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Abstract: Aiming at the complexity and diversity of fine-grained images, where traditional image
classification methods exhibit limitations in focusing on fine—grained attributes and perform poorly when
handling imbalanced datasets, a threshold—based fine—grained image classification algorithm utilizing deep
metric learning was proposed. The focus on fine—grained attributes of images was enhanced by introducing
a metric learning approach. Additionally, the classification accuracy was enhanced and the model
convergence was expedited by incorporating pairwise loss and agent loss mechanisms. To address the issue
of data imbalance, a classifier was devised grounded in threshold analysis techniques. This innovative
classifier harnesses threshold analysis to facilitate multi-level classification of fine-grained images, thereby

ameliorating the issue of low classification accuracy for certain categories within an imbalanced dataset. The
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results of these experiments unequivocally demonstrate that the proposed threshold classification algorithm

for fine-grained images, based on deep metric learning, outperforms alternative methods in terms of

classification accuracy.

Key words: computer application; deep metric learning; fine—grained classification; unbalanced data;

threshold classifier
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Fig.1 Overall training structure of the threshold classification framework
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Table 1 Classification performance of different

embedding size under each metric
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Table 2 Performance and convergence rate of

different metric losses on

ODIRS5K dataset

% R =R/ % W S8k AR UKL
Triplet+CE 91.05 2.0k
Contrastive+CE 93.31 1.9k
Multi-similarity + CE 93.52 2.5k
Proxy-NCA-+CE 92.81 1.3k
Proxy-Anchor+ CE 91.13 1.0k
ATk 95.63 1.5k
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Table 3 Performance of different metric loss

functions on the ODIR5K dataset %

K R AL THEf % F, KR H bR
Cross Entropy 92.22 92.50 93.20 92.00
Triplet+CE 91.05 90.50 95.50 87.00
Contrastive+CE 93.31 93.70 95.20 92.30
Multi-Similarity+CE 93.52 94.73 97.32 92.82
Proxy-NCA+CE 92.81 93.60 96.80 91.40
Proxy—Anchor+ CE 91.13 91.60 93.40 90.10
AT 95.63 95.30 97.60 93.30

Multi-similarity Proxy-NCA
Embedding
. COVID COVID
Size ODIRSK . ODIR5K .
Radiography Radiography
16 94.63 93.82 90.87 92.85
32 94.24 93.37 91.03 93.82
64 93.77 94.24 91.10 93.96
128 94.94 95.62 91.13 94.35
256 93.31 94.56 90.28 94.21
512 93.85 94.27 91.59 93.62
1024 94.01 93.66 90.86 93.24
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Table 4 Performance of different metric loss
functions on the COVID

Radiography dataset %

L PR B RIS F, REAR R
Cross Entropy 94.19 93.47 96.01 94.10
Triplet+CE 92.94 91.98  96.93 90.12
Contrastive+CE 95.21 94.97 96.24 95.64
Multi-Similarity + CE 95.62 96.52  98.17 95.79
Proxy-NCA+CE 94.35 95.62  97.78 95.92
Proxy-Anchor+CE 92.66 93.61 95.21 93.62
A SCTr ik 96.57 93.40  95.60 91.30
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Table 5 Performance of different classifiers on the

ODIR5K dataset %
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Table 6 Performance of different classifiers on the
COVID Radiography dataset %
51 MIRTIES
AR MLP NN
EH 95.58 93.3 97.3
it #48 7 1kt 96.86 96.5 97.8
B e il 4 97.50 90.7 94.6
93 B T il R 96.60 96.8 89.8
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Table 7 Classifier performance under different
thresholds on the ODIRSK dataset

1 {i MIRTES F, URIES A [
0.46 87.50 89.29 85.00 92.31
0.47 89.36 90.41 87.94 93.65
0.48 95.63 95.30 97.60 93.30
0.49 92.60 94.32 91.87 96.21
0.50 90.96 93.62 91.18 96.43
0.51 80.97 85.64 80.15 92.67

