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ABSTRACT

In this paper, we propose an optimal evacuation route guidance system for indoor fire emergency
environments using machine learning and AR technologies. For user indoor positioning, we have implemented
BLE beacon devices, and then collect received signal strength indication (RSSI) data of beacon signals at the
user’s smartphone according to the locations. Based on the data collected, a deep learning model is trained to
determine user locations. Q-learning is utilized to derive optimal evacuation paths for individuals, and
comprehensively reflects information such as user location, fire locations, and congestion situations in
evacuation routes. Derived evacuation paths are intuitively provided through the Android AR application we
implemented. Through performance evaluations based on the RSSI data collected in practice, user location
estimation showed high accuracy and the Q-learning based evacuation path can derive the shortest time route
without passing risky areas. Through the system proposed in this paper, we can help individuals evacuate

quickly and reduce human casualties.
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Table 2. Parameter for DNN
Parameters value

Number of cells /V, 10
Number of beacons /V, 6
Training data set 4107
Test data set 1028
Number of hidden layers 5
Number of nodes 64
for each hidden layer
Activation Function SELU

Weight Initializer Xavier Initialization

Optimizer Adam
Learning rate 0.0001
Epoch 1000
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Table 3. DNN learning results
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Fig. 7. DNN Learning results after EWMA filtering
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e 5
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