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Optimal model parameters 6*
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Classification metrics: Accuracy, Precision, Recall, F1-score

Phase 1: Data Preparation

Load image frames
Apply preprocessing operations:

- Resizing

- Normalization

- Data augmentation

Construct mini-batches with batch size B

Phase 2: Feature extraction using ConvNeXt-Base network equipped
with SE-Net attention mechanism

Load ConvNeXt-Base backbone pre-trained on ImageNet

For each stage s in ConvNeXt:
For each block b in stage s:
For each depthwise convolution layer dw in block b: ()

Extract intermediate feature map F_dw € R"{CxHxW}
Compute channel-wise attention weights using SE-Net module:
w = o(FC(GAP(F_dw)))
Recalibrate feature map:
F dw hat=F dw O w

(<)

Apply global average pooling and flatten features:
f € RA{1024}
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Phase 4: Training and Optimization

Initialize loss function, optimizer, and early-stopping strategy . s T T3 - . < e (&, &
Train the model for E epochs ool 5 el kol ) g S35 B ) (’Kﬂ,g
Select optimal parameters 0* based on validation performance S )LA o 5 Jdwe

Phase 5: Evaluation

Evaluate 6* on test data

& Sl g yilojl -¥
Compute Accuracy, Precision, Recall, and F1-score
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