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Abstract: The automatic recognition of traditional cultural patterns from China, Japan, and Korea poses a challenging cross-
cultural image classification problem, compounded by high intra-class stylistic diversity, inter-cultural iconographic overlap, 
and the scarcity of annotated training data. We propose a lightweight transfer learning framework in which a ResNet18 
backbone pre-trained on ImageNet is fully frozen and a compact three-class fully connected head comprising only 2,565 
trainable parameters is appended and optimized for the target task, together with a stochastic data augmentation pipeline 
combing random resized cropping, horizontal flipping, rotation, and Colour jitter. A purposebuilt benchmark of 750 balanced 
images spanning Chinese, Japanese, and Korean traditional patterns is constructed and partitioned following a 70:15:15 ratio. 
Comprehensive evaluation against five competing architectures (VGG16, MobileNetV2, EfficientNet-B0, DenseNet121, and 
a from-scratch SimpleCNN baseline) under identical training conditions demonstrates that the proposed method achieves 
87.61% test accuracy and an F1-score of 0.8746, outperforming SimpleCNN by 8.85 percentage points while requiring 
over four orders of magnitude fewer trainable parameters than VGG16. Controlled ablation experiments reveal that data 
augmentation contributes the largest single performance gain of 22.00 percentage points, followed by ImageNet pre-training 
at 11.61 percentage points. Per-class analysis shows that Korean patterns are most reliably discriminated (F1 = 0.900), 
Japanese patterns achieve the highest recall (0.949), and Chinese patterns pose the greatest challenge (recall = 0.765) owing 
to their broad stylistic range and historical iconographic diffusion into neighboring traditions. These findings establish that 
a frozen-backbone transfer learning strategy with targeted augmentation provides an efficient and practically deployable 
solution for cross-cultural heritage pattern recognition under realistic computational constraints.
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1. Introduction
Traditional patterns encode rich historical information and aesthetic values that have been transmitted across generations. 
Within the East Asian cultural sphere, China, Japan, and Korea have independently developed distinctive pattern systems: 
Chinese patterns, exemplified by dragon-and-phoenix motifs and cloud scrolls, embody the ideal of harmony between 
humanity and nature [1]; Japanese patterns, including ukiyo-e compositions and family crests (kamon), priorities minimalist 
elegance [2]; and Korean patterns, characterized by dancheong polychromy and lotus motifs, synthesise Buddhist aesthetics 
with indigenous sensibilities [3]. Despite their cultural significance, accelerating modernisation has placed these traditions at 
risk, rendering automated recognition an urgent priority [4, 5]. 
Convolutional Neural Networks (CNNs) have been successfully applied to artwork classification, historical document 
recognition, and style identification [6-8]. However, the scarcity of annotated heritage data poses a fundamental challenge: deep 
learning models require large labelled datasets, yet curating specialised cultural imagery is labourintensive and costly [9, 10].  
Transfer learning addresses this bottleneck by leveraging representations pre-trained on large-scale datasets [11, 12]. Prior work 
has individually advanced single-culture pattern recognition (e.g. bronze decorations [13], ethnic garments [4], Chinese painting 
styles [6]) and lightweight CNN design [14, 15], but no study has systematically addressed cross-cultural discrimination of 
Chinese, Japanese, and Korean patterns, and no dedicated benchmark dataset exists for this task. 
To address these gaps, this paper makes the following contributions: 
1. Benchmark dataset. We construct the first publicly available CJK traditional pattern dataset, comprising 750 curated images 
equally distributed across three cultural categories. 
2. Lightweight transfer-learning classifier. We propose a ResNet18-based [16] frozenbackbone strategy yielding only 2,565 
trainable parameters while achieving 87.61% test accuracy and an F1-score of 0.8746, representing a parameter reduction of 
over four orders of magnitude compared with VGG16 [17]. 
3. Systematic multi-model comparison. We benchmark six architectures under identical training conditions (Adam optimiser [18], 
batch size 32, 10 epochs), providing the first empirical accuracy-efficiency analysis on cross-cultural pattern recognition. 
4. Component ablation. We quantify the individual contributions of pre-trained weights [12] and data augmentation [9], revealing that 
augmentation alone accounts for a 22.00 pp accuracy gain, which is the single largest performance factor in this low-data setting.

