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TABLE 1
I3 SAT B GEAL FIAT N F) i A2 P2

Model Architecture Input Dimensions (pixels)

VGG16 224 x 224
VGG19 224 x 224
EfficientNetB0O 224 x 224
EfficientNetV2-S 384 x 384
EfficientNetV2-M 480 x 480
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TABLE II
TE YN 1] 7 1 ) R4 38 b R

Augmentation technique Parameter range

Random Rotation
Random Width Shift
Random Height Shift
Random Zoom

Random Horizontal Flip

Up to 90 degrees

Up to 30 % of image width
Up to 30 % of image height
Up to 30 % (zoom in or out)
Applied with 50 % probability

TABLE III
B ZREL B S i B

Hyperparameter Value / Setting

Pre-trained Weights
Classification Head

ImageNet
Global Average Pooling 2D +
Dense (4 units, Softmax)

Training Phases 1: Feature Extraction (head
only), 2: Fine-tuning (head +
top 30 base layers (4-6 for VGG)

Optimiser Adam

Learning Rate (Phase 1) le—3

Learning Rate (Phase 2) le—5

Loss Function Categorical Cross-Entropy

Batch Size 4
Max Epochs (Phase 1) 15
Max Epochs (Phase 2) 50

Monitor: val_loss, Patience: 15,
Restore Best Weights: True
Monitor: val_loss, Patience: 10,
Factor: 0.2, Min LR: 1le — 6
Monitor: val_accuracy,
Best Only: True

5-Fold Cross-Validation

Early Stopping
Reduce LR on Plateau
Model Checkpoint Save

Evaluation Framework
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TABLE IV
RRTIEMERE . AR E R R R T (R ) S,
Model Architecture Accuracy Weighted F1-Score
VGG16 (Fold 5) 0.4688 0.4646
VGG19 (Fold 4) 0.4375 0.4483
EfficientNetBO (Fold 3) 0.8125 0.8012
EfficientNetV2-S (Fold 3)  0.8125 0.7927
EfficientNetV2-M  (Fold  0.6562 0.6062
2)

TABLE V

WAEIRIER F1 2% 2R R SR LR T AR 1

Model Cotton Polyester  Cotton- Viscose-
Polyester  Polyester

VGG16 0.4545 0.2857 0.1818 0.6667
VGG19 0.4444 0.4615 0.0000 0.6364
EfficientNetBO 0.8571 0.7692 0.4000 0.9630
EfficientNetV2-S  0.7500 0.8000 0.5000 0.9333
EfficientNetV2- 0.6000 0.8000 0.0000 0.7857
M
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TABLE VI
RS B AR PR AR -

Metric Bounding Box Prediction = Mask Prediction
Precision 1.00 1.00
Recall 1.00 1.00
F1-Score 1.00 1.00
Mean IoU 0.92 0.90
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