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ABSTRACT

Purpose: This study aims to improve the recognition rate of Auto People Counting (APC) in accurately
identifying and providing information on remaining evacuees in disaster-vulnerable facilities such as
nursing homes to firefighting and other response agencies in the event of a disaster. Methods: In this
study, a baseline model was established using CNN (Convolutional Neural Network) models to improve
the algorithm for recognizing images of incoming and outgoing individuals through cameras installed in
actual disaster-vulnerable facilities operating APC systems. Various algorithms were analyzed, and the
top seven candidates were selected. The research was conducted by utilizing transfer learning models to
select the optimal algorithm with the best performance. Results: Experiment results confirmed the
precision and recall of Densenet201 and Resnet152v2 models, which exhibited the best performance in
terms of time and accuracy. It was observed that both models demonstrated 100% accuracy for all labels,
with Densenet201 model showing superior performance. Conclusion: The optimal algorithm applicable
to APC among various artificial intelligence algorithms was selected. Further research on algorithm
analysis and learning is required to accurately identify the incoming and outgoing individuals in
disaster-vulnerable facilities in various disaster situations such as emergencies in the future.
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Fig. 1. Flowchart of rescue and rescue activities using APC Fig. 2. In/Out peoples counting methods
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Table 1. Baseline modeling with deep learning CNN model

Model: “Sequential”

Layer (type) Output Shape Param #
conv2d (Conv2D) (None, 148, 148, 32) 896
max_pooling2d (MaxPooling2D) (None, 74, 74, 32) 0
conv2d_1 (Conv2D) (None, 72, 72, 32) 9248
max_pooling2d 1 (MaxPooling2D) (None, 36, 36, 32) 0
flatten (Flatten) (None, 41472) 0
dense (Dense) (None, 128) 5308544
dense 1 (Dense) (None, 8) 1032

Total params: 5,319,720
Trainable params: 5,319,720
Non-trainable params: 0

dlolelS Felo 1 oju]x] A Ae AHA Hlol ekl B 47 § BEPS SHshAch

# Initializing the CNN| = ¥ Step 1 — Convolution|= ¥ Step 2 — Pooling] = # Adding convolutional layer =

# Step 3 — Flattening = [# Step 4 - Full Connection| = # Step 5 - Output Layer = # Compiling the CNN|

A7) Bdlo] A8 t=o]7] Q5] Hlo|e Z7H(Data Augmentation) & o]n|x]S R Edlo] S|AZE ShflE4, 90|

= o= 1T o
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Epoch 1/10
173/173 [ ] - 71s 40Bms/step - loss: 0.3905 - accuracy: 0.8571 - val_loss: 0.3849 - val _accuracy: 0,B620
Epoch 2/10
173/173 [ ] - T2z d1Bmsfstep - loss: 0.3130 - accuracy: D.8B4B - val_loss: 0.4181 - val _accuracy: 0.B526
Epoch 3/10
173/173 [ ] - 725 416ms/step - loss: 0.2762 - accuracy: 0.901B - val_loss: 0.3455 - val _accuracy: 0,8787
Epoch 4/10
173/173 [ ] - 77z 418msfstep - loss: 0,233 - accuracy: D.9142 - val_loss: 0.3913 - val _accuracy: 0. BERG
Epoch 5/10
1734173 [ ] - 72z dlTnsfstep - losst 0.2100 - accuracy: 0.9218 - val_loss: 0.2798 - val _accuracy: 0.89027
Epoch 6/10
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Fig. 3. Performance results of baseline model using CNN model
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Table 2. Analysis model learning results using transfer learning

Model Val Accuracy Accuracy Training Time(sec)
0 DenseNet201 1.0000 1.0000 49.20
1 ResNet152V2 0.9919 1.0000 58.44
2 ResNet50V2 0.9919 1.0000 21.12
3 DenseNet121 1.0000 0.9964 1197.90
4 MobileNetV2 0.9960 0.9964 16.69
5 InceptionV3 0.9798 0.9964 25.27
6 Xception 1.0000 0.9964 32.77
7 VGG16 0.9677 0.9674 46.58
8 MobileNetV3Large 0.5806 0.5326 18.55
Sl5 Ao TestAls FolA] ol 5= BRIF=H 4=y tiF-2 101 +3Hske A & 4 At 8=

KzEstl 19KS ] Fig. 49} 201 491 77K 1] 17 gt Liehic
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Fig. 9. ResNet152V2 accuracy
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Table 3. Precision and recall results of Densenet201 and Resnet52v2 models
Precision Recall F1-Score Support
Airplane 1.00 1.00 1.00 167
Car 1.00 1.00 1.00 191
Cat 1.00 1.00 1.00 146
Dog 1.00 1.00 1.00 162
Flower 1.00 1.00 1.00 157
Fruit 1.00 1.00 1.00 210
Motorbike 1.00 1.00 1.00 159
Person 1.00 1.00 1.00 188
Accuracy 1.00 1380
Macro Avg 1.00 1.00 1.00 1380
Weight Avg 1.00 1.00 1.00 1380
204 KOSDI
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