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AUTOS ARE COUNTED
BY ELECTRIC EYES

VEHICLES passing a given point
are automatically counted by a new
traffic-recording device just intro-
duced. Two infra-red lamps, housed
a short distance apart and mount-
ed on one side of a road, cast invis-
ible beams across the highway to a
photo-electric receiving unit on the
other side. Interruption of the two
beams by an auto actuates an elec-
trical counting device, which can
be set to total the number of pass-
ing vehicles by the hour, day, week,
or month. Pedestrians are not
counted, since the apparatus is so
constructed that it registers only
when both beams are blocked at the : 2 AT
same 1nstant. Passing vehicles intercept parallel beams of light and are counted by a photo-electric recording device
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Fig. 3. General view of bonding machines.
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2001: Viola and Jones publish the first real-time face
recognition approach based on Haar cascades.
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~2013-Today: Modern deep learning based approaches
become popular.

(a) Architecture (b) Two Successive Swin Transformer Blocks



Impact of Deep Learning on Object Detection
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Datasets

Name Type Categories Image size Images per Objects per
category image

PASCAL VOC Common objects | 20 470%380 303~4087 2.4

(2007, 2012)

MS COCO Common objects | 91 640x480 - 7.3

ImageNet Common objects | 21 500x400 - 1.5

(ILSVRC)

KITTI Driving scene 8 1242x375 -* -*

Cityscape Driving scene 8 2048=1024 -* —*
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Snapshot of Object Detection Methods (till 2019)

R-CNN — OverFeat - MultiBox — SPP-Net — MR-CNN — DeepBox — AttentionNet —
ICCV' 15

2013.11 ICLR’ 14 CVPR’ 14 ECCV’ 14 Iccv" 15 Iccv” 15

Fast R-CNN — DeepProposal — Faster R-CNN — OHEM — YOLO v1— G-CNN — AZNet —
ICCV’ 15 ICCV’ 15 NIPS” 15 CVPR’ 16 CVPR’ 16 CVPR’ 16 CVPR’ 16
Inside-OutsideNet(ION) — HyperNet — CRAFT — MultiPathNet(MPN) — SSD — GBDNet —
CVPR’ 16 CVPR’ 16 CVPR’ 16 BMVC’ 16 ECCV 16 ECCV' 16
CPF — MS-CNN — R-FCN — PVANET — DeepID-Net— NoC — DSSD—- TDM — YOLO v2 —
ECCV’ 16 ECCV" 16 NIPS’ 16 NIPSW’ 16 PAMI’ 16 TPAMI' 16 arXiv' 17 CVPR’ 17 CVPR' 17
Feature Pyramid Net(FPN) - RON — DCN — DeNet — CoupleNet— RetinaNet — DSOD —
CVPR' 17 CVPR 17 Icov 17 Iccv 17 Iccv 17 Iccv' 17 Iccve 17

Mask R-CNN —- SMN — YOLO v3 — SIN — STDN —» RefineDet —» MLKP — Relation-Net —»
CVPR' 18 CVPR' 18 CVPR 18 CVPR' 18 CVPR' 18

ICCVv" 17 ICCV" 17 arXiv' 18

Cascade R-CNN — RFBNet —» CornerNet — PFPNet — Pelee - HKRM — R-DAD — M2Det
AAAI' 19 AAAI' 19

CVPR' 18 ECCv" 18 ECCV" 18 ECCV" 18 NIPS’ 18 NIPS’ 18

14 https: //github.com /hova012 /deep learning object detection



https://github.com/hoya012/deep_learning_object_detection

