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Figure 1: Explainable classification with Grad-CAM: training iteration 0, 1, 10 and 50 (from top to

bottom). The color intensity corresponds to the value of gradient-weighted class activation mapping.

The white background images are misclassified, the black ones are classified correctly.
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Figure 2: Generated images with Grad-CAM.
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Figure 3: Uncertainty of classification results.
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Table 1: Options of experiment module.

options abbr. description
train t Train model.
batch_size — batch size
total_epochs — total epochs
test e Test model.
gradcam g Visualize model behavior
with Grad-CAM.
class — data class
help h Print help message.

Listing 1: Usage example of experiment module.

$./CNN --train
$./CNN --test

$./CNN --gradcam
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Listing 2: Training of CNN model.

$./CNN --train
train_model():

epoch: 0, training loss: 0.390738
epoch: 0, training loss of latest batch: 0.260668
epoch: 0, validation loss: 0.104304

Listing 3: Testing of CNN model.
$./CNN —-test

test loss: 0.0362321

Listing 4: Explaining results of CNN model with Grad-CAM.
$./CNN --gradcam

found_data_indexes:
0 17 26 34 36 41 60 64 70 75
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Figure 4: Generated images with Grad-CAM.
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Figure 5: Explainable classification with Grad-CAM (batch size 128): training iteration 0, 1, 10 and 50 (from
top to bottom). The color intensity corresponds to the value of gradient-weighted class activation mapping. The

white background images are misclassified, the black ones are classified correctly.

Listing 5: Generating each class Grad-CAM image
using shell script.

for (( class = 0; class <= 9; class ++ )) do

./CNN --gradcam \
--data_index 0 \
--gradcam_model_path \
./Models/model-iteration-$1.pt \
--class ${class}

cp -p LayoutedGradCAM.png \
LayoutedGradCAM-class-${class}-iteration-$1.png

done

Listing 6: Training of CNN with batch size 128.

$./CNN —-train
-—total_epochs 1 \
--batch_size 128 \
--save_iteration_on \
--save_iteration_interval 1
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Figure 6: Explainable classification with Grad-CAM (batch size 10): training iteration 0, 1, 10 and 50 (from top
to bottom). The color intensity corresponds to the value of gradient-weighted class activation mapping. The white

background images are misclassified, the black ones are classified correctly.

Listing 7: Training of CNN with batch size 10.

$./CNN —-train
-—total_epochs 1 \
--total_iterations 100 \
--batch_size 10 \
--save_iteration_on \
—--save_iteration_interval 1
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Figure 7: Explainable classification with Grad-CAM (learning rate 0.01): training iteration 0, 1, 10 and 50 (from

top to bottom). The color intensity corresponds to the value of gradient-weighted class activation mapping. The

white background images are misclassified, the black ones are classified correctly.

Listing 8: Training of CNN with learning rate 0.01.

$./CNN —-train
-—total_epochs 1 \
--learning_rate 0.01 \
--batch_size 128 \
--save_iteration_on \
--save_iteration_interval 1
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