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Fine-grained Image Classification Method and Research

Based on Deep Learning

ABSTRACT

Fine-grained Image Classification (FGIC) classifies the basic
categories of images and then divides the corresponding subcategories.
Compared with the traditional image classification, it puts forward
higher requirements for the discriminative feature selection of images.
Fine-grained image classification not only has the problem of small
inter-class differences and large intra-class differences, but also has
interference factors such as illumination, view Angle, occlusion,
background, which makes model classification more challenging.
FGIC tasks often use methods based on multi-stage pruning. Although
these methods can capture important regions, it is difficult to make an
objective evaluation of the importance of these regions. At present,
most of the existing FGIC methods use the attention mechanism to
extract the visual features of high-response regions as discriminative
features. However, the visual features also contain coarse-grained
information (non-discriminative features), which will not only
increase the computational complexity of the model, but also interfere
with the discriminative feature extraction in the subsequent stage.
Aiming at the above problems, the main work of this paper is as
follows:

(1) Aiming at the problem that the recognition area of the model
is susceptible to background interference, this paper proposes a
fine-grained image classification method based on multi-stage feature
extraction. The model consists of two modules, the positioning
module and the multi-angle attention module. In the adjustable
positioning module, the region of interest of the target is located at

first, and the region of interest is adjusted by background masking to



obtain the adjusted cropping region. Then, the adjusted regions are
aggregated to locate potential discriminative features. In addition, for
the multi-view attention module, the difference between the original
attention map and the randomly selected attention map is gradually
maximized. Therefore, this method has better generalization than
other methods.

(2) Although the traditional multi-stage fine-grained image
classification method can capture the important regions, it is difficult
to make an objective assessment of the importance of these regions.
To solve this problem, this paper proposes a fine-grained image
classification model based on tree branch election. Firstly, by
maximizing the difference with coarse-grained information in the
initial stage, the model can guide the concerned area to the target, and
provide more effective guidance for the subsequent stages. The
subsequent stage is based on the previous stage, cropping the high
response region, obtaining new images and gradually discovering
discriminative features. The multiple branch routing modules of the
decision tree ensemble elected the sub-branches of the decision tree,
and continuously increased the contribution of the stage where the
discriminative features were located. Finally, the predictions from the
leaf nodes are summarized to obtain the final decision. Experimental
results show that the proposed method has better performance than
other methods.

(3) Aiming at the problem that high-response regions contain
coarse-grained information (non-discriminative features), this paper
proposes a Transformer fine-grained image classification based on
multi-scale feature extraction. Specifically, the proposed method
contains a feature aggregation module and a low-temperature freezing
module to select effective high-response regions and learn richer
discriminative features. On the one hand, in order to select effective

high-response regions, the filter aggregation module first filters out



useless low-response regions based on the correlation between feature
maps. Then, aggregating features from the true high-response regions
further widens the difference. On the other hand, the proposed
cryofreezing module is able to learn richer discriminative features.
The variable temperature function encourages the model to explore
more discriminative regions and freeze weakly correlated features in
feature maps at different scales to extract appropriate discriminative
features. Experimental results show that the proposed method can
remove coarse-grained information and find potential discriminative

regions to improve the classification ability of the model.

Key words: fine-grained image classification, multi-scale feature

extraction, feature enhancement, attention mechanism
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Figure 1-1 Schematic diagram of coarse-grained and fine-grained image classification

AL 2 B 53 RN & T A — RIMEJE T AR 7RI AT IR 72K,
B 1-1 PR, ARG MRy A5 B R MR E /328, BN X 0 & 28R kLS R .
X LR 8] (R AE 22 5 2 3, R RAE G B AR & P 2% ( Convolutional Neural
Network, CNN) [ 2%t g 3R 5007 1) 43 SRR o SR, IR B2 PRI IR ol T 5 22 B i 1)
R REFNARALFRRE o 3 PR AR AR AN LSRR R b i S BRIl B 7 2 — Pk
LU B T2, BN DX oy A R AR S e LAY S . Rk, AR B a3
X G SRS FE AN AR BE B T SE S ISR, I RO T SR B ek A B Bk A

7] 7L



73 AW ENE 2 TR e A8

AIVRLEE R A B BB H T A TG B &N T7 1, IR A8, 2P, RRESCIE . R RE
T AEEVEESE . BRI S (DIEBR S AU T, K52 -5 00 AR 5% R 520
I LE A2 HTL I 2 2 B HH GO BRARAE, I HIX AR A0 A AR IR B4 B 4 5%
b, (HEBETE R B RRE H AU 22 R R IR o 45 7E AR 12 T IR I R 7, X
W RT3 s NI A AR, DR L IR S MR o AR R 2 U R FE B . (2)
TEZYisct, MR G KBRS TR A, H T 5 SR UEFI 5 1745
il XA DA OR R A SN A BRS N BUR X3, $me e, Q)R Aessd y i,
FENH SA@E WS ERA . B0, @ s SRS R B i EHR, R 4
FLREEMB A RBR, FTLORSH R I A0 R 4250, AR . 85 5520
RLEEAS 2, XA BhF 208 B0 1) 58 MR B 4R B R L, D@kl H
P SR EBEE SO . (HER BT EIRT, T i DR AR T R (1 = 5 5 5 R vy
s Bh AL D BCA (1 [F B SRR TR B o i, BB T DR S ) — X 3 R R — 2
(ELAN 5] it LA RS PR 78 o, D [0 PR T R A [ BUAS ZE AP B B AR AL S < (5)
FEASARPEA 7 T AN 32 BER BN 8 L TR B AL B ) 1 36 78 25 2R AR 0EAT 3 AT
Wl XM A B T SR 7R IORRAE, AR R LIRSS . JE
TR LA R, AR VAL A S RT AR X0 A DR 0 AT S R (0 VAL 5 G B X
(TS FERE . MR RS 4
1.2 AR Bkak

