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Implementation of Fire Detection System Using
Raspberry Pi-based SSD

Yang, Seung Ho

Division of Electronics and Communications Engineering

Graduate School of Korea Maritime and Ocean University

Abstract

The recent domestic and foreign fires have caused issues. Areas that are rarely
visited do not prevent large fires because they take a long time to respond early in
the event of a fire. Because of this, we became interested in detecting fire before it
became large. In this thesis, raspberry pi, deep learning technology and power line
communication technology are used to construct a fire detection system in a large
area. A training model was formed using F-RCNN and SSD to compare the detection
speed to see if it is a more suitable model in Raspberry Pi. In addition, the power line
communication used in the system configuration is to confirm whether the
communication is well in high voltage and high current environment. Finally, when
Raspberry Pi detects a fire through the Pi camera, it succeeded in sending texts and

images to the monitoring PC using inductive power line communication technology.

KEY WORDS: Image Deep learning; Object detection; Power line communication
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Fig. 1. Forest Fire Damage for 10 Years [1].
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Fig. 2. Deep Learning Overview [11].
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Table 1. Result on Pascal VOC 2007 test [20].
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Fig. 9. Object Detection Algorithm Performance Comparison [20].

Table 2. Single stage detector vs. two stage detector.
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Table 3. Hyper Parameter Types.
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Fig. 11. Fire Detection System Overview.
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Fig. 12. Dataset creation process.
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</source>
<size>

<width>640</width>
<height>360</height>

<depth>3
</size>

<segmented>0</segmented>

- <object>

</depth>

<name>fire</name>

<pose>Unspecified</pose>
<truncated>0</truncated>

<difficult>

0</difficult>

- <bndbox
<xmin
<yminy
<xma
<yma

>262< /xmin>
>124</ymin>
>459</xmax>
>298</ymax>

</bndbox

</object>

(b) csv file

width height

640

640
640

320
320
320

(@ xml file contents

labeling T2 138 Abgsle] AYAIH
xml THholl= P8 ojm| A o] Alo]=
oF Eoixl gy v, SEEH F
o] 91X7F A4t

class Xxmin ymin Xmax ymax
360 fire I 262 124 459 298 I
360 fire 315 92 4b4 233
360 fire 172 151 225 203
360 fire 299 228 340 273
360 fire 305 218 353 273
360 fire 254 206 344 277
360 fire 240 197 EEY 268
240 fire 99 98 161 146
240 fire 99 90 156 144
240 fire 132 107 189 149

csv SHUol & xml Qo) wlolElE mo} s dolE S TH A

) testmov

o testrecord

VTG

s trainpy

o trainrecord

A trainer,

Py

i Smd_mode‘
[ checkpoint
[] frozen_inference_graph.pb

[] model.ckpt.data-00000-of-00001

() model.ckptindex
[) model.ckptmeta
[ placeholder.oa

(©) tfrecord file

HAZ29= tfrecord 2ol dHolEE

stz

AEEIER csv T FH oA

record F&l o2 W33}

(d) create freeze graph file

g0 HEHW HF A5 O

A} 43kl

A
Y EZE YA

o
i

AN

= AHEEE

[

Fig. 13. Data conversion process and training result.
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&

(@) 10 video test Loss (b) 10 video test IOU

Fig. 14. 10 video learning results.
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Loss |oU

(@) 17 video test Loss (b) 17 video test IOU

Fig. 15. 17 video learning results.
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step 3,300 step 20,000

HiCI203

HICI20]

(a) step 3,300 (b) step 20,000

Fig. 16. Detection comparison according to the learning progress.
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Fig. 17. F-RCNN Learning Results Graph.
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Fig. 18. SSD Learning Results Graph.
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(a) fire video 1 (b) fire video 2

Fig. 19. Fire detection test on PC.
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(@) F-RCNN (0.05 FPS) (b) SSD (1.88FPS)

Fig. 20. F-RCNN vs SSD Speed Comparison.
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Raspberry-Pi PLC Coupler

Fig. 21. Fire Detection System Outline.
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Fig. 22. Power Line Communication Configuration.
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~iRalln 21 VA2 8

(@) Coupler (b) Modem
Fig. 23. PLC components.
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Fig. 24. Communication performance measurement on high current cables.
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Fig. 25. Transmission rate by distance for cut-core coupling unit.
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Fig. 26. Fire Detection System Configuration.
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(a) monitoring PC

300A
Current

(b) Detailed image

Fig. 27. Text, image transfer experiment.
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Fig. 30. Text and Image Transmission Experiments on High Current Wires.
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