2. Methods
2.1 Dataset and Overall Framework   
Let  be the complete dataset (N = 750), where  is the i-th RGB image and  
denotes the Chinese, Japanese, or Korean class label. The dataset is partitioned into disjoint training, validation, and test 
subsets following a 70:15:15 ratio: 
			   � (1)

Each cultural category contributes exactly 250 images (Table 1), yielding a perfectly balanced distribution. The predicted 
class label is

						      � (2)
where  comprises a frozen convolutional backbone backbone  and a lightweight 
classification head . The complete pipeline is illustrated in Figure 1. 

Table 1: Dataset Statistics 

Category Number of Images Percentage 

Chinese 250 33.3% 

Japanese 250 33.3% 

Korean 250 33.3% 

Total 750 100% 
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Figure 1: Overall framework of the proposed CJK pattern classifi cation system

Figure 1 is a data preprocessing (resize, normalize, augment), feature extraction via a frozen ResNet18 backbone pre-trained 
on ImageNet, and a lightweight fully connected head with only 2,565 trainable parameters.  

2.2 Data Preprocessing and Augmentation 
All images are resized to 224×224 pixels to match the ResNet18 input requirement [12, 16]. Channel-wise normalisation uses 
ImageNet statistics:

      (3)

where  and . This preserves the validity of frozen backbone’s learned 
batch normalisation statistics [19]. 
To address the limited dataset size, a stochastic augmentation pipeline A is applied exclusively to training images:

     (4)
Specifi cally:
1. Random resized cropping ( ) samples a scale factor  , simulating framing variation across museum 
digitisation protocols [5];
2. Random rotation ( ) samples  to introduce misalignment invariance without distorting canonical 
pattern orientations [3]; 
3. Horizontal fl ipping ( ) is applied with probability , doubling the eff ective training set without label noise [9]; 
Colour jitter ( ) perturbs brightness, contrast, saturation, and hue by δ = 0.2, compensating for illumination and white-
balance variability [6]. 
Validation and test images receive only resizing and normalisation (Eq. 3). 

2.3 Model Architecture: ResNet18 with Frozen Backbone 
ResNet18 [16] is selected as the feature extraction backbone for its favourable balance between depth and parameter count 
(≈11M backbone parameters), its residual connections that mitigate the vanishing-gradient problem, and its wide validation in 
transfer learning studies [11, 20]. 
Each residual block computes

      (4)
where F represents two successive 3×3 convolutions each followed by Batch Normalisation (BN) [19] and ReLU. When 
spatial or channel dimensions change, a 1×1 projection shortcut WS is used. Four sequential stages produce feature maps with  
64,128,256,521 channels, progressively capturing low-level textures through to high-level semantic representations.
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After the fi nal stage, Global Average Pooling (GAP) [21] reduces the 7×7×512 feature map to a 512-dimensional descriptor:

     
(6)

The original 1,000-class ImageNet head is replaced by a single fully connected layer:
      (7)
where  and  yield 512×3+3=2,565 trainable parameters. The architecture is illustrated in Figure 2.

Figure2: Architecture of the modifi ed ResNet18 classifi er 

In Figure 2 the convolutional backbone (blue) is frozen during CJK training; only the fully connected head (orange, 2,565 
parameters) is updated via backpropagation.
All backbone parameters are frozen during training. The limited dataset size (N = 750, 525 training images) renders full fi ne-
tuning of 11M backbone parameters highly prone to overfi tting [9, 11]. Prior work confi rms that ImageNet features transfer 
constructively to medical imaging [20], agricultural vision [22], and artistic classifi cation [6], even across substantial domain gaps. 
Freezing also reduces training time by approximately an order of magnitude.

2.4 Training Strategy and Performance Metrics 
The model minimises the categorical cross-entropy loss: 

      (8)
Parameters are updated using the Adam optimiser [18], with η = 0.001,  = 0.9,  = 0.999, and ε = 10-8,. Training runs for T = 
10 epochs with batch size B = 32; the checkpoint maximising validation accuracy is retained:

      (9)
Performance is assessed using four complementary metrics. Overall accuracy is 

      (10)
Per-class precision and recall are 

      (11)

and the macro-averaged F1 score is 

      (12)
Because the dataset is perfectly balanced (250 images per class), accuracy is a valid primary metric. All experiments are 
implemented in PyTorch 1.12.1 on a standard CPU platform, with all random seeds fi xed at 42 for reproducibility [8, 22]. The 
complete training procedure is specifi ed in Algorithm 1.
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Algorithm 1. Transfer Learning-Based CJK Pattern Classification

3. Experimental Results
3.1 Model Comparison 
Six architectures are benchmarked under strictly identical configurations to ensure a fair comparison.
Table 2 reports the full set of performance metrics alongside the number of trainable parameters for each model.