& BRI 2% A Vision Transformer (ViT) 7E— B % /3 284F 55 h R B
Sk 3R P S AR T2 BN R S, (R B AR AR T i 2 Bk . e 1-2
Fias, X —PhR 3 B T IR ARy ZE AN ZE ke, RGN TR X 4y AH ok
B 2 5 PR

HARW S, KNS E (LEBEHE) RIA: [F— 250 1S/ BG T fe s
FERFENGZE S G, 5300 BRI A0 R 2 R I B A 6] AR S WL AR, X 2
R BRI AR (s 1 ZIFT) , M ERZ R (g 2 FIps)
RIS R (s 3 50PR) BLAHR 7> B IERS (e 4 BIpTR) o XU R
i A RLLE A G R AE I (0 X

S



4 RPN 2R VAT

M4 S B4R W5tk
P 1-2 FGIC T i (1 Bk
FIG 1-2 Challenges faced by FGIC

O, RIEMETT 2 CEE LN W) IULEAS [F) 28 1) (¥ SE 9] 2 1R] 471 = FE AR
ARISMARAE . a0, ASFE SRR BB ST MR & EAHL (G —17
Fm) I PR AT 22 0 AR SR R RFAE SR IO VR4 T SE s ISR . X T B VR
POV S, AEX BT X 73 AN [F) 28 1) 75 B Y AL 4% T 9 1Y) Jm) S AR AE Al A2 B T AN
X AR AR P B
1.3 #RIR

HRLRE UG Ay P IEN = 2 BT X 30E AL AR S B o 6 BE T )
HLi B 20hE FE R 53 2R AN JE T Transformer H4IHLFE B 502K Forr, 36T Ja 3B X 38 e
A7 B4R RL FE G 7 2 i it £ RS AE 47 8 (Feature PyramidNetwork, FPN) B
e X I A B 2% (Region Proposal Network, RPN) A%#ES 2 HARX I8, FIFH /N F5
PR IIA % SOREMTBRHE ISR ECRE 7T . BEAE TR B 5 ST RAIE B 38 58 B/ Sk 14
T, I PR AR B N A AR P S A 5% DA 56 10 R -4 R SRR, B
RO FE ) FAT 55 I S BN TS o -3 s AT WL B AheE FE R 93 2R 0 YA AE S 0 s
fER AL il HAER /1 (Convolutional Block Attention Module, CBAM) 5438 X
ER B TECHE R, W6 ST HIHRT R ER S & . A& A0k AT 55
x4 JR B R SO SR AOVRAL , FE T Transformer AR G 73 248 77V 55 A5 g S
L RWRTERAERE ), N RBR SRR R R SIS RS M RS SOORTRAR AL TR ) S
3£F Transformer [¥)42 5 #4502 20 CNN [ R #0BAZ B BR 1, 3@t VT K UG K40 M
Patches I 5| N7 B Jifd, SRKFRMBIRC R AR X LI E#E — L UL

3



73 AW ENE 2 TR e A8

1.3.1 EFHEPXIEE A MRLE E & 52
B T SR B AR BE 2 ST BRI g e 4], FGIC AT 45 i 4k BUAS T 2 3%

BERES, 7E FGIC T4, #EH I 8 17 4% i DXI0R BT 0 2 1 BR 1 OB, FE T 2
FHIWETCA, VFZ 75 TN AR B2 FHE B3R & X sk SE B H 5 i A2 (W 1-3(a)
FT7R). 14, Branson S50 OVE Ik fil T4 R3] EUG HR IR 1 10 245 25 SR G ARG WU 381 (¥ S0 350
X4 ; Zhang % UFESZ 4 o i X 45k iR A2 b 25 17 AN (5] Jo 38 X 3k () R 62 B 6 &+ Lin
ALV AN ] 1 g 38 DX 3R E bk AR HEAT 6 55, JRIB L — R ET U0 valve linkage BA %K
SR BEAG I B ) SR X 4k Zhang S USIE IE OC 8 i AL 15 B2 IR 21 R X 0 S

VB SCRE ARG BE, AN T U B e 00 280 1) Jm) 348 X 3301 K /N o BE 4, Huang 26041 Wei 4%
USIU) 368 3o ) s 23 B AR Ja) 38 X AT (R RFAE SR BT ORI . P T A HE R S T IX
B, BTCOX SR TR TR AL VR RE . SR, X KTV R BRATE T AR R A
K Bt 3 Sy HARE N A ME CLEAT bRy, 3k 7™ 5 BR ] 1 12628 0 VAL SIE B 3 55t b (¥ o
H .

