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Proposal Method (1/6)
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Yolo Architecture
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Proposal Method (3/6)
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Proposal Method (4/6)

Proposed Concatenation Block (CB)
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Proposal Method (5/6)
◦Backbone

◦ Adopt darknet-19

◦ Suitable to adopt deep backbone for better accuracy

◦ Able to adopt a lighter backbone
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Backbone of  CFPN with CSP
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• Dataset 

• HandFlow Results

• COCO Dataset

Experimental Result



Dataset

◦HandFlow

◦COCO



HandFlow Result



Results of  hand detection using our CFPN-net



Performance Comparions on 416× 416 Resolution Handflow Dataset on TX2 
Embedded Device

Model Backbone FP CB mAP:0.5 FPS

YOLOv3 [38] darknet53 3 - 84.0 5

YOLOv2 [36] darknet19 - - 78.5 6

YOLOv3-tiny [38] tiny15 2 - 71.8 15

YOLO v2 

SpeedUP[36] darknet19 - - 68.0 13

YOLT[49] darknet19 - - 85.6 5.5

FPN-tiny tiny15 3 - 90.3 18

CFPN-1 ~tiny15 2 1 91.3 33

CFPN-3 ~tiny15 3 3 95.6 33



Performance Comparions on COCO Dataset

Methods Backbone Train set AP50 APS

Faster R-CNN [31] VGGNet-16 trainval 42.7 -

R-FCN [30] ResNet-101 trainval 51.9 10.8

YOLOv2 [36] DarkNet-19 trainval35k 44 5

YOLOv3-608[38] DarkNet-53 trainval35k 50.2 16.9

SSD512 [32] VGGNet-16 trainval35k 48.5 10.9

RefineDet320 [47] ResNet-101 trainval35k 51.4 10.5

RefineDet512 [47] VGGNet-16 trainval35k 54.5 16.3

PFPNet-S512 [34] VGGNet-16 trainval35k 54.8 16.3

Proposed CFPN Darknet-53 trainval35k 54.8 18.4



Discussion & Conclussion



Outperforms the existing state-of-the-art models on HandFlow and 

COCO dataset

The proposed CB reduces the computational cost but also improves 

the accuracy

The model performance increases when the architecture integrates 

more CBs from the results of CFPN-1 and CFPN-3




