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I 1. Introduction

Background
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Contribution

Limitations of previous research
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I 2. Methods

Overall concept of the proposed method
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Image frame i
OD model
doey > Normal
Situation Description
.. . Person No Risky object No
Level 1 Normal person detected (not criminal) or non-dangerous object detected detected? detected?
. Yes ves Caution
Level 2 dangerous object detected T
HPE model HOI model
Level 3 Detect dangerous object and normal person at once, and there is no interaction. _
Specific interaction(hold) between dangerous object and person, or dangerous
Level 4 Yes
person detected o

FR model

K Danger
No Yes I
Wanted

person?

Table 1. Defining risk situations

Figure. rule-based workflow
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Human and risky object detection

Object detection
« 2 =220|0/X] = LHe| 2
- M ZX HYUAM =2 &

=
« 20234 Ultralytics= YOLO

= AR 2® S ES EXlot7| 2ol YOLOvE RS M=
23|5H= YOLO(You Only Look Once) 22 Al2| 2= S0 ‘22| ALS
ZHK| ZHR] 2Ol X[ Al HHEQI YOLOVSS EAl

&<

C CBS 3x3 2ef CBS = Conv, BatchNorm, SiLU
X
| —

A5 SH= ol A 27HK1Q] 2FArZE S EHE p. l 1
c ---------------- mw
!'I' L ]
1o |
1. Anchor-free design : . Concat I
a U(t ) . bxﬂ(tx)-bcx ottlenec
(712) 0121 U YH A0 0| Z5t0] AKI0] IRl Kl4 57 Pt | b, Hl I b=oCt e, .
(2E) YA A9 MI2FRL0] ZKIC| AXIQA 27| 2 OIS (T ) : o(t,) : b=p,e" |
. . . : b=pe"
2. Replace the first 6x6 Conv with a 3x3 Conv : =
w2 oglo] 3 37| MO 2 E0IS(IRHIE Z24) s E— 1. |

Figure 2. Anchor-based design Figure 3. 3x3 Conv in the Backbone
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Human and risky object detection

Object detection
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Figure 4. Performance of different YOLOv8 models taken from YOLOv8 GitHub repository
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Face recognition
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Dlib Face recognition: https://github com/ageitgey/face recognition



https://github.com/ageitgey/face_recognition
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Fall detection
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ST-GCN : Spatial Temporal Graph Convolutional Networks for Skeleton-Based Action Recognition : https://arxiv.org/ndf/1801.07455 pdf

AlphaPose: Whole-Body Regional Multi-Person Pose Estimation and Tracking in Real-Time : https://arxiv.org/abs/2211.033/5
YOLOv3: https://github.com/ultralytics/volov3



https://arxiv.org/pdf/1801.07455.pdf
https://arxiv.org/abs/2211.03375
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Human-Object interaction detection
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Human-Object interaction detection

Feature Extraction (Transformer Encoder)
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Human-Object interaction detection

Feature Extraction (Transformer Decoder)
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Human-Object interaction detection

Interaction detection
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Data description

Object detection HOI detection

+ Roboflow weapon dataset & + V-COCO & Aihub?| "#E 27 U 435 Q48 o= H
+ Train 7729 /Val 509 / Test 187 M HI0|E"

* Class: &Nl &, #H5, HEZ S 3071 * Train 3000/ Val 2867 / Test 163

* Epoch 100 / batch size 16 * Actionclass: 2974

+ Epoch 150 / batch size 2

Face recognition

* VGGFace2 dataset & 957 0[0|X| &8
+ Train: Q12 & 50~300 & 0|0|X]|

+ Test: 81% 0|0/X]|
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Evaluation Metric

Object detection
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Experiment
Object detection
Model precision Recall mAP(50) | mAP(50-95) | Inference Time(1image)
YOLOvS8 0.487 0.627 0.569 0.408 0.005(s)

Face recognition

Inference

Model Accuracy Time(1image)
YOLOvVS 0.927 0.089(s)
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Experiment

HOI detection

Model Backbone FPS mAP Accuracy | precision Recall AP(ECH Inf_lgirr(ra\remce
Qpic-R50 | resnet50 120 65.6 67.5 64.1 53.2 48.5 0.008(s)
Qpic-R101 | resnet101 110 70.3 73.6 66.7 55.6 48.2 0.009(s)
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Experiment

Measuring resources (|43} X)
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