BT, WA R TSR A%, IX RN R B N SR FRE B 1 RE I

TEOL T IBAT o T 7 V30 AR T I ) 7 TR S R S 1) S 31 DX 9 X 88 X 3 v Ty
IARE AR AR I SRR X 43 DX A5k, A5 P DXl A A8 D 5 16170 A B i e [X g ([
1-3(b) A7) o SRTH, "E AT 120 T BTk X3 A1 06 3R, DRIk T v s 3 I 7 B2 ) X3
HARTIE, EMG e A0 D0 5 7 2 & B S SUE 8, IR 7 A5 B} Ik R AE
SRR R RAE T, V2 IR0 RE SR O rh A B DL R A X, T B
LS R I SRR A
1.3.2 EFFENIHIRMALE E &S

TR T I ML Sy — s 280 SR 0 DX g 7 57, AT 5] AR AR S AN [ B R R
DXH, T3S SRR R T o BEAh, VERINURIE N SRBEE ARt F AR R 7O E
MNP — DRI, 2> F AR TR A A H0 0 X 3ST, I R Al b B 4R AN A AR
i DX 3 2 T8 14 7 ) 6 R VT LA 43 ot LA S BRI, VERE UL 0 B A ) T FGIC
45 CanEl 1-4 FroR) , Hoh— 807 vkt S BT (R . Hu 2520028 1 —Fift ]
T A AR BTHE I VE R D BE B 5 2 A U7V 0T VEE B RS BERE R I B X ¥ X
B, PR T —FPEE F BRI



74 MREVNC ST AT

B 1-3 T N AR I FAE () AR 38 X do i B (b)

Figure 1-3 Bounding box (a) and local area (b) based on manual annotation
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Figure 1-4 Original image (a) and attention map visualization (b)
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Figure 1-5 Organizational chart of the paper
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Figure 2-1 Schematic diagram of common data augmentation methods
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X (2-2) & Ru AT RwE (0,172 BEHLELHI

[t L 6k B0 AR TR 2 S HE T 2 01 S s A AR A, T AN S At v R R A
HYERGEE, AN EEN. FREX T BARE IR T4, BEHLE BT REHE B
T2 3 7SI B o AR A 1 3 SRR A
2.1.2 Mixup
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FHT I ZRAEAR . Mixup TEXY SR IE AR IR 2 ARV 1 [F) B, 34 AT LSO 2031 3100 7 o3 AT
RS RYLE 73 I T o B = A R B R A AP, VR R T
Zod A MO A . BT, ARk EGR AIHRS, (L, yo A (I,
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=AML+ (1-M, ¥ =y +(1-Nya (2-3)
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Mixup R84 = A0 e 75 A4 RE 70, [RIHR i 3006 RIS e 2B T
VP2 NTHEAR, 350 7 AR PE D SR (R DX 20 RE 7, A A MR S0 oA L3080 1 32 Ak B
G
2.1.3 Elg#%

PG T % 2 — Tl T ARG 0 J LA B S8 i v o /KPR T DAAR e A A5 1
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2.1.4 BEHLIERR

AL ok e G T T i P15 ) 2 1 DX I RARADL T 70 E 12 B ) R i st XA
T LR R X EOFH N (%) BB A . e AR oy
SMMARE R, AR TR — XA AE . R ERR X 2 BN (x, ),
EEMBEER Chy w), MEERRE R EG N
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W (2-6) 1, cRITRAE, WL W AR A . FENLIEER I RCR 518 T Dropout,
RERS A M HI R0 7 B A AR O, B2 A R 0 S AT Gk R A5 BB B k. AESE
BRI A, PR TT R M0 Ol (s =, RN, I BEALEE R Y
77 AR 5 W ASE B 3 B3 A A 40
2.1.5 CutMix

CutMix /& Mixup HIARHK, &8 M 53— 5k BIRB JR) & X 4 8 e 24 1y B AR ) — 0
Iy RABCHREAS, AN FRAEHEAT AL . T M Ja B 8 8 07 V5 BE 8 A RO s A T 0 5
Wy B 5 DL I PR AR BE 7)o CutMix & & A 3 75 25 38 X OoRVE AR %%, a0 H A e il
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P sE o S EYIZRET 9] N 7S, LAY T DL A% S TR R 7S AETE I BEEBUA U, AT
PETHE R 255 T 1) & VeI RR E V.
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REAEPF 2 2 B B AR AE R 7925, 38K AN ) SRR A AR A ) B TR 4 P B AT 3%
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M HE L PHESS IEE A feonear =[f1;12]€ 2, 3 Fh 7 VE AN 22 5% 5 GG 45 AE HEAT AT AT
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Figure 2-2 Feature fusion methods involved in this paper
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IMBCR A — MR IE R G J70E, i o f 4R AE 7 PO A AT SR It 21 5
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SRS 4 BTAT 55 A P IIREAIE , ) Bt 3000 1) 7 4% e 75 R A
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23 HREMWEMLL

WZ M4 (Neural Network , NND & — PS40 R i b 22 70 7% 4 07 A TH R,
HAINZ . BRI E M E AR, B—ZR2 M ME o, R 2-3 .
FAPP G CRAT BN, 5385 FE 2R M 0% M 40 (W1 ReLU. Sigmoid) F=AEfiH .
M Y 2% (A% 0 A R

Y=f(Wx+b), (2-10)
X (2-100 1, x BFAFE, WRAEEM, bRMET, ()&BIERE. MEW
KA IR A B I BRI R R AR R R R, E A LB IR EE . UK
KA. BEJR B R RS R A 1, AW N S5, TS TR (1 73
MEesy. SR, X EAESEER CnEHR . EES) BABEBEREIARNE.

