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Fine grained vehicle recognition with small sample class incremental hints

Ran Yejun Jin Liangqgiong Luo Shuxia Li Qiongyi Tao Yong

(Guizhou University for Nationalities, School of Data Science and Information Engineering, Guiyang 550025, China)

Abstract: In the field of fine-grained vehicle recognition, deep learning faces a challenge: various new car models are
constantly being introduced, but my ability to collect and annotate data is limited, which can lead to the problem of
"small sample class incremental learning". In response to the above challenges. this article proposes a new method
based on prompt based small sample class incremental learning, aiming to enable the model to recognize existing
categories and learn new categories with a small number of new vehicle category samples, without the need for
retraining or relying on a large amount of raw data. This method combines the advantages of prompt mechanisms and

pre trained visual transformer (ViT) models. We have designed two types of prompts-domain prompts and FSCIL

prompts-to address the challenges in FSCIL. In class incremental learning, the average accuracy of Stanford Cars and

A8 19 W

CompCars datasets reached 70. 47 % and 73. 56 % , respectively, which is superior to current existing methods.
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Fig. 1 Incremental learning step model diagram
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Fig. 2 Schematic diagram of incremental image recognition for small sample classes
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Fig. 3 Shows the overall architecture diagram of a small sample fine-grained vehicle recognition model based on Vision Prompt
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Algorithm 1: Prompt training and model optimization
for FSCIL
Input; Training dataset D = {(x,,y,)}),, Pretrained

ViT model M (L layers), Domain prompt d (embed at
layer Z, )» FSCIL prompt f (embed at layer /, ), IL
sessions S, Feature transformation function F

Output: Optimized d and f

1: Initialize d , f and the corresponding prompt key K
2 for each session i in S do

3: foreachD; = (z;,y;) in D do

/l . Z(\)) = r

5: for each layer / in L do

6: if / inl, then

7. Z(/) — F([)(Z([*l) 'd(l))
8: else if / in/, then

9. Z(/) — F([)(Z([*l) 'f. (i))
10 else

11. Z(/) — F([)(Z([*l))

12 end if

13. end for

14 Calculate £, using Eq. 2

15: Update the parameters of two prompts with £,,,
using Eq. 4

16: end for

17: end for

18: returnd, f
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Table 1 Detailed statistical data of three datasets

B3| Stanford Cars  Comp Cars

Total classes 196 431

Total training samples 8 144 16 016

Total testing samples 8 041 14 939
Initial classes 100 311
Incremental steps 12 12
New classes per step 8 10
Training samples per class 5 5
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Fig. 4 Two different types of automotive datasets
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Deep SLDA™  80.32 76.20 75.33 74.40 73.42 73.12 71.16 70.12 66.99 64.10 63.21 59.12 56.88 69.56 23.44
DeeSIL™" 78.45 74.98 71.30 69.28 67.17 66.16 65.43 64.25 63.66 61.01 59.44 58.22 56.12 65.80 22.33
LUCIR™ 80.45 75.98 72.30 70.28 68.17 65.16 64.43 63.25 60.66 60.01 59.44 58.32 57.12 65.81 23.33
M-FSCIL™ 82.10 81.42 77.52 75.30 74.22 73.90 65.87 64.02 63.90 61.49 60.20 59.99 59.87 69.21 22.23
PT-FSCIL 81.89 75.40 74.75 72.22 73.22 73.25 72.40 70.28 67.98 68.33 67.86 62.22 56.31 70.47 25.58
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Fig. 5 Accuracy of the CompCars dataset and different methods

as the number of training stages increases
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Table 3 Conduct ablation experiments on the Standfor
Cars dataset to investigate the impact of three different
components, D-Prompt, F-Prompt, and Prototype

Classifier, on performance

FP DP PC INVZE PD/% ¥
N N J 70. 47 25.58
J N 70. 12 16. 46
J J 70. 19 17. 22

N 68. 86 20. 88

M 4 LEWEER R, VPT 76 3 M B4 EHUS T 8%
= A IR BE L H AN 5 S R0 S T AR Y, 3R
A M BB AR 081 52 2432 31 (4% . ResNetl8 7£ CIFAR-10 [+
BIREE 91. 68 YA T VPT 5. 12% , Uit W ¥ & 5 A 70 e L)
ENLZ AR5 7R, D-Prompt £ CIFAR-10 1 Flowers-102
B9 S50 Hy 23. 05 K 1 93. 80 K, [k 95% Lk b, Wi
B (17.26 G) Ik VPT B&EA% 2.5%., {H7E STL-10 5
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Table 4 Compares the Topl accuracy (Acc), trainable parameters (Params), and complexity (GFLOPs) of

different datasets on different backbone networks

Models CIFAR-10 STL-10 Flowers-102 GFLOPs
Acce/% A Params v Acc/% A Params v Ace/ % A Params V (Mac) v
ResNet18™" 91. 68 11.18 M 87.83 11.18 M 84. 65 11.23 M 1.82 G
VPT*" 96. 89 99.85 K 98. 98 99. 85 K 97. 38 308. 84 K 17.71 G
D-Prompt 91. 82 23.05 K 96. 35 92.08 K 95. 35 93.80 K 17.26 G
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Fig. 6 Impact of different components on the Standfor

Cars dataset
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Table 5 Impact of regularization coefficient valueson the

accuracy and descent rate of Standfor Cars and

CompCars datasets %
Stand for Cars CompCars
¢ AAA PDY  AA A PD v
0.001 74.40 15.55 73.03 24.45
0. 002 75.36 14. 89 74.35 24. 39
0.010 75.06 15. 65 73.89 24.08
0. 050 73.80 15. 17 73.55 24.16
0. 100 73.46 14.83 73. 39 24.33
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