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3D Convolutional Neural Networks based Fall Detection
with Thermal Camera

Al AR FAE S

Dae-Eon Kim', BongKyu J eon’, Dong-Soo Kwon '

Abstract: This paper presents a vision-based fall detection system to automatically monitor and detect
people’s fall accidents, particularly those of elderly people or patients. For video analysis, the system
should be able to extract both spatial and temporal features so that the model captures appearance and
motion information simultaneously. Our approach is based on 3-dimensional convolutional neural
networks, which can learn spatiotemporal features. In addition, we adopts a thermal camera in order to
handle several issues regarding usability, day and night surveillance and privacy concerns. We design a
pan-tilt camera with two actuators to extend the range of view. Performance is evaluated on our
thermal dataset: TCL Fall Detection Dataset. The proposed model achieves 90.2% average clip

accuracy which is better than other approaches.
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[Fig. 1] Example results of key-frame extraction. ‘Falls from
standing’ action and ‘Lying down’ action
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[Table 1] Network architecture of proposed model

Layer | Type f[lliehr lezj) Slltilui w@v)

- Input - 16x112x112

| Convolution 1x3x3 16x110x110@064
Pooling 1x2x2 16X55%55@64

) Convolution 1x3x3 16x53x53@128
Pooling 1x2x2 16x27x27@128
Convolution 3x3x3 16x27x27@256

3 Convolution 3x3x3 16x27x27@256
Pooling 2x2x2 8x14x14@256
Convolution 3x3x3 8x14x14@512

4 Convolution 3x3x3 8x14x14@512
Pooling 2x2x2 4XTXT@512

5 Convolution 2x2x2 3x6x6@512
Pooling 3x3x3 1x2x2@512

6 Fully connected | 1x2x2 Ix1x1@1024
Fully connected | 1x1x1 Ix1x1@1024
Softmax - IxIx1@14
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4.2 TCL Fall Detection Dataset WA 317 9l Jhe|el A ] += [Fig. 210 YRt v} o] A
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[Table 2] Human tracking algorithm with pan-tilt control

1: | Definition: 6.5m
2: | Center of current detected region R = (R,, R ), Center of ______
image Icenter: (I;enier , ]ynenter)’ distance D = °
4
\/(121 _I:crztm‘)Q +(Ru _];:cntar)Q , and the size of stable . Bed
zone S=025*1 . x»
3: | while human is detected in the video sequence do "
4: Update current detected region center R o || e AT
5: Calculate distance D fale .- ’—‘ 2
Chair Dresser
6: if D> Sthen
T Trans.form the value of pan agd tilt from 2D pixel [Fig. 2] Experimental setup for data collection
coordinate to 3D world coordinate
8: end if
. [Table 4] 14 classes of TCL Fall Detection Dataset
9: | end while
10: | Output: The value of pan and tilt control p®, +* Type Classes
Falls from standing
Fall Falls from bed
[Table 3] Summary of existing thermal fall detection dataset alls from be
Sitting down
Reference | Sixsmith™ | Kido™” | Wong™ | Vadivelu " .
Standing up
Year 2005 2009 2010 2016 Object picking
Number of 2 2 4 - Walking
classes Tosal
oggin,
Number of 50,000 £sme
li 44 400 : 44 Standing still
clips 1mages Activities of daily living ——
Number of Sitting on a bed
actors : > : ) Getting off a bed
Resolution | 16x16 47x48 320%240 | 80x60 Moving on a chair
Available | x x x o Drinking
Lying down
* Available at https://drive.google.com/drive/folders/1HbizZSUBOdZMTbz X X
SinppBK26eUSdxR{3v?usp=sharing Lying still
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A|ekst 2 dlo) M5 A 5-S- 98| TCL Fall Detection Dataset

of thal 71 ¥t e vlal A3 X8It vkl
Hand-crafted 57 7|9k 222} 524 A7 530 A5
H| WS Eof) S Q14 ATtel] slo] A5 AW e wE
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tlo]gof thal] 3D 7AEF4 A4S 53¢ Spatiotemporal 578
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2 WEE L2 Gt g AN TR A dsl 5
Ak 14 Aes SAHs] f4 v 2
linear SVMS A8-313A T}, 21 552 417 v -32of] v 3k 914
Ase ASs] S8l st o] oju)x] dHlo|E o]l
ImageNetS o]-8-3to] AAWS g5A171 2D AEFH 214
g o) el Y 914 dlojefHo] 2ol thEk A E S
313l 4 vlolEl= AAE DAl F=5 16709] 7]
29SS HlolE| = dA FAck v el T Az
W2 o 2 Zh s dlel tial] 5 H A1 S8~ gHES A
3L 71 3k Aksl 7 e i 48 Y 2E §E Clip
o] HF 1A ANE L= v
H]T) @ B-2418- 9)5) 219k 3D AL-FAH A A T ello]r 87|
o] 3D A=FA Z, 57191 3D FY T 2709 ghd AT e
2 o] F71 3D AEFA AAY F2E 7HH AL
ERM] A 713 3x3x30]1, 1x2x2 B 2x2x2 A'd 7]
] Max pooling ©.= ¥t} 7 719] $hd 17452409671
2] Output unit-& 7}tk

14 s B7HE 98 BE vlal BEle)] il Leave-
One-Subject-Out *2]-8- A3tk A A 137 2] 3 x} 5 1
g o] I GRS A 2] gk U #] 3] @A) dlo]E] & o] g-5fe] B

HT1 U —=Tas

DS A7) EAXT 178 2] 3 AAte] dlolg e tisf e~
EE sk 2ls ZHzte] ulddate] disl allato] st
12 ds& Aktsisith 2 idlell thigh v Q. Clip 3+t <1
2] 2752 [Table 519} 2t}

e Av}p 2 =R A Aeket 3D AT A mdo]
T2 47F4] B} v aste] 978 A 5S 19l SRla)

o} A|ok3l el e 23] 9] Base line$! HOG 2 SVM < o]-&

ey} v W5le] 8.9%, iDT % B9} Fisher vector & 53l 573
A 3}t BhA] o] wdle]] HlsiA= 7.2% E& 35S LHEL

Ak @ =9l A 7)) ImageNet 2177
63.2%9] €14 A5S B, ol e 71 dHolH
Variance7} A ¢ A3 glo|gH|o]2~0f tsl] Q1 Z &<l
Atolo] AI7HA AIE e ehA] ko v 9= % 2
F= 8] %S veRdt) 8 3D Rar} oF 7.6H) T
7P M EH A 725 AR50l 32 90.2% 5 1.3% 32 <)

4 4% el
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[Table 5] Experimental result on 7CL Fall Detection Dataset

Method Clip Accuracy (%)
HOG + linear SVM 81.3
iDT w/ Fisher vector + linear SVM!"”! | 83.0
Single-frame CNN"*! 632
3D 88.9
Proposed 90.2
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(a) HOG + linear SVM model

[Fig. 3] Feature embedding visualizations of HOG + linear
SVM model and proposed model on TCL Fall Detection
Dataset using t-SNE™

(b) Proposed model
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[Fig. 4] Comparing ROC curves
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[Fig. 5] Example of the TCL Fall Detection Dataset. In all cases, situations are considered that occur while living in a real hospital. We
also consider changes of view point to handle various human activity patterns. The upper 3 rows are selected from standing or walking
situation and the lower 3 rows from lying in a hospital bed situation
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[Fig. 6] Number of clips per action class
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[Fig. 7] Confusion matrix by the proposed model
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