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Detection of Moving Direction
using PIR Sensors and Deep Learning Algorithm

Jiyoung Woo*, Jaeseok Yun**

Abstract

In this paper, we propose a method to recognize the moving direction in the indoor environment by
using the sensing system equipped with passive infrared (PIR) sensors and a deep learning algorithm.
A PIR sensor generates a signal that can be distinguished according to the direction of movement of
the user. A sensing system with four PIR sensors deployed by 45° increments is developed and
installed in the ceiling of the room. The PIR sensor signals from 6 users with 10-time experiments
for 8 directions were collected. We extracted the raw data sets and performed experiments varying
the number of sensors fed into the deep learning algorithm. The proposed sensing system using deep
learning algorithm can recognize the users’ moving direction by 99.2 %. In addition, with only one
PIR senor, the recognition accuracy reaches 98.4%.

» Keyword: Passive infrared, movement direction detection, deep learning, machine learning,
convolutional neural network
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Fig. 2. The PIR analog signals captured from a participant
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Table 1. A piece of time series data of PIR sensors
PIR_1 PIR_2 PIR_3 PIR_4 Direction
D1
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0.3504 0.7422 1.0731 0.0889 D1
2.4513 1.8985 0.6796 -1.9808 D1
2.4517 2.1751 -0.3081 -2.4160 D1
1.1916 -0.4163 -1.4195 -1.6936 D1
-0.7201 -1.3482 -1.2190 -0.1263 D1
D1
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V. Experimental Results
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Table 2. The selected PIR sensor sets for experiments

PIR sensors involved in each sensor set
Set 1 PIR_1
Set 2 PIR_1, PIR_3
Set 3 PIR_2, PIR_4
Set 4 PIR_1, PIR_2, PIR_3
Set 5 PIR_1, PIR_2, PIR_3, PIR_4
sensors
. 1 213 4

Timel

Time2

Time30 N\

hidden layer

el =N

Fig. 5. Deploying raw data of the PIR sensors with
respect to the selected sensor sets
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Table 3. Recognition performance with respect to the selected
PIR sensor sets

PIR_ PIR_ PIR_ PIR_ PIR_
1 1,3 2,4 1,2,3 1,2,3,4

Bayes net | 81.19 | 94.60 | 98.69 | 97.64 | 97.92

Decision 72.77 82.73 84.13 | 82.58 83.75

table

Decision 86.44 | 93.63 | 97.19 | 97.15 | 97.77

tree

Instance—

based 89.04 | 97.40 | 98.67 | 98.15 | 98.75

learning

Multilayer 84.42 | 97.38 | 98.33 | 98.44 | 99.00

perceptron

Naive bayes | 74.92 | 91.88 | 96.98 | 94.98 | 98.04

Support

vector 80.04 | 98.29 | 98.67 | 99.08 | 99.52

machine

CNN 96.01 98.02 | 98.04 | 98.08 | 98.12
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Fig. 6. The PIR_1 sensor signals captured from a
participant moving in eight directions
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V. Conclusions
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