B G AR I 25 (AT R, LA S BN BRI E vk, BB R T 4%
GURHR AR B R M A 4 . X —RATE R E D T AN S HE, HH
ROTETHER A BN TERERE . R IEER =80 Ha. KX
AR LA I LS, BER LA TR B T v A S A i

HBRAMAEM 1) F SR AR A L 2P IR EE RN BT R RS, R
JE B REAE 1) B N A 4 S AT D R o R T B Wi oA 4 . e, LRI S R S5
R ZE R, HOE BT BT RGN E IS8, B ) AR 25 2 R 5
—Rif S, MHEZ N ERRERRERE, v RRECE 2 REIE. AE S, EHBRZ
B2, BEALS S) B R R E R T & o (EBEE 22500, 5 BOB AL 24 R
% T I T SR AR AL, 7]

N T RPAR L N 2% P Z RGN R B R O BRREIRIESE N, R
2% (Residual Network, ResNet) BERI#AEH, HEHI/RSEIMIE 2-4. DIBREH K
I A, AR AR AR R, AR (S RN R AT — B AR SN T 1R
ZERRE REUHTE . X —RES FEUZ BRI M ES B RS B0V ACE B . T
ResNet i i Bk RZE 2 o il B B BB IED v 2, TR 17 4% 0 0 2% ()6 BE A AR 2. L3
FRF RN R AL IR T G ERAT, B OR AR AN 2 DR vk U R AR T 9 2
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Figure 2-3 Schematic diagram of a simple neural network
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Figure 2-4 Schematic diagram of the residual network structure
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B x5 FxMm, BARLRMEAR Hx). He)ERE R B ARERN:
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2.4 EEIHH
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Hh, AT BL 2y I TE VE AL A A (R S L PR SE  as TE)E E LaR] EAE
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FEAEZYERFE I, B0 S ZRIRRIE R A (SR ESE) BT RVE. TlE
T I P Do B AR A 5 G0 TE AR B S R A BT TR A I B L, T4 T il i
ESSER
A B I A LR A (1) 7 1/ SENet. SENet 3 22 0ERI AN RHIE K 4 2%

HTE AL o AR B PR B S i N R AE AT 4 R ik, e BT IR A
R, Ik R R, T M A TR S N R R R T
FHIE . SR)5, fE ] Sigmoid eREUCNENMEIE S fC— DT 0 M0 1 Z Al ACEE . &5,
H 13 ) ) 368 TE AN E 3 DA S A\ AE P APPA B A 88 PR E R AR . Ty — Mg DL
[F)VE = AL ERR S T7%: CBAM. 1448 CNN 8 % i 5 A% H 3h 5 SR AIE,
(B I A 77 3 e DA S 2 5 R AL i T g ) [X 43 ) P AE X FGIC AT55 S HL . CBAM
IS I ANBERARTE B LG, ShaSst oy RN R AL B > BOALUE, {3 WY 2% B % (R R A1k I v
5E PR LL 2 ) 5 B BE L, [R] N 3] B AL IEE B A E B AL E
2.5 Vision Transformer

FETTH AR S, B AR 2R WY 28 — ELAL T AE 25 T I 00 T 2% S5 1,
HH Guo Z5EHRIMY VIT fETHEANALSESURH I . VIT %02 2 Sk HIEE ML,
LB T B AN T B AH .5 58, AT 3R 42 T B0 RAFAER 78 . VIT B
FREsHnEl 2-5 fron . VIT B 50k U 4R i BB U1 0 D RN ST B B, SR JE
IX L6 P 5 Pl 4 1 AR i 0 PN token JE I B W Y . 5, 1 token fay A F
Transformer ZRi%%s, 5 > EANTZ I B HER RHE . &5 57 ) B R R fEm A

B 34T 412K
Transformer w525 A R EEM K 2-5 LA MBI~ . HAd, VIT 4P EG D
D8] fa] B IR N .

NS SIS

BB N AR B 2 AN KN A PP G, R, AR T
(Flatten) , RJ5iEE— L1 E (Embedding Layer) et 3]—ANEEHK4EE D. iX
AN A T EG N — A, KALT AR E S 4% (Natural Language
Processing, NLP) HURf SCAE AW A S 5 41 a0, a5 46 B K /N & HxWxC,
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Figure 2-5 Structural diagram of the ViT network
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fEIETE Transformer ZWidas )2 JZAPE)E, mASAREGRIBIARFE. £ K05
Hh, F IR 20 TN IE B R X AN SRR Rt o SRAFR I R A D 4ER [ E

(5HAEEIR A EHELE S , B ma g EKESRKFH T, HE
Transformer 2t &5 ()45 — = th — i@ AL 2
3. Transformer ZRA%%%:

VIT B i 4 5 35 1 2 A B & 12 (Self-Attention ) A1 | 15t #f £ W 2%
(Feed-Forward Networks) HEZH M. & —EREHEE:
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BAT = (BERAINS 22500 5 #8ERA )= 3 —16 (Layer Normalization)
BlE. EIE—AHIEH X B EAR R RHE AT bR e, R d R NS A &
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R

18



73 AW ENE 2 TR e A8

X= — + B, (2-12)

A (2-12) ,  MoZfA X IEMbRMEE, MR % MBI WE S8, 2
—AEUERUNE R, BRI . IXFEE B B AR B B A
0, J5ZEN 1 o3 Ai, AT 3 v i 78 | 0 5 ARG e 1
(2) 2k HIEE /I

H V& S B Transformer B (%0, BREWTHE AT h AN TER (K
B PR AR, N RAERNER. A7 B I AN FRRFIERR, VIT
T Z3kiERJIHLE] (Multi-Head Attention) « Z3kiEZE MM AR:  WHAN
—#HE X, L TSR E (Query)  # (Key) AH (Value) :

Q=XWgq , K=XWk ,V=XWy, (2-13)

X (2-13) 1, Wo, Wk, Wy Z2FFINNERE. BE, TEIBRNINE:

Attention(Q, K, V) = softmax <Q%> Vv
X Q2-14) 1, de RBFERYER. BT EEE, VIT G A EIERR) I’ —1
S JRRAE, BRI A&

EZRERT, ZANEMER. . BHHE (B2AEE FRHE,
BRI S B PR, 2 2o VARG B R 2 (0 o XL BE % 1l 1 2
AN 72 TR AE JS, AT 1 9 A Y ) SR TR E T
(3) Z AL

