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Video Nystagmus Classification Algorithm Based on Attention Mechanism

Zhou Haojun, Zhao Xiaoli, Gao Yongbin, Li Haibo, Cheng Ruoran
School of Electronic and Electrical Engineering, Shanghai University of Engineering Science,
Shanghai 201600, China

Abstract The existing classification algorithms for benign paroxysmal positional vertigo video nystagmus have the
following shortcomings. The features extracted manually are subjective and limited; the feature extraction of axial rotation
of eyeballs is difficult; it can only distinguish between normal people and patients or classify simple nystagmus. To
overcome the above shortcomings, a video nystagmus classification algorithm based on attention mechanism is proposed.
Based on the lightweight model three-dimensional MobileNet V2, a network is used for feature extraction, and the global
spatiotemporal attention module is introduced at the lower level of the network with rich global detail features and
spatiotemporal information to integrate the spatial information of nystagmus and the temporal information between {rames.
The attention mechanism of the spatiotemporal channel is introduced to the high-level network to screen high-level
semantic features. The cross entropy loss function with category modulation coefficient is used to train the network, which
effectively alleviates the problem of imbalance in several categories. Experiments were conducted on 66 types of video
nystagmus datasets provided by the Eye and ENT Hospital of Fudan University. The classification accuracy of the
proposed algorithm reached 90.08%, and the average accuracy, recall, and Fl-score of each category were 90.50%,
92.00%, and 90.40% , respectively, indicating the superiority of the proposed algorithm.

Key words medical optics; image processing; medical image processing; video nystagmus classification; spatiotemporal

attention mechanism; benign paroxysmal positional vertigo; three-dimensional convolutional neural network
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Table 1  Proposed BPPV nystagmus video classification
algorithm framework
Layer/Stride Repeat Output size
Input 3X16X224X224
Conv (3X3X3)/2 1 32X 16X 112X 112
Inverted Residual Block/2 1 16X 16X 56X 56
NL Block/1 2 16X 16X 56 X 56
Inverted Residual Block/2 2 24X 8X 28X 28
Inverted Residual Block/2 3 32X 8X 14X 14
Inverted Residual Block/2 4 64X 2X7TX7
Inverted Residual Block/1 3 96 X 2XT7X7
Inverted Residual Block/2 2 160X 1 X4 X4
SE Inverted Residual Block/1 2 160X 1X4X 4
Inverted Residual Block/2 1 320X 1 X4 X4
Conv (3X3X3)/1 1 1280 X 1X4X4
AvgPool/1 1 1280 X 1X1X1
Linear 1 N Classes
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Table 2 Label description of data set

Mode 0 1 2
Horizontal Left Right None
Vertical Up Down None
Axial Clockwise Counterclockwise ~ None

Intensity  From weak to strong From strong to weak None

i IR AR Bz S LAY R FL o0 D AN [l (9 2850, 2 531
B2 9 00207 4 AR 2 s HL R 8K AR BR300 7K A fm]
PR e R B S 16 I 9 Y S

PG b AFTE S8 A [A] iy S 5 IR R A {H hy T 5
B 5T 5 IR e 2 R A SR b i BRI DU D T BT Y
Beyu e b A 66 PR W YR FR 2R 80 o AR SC G 4
PL3:1: 1Ry e B8 &I R4k a4 (B ik«

4.1.2 HFETLE

T BN TR R 2 R 2% s R R T S IR 2Rz
IO X I ST B A b B L B fl
A IRl 7 e B R B A AL b, 13 B AL AR
7 TR

K7 AR 5 s 2 8
Fig. 7 Schematic diagram of video cropping

55 0t [ A, R LA 0 A B 2 AR AT AR K
B RRATT o SR I DA REAS 08056 1 ot i) fiE FL PO S
RLTEAR AL S B BT R AR BT N K S S
£i5 1 L 2 42 B RN, 25 1 FL 2 42/ T 35 pixel, T AL
B K /N BY Ry 224 X 224

