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Investigation into an enhanced CVT-based algorithm for
fine-grained image recognition
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Abstract: In response to the issues of background interference in fine-grained images and the challenge of identifying
the most discriminative features in the target region, this paper proposes an improved CVT-based fine-grained image
This module

extracts features of the target region using a multi-level feature aggregation method and determines the target region via

recognition algorithm. First, a target region localization module is introduced into the CVT model.

threshold-based decision-making. The original image is then cropped proportionally to reduce the interference of
background information. Furthermore, a mechanism called MDCSAIA (Multi-Dimensional Channel Spatial-Aware
Interaction) is proposed. This mechanism employs dimensional transformation to facilitate effective interaction between
spatial information of adjacent channels and channel information of adjacent spatial positions, thereby enhancing the
network's ability to perceive the local details of the target region. Experimental results show that, compared to baseline
algorithms, the proposed method improves recognition accuracy by 2.1%, 1.7%, and 1.5% on the CUB-200-2011,
Stanford Cars, and Stanford Dogs datasets, respectively. These results validate the effectiveness of the proposed
approach.
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AR Sk, BB M & W 4P (convolution neural
network, CNN)FEAH HAE $& W& 5 ) 5 57 AE J5 1 fr) O 35 1k
RE L 3h T T AU 4 S TR A AR TR R B F 5T
U Tz N S I R T U B AT
A B AR ) 5 ks 32 4y i M N M TR, R
B 5 W AR T N T 1 G g X R SR I 2 B b e i
2, I ) P ARR R 4 BB 20 HEAT B AR 43 25 5 DA 2 i IR 4% A
AU B R o g DS PURIDRE BE . SR T, 7R Ak FE A B d
8 0 B 2% S AT 45 sk L IR BORE 10 A 12 15 8L B9 A 5 4050
A Z R S 55 R G R 5 vk (AR T AR 1Y 28 3l v 4%
PEATRERIYN 25 WD N TARTE A A, BRI 2 18R 4tk B 1]
ELVHNES 20 Ery AR

B, 55 AR AF B — P £ 5 1 T R PR Y
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FoR . R XN REHER R B AR XA B A S 2
s CEE B T, 5 B0E AR XY AR B 52 B,
B U X7 A B T — Pl A A SRR 3 R X
FERS B VR R 4328 05 8 1 0 ¥R T8 I T S R AT 3 5 ) 4%
R0 78 AL TS B AR BT AE LB A5 B 505 B0 [ A o
X B AR DR 4 SV L B A XIS B T 4% 4 AR
H AR D3 b D0 T At 28 0 R AE AR B, o DT 38 T 43 2K
BE. SR, 2% 07 B A G 1 SR ke PR e 3 J 38 IX 3 4R B, o 52
537 J& 22 ok BEUG B) 1) =y 0 5 4 1 LG &R, B B 2 S 1Y R
TEBRZ RASM X AP, BEJS , BRACSE 4R T —FRl & B
b € A7 5 5 4 JRy ¥ 28 B2 2T 14 43 2R 07 5 7 B AN ALEE R
FBR AR AT R CH AR R AL, B R T — 2 EA
S JR AR 2 L IR B, DAAR B i IR Wik 35 R 3 IX B
fiE o XLk AR TH T Aok BRI R, R B
TR RPN RE .

1T CNN 7R $2 BB 32 BR T gk 32 B, JH: 4k 34 3 1]
A5y B F P4 g Je 8 DX 33 L3 3 328 J2 285 R B BRURRAIE , R 3
XTEMG A R AR AR B CE AR B AT P IX — A
Dosovitskiy LR T Vision Transformer (ViT)ZE#,
J GG AT S5 4R AL T — RN k. VIT it A
FIHLHIAL B4 JR FRAE 2 7 R e Z TR K BE B AR G &R
A5 W28 e A RO I ZR R P 2 )R B SOE R A
3 PR T AR B R B o R R 2. SR VIT 44 b
HTE B L Z A R e B AR, 2 B0
SR BE R v R RE A M AR SR B R . O A TR U IR) B, W
selil g b 7 4 LWL % Transformer (convolutional vision
transformer, CV'T) , 2k A 2 AL 445, 38 12 46 /N FRAE J2 1)
25 ) 4t O $E B 22 2 R AR AIE L 0 38 R IR T 4R AE T G 4 3R
MR, WA CVT BIATHERERBE LR ML RE,
DL i 7 2B UR) TR . 1R R B AR T 4 1Y
T S B RE S 5 TR B i — D 3R T TR PR R

