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Intelligent Surveillance System for Detecting Abnormal Behaviors in
Elderly Care Homes

#2

ARy FF- BB R ERDRE YA
@mﬁ&’éﬁﬁ%ﬁfﬁﬁaﬁ?ﬁﬁﬁﬂéﬁ
Psck g 2 o ks YOLOVE 5 thw i
E o RLERGREEFAEA S T TR
B~ EPFRFFEL iﬂ#ma’vﬁﬁﬁ%ﬁﬁ;i
AR > BE R o B b AR R g TR
B LA AR T AELEPREARY

FTRpELE R o k5 Google Colab T 5 B g o
F*HLF GPU FTREZARFLES > ERA
FE ek RATE DRI B o

MeEF YOLOV6 ~ B ¥ 7 5 R
BEY & ERE > o
Abstract

FERE

This project aims to develop an abnormal behavior
detection system for elderly care facilities, utilizing
computer vision and deep learning technologies to
enhance both safety and caregiving efficiency. The
system is based on the YOLOV6 object detection
algorithm, integrated with pose estimation and time-
series analysis to identify incidents such as falls or
prolonged inactivity in real time. Upon detecting
potential abnormalities, it instantly sends alerts to
caregivers' devices to facilitate immediate response.
Additionally, the system features data logging and
behavior trend analysis, which support long-term care
planning and resource optimization. Developed on the
Google Colab platform, it leverages free GPU
resources and cloud integration to demonstrate the

practical value of Al in the elderly care sector.
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Fall Detection and Alarm Flowchart
(Image generated by ChatGPT with DALL-E, 2025)

W 4~ g i) plgr B4R 42 W (Image generated by
ChatGPT with DALL E, 2025)

3-3-1
image 1/1 /content/drive/MyDrive/images/train/people-
3978-
_jpg.rf.84a570635ddaf467855d88h338566b91.jpg:
640x640 (no detections), 8.0ms
Speed: 2.1ms preprocess, 8.0ms inference, 0.7ms
postprocess per image at shape (1, 3, 640, 640)

#ix % = people-3978-
_jpg.rf.84a570635ddaf467855d880338566h91.jpg
(0 )
image 1/1 /content/drive/MyDrive/images/train/people-
2500-
_jpg.rf.8609149b14f4fe0370c93a4bd3f3ba28.jpg:
640x640 1 person, 7.9ms
Speed: 1.9ms preprocess, 7.9ms inference, 1.4ms
postprocess per image at shape (1, 3, 640, 640)

#:x = = : people-2500-
_jpg.rf.8609149b14f4fe0370c93a4bd3f3ba28.jpg
(1 #+)
image 1/1 /content/drive/MyDrive/images/train/people-
7108-
_jpg.rf.1bc816a0f9f0aa75266¢ch01d7260c3f9.jpg:
640x640 (no detections), 8.3ms

10



Speed: 2.0ms preprocess, 8.3ms inference, 0.7ms
postprocess per image at shape (1, 3, 640, 640)

i % = : people-7108-
_jpg.rf.1bc816a0f9f0aa75266ch01d7260¢3f9.jpg
(O & *)
image 1/1 /content/drive/MyDrive/images/train/people-
2548-
_ipg.rf.8605b27f50eb53704d979d7dbfdb2f6a.jpg:
640x640 1 umbrella, 1 tv, 9.4ms
Speed: 2.5ms preprocess, 9.4ms inference, 1.7ms
postprocess per image at shape (1, 3, 640, 640)

#ir % = : people-2548-
_jpg.rf.8605b27f50eb53704d979d7dbfdb2f6a.jpg
(0 &%)
image 1/1 /content/drive/MyDrive/images/train/people-
7284-_jpg.rf.f43a92d79c407aa9cea067fda8f7f844.jpg:
640x640 4 persons, 8.4ms
Speed: 2.0ms preprocess, 8.4ms inference, 1.5ms
postprocess per image at shape (1, 3, 640, 640)

#ir % = : people-7284-
_jpg.rf.f43a92d79c407aa9cea067fda8f7f844.jpg
4 &)
image 1/1 /content/drive/MyDrive/images/train/people-
4950-
_jpg.rf.f3a70867924633aa0ae0b7e051991c02.jpg:
640x640 3 persons, 1 car, 8.0ms
Speed: 2.0ms preprocess, 8.0ms inference, 1.6ms
postprocess per image at shape (1, 3, 640, 640)

