ROBE 9 SRR AT 2 B 19 32 T 0 9 AN A TR B RS2 1) 4R A ¢
orBE TR A R A X 3R MR R T R 45 AT BEL
AT A9 I v Y TR LU R R AT T R {EL ] I 3 R AT R
AR 2 TCAF L HAT X B 2 B BEALAL 1A B BTk

Hi 2 4 T LA A R A 23 TAC A T B 0 A O B A AR
X5 AT E RAAT IR AE S 32 A0 AR R LA A IR A B 26 AT R ALY 1
SARFF . R 280 58 BT DUAR IR A T) B HR i 45 A 1 3 iz
b B MR I 2 3 T 0 o T 5 IR I 2K T 0 2 B AT LAk T
2% T T R P 20 IRRI AT IR 04 45 8 32 10 75 ) 5 o0 £ 358 A0

[ERARIAC
BEWRIE  ACGIAT T RGB MWL EE LAl 17
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