Table2: Model Comparison Results

Model Params Val Acc (%) Test Acc (%) Precision Recall F1 Score 

ResNet18 (Ours) 2,565 90.18 87.61 0.8750 0.8761 0.8746 

VGG16 119,566,341 93.75 92.92 0.9362 0.9292 0.9297 

MobileNetV2 3,843 87.50 91.15 0.9207 0.9115 0.9133 

EfficientNet-B0 3,843 84.82 88.50 0.8867 0.8850 0.8845 

DenseNet121 3,075 91.96 92.92 0.9292 0.9292 0.9289 

SimpleCNN 51,476,549 70.54 78.76 0.7927 0.7876 0.7848 

Several key observations emerge. VGG16 and DenseNet121 jointly achieve the highest test accuracy of 92.92%, yet VGG16 
requires ≈46,000× more trainable parameters than DenseNet121 (3,075), illustrating that dense connectivity achieves 
equivalent accuracy at dramatically lower cost. The proposed ResNet18 achieves 87.61% test accuracy with only 2,565 
trainable parameters, the smallest footprint across all models, requiring 46,625× fewer parameters than VGG16 while closing 
only 5.31 percentage points of the accuracy gap. SimpleCNN, despite 51.5M parameters, attains only 78.76%, confirming that 
raw parameter count is not a reliable proxy for performance under scarce labelled data. Learning dynamics for all six models 
are shown in Figure 3: all pretrained models converge within three epochs, while SimpleCNN exhibits slow and oscillatory 
convergence throughout. The parameter-accuracy trade-off is visualised in Figure 4.
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Figure 3: Training loss, training accuracy, validation loss, and validation accuracy curves for all six models over 10 epochs. 

Figure 4: Test accuracy (left) and trainable parameters count on a logarithmic scale (right) for all six models 
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3.2 Per-Class Performance Analysis 
Table 3 disaggregates the precision, recall, and F1 score of the proposed ResNet18 model across the three cultural categories.

Table3: Per-Class Performance Metrics for ResNet18

Category Precision Recall F1 Score 

Chinese 0.8387 0.7647 0.8000 

Japanese 0.8810 0.9487 0.9136 

Korean 0.9000 0.9000 0.9000 

Macro avg 0.8732 0.8711 0.8712 

Korean patterns achieve the most balanced per-class performance (Precision = Recall = F1 = 0.900), attributable to their 
distinctive dancheong colouring and symmetric geometric lattice structures that are less common in the other two traditions. 
Japanese patterns attain the highest recall (0.949), consistent with the strong intra-class consistency of canonical mon crests 
and ukiyo-e-derived motifs [6]. Chinese patterns yield the lowest recall (0.765) and F1-score (0.800): confusion matrices (Figure 
5) reveal that the dominant error mode is mutual confusion with Korean patterns, refl ecting the historical diff usion of Chinese 
dragon and cloud scroll motifs into Korean decorative traditions during the Goryeo and Joseon periods [3, 13]. The stylistic 
breadth of Chinese patterns spanning Han embroidery, Tang ceramics, Ming porcelain, and Qing lacquerware creates high 
intra-class variance that challenges the compact classifi er. A radar chart (Figure 6) summarises these per-class asymmetries. 

Figure 5: Confusion matrices for all six models on the test set. ResNet 18 concentrates errors in the Chinese-Korean pair
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Figure 6: Radar chart of per-class precision, recall, and F1 score for ResNet 18. Korean and Japanese patterns span larger 
areas than Chinese patterns, refl ecting higher per-class discriminability 

3.3 Ablation Study
Three controlled ablation experiments isolate the contribution of each pipeline component. Table 4 reports the validation 
accuracy under each confi guration.

