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Composite nystagmus classification framework enhanced by dual attention mechanism

WANG Zhuoran, FANG Zhijun, WANG Hailing, GAO Yongbin, LI Yuxia
School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201600, China

Abstract: A composite nystagmus classification framework enhanced by dual attention mechanism is proposed to address the
problem that the existing researches only identify whether nystagmus occurs in a horizontal, vertical, or axial direction, but
fail to consider the issue of composite nystagmus composed of multiple directions with various intensities in clinical practice.
A spatiotemporal concentration algorithm for nystagmus videos is presented, and it combines convolutional neural networks
and Hough transform to remove interference from invalid frames and regions and to improve the quality of nystagmus videos.
Then, a dense optical flow algorithm is used to extract the optical flow field of eye movement. Finally, a composite
nystagmus classification network based on dual attention mechanism enhancement is constructed. An improved efficient
channel attention module is used to effectively obtain the direction and intensity of nystagmus in different channels of the
optical flow map; and a temporal attention module is added at the end of the bidirectional long short-term memory network to
achieve significant expression of classification results based on different temporal features. On the nystagmus dataset
provided by the cooperating hospital, the proposed method has an accuracy rate of 83.17% for composite nystagmus
classification, and achieved accuracy rates of 91.03%, 89.74%, and 86.05% for individual horizontal, vertical, and axial
nystagmus classifications. The proposed method realizes the intelligent classification of composite nystagmus and is valuable
in clinic.
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Figure 1 Composite nystagmus classification framework enhanced by dual attention mechanism
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Figure 2 Non—overlapping subsample segmentation process
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Figure 3 Temporal concentration of nystagmus video
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Figure 5 Composite nystagmus classification network enhanced by dual attention mechanism
1 EfficientNetV2 EAKEiR =
Table 1 Basic modules of EfficientNetV2 H
=3 L7 Nz vl X,
Bt R I S = G B 1=
H*W*C
0 Conv 3x3 2 1 24
1 Fused-MBConv1,k3x3 1 2 24
2 Fused-MBConv4.k3x3 2 4 48 ﬁ EERRSN A K BHUE @ Sigmoid
3 Fused-MBConv4,k3x3 2 4 64
6 ECA #=RIZEH[E
4 MBConv4,k3x3 2 6 128
Figure 6 ECA model structure
5 MBConv6,k3x3 1 9 160
6 MBConv6,k3x3 2 15 272

ECA J& 75 A B 4k () JE a1, SR BUm) 350 i85 38 0
581 fe 0 I T R LR AR S5 A an 18] 6 TR .
X A RRRE G, YRR RS T 2 AU AR
T 15 BT B FRIE R . MR T ECA JR IR 454
IECA BLH N T 4 Jeyfe K AL 2, Ho g #g an il 5 i
TN o 38 34 JR B R LAk 2 R U 28 B REIEAE B
T 24 Jey die Kt A J2 R0 4 Jey P Yt Ak J2 B BRUCRR A A
BIATRLA e ROGR BGE I8 7 B AR B A R, 3Rk
KHEFRAEME B 22 5 . 7EM AR FRRIE I HOR
[) 3 T o) 5 MR BR AR 0 %) ) SR A R, R 42 )R
e A A2 R4 SR T 4t A 2 AR 2 Tl A B AR ICRE
TEA LB BT AR AE 1) 22 A AR I 5 P FH — 45
B H WL 2 a8 55, RIS [R) 8 38 [B) A9 15 2,
o 4 1 15 A B 3 T A SRR A, s B Bk
T4t 2 21 °F 2 MR BRAE B {5 B, . I Ji5 4 i Sigmoid
TS PR BRI (A R AE ) £

Bi-LSTM ¥ £% (1 — /> {if [i] LSTM Fil— 4> )5 [f]
LSTM ¥, , 0 & T LSTM #7645/ LSTM H
JCHIREAT T i, G821 f T ] o A, 38 3k 3T 145
il BG4 B8 FIE R, S BT AL P A B AR,
HATH A TR

fi=o(wx, +wh,  +b) (2)
i,=c(wx, +wh, , +b,) (3)
u, = tanh (w,x, + w,h, , +b,) (4)
o,=o(w,x, +wh, , +b,)) (5)