FEHEB NG Z G, SMRMLEEHEES —PDArseha Mg . 2 5L
(Multilayer Perceptron, MLP) ¥ H /N A& ZH K, A ReLU BUG KA, H
Tt — B AR R A AR AL

(2-14)

MLP(z)=ReLU(xW1+b1)W2+b. (2-15)
X (2-15) 1, Wi, Wo @AUEHFE, biub2fmE T, ReLU 2¥USM%. MLP fibis
A — Dropout 2, HKZEINGE AT IENL, B lE .
447 B G B -
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Pt (Multi-Angle Attention , MA) o B ARKUL, 780 R E M, 15008 7 H bRl
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BT B I B RA A Rz A
32 BENE

AR ALMA BB AR5 B 3-1 B 55— B, it B M 4% 3 B
NBEMGHIRHE, AR IERE . bijE, @il 1 x 1 BRRECREERRE. 7F AL B,
B AL % 43— N R R E AL BOGER F X 8k, ] 3-1 R . 1R SO 5l 3 R,
BT S X, DR L TR QAR S . e, 38 DXl 0K DA B2 5 1R A )
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Figure 3-1 Framework diagram of ALMA algorithm
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Figure 3-2 Flowchart of ALMA algorithm
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3.3 HEHRNE
3.3.1 AIEEEMIRIR

B 5 Resnet W2 $2 U 2 BUG MRS AE, 5 3IFEE F, HK/NAH > W x C,
Hort He WA C 2 5 RN FHIE B R @ R Fa BEAEE 2. V=B A B2 1T AR F
HA:

= F= _ , (3-1)
X G- )RR, HIREI#RA: Hhed 1x1 B, WEHETHAEH
—M, BJEHIN ReLu BUG it € MWRIREOGRK X, M FREREEE.
N TAET RS RE A, FBEHLE SR E R B — T
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2 FR BRI G 4 e m Bk ik, A5 SRS B 1 MR X (5 B R 1 . BRI
R—ABME ., € (0, 1) . WU BIEEE, BEREN L S, e E
0. BJE, HAIE—ANRAMUKIEIAE, DLOETRE N 1 AT XK.

_ (0, >
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R €L (Part Localization) X nl el & KREMHE FAEE, Feal 4D Biri
A, XATRE TR EN . 1 EAF A TP AE YR B IX 73 X a8k, P4 H A
AU I 72 A XA o 1 o X XA A AT R 8 B0 A ROt R VE X RA L .
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578
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Kl 3-3 AL e ib it 8
Figure 3-3 AL module processing process
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X (3-8) P Y RIRDINRE, B XHERE,  Rm T O R KR
AR DX T I SR A, AT SE A b SR R AE AR AR B o 3 b 5 A B TR B B
FIVERIF Sy, DA SR VR 40 I RFAE o
3.5 LWERTH
3.5.1 BIEERIEE

BT Hh BRI AE = AN A JT ) FGIC Hdla £ EREAT 1) 2 I SE4G : Cub -200-201116),
NA-Birds, Aircraft{®?fl Stanford Cars!®3, i Hix B Hi4f £ o 11130 75 EUE ] 34
3-5. & 3-6 il 3-7 fiioRo

i, Cub -200-2011 Hdla 4L L2 200 A5 28H0 11,788 sKIEMR, HrpaL4E 5,994 ik
WZREEAT 5,794 5KINAEME o Aircraft 245 H 100 B K LA 10,000 5K BURH Ak,
23 TSR, A 13 AT IABEAL, Stanford Cars BUHE S 96 MR 440 5N
16,185 5k 1%, Hoh 8,144 3k 1%, 8,041 5K Tk, NA-Birds H 23929 5K &%
T4, 24633 5K EUGH FIHR, 1 S50 £ (1 R ¥ k1 23 e il L2k 3-1.

3.5.2 KLIGHT

RNT AT, ASCHEH AR5 5] PA Inception-v3. Resnet50 F1 Resnet101 7E Ky
BT FE RN EN 32, ERR, Fra8dRse LEAMEMESE. Bk
ki, REEOREE N 120, HLALF RN 16, EUE KN 448 x 448 WE KK E
N le-5. DA le-3 (% I B IFURIILGR, BEJSEE 2 epoch ¥ HFEF 0.9 5. T H AP
PR, S i b A T V2 0E L SR FH A ) 0 55 B 10 S U AT 0T L
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% 3-1 CUB. Aircraft. Cars 25810 B % EHE

Table 3-1 Image data for CUB, Aircraft, and Cars datasets

Dataset Category Training Testing
CUB-200-2011 200 5994 5794
FGIC-Aircraft 100 6667 3333
Stanford Cars 196 8144 8041
NA-Birds 555 23929 24633

&l 3-4 Cub -200-2011 $4 4 &%
Figure 3-4 Image of Cub-200-2011 dataset
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K 3-5 FGIC Aircraft 3£ K&

Figure 3-5 Images of the FGIC Aircraft dataset

K 3-6 Stanford Cars ¥4 K14

Figure 3-6 Images of the Stanford Cars dataset
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] 3-7 NA-Birds %4 4 K14

