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Abstract

In this paper, we propose an intelligent CCTV technology which is applied to a recent attracted

attention real-time object detection technology in a disaster alarm system. Natural disasters are

rapidly increasing due to climate change (global warming). Various disaster alarm systems have been

developed and operated to solve this problem. In this paper, we detect object through Neuron

Network algorithm and test the difference from existing SVM classifier. Experimental results show

that the proposed algorithm overcomes the limitations of existing object detection techniques and

achieves higher detection performance by about 15%.
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[I. Domestic disaster monitoring system

2.1 water play safety system
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Fig. 1.

water play safety system(Korea Coast Guard)

2.2 climber safety system
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Fig. 2. climber safety system (National Disaster
Management Research Institute)

2.3 tetrapod intrusion alarm system
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2.4 KISA Intelligent CCTV Certification System
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Table 1. KISA Intelligent Authentication Evaluation Method
and Criteria (Intrusion)
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Fig. 3. KISA intelligent certification process

[Il. Implementation of object detection
algorithm

3.1 Object detection using GMM, HOG, SVM
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Fig. 4. Common Object Detection Algorithm Flowchart
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3.1.2 feature extraction — HOG
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Fig. 5. HOG Algorithm
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3.2 Object detection using YOLO and
Sutherland-Hodgman Polygon Clipping
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Type Filters Size/Stride Output
Convolutional 32 3x3 224 x 224
Maxpool 2x2/2 112 x 112
Convolutional 64 3x3 112 x 112
Maxpool 2 x'2/2 56 x 56
Convolutional 128 3 %3 56 x 56
Convolutional 64 1x1 56 x 56
Convolutional 128 3 >3 56 x 56
Maxpool 2 x2/2 28 x 28
Convolutional 256 3 %3 28 x 28
Convolutional 128 i | 28 x 28
Convolutional 256 3x3 28 x 28
Maxpool 2x2/2 14 x 14
Convolutional 512 3 »¢.3 14 x 14
Convolutional 256 1x1 14 x 14
Convolutional 512 3 3 14 x 14
Convolutional 256 i o | 14 x 14
Convolutional 512 3 %3 14 x 14
Maxpool it 2D TR
Convolutional 1024 3x3 TXT
Convolutional 512 1 A TxT
Convolutional 1024 3 %3 T T
Convolutional 512 i i | T T
Convolutional 1024 3x3 TxT
Convolutional 1000 1x1 T
Avgpool Global 1000
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3.2.2 High Resolution Classifier
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Table 3. Detection frameworks on PASCAL VOC 2007

Detection Frameworks Train mAP FPS
Fast R-CNN [5] 200742012 70.0 0.5
Faster R-CNN VGG-16[15] 2007+2012 7312, 7
Faster R-CNN ResNet[6] 2007+2012 76.4 5
YOLO [14] 2007+2012 63.4 45
SSD300 [11] 2007+2012 74.3 46
SSD500 [11] 200742012  76.8 19
YOLOv2 288 x 288 2007+2012 69.0 91
YOLOv2 352 x 352 2007+2012 T3 81
YOLOvV2 416 x 416 2007+2012 76.8 67
YOLOV2 480 x 480 2007+2012 77.8 59
YOLOV2 544 x 544 2007+2012 78.6 40
3.2.3 Convolutional With Anchor Boxes
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Table 4. Test Dataset

Legacy YOLO V2 YOLO v2 B
System CoCo ver + Data p
) CUSTOM
Algorithm SVM YOLO v2 YOLO v2 YOLO v2
COCO COCO
Dataset Dataset
Dataset | 10000 | COCO 1 custom | + cusTom
a Dataset
Dataset Dataset
(10,000ea) (10,000ea) AVI_1 AV|_2

FAS ol v M gayF = 3 MAd 7 &l
(SVM)< 10,00071¢] Ho|H & gh5A150H -':r HA el
YOLO+cocoi= YOLOvZ2el COCO datasetS EHFAIHIL Al
A2 YOLO+ coco+ dataset YOLO v29ll Custom dataset
©2 Fine Tuning 3F3t}. Proposals Custom YOLO v29l
Custom dataset>.& 85313},

Aguy F A HA B KISAQ] oHIE X2|7]Fd <
g TEOF oMIE Zhe] BAsH, F H
Ground Truth(¢]s} GT)< 1+
o] AE vlarste] GT

AVI_5 AVI_6

Table 5. Test environment
Fig. 10. Test Level-1 results (KISA Event)

CPU Intel(R) Core i7 7700 @4.2GHz

RAM 64G DDR4 KISA based event detection cumulative graph
SSD 240GB (SATA SSD)

VGA Nvidia Geforce GTX 1080ti x 2way

CUDA Nvidia CUDA v9.0 Full PKG /\

0S Windows10 Pro x64 / \

Table 6. Test Video / \ —

No Time | object distance | classification resolution A\ \/ \()>'/ \\ ::::%:ﬂmm
y - =

AVI_1 | day short Color FHD 1 3 \

AVL2 | day middle Color FHD ' A | \

AVI3 | day long Color FHD ' \ / \

AVI_4 night short Thermal VGA @y [T aus @y aus aus

AVI_5 night middle Thermal VGA

AVLG | night long Thermal VGA Fig. 11. First event detection cumulative graph

* FHD : 1920x1080, VGA : 640x480 Table 8. Test Level-2 (GT Event)

Table 7. Test Level-1 (KISA Event) (unit:Frame)

(unit:Frame) or Detection frame amount
- No
Referen Event frame location Frame SVM +YCOOLCOO +gOLtO Proposal
No ce e YOLO YOLO Proposal ustom

frame +COCO | +Custom | +Custom AVI_T1 1692 588 0 1691 1684
AVI_1 776 151 0 778 776 AVI_2 3440 2647 234 4708 3433
AVI_2 135 141 916 131 138 AVI_3 841 730 0 733 699
AVI_3 1790 334 0 1798 1794 AVI_4 2094 1784 0 2191 1998
AVI_4 696 689 976 698 700 AVI_5 1859 826 0 1141 1540
AVI_5 1080 1044 0 1249 1085 AVI_6 482 319 0 519 477
AVI_6 663 670 0 663 666
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detectionrate
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GT detection rate by Test Algorithm Unit: Detection rate
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Fig. 13. Test Level-2 results (GT)

Table 9. Test Level-3 (loU)

(unit:matching ratio)

Detection matching ratio
No
SVM +E%Lgo +gSsLtSm Proposal
AVI_1 31% 0% 63% 66%
AVI_2 42% 38% 54% 61%
AVI_3 61% 0% 71% 72%
AVI_4 56% 0% 64% 67%
AVI_5 57% 0% 52% 63%
AVI_6 59% 0% 64% 65%

loU Comparison by Test Algorithm (1) Unit: Matching rate

o loU Comparison by Test Algorithm (2) Unit: Wiatchingrate
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Fig. 14. loU Comparison by Test Algorithm 1, 2

V. Conclusions

5.1 test result
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5.2 conclusion
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