By 205, X A E AT i i, R AR A A i e A
T e 44 R e ot i 52 1) I B B A R I R A
B R 4% X0 jpg.o

e Ja T R A B R A I B B 2 1Y
16 1 iy A P90 25 5 A1

F59% %F 16 H1/2022 £ 8 B/H X EXRBFFiHE

4.2 EMHIER

S T VAL BT B A BE L R H One vs Rest ) £ 43
FVEA AW, B ASE AU BEAS Bl A A 53 g B — 2800, )
A 2 30 X6 T2 A ok Ul R A R Y L SR H M R
(accuracy) K i %R (precision) | 4 [f] % (recall) /£ A i
Pragbm , X BEA UE AT AR PEAL

T B 238 2 TN TF B AR AR i 7 SRR AR Y LA
G B 232 2 U Ry TE A AR A AR A TR TE AR AR BT o Y L]
13 ] 502 T A A v gl e ) 1000 A O R AR Y L ] LR
ik ok

. _ Nop + Ny (8)
accuracy N’I‘l’ -+ N'I‘N + NI-‘N + NFI’ '
NTI’
R recision 1 | a7 ° ( 9)
P Nyp+ Nep
Nop
R ccan - (10

“ Nop+ N
AP Nop Nep N Ney 70K L HME R HM T
B A B Y % i
F1-score /2 V- 2785 iy B A1 34 44 [a] 5 (g o ASC o)
Iy, H R IR A
(1+ B%)X R precison X Rocean

o ﬂz >< Rpre(‘ision + Rrefa“

APl R =1,
4.3 If
4.3.1 stz

ST E P A R R B Ay S AR A Rt K
LS S Y 3D A5 R4 N 48 L AT TOXT L
SRR 3TN

#3 FU 3D B R 28 W 45 A IR AR LA AR A L R E
Table 3

Performance of mainstream 3D convolutional neural

networks on nystagmus video classification dataset

Algorithm parI:rlrllzltz: (;lf\/IB Accuracy
3Dt 34. 80 0.8443
3D ResNet18™ 33. 24 0.8518
3D ResNet34" 63.55 0.8717
3D SqueezeNet'"™ 1.87 0.8625
3D ShuffleNetV 2" 1.37 0. 8502
3D MobileNetV2 2.44 0.8791
Proposed algorithm 2.65 0.9085

M 3T LA 1, 5 H A R 28 0 3D 4 Bk 22
GOATEM L, iR A B A B, C3D R H
F R A 3D B B2 it k)2 B HE S oy AR
— . 3D ResNet & Fl| 5% J& 28 ML 45 Bpf 28 ) 2% 1)
% B 5286 45 0, 55 3D ResNet18 W 4 )2 A
1 % e QR AL 6 I T 47, R Il J2& 3D MobileNet V2,
3 S HE A R R T2 BOCE TR 1Y 3D ResNet34. 7F %5
A ORERL M R R = BB R RT 3R R, 3 B 3D
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MobileNet V2 1E & JEfilf (0 4% o B $2 Bk 5] AT P Ff
TE & S HLH 5 , 78 3D MobileNet V2 [ 3L fiff | 432 #E
W RS T TR 34 E oy, R T i Bk
o
4.3.2 HERER

TR G B B R A 1 ) AR R T AR AR R
P fE I S 0, XTFE 3D MobileNet V2 2L 6l 48 i () w5
ol ) R B R AT Rl S0, SR 2 R N 3R A PR .
£ 3D MobileNet V2 ZEfili £, x5 LLF JLFRR 5L #E 4T T
% BEA 5] A Non-Local Block (NL Block) A 5] A
SE Inverted Residual Block; {¢ 5| A NL Block; {5 A

SE Inverted Residual Block; [@ Bt 5] A NL Block 1 SE
Inverted Residual Block,

M FE AT LU PR & 7 LGB He i 51 AT
AT 55 145 AN ] 2 BE 9 422 7 5 5 5] AU NL Block [E #
5l A 3D SE Inverted Residual Block 5 3¢ it 43 25 i
1 B 42 T K5 4 R B 51 A NL Block i1 3D SE Inverted
Residual Block B}, 4325 fE 8 B 38 7+ 1 0. 0294, $2 F &
FE W o X Ul B AE AR 2 51 A 4 R i) 2 T L
il , AT LA G b 4 BOHR 5% 32 SRR AR DL B 2S5 B & )2
PR I 25 38 T8 3 5 7 AL A T o S M B L A A AT
MR, B S A TR s R etk