#ixr % = : people-4950-
_jpg.rf.f3a70867924633aa0ae0b7e051991c02.jpg
CI
image 1/1 /content/drive/MyDrive/images/train/people-
3224-
_jpg.rf.1afe239822b0c833b378¢c170706802df.jpg:
640x640 (no detections), 8.0ms
Speed: 2.0ms preprocess, 8.0ms inference, 0.7ms

postprocess per image at shape (1, 3, 640, 640)

#:x % = : people-3224-
_jpg.rf.1afe239822b0c833b378c170706802df.jpg
O &+)
image 1/1 /content/drive/MyDrive/images/train/people-
3226-
_jpg.rf.cf7b9539¢306al17da0c37311563c97ae.jpg:
640x640 1 person, 7.9ms
Speed: 1.9ms preprocess, 7.9ms inference, 1.4ms
postprocess per image at shape (1, 3, 640, 640)

#x % = : people-3226-
_jpg.rf.cf7b9539¢306al17da0c37311563c97ae.jpg
(1 @ *)
image 1/1 /content/drive/MyDrive/images/train/people-
8274-
_jpg.rf.1ad6840ca1589438510a57¢8119518af.jpg:
640x640 1 person, 8.5ms
Speed: 2.0ms preprocess, 8.5ms inference, 1.5ms
postprocess per image at shape (1, 3, 640, 640)

#ix % = people-8274-
_jpg.rf.1ad6840cal589438510a57¢8119518af.jpg
(1@ *)
image 1/1 /content/drive/MyDrive/images/train/people-
3808-
_jpg.rf.3d2f77308689fa7218bchab89426a02a.jpg:
640x640 (no detections), 8.5ms
Speed: 2.3ms preprocess, 8.5ms inference, 0.8ms
postprocess per image at shape (1, 3, 640, 640)

#3ix % =  people-3808-
_jpg.rf.3d2f77308689fa7218hchab89426a02a.jpg
(0 @ *)
image 1/1 /content/drive/MyDrive/images/train/people-
2306-
_jpg.rf.3d641a443855e8b715cch97007f93fb8.jpg:
640x640 2 persons, 7.8ms
Speed: 1.9ms preprocess, 7.8ms inference, 1.5ms
postprocess per image at shape (1, 3, 640, 640)

#:r = = : people-2306-
_jpg.rf.3d641a443855e8h715cch97007f93fb8.jpg

11



@2 ®*)
image 1/1 /content/drive/MyDrive/images/train/people-
6840-
_jpg.rf.6140a453e57e4561bfd61afab7a0d4e7.jpg:
640x640 6 persons, 8.2ms
Speed: 2.0ms preprocess, 8.2ms inference, 1.5ms
postprocess per image at shape (1, 3, 640, 640)

% = : people-6840-
_jpg.rf.6140a453e57e4561bfd61afab7a0d4e7.jpg
(6 & *)
image 1/1 /content/drive/MyDrive/images/train/people-
2945-
_jpg.rf.62db9dedae5d1c941e010e3c1450ff35.jpg:
640x640 4 persons, 7.7ms
Speed: 1.9ms preprocess, 7.7ms inference, 1.4ms
postprocess per image at shape (1, 3, 640, 640)

#ir % = : people-2945-
_jpg.rf.62db9dedae5d1c941e010e3c1450ff35.jpg
@ &)
image 1/1 /content/drive/MyDrive/images/train/people-
289-_jpg.rf.aa%9a4f3e2ecddc88782e01bbf695e1b4.jpg:
640x640 1 person, 7.9ms
Speed: 2.0ms preprocess, 7.9ms inference, 1.5ms
postprocess per image at shape (1, 3, 640, 640)

#ir % = : people-289-
_jpg.rf.aa9a4f3e2ecddc88782e01bbf695e1b4.jpg
(1 ®*)
image 1/1 /content/drive/MyDrive/images/train/people-
6713-
_jpg.rf.cechb58443e94f979b8e3c725a4491da.jpg:
640x640 2 horses, 8.4ms
Speed: 2.0ms preprocess, 8.4ms inference, 1.5ms
postprocess per image at shape (1, 3, 640, 640)

#E:r % = : people-6713-
_jpg.rf.cecbb58443e94f979b8e3c725a4491da.jpg
(0 & *)
image 1/1 /content/drive/MyDrive/images/train/people-
5371-

