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Lightweight Small Object Detection Algorithm
Based on Deep Learning
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1 BANBFENEEECOCORIRSE FIVTIIRE (1 %)

YOLOV2[11 DarkNet-19 21.6 44.0 22.4 35.5

YOLOv3[21 DarkNet-53 320 282 515 119 306 434
“ VGG-16 300 2541  43.1 66 259 414

[1] Redmon J, Farhadi A. YOLO9000: Better, Faster, Stronger[C]. IEEE Conference on Computer Vision and Pattern
Recognition, Honolulu, HI, USA, 2017: 6517-6525

[2] Redmon J, Farhadi A. YOLOv3: An incremental improvement[J]. arXiv e-prints, 2018, arXiv:1804.02767

[3] Liu W, Anguelov D, Erhan D, et al. SSD: Single shot multibox detector[C]. European Conference on Computer Vision,
Amsterdam, Netherlands, 2016: 21-37
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YOLOv3[2l Darknet-53 608*608 65.9B 62.5M

ResNet50-FPN 640*640 978 34 M
Mask R-CNNIS! ResNet101-FPN 800*800 1498 44.4M

[4] Lin T Y, Goyal P, Girshick R, et al. Focal loss for dense object detection[C]. IEEE International Conference on

Computer Vision, Venice, Italy, 2017: 2999-3007
[5] He K, Gkioxari G, Dollar P, et al. Mask R-CNNIC]. IEEE International Conference on Computer Vision, Venice, Italy,

2017: 2961-2969




2

AXHEETIESEIFR




2 FXHEETIESEIFA

SaniaRERIXILE

Speed versus accuracy on COCO
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» ¥ N %3 Z‘COCO%HE’%J:ZISXZ ESRTLRE
=z  FREEENETT42% BARIMERELLR
B’ 2.7
2. u Toym 217 102 696B  6.06M
2 MDet-S (our)
~tiny 17.6 LMDet-S-
R 2 i < 416 303 12.2 406B 4.0M
40 a5 5.0 5.5 6.0 65 7.0

BFLOPs

[6] Wang C-Y, Bochkovskiy A, Liao H-Y M. Scaled-YOLOv4: Scaling Cross Stage Partial Network[J]. arXiv e-prints,
2021, arXiv: 2011.08036v2
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=
: Tiny-CSP- N
YOLOv4-Tinyl6! DarkNet53s 416*416 7.8 23.0MB

PP-YOLOv3I[7] MobilenetV3 320*320 12 11MB

LMDet-S-416 EfficienNet-Lite 416*416 13 3.9MB

LMDet-S-416 ShuffleNetV2 1x 416*416 30 2.0MB

[7] Deng K. PP-YOLO[DB/OL]. https://github.com/PaddlePaddle/PaddleDetection/blob/release
/2.0-rc/configs/ppyolo/README cn.md, 2020
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Top-down Feature
WxHx232

Eltw-Sum

temp Feature
2Wx2Hx*96

Up-sample

Block

Botom-up Feature
2Wx2Hx*110
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nght Head R-CNN[81 ShuffleNetV2 1x  416x416 22.5%

ShuffleNetV2 1x 416x416 Lite-PAN 23.5%

[8] Li Z, Peng C, YU G, et al. Light-head R-CNN: In defense of two-stage object detector[J]. arXiv e-prints, 2017,
arXiv:1711.07264
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[9] Li X, Wang W, Wu L, et al. Generalized Focal Loss: Learning Qualified and Distributed Bounding Boxes for Dense
Object Detection[J]. arXiv e-prints, 2020, arXiv:2006.04388v1
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[10] Sandler M, Howard A G, Zhu M, et al. MobileNetV?2: Inverted residuals and linear bottlenecks[C]. IEEE
Conference on Computer Vision and Pattern Recognition, Salt Lake City, UT, USA, 2018: 4510-4520
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YOLOv4 Tlny[61 416*416 0.2 263 309

LMDet-S-416 416*416 30.3 47.1 122 322 431
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YOLOv3-Tiny DarkNet53 416*416 17.6%  5.6B 8.86M

Tiny-CSP-
DarkNet53s

YOLOv4-Tinylél 416*416 21.7% 6.96B  6.06M

LMDet-S-416 EfficientNet-Lite1 416*416 30.3% 4.06B 4.0M
LMDet-S-512 EfficientNet-Lite1 512*512 32.5% 7.1B 4.7M




4 FTSitERYEE S0 BIRFN G AR

LSSt

FaRMSERGNER, TORAXEZMCNER






INEREEEE SIS BNFAE

> SIS *
Y BRGNS HESMEIERR T

D& R E L ECHI T |4 RS0 1)
21115
!
pILE Tl
:
FINMSIE R FERIZERSHEIR—IEER
|
A MIZER

[11] Yu X, Gong Y, Jiang N, et al. Scale Match for Tiny Person Detection[C]. IEEE Winter Conference on
Applications of Computer Vision. Snowmass Village. CO. USA. 2020. 1257-1265.
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X7 LMDet-S#ETinyPerson#iEeE FRIGTIERE (Bf: %) '

LMDet-S Eff{i‘ﬁ”}'\'et 512512 3075 137
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: Tiny-CSP- "
YOLOv4-Tiny!®! DarkNet53s 416*416 7.8 23.0MB

PP-YOLOv3’] MobilenetV3 320*320 12 11MB

LMDet-S-416 EfficienNet-Lite1 416*416 13 3.9MB

LMDet-S-416 ShuffleNetV2 1x 416*416 30 2.0MB
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