Figure 3-7 Image of NA-Birds dataset
3.5.3 EMANF ALK

T VAL B R (R A R, R S A — S iR SR 1Y) FGIC J7 R HEAT T L
B, RHegh R LK 3-2,

5 CIN ""AHtL, ALMA £ Cub -200-2011 F1 Aircraft 1F-55 51 2 SR & T 2.2 % M
1.3%. XTLLEE SRR, it AL B MA BG40 . CIN fE M EREE L
RZAIMNILIR, FETRAES KENTE SUE R . X DRG] TR MR . 7E AL
BEHMEI SR, ALMA WD T8 SR M. T WS-DAN™ 2% 1 k5 B s %
P, DR b TE A AR 31 3 A [X ol B e PR i B A g R R . AHLLZ R, 4R HII ALMA #i/b
REREFE, BEMGEERAS . b, 7EE 3-8 ¥l B 7R E I —L
Atk FTLAEH, 5 WS-DAN MitL, ALMA A UE i i Hin, SREEE

T4, AR AR 130 TR SR Rk LU PR 200 e S,
33 iR. “Train Anno” R 7E I B o i R i FRESEAT A6 OB . 56T T
PERR 01777 PN-CNNUA E, ALMA 575 1 4.4 % BBt . T B0 T4 L B A i
MORRORI. X0, X FAREIEIR, 0 BRI A IR, ik 7imid %
I B h e LU 3R S A £
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232 ALMA 5 TR VERE X B

Table 3-2 Performance comparison between ALMA and mainstream models

Accuracy(%)
Methods Backbone
CUB  Aircraft  Cars
B-CNN [44] VGG 84.1 84.1 90.6
RA-CNN B VGG 85.4 88.4 92.5
AP-CNN [0l VGG 86.7 92.9 94.6
CIN [l Resnet-50 87.5 92.6 94.1
Cross-x [42] Resnet-50 87.7 92.7 94.6
PMG 44 Resnet-50 88.6 93.1 94.3
ALMA Resnet-50 89.7 93.9 95.1
SPS 43 Inception-v3  87.0 92.0 93.5
WS-DANI20] Inception-v3  89.3 93.0 94.5
ALMA Inception-v3 89.8 94.2 94.8
CIN [#1 Resnct-101 88.1 92.8 94.5
ELoPE ] Resnet-101 88.5 93.5 95.0
FBSD [46] Resnet-101 88.8 93.1 95.0
ALMA Resnet-101 90.3 94.2 95.2

* 33 HTZH BT IEN T

Table 3-3 Comparison of methods based on multiple stages

Methods TrainAnno Accuracy
B-CNN 44 \ 85.1
PN-CNN 7] v 85.4
B-CNN [44] 84.0
MGE-CNN [#8] 88.5
WS-DAN2 89.3
Stage 1 87.8
Stage 142 89.8
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Kl 3-8 5 F 3t 7 vE R AT ALAL T EE
Figure 3-8 Visual comparison with mainstream methods
3.5.4 JHRRSLEG

N T VAR A R, AR R O SR B AT T RS . 2 MOGEY
Sofd Bt — D IR AIRLRE 7r F gt RE . T I 0 SUE B SGHE, 5INT Bmask
B, Wk 3-4 fioR, 3400 Bmask AEHCA M BERE R 1.3%

FAN, BN MA BEHUEA 1.35%MPEREIR T . X R HIIZE BB X Wik A5
BT RAG R G, K AL B 5 MA BEHZ5 &, BB AR R HE A 32 14 2] 89.80%,
T T PR 8] (0 6 B IR e
3.5.5 BEH SR

TEZBON h, R ER B X E BB XU B B L T UG R e 4
EINE R T B B v] DL BB SR VR AR5 . AR, XAt
BRI B VB ZR . A T i TR E R ESCR, BT T TR SR . R
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3-5 Fir, MvER RN 32 1, BUM MM ASABIRAE, i BRI ] 64
L TR M RE TG T, i BIRE T 2 AT L.
F 3-4 AN [AI BRI RS2 5

Table 3-4 Ablation experiments for different modules

Module
AL CUB Aircraft Cars
MA
Part Loc Object Loc Bmask
\ 87.73  91.15  92.83
88.26 92.03 93.36
\ 89.56  93.97  94.68

\/
\/
v Vo 89.61 9328 94.52
\/

2. =2 =2 2

\ v 89.80 9424  94.75

*® 3-5 AFEER BRI ZCR

Table 3-5 Effects of different numbers of attention maps

Number of Attention Maps Accuracy
4 87.99
8 88.49
16 89.28
32 89.80
64 89.13

3.6 KE/E

AT IR X A 5 2 R S TP )RR B R, A SCHR T R T4
RLPE B4 2510 ALMA B, AT H K ALMA BIEUE S 51 S HARI R HIX I, M
ARAEX S EUAEE, BHAREGXOLNEEA Big, Nz ttae. £=
A FGIC $u¥i 8 FHEAT KR SLIOINAIE 1 FTR 1 ALMA B 78 %50 FGIC 1145 ER91R
A A
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HAE BRI .
42 BAENE

AR ABNT #E80E Z AR A, W 4-1 FToR . AR AL 7S A BEHAG AR -
(a) ‘BT (Backbone Network) . (b) 7r>Z#H (Branch Routing) « (¢) VEE
Bibe (Attention Module) « (d) FHUEER (Navigation Model) « (e) JRIHBFFIEIER
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Figure 4-1 ABNT framework diagram
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Figure 4-2 The processing of ABNT
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B, L ResNet MAEANET MGG, SHEGEARH, SEi R EE RN N 448
x 448, TIAZERINE) 224 x 2240 N T HAOR AP R ECEL,  SEEG A DLFT A [5] B+
4% (ResNet-50 fl ResNet-101) #EAT T Ik,
432 5% EH

3 3¢ % FRSE B H A b B B R I H 6 A Bl A 4 ST AR B . i 4-1 BR, TR
12 175 5 REC)ER th b, 2/ WAL (Global Context) FH T4 & 1 4 )5
RFE .