_jpg.rf.1a10269be695710571370138acha06ba.jpg:
640x640 3 persons, 8.2ms
Speed: 2.0ms preprocess, 8.2ms inference, 1.5ms
postprocess per image at shape (1, 3, 640, 640)

#:x % = : people-5371-
_jpg.rf.1a10269be695710571370138acha06ba.jpg
@ ®*)
image 1/1 /content/drive/MyDrive/images/train/people-
454- jpg.rf.a9c1d12e86e5c¢4b5102486f9d03c3d0e.jpg:
640x640 2 persons, 1 car, 8.3ms
Speed: 2.0ms preprocess, 8.3ms inference, 1.5ms
postprocess per image at shape (1, 3, 640, 640)

#ix % = people-454-
_jpg.rf.a9c1d12e86e5c¢4b5102486f9d03c3dOe.jpg
(2 ®*)
image 1/1 /content/drive/MyDrive/images/train/people-
6175-_jpg.rf.6170e0c1986bbfl1e4ff5138b8aa2e4a.jpg:
640x640 1 person, 8.3ms
Speed: 2.0ms preprocess, 8.3ms inference, 1.4ms
postprocess per image at shape (1, 3, 640, 640)

#ix % = people-6175-
_jpg.rf.6170e0c1986bbfl1e4ff5138b8aa2eda.jpg
(1@ *)
image 1/1 /content/drive/MyDrive/images/train/people-
3039-_jpg.rf.3d029d0afffc8e3a94d00a65h939%ad4a.jpy:
640x640 2 persons, 8.1ms
Speed: 2.0ms preprocess, 8.1ms inference, 1.5ms
postprocess per image at shape (1, 3, 640, 640)

#ix % = people-3039-
_jpg.rf.3d029d0afffc8e3a94d00a65b939ad4a.jpg
@2 ®*)
image 1/1 /content/drive/MyDrive/images/train/people-
2825-
_jpg.rf.6123e55da212ea767b54732d04da61ba.jpg:
640x640 1 traffic light, 8.0ms
Speed: 2.0ms preprocess, 8.0ms inference, 1.4ms

postprocess per image at shape (1, 3, 640, 640)
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% = : people-2825-
_jpg.rf.6123e55da212ea767b54732d04da61ba.jpg
(O & *)
image 1/1 /content/drive/MyDrive/images/train/people-
4364-_jpg.rf.cfc4fh84d0aaal02136a991f82d0c54e.jpg:
640x640 1 person, 8.2ms
Speed: 2.0ms preprocess, 8.2ms inference, 1.6ms
postprocess per image at shape (1, 3, 640, 640)

% = : people-4364-
_jpg.rf.cfc4fb84d0aaal02136a991f82d0c54e.jpg
(1 ®*)
image 1/1 /content/drive/MyDrive/images/train/people-
6342-
_jpg.rf.aa7fb5e34b959b4e0a47754d53d5fh49.jpg:
640x640 (no detections), 7.9ms
Speed: 1.9ms preprocess, 7.9ms inference, 0.7ms
postprocess per image at shape (1, 3, 640, 640)

#ir % = : people-6342-
_jpg.rf.aa7fb5e34b959b4e0a47754d53d5fbh49.jpg
(0 &%)
image 1/1 /content/drive/MyDrive/images/train/people-
5213-
_jpg.rf.3cb0e0b3d965b7cc77¢33489d5352dc8.jpg:
640x640 1 person, 8.5ms
Speed: 2.0ms preprocess, 8.5ms inference, 1.5ms
postprocess per image at shape (1, 3, 640, 640)

#ir % = : people-5213-
_jpg.rf.3cb0e0b3d965b7cc77¢33489d5352dc8.jpg
(1 ®*)
image 1/1 /content/drive/MyDrive/images/train/people-
3784-
_jpg.rf.3c030d274e57e2bfec0538c030cdb648.jpg:
640x640 (no detections), 7.9ms
Speed: 1.9ms preprocess, 7.9ms inference, 0.8ms
postprocess per image at shape (1, 3, 640, 640)

i % = : people-3784-
_jpg.rf.3c030d274e57e2bfec0538c030cdb648.jpg
© & +)

image 1/1 /content/drive/MyDrive/images/train/people-
7977-
_jpg.rf.60edd73b2d2beb86b3a494dd06c67534.jpg:
640x640 (no detections), 7.8ms
Speed: 2.0ms preprocess, 7.8ms inference, 0.7ms
postprocess per image at shape (1, 3, 640, 640)