Ho x FoR e F 2N B, R -1 2R BRUZ R
BE , u ARSI, 024 Sigmoid P BREL; wow, w,
Fow, 53 W F R AT T RR A TR A
PR AU R B b, b, b, A b, 53 R R T A
) TV RCRAS SR S AR i B . TR
HRA AT TR AR T T A R s

c=ixu+fxc (6)
R A R Z A A5 2R R
h, = o, x tanh (c,) (7)

T 58 LSTM H AR Hi[] 2% >, Bi-LSTM 1] 3¢
O3 7% R AR FZ ARG S5 Wt %) s A S, BE A% 448 i A AR
X ek 2 RN AR AT B A, AT % o A5 TR ) o 2
FEHEE . Bi-LSTM J2 4R 1 AR 5 0030 % 8 o (5145 v
RRAE | I ZRAT IS [R] R AIE 1] £ . 25 18 1) AR AR 0430
G, 25 B ZI (R R AE 5 HR R 28 AR O A 17 S B A
AN T Bi-LSTM i A {5 5 1% St R 2 A W] 1Y)
Bo M R Ak 22 . G sR I [R] 351 v 5 ELARAE
X T &5 SR 11 . 3 PR 5K #E Bi-LSTM J& i I (7]
T2 Sy RS S % Bi-LSTM 412 B3 (14 1) 18] )5 51) 4



9

- 1099 -

FESEAT HIE R INAY . #4283 Bi-LSTM J& (9% H ARk
h AR RS R) 3 T )BT g i A RRAE , R tanh R
W, Z e 51BN SEIEE o" 17, 5k S AE b A
IJe , P24 Softmax bRECTE 15 21 ¢ B ZI AL E A5 43
S,o TR ARHIE S5 ACE S S AH T , 15 2 B ) 7
DA TR RESE 7 B S /A w1 7

S, = Softmax (@" x tanh (%,) + b) (8)

A, =h xS, (9)

18]V 25 AL 7E Bi-LSTM $2 B4 I [R] 4R 1F ]
pre i S b ung o - NG A& R E S PO &
{8 B TED R AR 2R AT AL, 2 R 305 7 344 58 AN [+ B 220 %
AR 2R RO A i PRIk

3 ERS55H

A 5T 520 1F Windows 10 #RE R 48 K #E4T,
FH i+ LAY CPU K Intel(R) Xeon(R) CPU E3-1220
v6 @ 3.00 GHz, 3.00 GHz, GPU }y NVIDIA 1080ti
(11 GB) , ffi 1] CUDA Jf-47 154244 , Jf-7E Cudnn fil
W PR A LR [ 45 8t PyTorch HEZR , SR J5 47 i i
TR R2 R T A BAR R LI S50 &

R2 ZHSHIRE

Table 2 Experimental parameter settings

R a2
51K BRI B8 SN BRI
s AdamW
SR Se-4
RN 16
IR 120

3.1 BIENE

AR SCAH P B R A2 B R UR T R T A
BRZ M E IR E SR R Be . AT 38 M 2020 4F 10
H #2021 4 6 H W8] BPPV & 12 WHc %, (# FH AT
AN IR 20 S AR B 7 AR IR S A, A
B — > 604 A HI 7= AT 2H 15 1) 500 4 | DRI A =X
J& MP4, AT R /Ny 640%480 , 155N 60, J54A B
PR — RN IR R AS B A0 3 P o xR 4
FH B8 B B AT AR A A A8 IR Bk AR A
P/ AN T W SRy [ BN L oy A ol | o i
B B RIREARZ 4 M AT AR5 1 AARERK
7 T AR A O 5 55 2 AR T Ly I IR ARG O 5 5 3
VAR 3% A 1) R R 100 5 565 4 10 A0 R IR 2 58 i AR 1k Ay
O AR BT BAR S SLINR 4 B .

