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Facial Feature Classification of Drug Addicts Using Deep Learning
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Transfer learning
Pre-trained
GoogLeNet
Training Face detection Replace
image | and extraction layers
Data Network
augmentation o training
Testing Face detection Trained Performance
image | and extraction > network | measurements
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Model #Layers .Measure (%)
Accuracy Precision Recall F1-Score

AlexNet 8 74.42 72.41 60.00 65.63
VGGNetl6 16 74.42 69.70 65.71 67.65
VGGNet19 19 73.26 80.00 45.71 58.18
ResNet18 18 80.23 78.13 71.43 74.63
ResNet50 50 77.91 71.05 77.14 73.97
ResNet101 101 83.72 81.82 77.14 79.41
GoogLeNet 22

Inception-v3 48 76.74 72.73 68.57 70.59
Inception- 164 70.93 64.71 62.86 63.77
ResNet-v2

Xception 71 75.58 69.44 71.43 70.42
DenseNet201 201 79.07 79.31 65.71 71.88
MobileNetV2 28 77.91 76.67 65.71 70.77
ShuftleNet 50 74.42 65.85 77.14 71.05
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