#xx = : people-7977-
_jpg.rf.60edd73b2d2beb86b3a494dd06c67534.jpg
0 &+)
image 1/1 /content/drive/MyDrive/images/train/people-
3864-
_jpg.rf.840f0037a89603¢2da8908144h1527da.jpy:
640x640 (no detections), 7.9ms
Speed: 2.0ms preprocess, 7.9ms inference, 0.7ms
postprocess per image at shape (1, 3, 640, 640)

#ix % = people-3864-
_jpg.rf.840f0037a89603¢2da8908144b1527da.jpg
(0 @ *)
image 1/1 /content/drive/MyDrive/images/train/people-
7756-
_jpg.rf.f39a9h94ab816d2082978f5375ac5fch.jpg:
640x640 1 person, 1 horse, 9.3ms
Speed: 2.0ms preprocess, 9.3ms inference, 1.6ms
postprocess per image at shape (1, 3, 640, 640)

#ix % = people-7756-
_jpg.rf.f39a9b94ab816d2082978f5375ac5fch.jpg
(1 @ *)
image 1/1 /content/drive/MyDrive/images/train/people-
7440-
_jpg.rf.3c40f3c591b9f231d7edd0f860d32074.jpg:
640x640 (no detections), 7.8ms
Speed: 2.0ms preprocess, 7.8ms inference, 0.8ms
postprocess per image at shape (1, 3, 640, 640)

#:r = = : people-7440-
_jpg.rf.3c40f3c591b9f231d7edd0f860d32074.jpg
O &+)
image 1/1 /content/drive/MyDrive/images/train/people-
7941-

13



_jpg.rf.60e6bf85cedad718ceeh4b0ede343c6h.jpg:
640x640 2 persons, 9.6ms
Speed: 2.1ms preprocess, 9.6ms inference, 1.5ms
postprocess per image at shape (1, 3, 640, 640)

2% = people-7941-
_jpg.rf.60e6bf85cedad718ceeh4b0ede343c6b.jpg
@ ®*)
image 1/1 /content/drive/MyDrive/images/train/people-
251- jpg.rf.d006dc2c9f69509c5b604c13616a47cf.jpg:
640x640 (no detections), 7.7ms
Speed: 1.9ms preprocess, 7.7ms inference, 0.8ms
postprocess per image at shape (1, 3, 640, 640)

#ir % = : people-251-
_jpg.rf.d006dc2c9f69509c5b604c13616a47cf.jpg
(0 &%)
image 1/1 /content/drive/MyDrive/images/train/people-
5111- jpg.rf.849c67cd9c23fe2c3e066e7adf996adc.jpg:
640x640 4 persons, 8.2ms
Speed: 2.1ms preprocess, 8.2ms inference, 1.5ms
postprocess per image at shape (1, 3, 640, 640)

t#ir % = : people-5111-
_jpg.rf.849c67cd9c23fe2¢c3e066e7adf996adc.jpg
(4 @)
image 1/1 /content/drive/MyDrive/images/train/people-
4943-
_jpg.rf.61165f1e9c412ea7b76f2e3762be3e2b.jpg:
640x640 1 person, 8.1ms
Speed: 2.0ms preprocess, 8.1ms inference, 1.5ms
postprocess per image at shape (1, 3, 640, 640)

#ir % =  people-4943-
_jpg.rf.61165f1e9c412ea7b76f2e3762be3e2b.jpg
(@ #+)
image 1/1 /content/drive/MyDrive/images/train/people-
476-_jpg.rf.a99366540fbb992dc7e86d9ab4964377.jpg:
640x640 4 persons, 1 dog, 1 sports ball, 8.2ms
Speed: 1.9ms preprocess, 8.2ms inference, 1.6ms

postprocess per image at shape (1, 3, 640, 640)
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#:x % = : people-476-
_jpg.rf.a99366540fbbh992dc7e86d9ab4964377.jpg

(4 1)

image 1/1 /content/drive/MyDrive/images/train/people-
5356-_jpg.rf.3d9532d0ee9e1c182e884a52e64b5hf9.
3-3-2

WS LA
¢ % = /content/drive/MyDrive/labels/train 3% & i
s !
RN
¢ % = /content/drive/MyDrive/labels/val 1% & i&
!
iy § Az}

% : Icontent/drive/MyDrive/labels/train

% : Icontent/drive/MyDrive/labels/val
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