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1. 일반적인 학습환경(1개의 GPU)에서 높은 정확도와 빠른 Object Detector를 설계

2. 학습 과정에서 최신 BoF, BoS 기법이 성능에 미치는 영향을 증명

3. CBN, PAN, SAM을 포함한 기법을 활용하여 single GPU training에 효과적

1.Yolo v4 Introduction



4

Input Image : 512 X 512 X 3
Backbone : Input Image를 Feature map으로 변형시켜주는 부분
Neck : Backbone에서 추출한 Feature map을 재구성하는 부분
Head(Dense Prediction) : Object detection 수행 (Yolo - One stage detection)

BoF(Bag of Freebies) : 학습에 영향을 주는 부분(train cost) 전처리, loss
BoS(Bag of Specials) : 모델의 Forward pass에 영향을 주는 부분(inference cost) 
연산량 structure

1.Yolo v4 Model Introduction



concate

5

Input Picture
(512x512x3)

64x64x256

32x32x512

16x16x1024
conv

16x16x512

Multi scale Maxpooling
(5,9,13/same padding)

5 9 13 X

16x16x2048

conv

16x16x512

1x1 conv 
256 channel

1x1 conv 
128 channel

+

32x32x256

Conv, UP

+

64x64x128

Conv, UP

Conv

Conv

+

64x64x128

+

32x32x256

16x16x512

<BACKBONE>
CSP Darknet53

<NECK>
SPP + PAN

<HEAD>
YOLO V3

Conv, DOWN

Conv, DOWN

Conv

Conv

predict

predict

predict

1.Yolo v4 Model Introduction



concate

6

Input Picture
(512x512x3)

64x64x256

32x32x512

16x16x1024
conv

16x16x512

Multi scale Maxpooling
(5,9,13/same padding)

5 9 13 X

16x16x2048

conv

16x16x512

1x1 conv 
256 channel

1x1 conv 
128 channel

+

32x32x256

Conv, UP

+

64x64x128

Conv, UP

Conv

Conv

+

64x64x128

+

32x32x256

16x16x512

<BACKBONE>
CSP Darknet53

<NECK>
SPP + PAN

<HEAD>
YOLO V3

Conv, DOWN

Conv, DOWN

Conv

Conv

predict

predict

predict

2.1 Backbone [CSP Darknet53]



2.1 Backbone [CSP Darknet53]

7

1) DenseNet과 CSP DenseNet의 차이
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2) CSP Darknet 53의 구조

concate
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[Backbone Result]
Feature Map을 만드는 Backbone 

에서는
64x64x256
32x32x512
16x16x1024

3가지 output이 Neck에 전달

[Use of CSP]
반복되는 Convolutional, Residual Block 
이전의 output을 이후에 concat 해줌

1) Strengthening learning ability of a CNN

2) Removing computational bottlenecks

3) Reducing memory costs
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2.1 Backbone [CSP Darknet53]

1. Higher input network size (resolution)

2. More layers : for a higher receptive field

3. More parameters : for greater capacity of a model to 

detect multiple objects of different sizes

“Cross Stage Partial DenseNet”을 적용한

CSP Darknet53을 Backbone으로 활용

4) CSP Darknet 53의 효과
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2.2 Neck [SPP + PAN]

기존의 Spatial Pyramid Polling 방식은

4x4, 2x2, 1x1로 input image를 나누어서

“Input Image에 상관없이, Fixed-Length를 가진 Output 생성”

1) 기존 Spatial Pyramid Polling Layer의 concept
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2.2 Neck [SPP + PAN]

1. Input Feature의 크기를 미리 정하기 때문에 Same padding을 사용하여

pooling 이후 output의 크기를 맞추고 concate 진행

2. Neck 부분의 Receptive field를 증가시키는 효과 있었음

3. 모델의 정확도 증가와 inference time이 약간 감소

2) Yolo v4의 Neck 부분에 사용된 SPP의 특징
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2.2 Neck [SPP + PAN]

Yolo v4에서의 활용

3) Yolo v4에서의 SPP 구조
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2.2 Neck [SPP + PAN]
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2.2 Neck [SPP + PAN]
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2.2 Neck [SPP + PAN]

-Yolo v4 : Backbone + Neck

Input Picture

(a) Feature Pyramid Network Backbone

(b) Bottom-up 
path augmentation
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2.2 Neck [SPP + PAN]
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2.3 Head [Yolo v3]



21

2.3 Head [Yolo v3]
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2.4 Selection of BoF and BoS
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2.4 Selection of BoF and BoS
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2.4 Selection of BoF and BoS

- Activations : Mish

- Data augmentation : CutOut, MixUp, CutMix

- Normalization of the network activations by 
their mean and variance : CmBN

- Attention Module : Spatial Attention Module

- Post processing : DIoU NMS

- Bounding box regression loss : CIoU
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2.4 Selection of BoF and BoS
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𝜌 : Euclidean distance

𝑏, 𝑏𝑔𝑡 ∶ Central points of Bounding box

𝑐 ∶ Diagonal length of the smallest enclosing box covering the two boxes
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2.4 Selection of BoF and BoS

- Activations : Mish

- Data augmentation : CutOut, MixUp, CutMix

- Normalization of the network activations by 
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3. Conclusion
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