YEBF -

344 6 2023 4F 6 1 Journal of Optoelectronics « Laser Vol. 34 No. 6 June 2023

DOI:10. 16136/j. joel. 2023. 06. 0303

3T transformer H 16 v A ] &2 @ A 119 B %
R

WO maEt, F LT
CRWIBLT A (58 TS A3 iear e 2 BT 650500)

WE .4 % B Ar 2T transformer ) E G 5 2SR 5 2 0 A7 /D ECPE 8 EYERE AR 22 00 In) F0, AR SC 4
T transformer H i N FF A 1 2 @A B9 45 . % W25 78 ¢ AF 32 B A% 08 AS W) B B B9 o A o A7 @l &
WD AR AR B E R R 2 R E K2 BT 0 B R R R K Ak ok 25 BR R AE Y O
A B, DT 1 4R R R A E B R B s A, R T 3 A A R R 45 SR A AR Bk iE AT 4 26
T L AR SORE 46 2% B B = A2 0 4 AE 1) 0F A7 Rl R A S B R AE ) LR R AE AR 1, AT
VD T 2% Kot K B A AR L D 2 e N IR R P RE R A R R M RE . SR R L ARSI B W
B 1E B % Mini-ImageNet-100 , CIFAR-100 fil ImageNet-1k F ) TOP-1 #E # K 4> H ik 8] T
74.22% .85.86% M 81.4% . FEW A NI H &M BT, 7€ baseline L B T 6.0% .3. 0% Al
0.1%, HSH =W/ T 18.3% . A AU I R 7E “ https: //glthub com/xhutongxue/afvf” ,

X . transformer; EME 02 HIE N RFAE MBS B ZE M4 (CNND 5 #1851

hE 5% S:TP391.4 X EEARIRED ;A 3 E 4 S : 1005-0086(2023)06-0602-08

Image classification based on transformer adaptive feature vector
fusion

HU Yi', HUANG Bochun’, LI Fan*
(Faculty of Information Engineering and Automation, Kunming University of Science and Technology » Kunming,
Yunnan 650500, China)

Abstract ; Aiming at the problem of poor performance that the current transformer-based image classifica-
tion model is directly applied to the small data sets, this paper proposes a transformer adaptive feature
vector fusion network, which fuses features at different stages in the feature extractor,reduces the loss of
feature information and obtains more information under different receptive fields, and uses maximum
pooling to remove redundant information of features,so that the extracted features are more discrimina-
tive. In addition,in order to make full use of the feature information at all levels of the image for classifi-
cation prediction, this paper fuses the feature vectors generated at each stage of the network to make the
fused feature vectors more representative. Thereby reducing the networks dependence on large data sets,
so that the network can also obtain good performance in small data sets. Experiments show that the al-
gorithm proposed in this paper achieves 74. 22% ,85. 86% and 81. 4% of the TOP-1 accuracy on the
datasets Mini-ImageNet-100,CIFAR-100 and ImageNet-1k. respectively. Without increasing the amount
of computation, the baselines are improved by 6. 0%, 3.0% ,and 0. 1% ,respectively, and the amount of
parameters is reduced by 18. 3%. The code of this article is open source at "https://github. com/
xhutong xue/afv{".
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Fig. 1 Transformer adaptive feature vector fusion network
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Tab.1 Comparison results of different methods on Mini-ImageNet-100,CIFAR-100 and ImageNet-1k data sets

Mebod e Nawod 7 om FLOP Mo too  CIEK 100 T e T
ResNeXt-50(32 X 4d) 25.0 4.3 71.42 81.77 77.6
Convolutional ResNet50"] 25.6 4.1 70.16 81.34 76.1
networks ResNet50DM" 25.0 4.3 71.46 81.82 77.2
RegNetY-4GH® 21.0 4,0 69. 68 82.87 80.0
ViT-S/16] 22.1 4.2 51.96 71.62 71. 6
DeiT-S/16M 22.1 4.6 51.56 71.74 79.9
Swin-Ti- 29.0 4.5 66. 20 78.03 81.3
Transformer ConViT-S1% 27.0 5.4 61.48 79. 28 81.3

networks )

Twins-PCPVT-SH? 24.1 3.7 68. 82 82.77 81.2
Twins-SVT-SH 24.6 2.8 68. 24 82.87 81.3
Ours 20.1 2.8 74,22 85. 86 81.4
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AR B AT R 285 H bs 2R 47 27 2 AR, i ek
HEJF B R Ak AR A Al DL X B R AR R AT $
BOALRL S VTG B 28 H s By Ao B AR P
f HE B2 /0N I R0t A R R B I O AN BEAR 4 b
P& HUR) H Bp R AE 0 2 I A9 4R AT 4R HOCAR R UK i
Xk AR R 4 /s b 4 4 HE A 4 AiE £ 350, 98 R AR
T R Xt — 2P UL T A AR 2
AT baseline o7 A9 FFAE 4R BG4 0l 2 X [T &
(71N F b W 1A 2R A7 32 RO, 80 I A R R 4 R
B A R ik B A A 3 4 A O D

() B S 1 WL 3 R s AR SCAR M X CTFAR-100
0T 5 v 25 200 1) B2 ) L A SCORE I 285 ot 0 3 P AR 1Y
LI AEL 32 288 301 A7 SR AL A FL A5 SRAE S — AT Y
W IEER Ps. Ps o M 46531 12% 28 H A5 19 H 6E 7
P {HR 7R W 25 06 1228 H A5 (9 TR RE 78 58 .
BHWGINI I AR, 25265 Ps {04 B () 217
-

100

Ps = > P, +i € {0.1++98,99} . D

X, Py Rom MR b B T8 1 25 4 100
Py RoR 1 255 5 kIR A .

W ERFEER S ME 6 F 45 ER H base-
line 54 XM 7E CIFAR-100 [ A Pg -Category
2 R A s 227 2 301, DN A s R 7R X6 102 28 501 B Ps {ED
LK AS SC IR 28 43 94 GAP Fl AFVEM A k4325
Y Ps -Category MiZk. MIE 5 i a] DL H, A 3¢
R B 0 4% T AR S 45 6 CTFAR-100 $ s 4 Hok
T 43 24 S0 8 RS R, 22 B R LR 66 26 2 1Y
TRE B2, BOP SRS 4R e T 3. 4%, MRl 6 Hhul L
B OB AR SCHR 1 9 AEVEM FE S 432 28 0] L 452 25
255 CIFAR-100 %5 5 4 vh /7 22 288 1l 09 T 00 85 )52, &8
AT 50 %6 1 28 SRS B A5 242 T, HOF B 45 T+ A
2.2 % R A, DTS R 6 H 2 R LLE L AR S
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Tab.2 Experimental results of model ablation on data set (CIFAR-100)

Method # Param/M FLOPs/G Top-1 Ace /%
Baseline 19. 09 2.50 83.07
Baseline + Improved patch embedding 19. 32 2.58 83.75
Baseline +Improved patch embedding+ Feature compensation 19. 83 2.63 84. 65
Baseline + Improved patch embedding+ Feature compensation 20. 06 2 81 85. 86

+ Adaptive feature vector fusion
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Fig. 4 Comparison of feature visualization results extracted before and after feature extractor improvement:

(al) (a2) Original image; (bl) (b2) Feature visualization results extracted before improvement;

(c1)(c2) Improved visualization of extracted features
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this network on CIFAR-100
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Fig. 6 Ps-Category curve of the two classifiers
(GAP and AFVFM) on CIFAR-100

respectively using this network
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