Survey of small object detection
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Dataset name

Task field

Publication

#lmages

#Instances

Descriptions and Characteristics

COCO [6] | ODNI | ECCV 2014 | 123K | 886K | One of the most popular datasets for generic object detection
SOD (28] [ ODNI [ ACCV 2016 | 4925 | 5393 [~ A small-scalc datasct for small object detection
WiderFace [8] | Face detection | CVPR2016 | 32K | 393K | A large-scale benchmark with rich annotations for face detection
FuroCity Persons [113] | Pedestrian detection | TPAMI2019 | 47K | 219K | The largest datasct for pedestrian detection captured from dozens of Furope cities
WiderPerson [114] | Pedestrian detection | TMM 2020 | 13K | 39K | Pedestrian detection benchmark in traffic scenarios
TinyFerson [7] | Pedestrian detection | WACV 2020 | 1610 | 72K | The first datasct dedicated to tiny-scale pedestrian detection
TTI00K [115] | Traffic sign detecion | CVPR2016 | 100K | 30K | A realistic and large-scale benchmark for traffic sign detection

__DIOR 1201 |_ODAI | IPRS2020 | 23K | 19K | One of the most frequently used benchmarks for object detection in gerial images
DOTA [30] | ODAL | TPAMI 2021 | 11K | 1.79M | The largest remote sensing detection dataset including considerable small objects
AI-TOD [116] | ODAI | ICPR 2021 | 28K | 700K | A tiny object detection dataset based on previous available datasets
NWPU-Crowd [117] | Crowd counting | TPAMI 2021 | 5109 | 2.13M | The largest dataset for crowd counting and localization to date
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SOTA

Extra
Params

Rank Model e AP50 APT5 APS4 APM  APL ™ Training Paper Code Result  Year Tags @
! Data
EWA: Exploring the
Limits of Masked
1  EVA 647 819 717 485 477 719 e Visual Q) = 2022
CLIP based Representation
Learning at Scale
Group DETR v2:
Strong Object
2 Group DETRv2 645 818 7L1 484 672 774 % Detector with 5 2022
Encoder-Decoder
DETR ba.sed Pretraining
GLIP 615 795 677 453 649 750 ® Earz;::;g—lmage 0O o9 2021 e
(Swin-L, multi-scale) Pre-training
CLIP based
PyCenterMNet CenterMet++ for -
571 737 624 387 592 713 x ' i 5 2022
(Swin-L, multi-scale) Object Detection 6 = -
-r-misﬁie




(1) Contrastive pre-training
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ImageNetV2

ImageNet-R

ObjectNet |

ImageNet
Sketch

CLIP

ImageNet Zero-Shot

ResNet101  CLIP A Score
76.2 76.2 0%
64.3 701 +5.8%
37.7 88.9 +51.2%
32.6 72.3 +39.7%
25.2 60.2 +35.0%

2.7 771 +74.4%
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GLIP

. Pre-Train Dala

Muodel Back I Fu: . .

ode ackbone | Decp Fusion Detection  Grounding Caption
GLIP-T (A) Swin-T X jects365
GLIP-T (B) Swin-T v Ohjects365 - -
GLIP-T (C) Swin-T v Objects365 GoldG -
GLIF-T Swin-T v Objects363 GoldG CapdM
GLIP-L Swin-L W Four()Ds GoldG Cap24h

Table 1. A detailed list of GLIP model variants.

I Fero-Shot Fine-Tune
Model Backbone Pre-Train Data 201Tval  201Tval / test-dev
Faster RCNN RNS0-FPN - - 40.2/-
Faster RCNN EN101-FPN 42.0/
DyHead-T [9] Swin-T - - 497/ -
DyHead-L [9] Swin-L - . 584 /587
DyHead-L [9] Swin-L 0365, ImageNet21K 60.3 / 60.6
SoftTeacher [3%]  Swin-L 0365,55-COCO . 60.7/61.3
DyHead-T Swin-T 0365 43.6 53.37-
GLIP-T (A) Swin-T 0365 429 529-
GLIP-T (B) Swin-T 0365 449 53.8/-
GLIP-T (C) Swin-T 0365,GoldG 46.7 55.17-
GLIP-T Swin-T 0365,GoldG,CapdM 46.3 549/ -
GLIP-T Swin-T 0365,GoldG,CCIMSEU | 46.6 552/
GLIP-L Swin-1. FourQODs,GoldG,Cap24M 49.8 60.8/61.0
GLIP-L Swin-L FourODs, GoldG+.COC0O /615
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