%8 7TECOVID Radiography #{#5& F AEHE TH
TR
Table 8 Classifier performance under different
thresholds on the COVID Radiography

dataset
I 1 IRTZES F, 2 # ] %
0.46 89.51 90.61 87.20 94.30
0.47 91.38 92.61 89.87 95.54
0.48 96.57 93.40 95.60 91.30
0.49 94.56 95.56 92.85 98.44
0.50 92.91 95.10 92.21 98.19
0.51 82.82 87.91 82.13 94.58
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Table 9 Outcomes of metrics under different

categories in the fundus dataset %

el i O FEERE H R

AR R G B B 99.9 98.9  100.0 97.9
1P 100.0 100 100.0 100.0
IR o 96.8 92.3 96.9 88.2
THOGHR 99.5 91.8  100.0 84.8
fR I 99.8 92.7 95.0 90.5
Bl 99.9 99.0  100.0 98.0
B 95.2 95.2 91.6 99.0
HoAts g5 98.2 92.6 97.3 88.3
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Table 10 Outcomes of metrics under different

categories in the pneumonia dataset %

25 iR F, Kifesg AR
EH 95.58 97.83 99.12 96.58
il 34 A gt 96.86 96.36 95.60 97.15
e il 46 97.50 98.94 98.33 99.63
94 T P i R 96.60 93.33 92.72 93.96

TARSC T A A AN B4 £ 2 b ISR B e SR T 1
(14 S A R 7 o
2.4.2  HHAT XTI
F 11K 12 R 1T AN A J7 %78 ODIRSK %k
i 42 F1 COVID Radiography ¥4 4 [ f9 B, 3
A 1K ZHORR AT BE % FEAR U 42 4 5% 4k
JEE J P B[] B, OQ 3 B AR Y 4 1% [ &, AT DL
FNEAR FPEN G bR 1A SO L T3 7 i .
3 X R 11 R 12 AN [R5 i 78 ODIRSK
£ 11 RNEHEAEODIRSKHEE FHRM

Table 11 Performance of different methods on the

ODIR5K dataset %
ik MiRiiEs F, KR AR
EfficientNetB3™  92.00 — 71.00 66.00
MCGS-Net' — 89.66 65.88 61.60
BFPC-Net'" 94.23 94.16 97.09 93.23
DSRACNN' 87.90 88.16 88.50 —
A3 95.63 95.30 97.60 93.30

*£ 12 AEFHEECOVID Radiography ##E&E FRIRM
Table 12 Performance of different methods on the
COVID Radiography dataset

Tk A 2% F, K  HER
COVID-CAPS™  95.70 — — —
DRNN" 92.1 91.1 93.01 —
73 96.57 93.40 95.60 91.30

1 COVID Radiography %548 48 I iy R I A7 LA
ST, 0T LLAE B 7E ODIRSK B d 4 |, A Sc )y v
TEMER R B R W A 0] 507 AR R B
y B3k # T 95.63%. 95.30% . 97.60% F
93.30% . tHE Z F,EfficientNetB3 ,MCGS-Net
A DSRACNN 455 VA 78 Hovh — 2L 35 45 R K
55 , 1 BEPC-Net 7E #Ef 2 RS HE % F R R 4T,
B4 ] AR X AR . 31X R WA 5 78 ODIRSK
Bt g b BRI A PR AR S OHE HER 1
2P LR T LA A FROR [R] B A 48 b 5 BE B P
SRS s 75 COVID Radiography ¥4 4 b, A8 3¢
T3 R RE AR T LB 0 R, MERG R F, R
A B3R A3 53K 8 T 96.57% .93.40% .95.60%
f191.30% ., ##ZF,COVID-CAPS fl DRNN
7 AEHER R F, B R BUE E AR R A
Wl ] REAEAE — L6 R 2 o AR SCOT IR & T4 b
A T R AR R M, £ COVID Radiog-
raphy $t#i 42 [ Won T 59 09 4> 25 RE

AR ST 35 AN AE AR AR & P 0 42 48 O i
FEO T L AE Ak PR AR N 3 i (] 80 3R B
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T4 Y D7 TR AE TR I MR 24 R b A IE R A
FREE

3 LERIE
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(B2 28503, DAAR TH R ¥ 4 40 0 B R o0 25 4T 55
Pk g . 3T DL LBt 7E ODIRSK 445 4 A
COVID Radiography #(45 4 I, BI{EH /- 2K 7k S
FCAl JURR 7 A0 b B T HEAD . ROk TAE
W E— 25 B0 FARAE AR BUA AT, i — 25 4 T A
Mk fE

S E WK

[1] He K, Zhang X, Ren S, et al. Deep residual learning
for image recognition[C] //Proceedings of the IEEE
Conference on Computer Vision and Pattern Recogni-
tion, Seattle, USA, 2016: 770-778.