SR, CVT BRI A AE — LE /R, B 56, RESIA
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TR AZ BT 0 J R R o A 48 USRI A DX SRR ALE B 19
RINGE ST, TIE W IR J2 G5 M A 15 B . B4 iR
RURJU Y42 Jm AR I ALRAL 8 T 25 A 48 5 15 2. 2
W T LA 2 5 Y R AE DA TN PR TR B A H b DX Sl 2 R
REAE B2 BT T RE T 5 5% A X 22 A R AE Y 4 T IRk 0 R
¥,

BTt ) A, A SCHE T CVT W28 0, 2 it —Fh T
R CVT 4L BE EIHE R I BIF 58 7 1k (research method
on improved CVT for fine-grained image recognition,
IMCVT)., % F ¥ 51 A B #5 X 38 & i (target region
localization, TRL)HEH, R FI & T 3 {5 30 5 (4 £ 2 1k FRAE
RABORHAT B b5 Al 1 W1 72 7 . 22 0 H AR XSl 9 4875
F R IR R A AREAC PR B AR SR X T, B
o £ A5 AU (14 B AR 2 7 R PR RE . e Sh, O T T i AU 3R
B H A e L) 53 7 X3 A 200 R R AT, 4R R — b 2 4 1
[a] { & N 38 H. i B 7 (multi-dimensional cross-space
adaptive interaction attention mechanism, MDCSATA) #l
il o 2R I HLHAS AU 4 1A 3 3 2 (8] AH 4B 7 B 22 6] 1Y
MO S FR L 30 52 BB A 23 [ 7 B AH 4B E 2 [8] 915 B 22 5.
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TS5t Al R bR A 25 Ak RS R A Y O ik D R
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(convolutional token embedding, CTE) #f474b 3 , L)L 42 BUAH
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KIEEMB LRI B . 5 MR 5 84 87 5 5 8
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Fig. 1 IMCVT network architecture diagram
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Fig. 2 Multi-layer perceptron structure diagram
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Fig.3 Target region localization structure diagram
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Fig. 4 MDCSAITA mechanism network architecture diagram
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HAEEE S 0 2 1 Z A, I o BEALES BT AT R4k .
Hr F o, FUF . 53 5313275 380 i A6 F0 b o 22 Ak 7 %
S5, AL B T ACREIE 9 3l A M 7R [ 19 5 AiE 2 1
i B 52 355 R4 T A LR 43 TEC o O 4% AT AR A O v DG
REAE DX 35, DA T 42 T35 (A A5 A1 B2 B0 A0 o o o 0 A ok . B
J R 1 X K ALK X 1 =45 FUKF M E 5
2 DX T B AT R AE R, O BT A5 AR AT 7 3 T 4 B b
TR, BeJa - AT I — AL FN 30T sR A 38, 9F 5 i A
FRAE SR AT S S IE B, W OR AR T 1 KAk g Oy, Hoat A R A 5
WX AOFAD PR,
Qs (w) = (Conv,wg (X))

10
Qs(h) = (Convg (X))
Q° =6 (BN(Qs(h) P Qs(w))) ® X (1D
QR =QOP"®P" (12)

H, KA F o F8 Sigmoid #TE K%L, BN U E
H— b3, Qs (w) AAFRAKT Iy 1] B9 iyt AFAT L T Qs (A
fRFTEETT B B RRAE . R A A o 3 A e A
fE L = (12) i 7 o DT 2 T %55 Jas 350 30 ) BX 38 e i 32 A
THE A VA AL

2 XWIRTEERSH

2.1 ZHHF/EMITMIER

R T TS UEA STy R B L IR SE AL R
3 A ox b gk BE PR BB 4 b PE AT CUB-200-201177
Stanford-Cars™® |, Standford-Dogs™'. H ', Standford-
Dogs B £ & 120 FR R A28 19 20 580 KK 1%, CUB-
200-2011 FHE AL A7 200 PR 53600 11 788 SKRIEIR T
Stanford-Cars UIEHE AL 196 F AN R 42K A1 16 185
TR . ik SR AR Y 28 0 B IR A L Dk AR 9 3 40 X 43
THHINER 1 FR,

x1 MANEEGHESEFHAREE
Table 1 Detailed information of fine-grained image datasets
EIEE S 251 Exs LA
CUB-200-2011 200 5994 5794
Stanford-Dogs 120 12 000 8 580
Stanford-Cars 196 8 144 8 041

A By, A SC i FH 8 0 fE 3 2R Caccuracy, Acc) . 49 [Al
HK(recall, R) HEH 3 (precision, P)RIEAN B #& 77 2 1 43
B AR AKX T .