Fd A FBEHO TR 1 52 0

Table 4 Influence of different modules on the model

Condition Accuracy
3D MobileNet V2 0. 8791
3D MobileNet V2 + NL Block 0.8922
3D MobileNet V2 + 3D SE Inverted Residual Block 0. 8853
3D MobileNet V2 +NL Block + 3D SE Inverted Residual Block 0. 9085

BEXF 16 FH 1 WCE #6125 oR %, 3l 2o 52 56 5 J5 46 58
AR A5 2% e £ (cross entropy ) #E4T TR LG, 5 R A0l 8
FroR o LI 8(a) JFT LA, AR TE I 2w 0, B R
A2 LA R BB A5 R AE M SR L L 2 R AR RO

o 020 — weighted cross entropy
i — Cross entropy

0 20 40 60 80 100
Epoch

FEARAE S 51 A2 2 RN Z 0. 0001 5 , R iR 28
S PR RSO R BRI WCE L[ E] 8(b) 11y W Fh
T2 BRI A A RE R 2R R T, 5 OA 2 ) TR R
B4 58 S R BUTE AT 55 v ) e BT INAR 75 <

g0 () J—
80t
701
2
S 60+
g
Z 50¢
40+
ot |/ weighted cross entropy
I — Cross entropy
0 20 40 60 80 100
Epoch

P8 AN [ 45 2k BRI 453 2K (LIRS B 25 15 2 AR UCROI O & < (a) 18R AHL 5 (b)) R A 56

Fig. 8 Relationship between loss value and accuracy of different loss functions and number of iterations. (a) Loss value; (b) accuracy

4.3.3 HEra

RO IEIEAERIELE A 66 200 ry R B,
Horr label R AU IR R R BRI =0, & 55l vl LI FE
2 B — 25 1Y precision , recall , F 1-score {H (% ¥ ¥ {8 43
Sl 72 0. 905, 0. 920, 0. 904 ; = 26 28 51 (3% A £ il #9) A

B NWb 2 5ERI R HEA B EA L, ST
TR DR UEH 73 JENG 8, ok S0 AT 2 75 i PR 12 Wy v A /0 i B
R IR 72 2 AL 5 AR 63 28 BT 76 4% A B i i 22 R 1Y
TOLT , B8 BURS Bir i) ROCR, , 36 W P 4 530 1 A9 1 o
(/I8

