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Abstract:  As one of the important research directions in the field of computer vision, image classification has a wide
range of applications. The success of deep learning-based image classification techniques depends on a large amount of an-
notated data. However, the cost of data annotation is often expensive. Active learning is a machine learning method that
aims to achieve the expected model performance with as few high-quality annotated data as possible, and it can alleviate the
problem of high annotation costs and difficulty in obtaining a large amount of annotation information in supervised learning
tasks. Based on a sample selection strategy, active learning for image classification selects samples from the unlabeled data-
set which are informative and thus contribute more to the training of the classification model, in order to update the annotat-
ed training data pool. This process is repeated until a given stopping condition is met or the model annotation budget is ex-
hausted. This paper provides a comprehensive survey of the active learning image classification algorithms published in re-
cent years. According the strategies applied in sample data processing and model structure optimization, existing algo-
rithms are classified into three categories: algorithms based on data augmentation, including those using image augmenta-
tion to expand the scale of training data or using the differences in image feature interpolation to select high-quality training

data; algorithms based on data distribution information, which optimize sample selection strategies based on the characteris-
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tics of data distribution; algorithms for optimizing model predictions, including methods for optimizing the acquisition and

utilization of deep model prediction information, improving the predictive model structure through the use of generative ad-

versarial networks and reinforcement learning, as well as enhancing model prediction performance based on the Transform-

er architecture to ensure the reliability of model predictions. In addition, this paper also conducts experimental comparisons

on important academic work under various types of active learning image classification algorithms, and analyzes the perfor-

mance and adaptability of each algorithm on datasets of different scales. Furthermore, this paper discusses the challenges

faced by active learning image classification technology and points out future research directions.

Key words: image classification; active learning; data augmentation; data distribution; model prediction information;

model structure optimization
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T REA R T . W TR, e i g
DI IREAR BEATAR I, 3 SR A AR AR AR AR

FrEfL S

B
5
fIE

i
o
fiE

B T A ACRYEREASRIC S | 5 B hR i A REAS R AR A 2
PR, BT I GRS BTN R AR IR A AR 4% . i s
ARARICHEAR RIS CARICHEA NS &, A RO HRR
P RT3, DT E 5 e AT I (A REAS EAT AR 1 X
TEHEARERL NP 7 B

5T RGO AR L IR IR TR A A R
B B9 A8 BT R JeUs 2 2 () i AR A S SR =
P, REAS A R IWTREA (S B R B k. SR BEAT R AE
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AN, DALAFR T3 24155 , BE 5 45 5 b i 1T 21 oAt
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T CoreGONFIVE . B GON 2% 2] [R5 F
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REAME ) 2R AR IO 8RS MO AT 4R T A W7 7. 2021 45,
Wan 25 A7 LA ) BRR T 40T 43 e f i A UM
2 (Neighbor Classifier Embedded Network, NCE-Net).
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LR TR T A A RAE RPN 2T
WA A . B AR AT K A 3ok 2 DLt 22 10
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B T O FEAS e PR SR M, DLRR 2 $2 THHPERE . 2019
A, Liu 558 A48 A TR 4 4k 3 812% 2J (Deep Rein-
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B A S AR AT DL — YR I R AS I 2% ; (]
FIAT BB D712 B S Q IE 7 R B QEL Y
SEIE, LAk G Z2 A RHAIL I P RE 5 | A A 2H 45 4 e )
AN, 2023 4F Chen %5 NV SETO0HESE 8 (1 TR 1ML
550 e B & BITREE siRA 2 2] i v, LU g e 2 8
> S T I P 5l A G s RIS AN ST A g ] R

SRAL A ST LM g2 S R R R A



2972 H, +

EE 2023 4

R AE ST . # ] LUE o 5 PR A 28 B, AR AN (]
B 27 2 A 55 RV BE A0 S A5, [ 3 Ly i i 4% HLBR T AR AR
PEREAR NS DL S sh Sk KA il gt 2 XA A 3=
PRTR fie A 3l 2 EUR 43 28535 0] U A AR 2 b
HEREA 23 (], SR BN AT 55 A 2 RS
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