TP + TN
A = Tp T FP T TN T FN (s
TP
R=7p+FN aw
TP -
P=1p1FP (19

Hr, TP, TN, FP.FN 4 5 % /& B iE # (true
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positive) . E. 71 {4l (true negative) . ff% IE f5] (false positive) £l
B 47 5] (false negative) IREA$ 1,
2.2 EHERESHETLE

AR SC 1 48 B K 3L T Pytorch SEIR, T A 52 86 24 75 L
BA Ubuntul8. 04. 6LTS #1E R 55 B9 IR 55 %% L 47 . % IR
Al % T —3 12 GB & 47 /) NVIDIA GeForce RTX
3080 R LUK — 3K Intel® Core™ i7-12700 M AL FR 2%, 4%
3R B £ F5 . Cudal2. 0 BR 45, CudnnS. 8.0 X A<, DA M
Python3. 9. 13 74,

IMCVT R CVT MZAE Ry 43 HAE 55 098 T 284, LU
B A B MRS S . 0 Tl % IMCVT 28078 I 25
AR R T R R S Bk LU S, I R A B R Y
WL Ry 224 X 224 B EE— RF, I ImageNet-1K 11y
TN AT AE A IMCVT W 45 455 T3 Zk B9 40 46 18, LA A5
RIBEAS B4 19 58 BN 25 . SRS S Bk R Adam 7 ik,
O B HAA AR AR 28, 38 (Momentum) 8 0 0. 9,
it R/ (Batchsize) B 58 4 32, LU &8 80K L 540K
B Cepoch) B N 100, VIl 45 By Be 2 > Ry I H W€ N
0. 001, I {f FH 45 7% 3B k (Cosine Annealing) 5 W& 3¢ I 3% 24
S BRAh AT KT B | € AR A HOUE B SR R L 3
JT A B 2R, DL AR T AL (9 37 1k BE R
P FEAR SR YRR N 5 TR

5 A B R R R ]

Fig.5 Sample augmentation effect diagram

2.3 HEREI
g B AIEAS SC T B A TRL B3 f1 MDCSATA HL1H AY

AR, A X AE CUB-200-2011, Stanford-Cars,, Standford-
Dogs BR4E AT TR LS . SCH g Rk 2 k.,

x2 IMCVT HRESSI A
Table 2 Ablation experiment analysis of IMCVT

" HEBH R/ % ZHa/
]
CUB Dogs Cars M
CVT 80. 3 87.8 89.5 20. 21
CVT+TRL 81.1 88. 4 90. 2 20. 23
CVT+ MDCSAIA 80.9 88.7 90. 8 20. 30
IMCVT 82.4 89.3 91.2 20.51

R 2 L JE LR CVT W4 88 8 48 CUB-200-2011,
Stanford Dogs A1 Stanford Cars $H54E F 0943 2 UEW K>
Tk 80. 3% .87. 8V H1 89. 5% . T 12 F M R 45 AR v ik A
TRL G W80 T3 55 B0 T80, B3R T AR FE A
P45 25 (8] H b DX RN R 7, i 43 2 e R AE 3 A 5ds
A2 AR TEE 81.1%.88. 4% 1 90. 2% . 4275 7 0. 8%,
0.6%F00.7% . ML A MDCSATA #5e it , BRI % H b
Jri B e X Iy TR B T A DL R i 0 2 o 1 SR AE
CUB-200-2011,Stanford Dogs #1 Stanford Cars ${#& £ I
I3 IR T2 80. 9% .88. 7% Fl 90. 8 %4 , #5 kv AR L 4y 1) 41
FT 0.6%.0.9% M 1.3% , AL M IMCVT W £ 52
B g5 AR L TRL A8 1 MDCSATA A5 e 47 41 & 3%
HE 45 R, ] i — 25 i TR AL G 1 B B & 7E CUB-200-
2011, Stanford Dogs #il Stanford Cars £0¥& 5 I 194> 2 W
AT IKE] 82.4%6.89. 3% F 91. 200, 4 = T HALY
2.4 FEHIEEEE

T — 25 B R AR ST 4R 1 T I AL A R L AR S
# SE-Net,CBAM-Net, EMA-Net™™’ | MCA-Net 43 5l #& A
CVT ##1, 7-7E Standford-Dogs 2~ 554 F 54 Cr#
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