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Fig 1. System Overview
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def extract_rules(model):
layer_weights = [layer.get weights() for layer in model.layers
rules =
for weights in layer_weights:
for w in weights:
if np.mean(w) > @.5: # Setting thresholds (example)
rules.append("Contribute to fire detection if it exceeds @.5")
return rules

Fig 2. Pesudo Code for Rule Extraction
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Table 1. Model Evaluation Indicator Analysis

Name Class Accuracy Precision Recall F1_score
Fire 085 0.99 097
ECPNet Non_fire 0.98 099 1.00 1.00
Smoke: 1.00 0.95 0.97
Fire 085 083 0.84
Xception Non_fire 0.88 087 0.90 088
Smoke: 0.94 0.92 0.93
Test Confusion Matrix 100 Test Confusion Matrix 100
& &
_ Fire Fre
2 "3 -
H E]
F Non_fire " Non_fire °

Smoke Smoke

Fire
Smoke
Fire
Smoke

2 e
< H
2 2
& e

Predicted label Predicted label

Fig 4, 5. Xception (L) and IF2bNet (R) Confusion Matrix
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Table 2. Xception Model Parameters

Parameters Total Parameters

Layer (type)
Xception

(7, 7, 2048) 20861480
GlobalAveragePooling2D (2048) 0 20,867,627

(224, 224, 128) 0

Dropout

Dense (224, 224, 128) 6147

Table 3. IF2bNet Model Parameters
Layer (type) Shape

(224, 224, 3) 0
(224, 224, 64) 1792
(224, 224, 64) 256
(224, 224, 128) 73856
(224, 224, 128) 512
295168

Parameters Total Parameters
InputLayer

Conv2D

BatchNormalization

Com2D

BatchNormalization

Comv2D

(224, 224, 256)
(224, 224, 256) 1024
(224, 224, 256) 590080
(224, 224, 256) 1024
(224, 224, 256) 530080
(224, 224, 256) 1024
(224, 224, 256) 590080
(224, 224, 256) 1024
590080

BatchNormalization

Conv2D 2737795

BatchNormalization

Conv2D

BatchNormalization

Conv2D

BatchNormalization

Com2D (224, 224, 256)
BatchNormalization (224, 224, 256) 1024

Dense (224, 224, 3) m
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