R3 BIEMAEEE—XREHELE
Table 3 Sample size for each category of nystagmus after

data preprocessing

: br%s
G/

0012 0221 1012 1102 1122 1211
J R 77 113 76 143 83 112

kb3 5 200 200 200 200 200 200

T4 PR FIRZEE X

Table 4 Video nystagmus label meanings

A KEITT T ET I il SRR R
0 22 Mk PERRERE A B
1 LES) BT IR MIRES
2 o e e s

R TSR R AN S s i, SR
AT A3 S AE [ AR E & A R R

A HEAT B ML A3, 24 4R B IEAE RS E
i R 3101 FEXT R D B 2R A T B AL 3 R
B, AR B — M SRR E A, 41t 120011
FEA R 45, Ak AT 5 AN (] HIR 722 2 0 A0 430 5 o 4
KIFm.
3.2 T 4ERR

R T A AR S UERR P E RN Z AL RE T R £
ANPEBEFE AR XA Y 43 R 25 R A TIPAN o 1 %
TR R (Accuracy /WE R EZIFM R IR . MR TREL
RUTERA MR b IERA 0 2R R A LU 3], B e 10
SRR A SRR M . R T AT PTG R A
BOTERE , 51 AKE 2R (Precision) . 3 113 (Recall ) FIF1{H.
(Fl-score) o i 282 H A5 U 00 Ay 1 28 ) A AE A v
FLIE M IEZR IR LA, A9 [R] 5248 ELOE S IE 2 R
A ATRY TE R TN A TE 2B A5, F LSRG R
A B 2B AP E . AT s

TP + TN
Accuracy = (10)
TP + FP + FN + TN
L. TP
Precision = ————— (11)
TP + FP
TP
Recall = (12)
TP + FN
Flscore= 2><Pre.ci.si0n><Recall (13)
Precision+Recall

Horp A AE IR AR S A TP A3 B PR M I B,
BI A S Y HR 2 9 I A IR0 O A SR B i FP AR
R AR e i, Al 2 LR R B ) o A R Y KL
i TNAUR PR B, R HABZE B IR SR AR U]



- 1100 -

] 22

AR a1

h A AR s FN 3 AR AR IV B, B A2
AR R AR 1) Ay A S AR 7% B .
33 KR

TSR R B DG Al T ASOR #E AT X L, 2R
Ji 88 3 S 5 R 7R SR AN () 6 v I 45 1) 52 A AU HIR 75 43
FM 2% 1 4y PR AR, IF R AR R R A 2R IR A8 1
R . BB IR R 432K 8 T sh VR ] 46 8
()45 5 37 S5 (R) AL, 328 Bl A 206 40 Il 42 1 [0 2% 455 R
IR AR R AR LR T X LU SE 5 . B Jm , X RT R
MESRHEAT I Rl S5, LGk i $ s e iy 0 224k, I 7
WG S Aty b T I LR A T AL R AT I S 5 5
UEH BT 5 7 v i3 R AU
330 HBETHREST N THRETHREFEIN
AEDEH AL TR BPPV HR 5248 sh i RUR A5
PERE UM e Je i M B A T SR ek L . R 7 R

L W
v
i 1 "2 "

7 T AR R RS TPy 51 e A TG Al 3 5k 45 2
IR BRAEWLZ SRR . HEL 7 AR, PWC-Net 5k
X2 L2 Tt 478 2 MR R 1) LA 7 45 U8, L3 Bl 5 1) i
JEAE Mk, AHELZ R, LiteFlowNet 53k 42 BUR G i 3
IR 58k T AL AR BR AL B, (AT SR 09k 6 A2 X B
GRS RMERAG T, 7 LiteFlowNet 8094 /1, R
ERBEOr F A0y, BB BT AR )iz 3
B, FREORE R, 5EIRE AL ik
RAFT 553 7R 73 W) S22 B HH B4 OR300 1 i
M 3 HR K A A3 5 A 0 % A5 S T B X HR R
NGy iz s oh B E IR R EAAE RERR
B, A6 T AT AR PR B IR BR B 2 s S5 B . M3
RBCRAF , JE T RAFT BDLIRAG T IETE R R ok
i SAG T R PR AT AT SRR D7 T SR B 4, O BPPV
HR =z ST S 43 Al e 1 SR R

'\_j

4 "‘ y a

L B
ni ”

a:PWC-Net

b:LiteFlowNet

AS

c:RAFT

E7 RESRETTEESRE

Figure 7 Visual results of different optical flow estimation algorithms
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Table 5 Classification accuracy under different diagnostic criteria
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Table 6 Classification results of the proposed

model on each type of nystagmus
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Table 7 Performance of different deep learning networks on

a composite nystagmus classification dataset
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Table 8 Effect of different modules on model performance
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Table 9 Effect of different attention mechanisms on

network performance
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