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3agada getekuil




KnacuydHi mogeni Ang 3agadi aetekuil

One and two stage detectors

Object Detection

Two-Stage/Proposal One-Stage/éroposal-Free
— RCNN — YOLO
- Fast RCNN ‘ SSD
— Faster RCNN
—  RFCN

— Mask RCNN



YOLOVZ2

e baryeBa Hopma3alis.

e Kriacudikatop BeamKoi po3MIpHOCTI

® 3TOpTKH 3 IKIPHUMHU KOPOOKaMu

e KiacTtepu po3MIpHOCTL

o [lpsme nepeaoadeHHs JIOKAItii.

PBHoMmacmTabHe HaB4YaHHA



Darknet19

Type Filters | Size/Stride Qutput
Convolutional 3z ix3 224w 224
Maxpool 2w 252 112 = 112
Convolutional 64 33 112 = 112
Maxpool 2% 2/2 56 % 56
Convolutional 128 3% 3 56 x 56
Convolutional 64 1=1 56 x 56
Convolutional 128 3w 3 b6 = b6
Maxpool 2w 22 28 w 28
Convolutional 256 3= 3 28 28
Convolutional 128 1x1 28 x 28
Convolutional 2156 3x3 28 x 28
Maxpool 2% 2/2 14 % 14
Convolutional 512 3% 3 14 = 14
Convalutional 2156 1=1 14 = 14
Comvolutional 512 3= 3 14 = 14
Convolutional 256 1x1 14 % 14
Convolutional 512 33 14 = 14
Maxpool 2w 252 T=T
Convolutional 1024 33 T=T
Convolutional 512 1% 1 T=xT
Comvolutional 1024 3w 3 T=T
Convalutional 512 1=1 TxT
Convolutional 1024 3w 3 T=T
Convolutional 1000 1 =1 T®T
Avgpool Global 1000

Softmax
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YOLO9000

YOLO9000 - e pperiMBOpK nJist BUSIBJICHHS B peatbHoMy 4aci Outeiie 9000 kaTeropiit 00'€KTIB MUIIXOM CHUTHHOI

OTITUMI3aIlll BUSBJICHHS Ta KIacHU(IKaIlii.



[TOPIBHAHHA PO3rMAHYTUX METOAIB

Method data |mAP|aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train v

FastR-CNN['] |07++12|68.4 [82.3 78.4 70.8 52.3 38.7 77.8 71.6 89.3 44.2 73.0 55.0 87.5 80.5 80.8 72.0 35.1 68.3 65.7 80.4 64.2
Faster R-CNN [ ]|07++12| 70.4 |84.9 79.8 74.3 53.9 49.8 77.5 759 88.5 45.6 77.1 55.3 869 81.7 809 79.6 40.1 72.6 60.9 81.2 61.5
YOLO[ '] 07++12|57.9|77.0 67.2 57.7 38.3 227 683 559 81.4 362 60.8 485 77.2 723 713 635 289 522 548 73.9 50.8
SSD300[! 1] 07++12|72.4 |85.6 80.1 70.5 57.6 462 79.4 76.1 89.2 53.0 77.0 60.8 $7.0 83.1 823 794 459 759 69.5 81.9 67.5
SSD512[! 1] 07++12|74.9 |87.4 82.3 75.8 59.0 52.6 81.7 81.5 90.0 55.4 79.0 59.8 88.4 84.3 847 833 502 78.0 66.3 86.3 72.0
ResNet [1] 07++12| 73.8 |86.5 81.6 77.2 58.0 51.0 78.6 76.6 93.2 48.6 80.4 59.0 92.1 853 84.8 807 48.1 77.3 66.5 84.7 65.6
YOLOv2 544 07++12|73.4 [86.3 82.0 74.8 592 51.8 79.8 765 90.6 52.1 78.2 58.5 89.3 825 834 B1.3 49.1 77.2 62.4 838 68.7




[TOPIBHAHHA PO3rMAHYTUX METOAIB

05:09505075/S M L |1 10 1000S M L
Fast R-CNN [ ] train 19.7 359 - |- - - |- - |- - -
Fast R-CNN| '] train 20.5 39919.4/4.120.035.8{21.329.530.1| 7.3 32.152.0
Faster R-CNNJ[ ! ]| trainval 219 427 - |- - - |- - -1 - - -
ION [1] train 23.6 43.223.6/6.424.138.3|123.232.733.5/10.1 37.753.6
Faster R-CNN| | 1/]| trainval 242 45.323.5|7.726.437.1123.834.034.6/12.038.5544
SSD300 [ 1] trainval35k| 23.2 41.223.4/5.323.239.6/22.533.235.3/9.6 37.656.5
SSD512([11]) trainval35k| 26.8 46.527.8/9.0 28.9 41.9/24.8 37.5 39.8(14.0 43.559.0
YOLOv2|[!] trainval35k| 21.6 44.019.2|5.022.4 35.5/20.7 31.6 33.3/ 9.8 36.554.4



[TOPIBHAHHA PO3rMAHYTUX METOAIB

Darknet19: A good balance of speed and accuracy

Top1 |Top5 |FLOPs GPU Speed

VGG-16 70.5 90.0 30.95 Bn 100 FPS
Extraction (YOLOV1) 72.5 90.8 8.52 Bn 180 FPS
Resnet50 753 92.2 7.66 Bn 90 FPS

Darknet19 74.0 91.8 5.58 Bn 200 FPS




BrcHOBKU

YOLOV2 cTaB HaCTYIHUM JIOTTYHIM €TaroM y PO3BUTKY mepiuoi Bepcii Moaeni. Ii moaudikanis Darknet-19
I1e TaK YW IHAKIIe TapHUH O0ajlaHC MDK IIBHUAKICTIO Ta TOYHICTIO.

YOLOO9000 mae knrouoBy nepeBary, y BUTJISI1 3/1aTHOCTI pO3MI3HATH BENUKY KUIBKICTh KJIaciB, MPOTE BapTO
3a3HAYUTH, 1110 MOKJIMBO HA CbOTOJIHIIIHIN JI€Hb ICHYIOTh METOJIH, IKI MOXKYTh MOXU3yBaTUCS OUIbIII
BHCOKYIO KUTBKICTIO KJIAciB, sIK1 € 3[JaTHICTh PO3MI3HATH

JUTSL IO JANIBILIUX TOCII)KEHb BapTO PO3TIIIHYTH OUTBII Cy4yacHI METOAU Ta OPIBHITH 3 TUMH, 10 Oyiu

POTJISHYTI B paMKax pOOOTH.
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