. L2ZNorm

.

Feature maps  Avg-Pooling FC n

7. L2ZNorm
S22 e
_ Feature maps  Avg-Pooling FC 1-[‘"

8] 4-2 53 ph R R
Figure 4-2 Branch routing module structure
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Kl 4-3 SHUBHAL P R
Figure 4-3 Navigation module processing

AR, 51N T BENLVE S B ARG A Tt N A7 203 . X L8 FE AL = & 2 bl
LA I Y etrect 22705 PR TIOIN 20 A1 1 22 57 o 8 I XS B R BR B A W fe 4k, BE ML = K
Haia6 2 AR AR i X B ) 22 5 3BT K H As a2 AL B B R T TR 5K,
9 5 B T 0T A B B REAE
434 BEFHEEENES

HEEE A FBRI G EAES
B SR T R B AR B A
15 2EB 70 R 1 K

Poo RORXTRI oy, Bl /R IETE
. ACky, BHEE MG SRUUSIEE F,

= ( =12,.., ), (4-1)
X G- i, WRRTEEANE,  FRRARET. RAFERDRE (), BT
Wk BREEH, RAEERERIERR
= () (4-2)
W C)RRERE A FRHERE F 2 08 08K 5 iR R 5 ST 2 . 6 RIRAE
S M ANFHESEER AL e( )M B ESINE —EREZ RN, AFRIEE IR ECH
B R IRE . RHERE M FROR R AR

35



73 AW ENE 2 TR e A8

C: ) I
(o= 2 ) = 7 (4-3)
(3 )

52RO EREL, BRI E R S M RHESE IR AL e()BINE R, FAMRHE
SEHCRR Bt F & I BENL R B RF AL, 40 R s

(1 ) 1
@ y=| Gz ) =f 2. (4-4)
(s )

X 4-4) o, FoRBENERE.
4.3.5 FRZETFUN
XF TSR T BB 5 5, BRI He Py T T L B Ja ) RH 82128001 o %o
T AN SR TS S, M BE LR R RO S XERIE, AR SUR R . R
JG, R AR T 5 B — AN T SRR SR SR, A3 B R S AR ) A
=)= 5 C L)) (4-5)
X 45 OHRERER A, () N TRIER R, () REIDL T A 2 bR
AN T U] T IERAN R ) H AR VR X8, MAAS (3] 1) AR HBCRFAIE o =1 500 T30
DUS N 4342 J2 1) Ja) S Rp AL R AR D T AGE 2 o g P 57 s T 00 1 ME 2 5 B AR AL AR 3
15 20 5 R R A
4.3.6 HREN)IZ%5HEIE
AL PRI 2R BRI I RTI4TN (1 451 R AR AIE Hh o (1 451 2Rk =40
HE. RRBOT AT
= ce( , )+ {;l Cis )T o (4-6)
N (4-6) YRR ENRRE, FTORZTXMRE,  RORM T RSB RE, (gRos
ORI B XK, BB GRE —DHT SIX 1 SR B RE
XA 5 ] LS A OGS RA S, NS S SR AT SRR S .
4.4 KILER T
4.4.1 HHREIEE

36



73 AW ENE 2 TR e A8

FEM A AL FGIC ¥l 4E E#EAT 1) 2 55 : Cub-200-2011 A1 Stanford-Cars ¢
. PIANEURESERIRI S LI 3.5.1 75,
4.4.2 LI T

N T IEAT AP, SR ABNT B8 43 5l 5k A Resnet-50 Al Resnet-101 £
HFM. NGt AP s R . EA8dEES, LRPEH T4
—HES . ERERMZ, epoch ZlH A 120, [RINAEA 16 NHtALIE /N IFOREF
448x448 HI MG K. WEFERMIE L le-5. VIGITIAR, #SIZFN 1e-3, &2 k¥
SR 0.9 fif . AT H AL, S5 b5 H At 75 2 bR A [ PR B Bl R i
SCHIBUE AT R LG o
443 5UBENRELLR
(1) ETFEF ML

T VA T EE ) ABNT BRI 20, X LR B Se 3 (¥ FGIC Tk b7 T ik
AT, FEILER 4-1. R ABNT BEIEMERE B RER . BARMS, £ 41058
=%E78 T CUB-200-2011 [ L4 45 . MGE-CNN MR KL i RE#E 2 A6 5
M E RIS R, FERHE A TR AT KA E . 20 B BHG k8T 7772
MASE AR S IR R AR, B e B RE . 5 MGE-CNNMIHLEL, ABNT 1
WIUE B B S B X 3k 3547 T {4k, ABNT 7£ Resnet-50 fil Resnet-101 _F 4 B4 T
1.2%F10.9% . % HF 55 DU 5 3K T Stanford Cars 33 45 _E 45 R . 5 i Je k1) FBSDI4S)
MLk, ANBT 7 Cars 34545 FRBGEA IR AN, XA GE2 H TR ERA T
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R 4-1 HHAMITEXTL

Table 4-1 Comparison with other methods

Accuracy(%)

Methods Backbone
CUB Cars
B-CNN B8 VGG 84.1 90.6
RA-CNN 3] VGG 85.4 92.5
AP-CNN [40] VGG 86.7 94.6
ELoPE ] Resnet-50 87.4 94.5
CIN [#1] Resnet-50 87.5 94.1
Cross-x [42] Resnet-50 87.7 94.6
AC-NET BV Resnet-50 88.1 94.6
MGE-CNN8 Resnet-50 88.5 94.0
FBSD 3] Resnet-50 88.5 94.4
Ours Resnet-50 89.7 95.2
CIN 41 Resnet-101 88.1 94.5
ELoPE 7] Resnet-101 88.5 95.0
MGE-CNNI8I Resnet-101 89.4 93.6
FBSD 3] Resnet-101 88.8 95.0
Ours Resnet-101 90.5 95.4

