\ol. 2, No. 4 Computer Science and Technology December, 2023
552 B 4 W) THHEMRRESHEAR 2023 £12 H

Bl 5 KPR T HT: ZREHE

Ammara Khan!, Muhammad Tahir Rasheed?, Hufsa Khan® "

b se e K Y R AT T, R R A /R 51000
2RI ENURL S S TR 0%, A% 518060

WE: CAAWZNRIRES TRSEBRN AT, Rl 2 AE BB 008 — N EIRUR, B GUsR e & 5
# XEWE KGR T OB, B R BRI . EER BN, BRI )
AR HLAER 2 S S R T kA R, AERAR ARG DL s K2 B Las AR B 27 S SR R AT
BT TR T BE R AEATTFUA, RS TR A R AR, AT Bl S AT i o i el g,
E T BAERF LR ERER, RS 1 BORT RIS U R (AT S . BhAh, JEHEAT 1 1991 4 & 2022 RISk
BT, DU E S EROS T AT B 1 K S BB o SO RL AR T . Bz, SRATTIKIHE T4 SRl IO FE N SRR fikiR
R IEAEMA S5 A B AT IR PG B 20 S0 T AT B 8 7 A R 35

RERIA: B )2 SCERTFE T RRIEARIG 2 i R
DOI: 10.57237/j.cst.2023.04.001

An Analysis of Feature Extraction in Image
Classification: A Comprehensive Study

Ammara Khan!, Muhammad Tahir Rasheed?, Hufsa Khan® "

YInstitute of Botany, University of the Punjab, Lahore 51000, Pakistan
“College of Computer Science and Software Engineering, Shenzhen University, Shenzhen 518060, China

Abstract: There have been many real-life applications utilizing deep learning, especially in the area of image
classification. A common finding is that some domain data are highly skewed, which means that most of the information
belongs to a small number of majority classes, and there is little or no information in the minority classes. Due to which
in case of imbalanced data distribution, the majority of machine and deep learning algorithms are not effective or may
fail when it is highly imbalanced. In this study, a comprehensive analysis of imbalanced dataset is conducted by
considering deep learning-based well-known models. In particular, the best feature extractor model is identified and the
current trend of latest feature extraction model is examined. Moreover, a bibliometric analysis is carried out from 1991 to
2022 in order to identify the global scientific research on the image classification of imbalanced mushroom dataset. In
summary, our findings may offer researchers a quick benchmarking reference and alternative approach to assessing
trends in imbalanced data distributions in image classification research.
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Methods Accuracy Precision Recall F-score Kappa Statistic
CNN decoder 0.33239 0.32850 0.33231 0.32500 0.21139
ResNet50V2 [36] 0.54098 0.56488 0.54098 0.54368 0.44863
InceptionV3 [37] 0.33681 0.29995 0.33681 0.26342 0.16647
DenseNet201 [38] 0.47093 0.44068 0.47094 0.38611 0.35276
DenseNet121 [38] 0.53875 0.49414 0.53875 0.46322 0.43074
EfficientNetB0 [39] 0.66244 0.64334 0.66244 0.64111 0.59898
EfficientNetB6 [41] 0.67809 0.69727 0.67809 0.65776 0.61436
Xception net [40] 0.65350 0.67108 0.65350 0.62520 0.58484
MobileNetV2 [42] 0.66989 0.70196 0.52946 0.63343 0.60525
VGG16 net down-sampling 0.23547 0.05545 0.23547 0.08976 0.00000
VGG16 net up-sampling 0.73025 0.73804 0.73025 0.72497 0.68041
VGG16 net hybrid-sampling 0.83756 0.83888 0.83756 0.83571 0.80936
VGG16 net [43] 0.85395 0.85356 0.85395 0.85032 0.82802
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