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Abstract This study experimentally analyzed the effects of domain similarity, backbone complexity, and
transfer strategy on image classification performance in CNN-based transfer learning. After pre-training
on CIFAR-10 as the source domain, a 2x2x2 factorial design experiment was conducted applying
Feature Extraction and Fine-Tuning strategies using VGG16 and InceptionV3 backbones on STL-10
(similar domain) and Fashion-MNIST (dissimilar domain). The experimental results showed that the
combination of InceptionV3 and Fine-Tuning achieved the highest performance with 90.5% accuracy in
the similar domain, while the combination of VGG16 and Feature Extraction maintained stable
performance of 78.6% in the dissimilar domain. This study demonstrated that transfer learning
performance is determined by the interaction among three factors rather than a single factor, and
provides practical guidelines for selecting strategies in domain adaptation and small-scale data transfer

learning design.
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{Table 1> Summary of Experimental Design

Factor Level Description

STL-10(Similar),

Domain Similarity 2 Fashion-MNIST(Dissimilar)

Backbone

Complexity 2 VGG16, InceptionV3
Lransfer 2 Feature Extraction, Fine=Tuning
Strategy

T e 8 2x2x2 Factorial Design

Experiments

3.2 HO|EAl

= AdFolAE CIFAR-10, STL-10, Fashion-MNIST
9] 34 A3d S5 HS HAE BT IH2 ARE9]
@k CIFAR-102 858 50,0008 HAES
10,0008 22 FA=EH, STL-102 k58 5,000
E|AEE 8,000%, Fashion-MNISTE sH5-8 60,000
A3} HAES 10,0009 22 o]Fo]A Qltt

{Table 2> Comparison of Dataset Composition

Type Source Target 1 Target 2
Dataset CIFAR-10 STL-10 | Fashion-MNIST
Resolution 32x32 9696 28x28
Channels 3 3 1->3
Number of Classes 10 10 10
Training Samples 50,000 5,000 60,000
Test Samples 10,000 8,000 10,000
Domain Similarity Criterion High Low
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231%oH, 5 Epoch? Warm-up GAE 7513t
Adsk= 12 AFSKWeight  Decay=le-4),
Dropout(0.3 to 0.5), Label Smoothing(0.05)& ¥
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10022 A=l o, AZ £40o] 10 Epoch 9% 7l
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(Table 3> Summary of Pretraining Results on

CIFAR-10
Indicator Average
Accuracy 0.92
Precision 0.91
Recall 0.91
F1-Score 0.91

4.2 Molets ds Hlw

(Table 4= 87} A3 239 F5-& 23t Ao|t.
AF = RI(STL-10)0l41%= Fine-Tuning #2ko], H|-3-A}
E?l(Fashion-MNIST)olAl&= Feature Extraction

Hefo] 947 H5-e KA

(Table 4> Comparison of Transfer Learning
Performance

Domain | Backbone | Strategy |Accuracy |Precision| Recall |F1-score
VGG16 FE 0.832 0.824 | 0.801 0.812
STL-10 | VGG16 FT | 0861 | 0.856 | 0.829 | 0.841
(&) |inceptionv3| FT | 0883 | 0872 | 0.862 | 0.867
InceptionV3|  FE 0.905 0.893 | 0.876 | 0.884
VGG16 FE 0.786 | 0.783 | 0.760 | 0.771
Fm:g? VGG16 FT 0.758 | 0.757 | 0.741 | 0.749
(HIQA |InceptionV3|  FE 0.749 0.751 0.746 | 0.748
InceptionV3|  FT 0.724 0.739 | 0.725 | 0.732
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[Fig. 1] Training Loss Curves for Each Model
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Transfer Learning Performance (Heatmap of Test Accuracy)
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[Fig. 3] Transfer Learning Performance
(Heatmap Of Test Accuracy)
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{Table 5) Optimal Combination of Domain and

Backbone
Dormain Similar Domain Dissimilar Domain
(STL-10) (Fashion-MNIST)

Optimal . N VGG16 +
Combination InceptionV3 + Fine-Tuning Feature Extraction
Performance High Accuracy Stable

Summar (90.5%) & Deep Performance(78.6%),

Y Represtational Layers Overfitting Minimization
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