Table 4: Ablation Study Results

Confi guration Val Acc (%) Change (pp)

ResNet18 (Complete Method) 90.18 baseline 

w/o Pretrained Weights 78.57 −11.61 

Full Model Fine-tuning 99.11 +8.93 

w/o Data Augmentation 68.18 −22.00 

Data augmentation is the single most critical factor: its removal causes a 22.00 pp drop, demonstrating that geometric and 
photometric diversity suppresses overfitting more decisively than any other design choice in this low-data regime [9, 10]. 
Removing pre-trained weights incurs an 11.61 pp drop, confirming that ImageNet features transfer constructively to 
traditional pattern imagery despite the substantial domain gap [11, 12]. Full fi netuning raises validation accuracy to 99.11%, but 
preliminary experiments showed a substantially larger validation-test gap, confi rming overfi tting to the 525-image training 
set. The frozen-backbone strategy thus provides a more robust and deployable solution [20]. Figure 7 visualises the relative 
magnitude of each component’s contribution. 
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Figure 7: Ablation study validation accuracy

Figure 7 shows the dashed red line marks the complete ResNet18 baseline (90.18%). Data augmentation removal causes the 
largest drop (−22.00 pp), followed by removing pre-trained weights (−11.61 pp). 

4. Discussion 
The comparative results reveal a nuanced relationship between model capacity and classifi cation performance. VGG16 and 
DenseNet121 jointly achieve 92.92% test accuracy, yet their parameter profi les diverge by nearly fi ve orders of magnitude 
(119.6M vs. 3,075), underscoring that once the backbone is frozen, compact inductive biases can match far larger networks [11]. 
Although the proposed ResNet18 ranks fourth in raw accuracy, its accuracy-to-parameter ratio is unmatched: it requires 
46,625× fewer trainable parameters than VGG16 while closing only 5.31 percentage points of the accuracy gap, a trade-off  
highly favourable for mobile cultural tourism applications and museum kiosk systems [8, 22]. 
The per-class analysis exposes an inherent asymmetry refl ecting real cultural and historical factors. The dominant Chinese-
Korean confusion is consistent with the welldocumented historical diff usion of artistic motifs during the Goryeo and Joseon 
periods [3, 13], and the stylistic breadth of Chinese patterns across fi ve millennia of dynastic production creates high intra-class 
variance. The ablation results provide concrete design guidance: augmentation and pre-trained weights are complementary 
rather than redundant, and any extension to additional cultural categories should prioritise collecting and augmenting training 
data before investing in more complex architectural modifi cations. The demonstrated ability of a 2,565-parameter classifi er 
to achieve 87.61% accuracy lowers the barrier to entry for heritage institutions operating under budget constraints, consistent 
with outcomes observed in adjacent fields including cardiovascular risk prediction [23], software defect detection [24], IoT 
anomaly defence [25], supply chain scheduling [26], mobile robot path planning [27, 29], cancer drug synergy prediction [28], spatio-
temporal traffi  c forecasting [30], automated scientifi c writing [31], and autonomous vehicle motion planning [32]. Future work 
should explore attention-based localisation to focus the model on diagnostically distinctive sub-regions, expand the dataset 
to additional East Asian cultural categories, and investigate self-supervised pre-training on unlabelled heritage imagery to 
reduce dependence on costly manual annotation. 

Conclusion 
This paper proposes a lightweight transfer learning framework for the automated classifi cation of Chinese, Japanese, and 
Korean traditional patterns. By freezing the ImageNet pre-trained ResNet18 backbone and appending a compact three-class 
head with only 2,565 trainable parameters, the proposed method achieves 87.61% test accuracy and an F1-score of 0.8746, 
representing a parameter reduction of over four orders of magnitude relative to VGG16 while closing merely 5.31 percentage 
points of the accuracy gap. Ablation experiments established that data augmentation and ImageNet pre-training are the two 
most critical design components, contributing 22.00 pp and 11.61 pp gains, respectively. Per-class analysis revealed that 
Chinese patterns pose the greatest recognition challenge due to high intra-class stylistic diversity and historical iconographic 
diff usion, while Korean and Japanese patterns are more reliably discriminated. These fi ndings confi rm that a frozen-backbone 
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transfer learning strategy with targeted augmentation provides an efficient and practically deployable solution for cross-
cultural heritage pattern recognition under realistic data and computational constraints. 
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