#5 FrRFEAE K LR

Table 5 The performance of the proposed algorithm in each category

Label Precision Recall F1l-score N Label Precision Recall F1-score N
0000 0. 500 1. 000 0.667 27 1111 1. 000 0.933 0.966 71
0001 0.810 0.708 0.756 123 1112 1. 000 1. 000 1.000 251
0002 0. 854 0. 875 0. 864 150 1120 0. 864 1. 000 0.927 74
0010 1.000 1. 000 1.000 50 1121 1.000 0.927 0.962 190
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5 (4L)
Label Precision Recall F1-score N Label Precision Recall F1-score N
0011 0.953 0.968 0.961 371 1122 0.972 0.977 0.975 782
0012 0.955 0.955 0.955 350 1200 0.700 1. 000 0.824 45
0020 0.833 0.833 0.833 30 1201 0. 867 0.929 0.897 128
0021 1. 000 1. 000 1. 000 100 1202 0.984 0.918 0.950 673
0022 0.976 0.953 0.965 226 1210 0. 500 0.400 0.444 13
0101 2 1212 0. 857 0.750 0.800 21
0110 0. 909 1. 000 0.952 84 1220 0. 800 0.821 0.810 1280
0111 0. 968 0.989 0.978 426 1221 0. 830 0. 855 0.843 1742
0112 0.947 0.957 0.952 455 1222 0.907 0.874 0.890 2387
0120 1. 000 0.933 0.966 60 2000 1. 000 0.667 0.800 6
0121 0.952 1.000 0.976 145 2001 1.000 1.000 1. 000 29
0122 0.981 0.963 0.972 877 2002 1.000 1. 000 1. 000 7
0210 0.857 0.857 0.857 ol 2010 0.250 1. 000 0.400 10
0211 1. 000 0.933 0.966 237 2011 1. 000 0.818 0.900 32
0212 0.955 0. 980 0.967 767 2012 0. 500 0.667 0.571 21
0220 0.853 0.871 0.862 1240 2021 1. 000 1.000 1. 000 29
0221 0.901 0.856 0.878 1746 2022 0.977 1. 000 0.988 169
0222 0. 878 0.904 0.891 2434 2101 1.000 1. 000 1.000 11
1001 1. 000 0.979 0.989 249 2102 3
1002 0.953 0.943 0.948 398 2110 1. 000 1. 000 1. 000 12
1010 1. 000 0.636 0.778 ol 2111 1. 000 1.000 1. 000 45
1011 0.921 0.946 0.933 114 2112 1.000 1.000 1. 000 190
1012 0. 889 0.930 0.909 259 2120 1.000 1.000 1. 000 6
1020 1.000 1. 000 1. 000 13 2122 1.000 1. 000 1. 000 276
1021 1. 000 0. 862 0.926 136 2201 5
1022 0.986 0.986 0.986 395 2202 1. 000 0.857 0.923 32
1100 0.881 0.952 0.915 263 2211 1. 000 1.000 1. 000 8
1101 0.904 0.881 0.893 540 2212 0. 500 1.000 0.667 5
1102 0.921 0.925 0.923 1071 2222 0.976 1. 000 0.988 200
54k A Chinese Journal of Internal Medicine, 2009, 48(5): 435-437.
7 e (2] S B . HE P 25 R BLARLIL. o PR R 0 45
T — R0 T 9 3D MobileNet V2 i) ¥ 45 12)01_4(; ;4‘(3}: 137{'“31' el medicine ] Ci
. . . . . , ai C F. Current status of vestibular medicine[J]. Chinese
MR Pl o ik o IRk BUAT SR O N T HR BURSAE Journal of Ophthalmology and Otorhinolaryngology, 2014,
Jr AR IR, 43 1V 45 B 22 60 24 0 R L3t i a7
AR AR BRI, 3 5 5 A 4 J) I 23 5 0 AL A 2 [3] von Brevern M, Radtke A, Lezius F, et al
T VE BT AL B AR AR B R B ECRE g, 4l ol i Epidemiology of benign paroxysmal positional vertigo: a
T 2 R BT B M PR R S AT AR N 4. Sr e gk S 3k population based study[J]. Journal of Neurology,
AH %%%/ﬁﬁﬁ{ﬁ%/ﬁﬁﬁ%@/ﬁﬁfﬁﬁi%ﬂ%ﬁ ik Neurosurgery, and Psychiatry, 2007, 78(7): 710-715.
1 90. 859 s A F BR AT HR 22 43 2 55 v T LA 46 ok v B Mo [4] SchmalF,Snﬂl??.DMgnoﬁgandnumagmnmn(ﬁbe@gn
X 22U BRI 45 R 70 56, 0 6 550U e s e e
ARSR AE T R L A (B [5] VP, FLE B % kLA FUK T L
5 = % # BPPV 42 i 5 46 i WR 72 ¢ a5 00 28 23 M (7], b [ BRAR B 2
ek, 2017, 27(25): 92-94.

(1] k22 Wi e # il & KAl . k4 (1912 Wi R g [J]. o Zhou G Q, Kong Y, Gao Z Q, et al. Characteristics of
ENEHL A, 2009, 48(5): 435-437. nystagmus in position test for posterior canal and
Dizziness diagnosis process recommendation expert horizontal canal benign paroxysmal positional vertigo[J].
group. Dizziness diagnosis process recommendations[J]. China Journal of Modern Medicine, 2017, 27(25): 92-94.
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