EAERME, 2 ABNT A5 5L (leaf(1)) I, 73 3% IR T HR K
SRPEREFRK, 33 ABNT BIHZIfES CNN 73R ARG BN . thoh, S ER A
TR0 (leaf(1+1%)) W, AR I3 — A G P R X k. 1R X 0 (1 AR
AR LA X 70 9 o XIORARAS B (1 RE 70, B9 1 XD NI ORTE 88 Uy ik e At
RO 8 A XA A X k. ST, W 4-4 P, 58 =S8 OF R imiR
(leaf(1+1*+2)) o 4 I ERXASAGE, I T S PUA Y fle mf USR], S5 P04t
WL (eaf(1+1%+2+3)) =y Rl ER 1 B rb 10 5500 XAk . B EE M52, 41T U3
FILE] 4 M, ABNT B4 4 — W . 5238 T 2470 SO B sg ), Gk —
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D1 T ABNT [TERE . 2470 SO F A BRI R B R £ DU A 4 s TR B 221 3 7
FiC DU RK
* 42 BT 2P BUNEXTH

Table 4-2 Comparison of the multistage methods

Methods Train Anno Accuracy
B-CNN 0! ol 85.1
PN-CNN [#7] ol 85.4
B-CNN [38] 84.0
MGE-CNN* 88.5
WS-DAN2 89.3
Leaf (1) 87.4
Leaf(1+1%*) 88.9
Leaf(1+1*+2) 89.5
Leaf (1+1*+2+3) 89.7

444 BSE T

VER MR T PR AR B S8, K SR B B R E X —
fokul, FRERHERS, RARKRIGBRL . 85I eA]r%cEn] LA B A i
RGN . AW, XA R AT Re o N IS (SR R . O TR E AR R
e EAE, 3T TR, WK 4-4 FoR, AR 32 gkt IR IA
T lE ke BTN R, SEEEMEP] 64 I, YERETTIA T . X —SLIIESE AR
SCHIR B
4.4.5 AL SEEG

FE 4-5 R T A AT AL o AR B8 4R R AL A 0 R . AR 4-5
i, H—FIME =S RN T RS, S F0 AN DY F R T X e A AR T
JTEATAL . B 4-5 PRI DU A Y, 5 MGE-CNN AH L, ABNT A LAEE A5 R W
KM, EFRTER, ARENFAEFQERENTREE (B XM
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Figure 4-4 Effect of selecting different number of attention maps
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Figure 4-5 Visualization of ABNT leaf nodes
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Figure 5-1 Framework diagram of FALT algorithm
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R 5-1 HHANT RHATR L

Table 5-1 Comparison with other methods

Accuracy(%)
Methods Backbone
CUB NA-Birds

ELoPE®] Resnet-50 87.4 -

CINE&U Resnet-50 87.5 -
Cross-x41 Resnet-50 87.7 86.2
API-NET!U Resnet-50 87.7 86.2

AC-NETBY Resnet-50 88.1 -
MGE-CNN#8 Resnet-50 88.5 88.6

FDL[%? Resnet-50 89.1 -
PAIRS[3I Resnet-50 89.1 87.9
Ours Resnet-50 89.7 88.8

CAMFB4 Swin-t 91.2 -
AA-Transl>] ViT-B 91.4 90.2
SIM-Transb¢] ViT-B 91.4 90.2

ViT-NeTB7! Swin-t 91.6 -
TransFGI®8] ViT-B 91.7 90.8
IELTB] ViT-B 91.8 90.8
Ours Swin-t 92.8 92.7

Raw image Swin-t +PA + FA + LT +FALT

CUB-200-2001

NA-Birds

P 5-3 FALT fEA [F) %t 5 B i aT AR AE 2R

Figure 5-3 Visualization of FALT on different datasets
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R 52 YIS FIREBRF ROCR

Table 5-2 The effect of adding different modules to the experiment

FALT Backbone
PA FA LT Resnet-50 Swin-t
88.4 91.7
N 89.2 92.2
N 89.5 92.5
v 88.9 91.9
v v v 89.7 92.8

5.4.6 BEHTH

N E R PR AR AR B, B TS Ho X CUB-200-2011 #4052 1 Bk
FE o AN Foa E FE S BT IE 5-4 Fros. RE, BE&v. KGR, MAETRASE
W/ . SR, Hoa KT 5 I, — SRS RAE BT 2%, BRI VERE BT AL 22 . X
RN %R o W ENIE S HIME. B 5-5 R, $oa A S BRI e FIECKME
HARBRAS TS, (HABBRIR T HARRHE, EFEEA S0 X SRR . X 7545 AR
TR R o RZ, on FIEBRAK, P AE 2 5 00 2% 2 vh 72 M 7R R 1 X ek, X4
L% 5 52 B S SRR . BRIk, ZEARSCH o, BN 5.

v, =1 v, =3 Up =35 Up = v, =9

P 5-4 AN[Fon {E7E Bt 5 Bl RRAL ) ROR

Figure 5-4  Effect of different v, values visualized on the dataset
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Figure 5-5 Sensitivity analysis of the hyperparameter vy
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) [R] B el S R 2 8, DA D BT ) S 2
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A B 38 005 0 A O E A B DR o S s VI A T A T DA R AT 4 5
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