[2] Huang Z Z, Zhang J P, Shan H M. When age-
invariant face recognition meets face age synthesis: a
multi—task learning framework[C] //Proceedings of
the IEEE/CVF Conference on Computer Vision and

Pattern Recognition, Kuala Lumpur, Malaysia,



2130

-

oK FF

(T % k)

% 55 %

[3]

(4]

[5]

(6]

(7]

[8

[a—

(9]

[10]

[11]

2021: 7282-7291.

Ji R, Wen L, Zhang L, et al. Attention convolu-
tional binary neural tree for fine-grained visual catego-
rization[C] //Proceedings of the IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition,
Seattle, USA, 2020: 10468-10477.

Wer X S, Xie C W, Wul, et al. Mask-CNN: local-
izing parts and selecting descriptors for fine—grained
bird species categorization[J]. Pattern Recognition,
2018, 76: 704-714.

Zheng H, FulJ, Zha Z J, et al. Learning deep bilin-
ear transformation for fine-grained image representa-
tion[J].
Systems, 2019, 32: No. 03621.

Chang D, Ding Y, Xie J, et al. The devil is in the

channels: Mutual-channel loss for fine—grained image

Advances in Neural Information Processing

classification[J]. TEEE Transactions on Image Pro-
cessing, 2020, 29: 4683-4695.

Bera A, Wharton Z, Liu Y, et al. SR-GNN: spatial
relation-aware graph neural network for fine—grained
image categorization[J]. IEEE Transactions on Image
Processing, 2022, 31: 6017-6031.

Sundgaard J V, Harte J, Bray P, et al. Deep metric
learning for otitis media classification[J]. Medical Im-
age Analysis, 2021, 71: No. 102034.

Dosovitskiy A, Beyer L., Kolesnikov A, et al. An
image is worth 16x16 words: transformers for image
recognition at scale[J/OL]. [2023-08-11]. https: //
arxiv. org/abs/2010. 11929

Guo H, Wang S. Long-tailed multi-label visual rec-
ognition by collaborative training on uniform and re—
balanced samplings[C] //Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern
Recognition, Kuala Lumpur, Malaysia, 2021: 15089~
15098.

Movshovitz—Attias Y, Toshev A, Leung T K, et al.

No fuss distance metric learning using proxies[C] /

[20]

Proceedings of the IEEE International Conference on
Computer Vision, Hawaii, USA, 2017: 360-368.
Wang X, Han X, Huang W, et al. Multi-similarity
loss with general pair weighting for deep metric learn-
ing[C] //Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, Los
Angeles, USA, 2019: 5022-5030.

International Competition on Ocular Disease Intelli-
gent Recognition[EB/OL]. [2021-11-18]. https: /
0dir2019. grand—challenge. org/dataset/

Rahman T, Khandakar A, Qiblawey Y, et al. Ex-
ploring the effect of image enhancement techniques on
COVID-19 detection using chest X-ray images[J].
Computers in Biology and Medicine, 2021, 132:
No. 104319.

Wang J, Yang L., Huo Z, et al. Multi-label classifi-
cation of fundus images with efficientnet[J]. IEEE Ac-
cess, 2020, 8: 212499-212508.

LinJ, Cai Q, Lin M. Multi-label classification of fun-
dus images with graph convolutional network and self-
supervised learning[J].
ters, 2021, 28: 454-458.

LiZ, Xu M, Yang X, et al. Multi-label fundus im-
age classification using attention mechanisms and fea-
ture fusion[J]. Micromachines, 2022, 13(6): No. 947.
Yang X, Y1 S. Multi—classification of fundus diseases
based on DSRA-CNNIJ]. Biomedical Signal Process-
ing and Control, 2022, 77: No. 103763.

Afshar P, Heidarian S, Naderkhani F, et al. Covid—

IEEE Signal Processing Let-

caps: a capsule network-based framework for identifi-
cation of COVID-19 cases from X-ray images[J].
Pattern Recognition Letters, 2020, 138: 638-643.
Panahi A, Askari M R, Akrami M, et al. Deep re-
sidual neural network for COVID-19 detection from
chest X-ray images[J]. SN Computer Science, 2022,
3(2): No. 169.



