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MS COCO Object Detection
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YOLOvV4 = YOLOvV3 + cSPDarknet53 + SPP + PAN + BoF + BoS

CSPDarknet53 SPP + PAN YOLOv3

Input Backbone

-

Input Image : 512 X 512 X 3

Backbone : Input ImageE Feature map2 2 HAANFATFE B2

Neck : BackboneO|AM =Tt Feature map= J(H:r“H Ste= B &

Head(Dense Prediction) : Object detection =& (Yolo - One stage detection)

BoF(Bag of Freebies) : St&50| &S F= F=(train cost) M X2, loss
BoS(Bag of Specials) : 2 & 2| Forward passoﬂ dek= -’F—t & 2 (inference cost)
AHLH2F structure
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2) CSP Darknet 532| 4=

| Type | Filters | Size | Output | [Use of CSP]
Conv 32 33 512x512x32 Hh5 Z| = Convolutional, Residual Block
Cony 64 3x3 256x256x64 ] 0|9 output 0|20 concat 1=
Lony 32 Ix1 concate
1x ngf?ém I 64 33 56205 64 1) Strengthening learning ability of a CNN
esidua %256 «
Conv 128 3x3 128x128%x128  — 2) Removing computational bottlenecks
~ Egﬂz 16;8 ;i; concate 3) Reducing memory costs
Residual 128x128x128 |«
Cony 256 3x3 64x64x256 )
Conv 128 1%
8x Cgﬂy 256 I3 concate
Residual 64x64x256 “—
Cony 512 3x3 32x32x512 —
Comy 256 1xi [Backbone Result]
8x | Conv 512 3x3 concate Feature Map= PtE=+= Backbone
Residual 3232512 |« M=
Conv 1024 3x3 16x16x1024 — 64x64x256
512 1%
o| cow e 30 oneete 1ox16n1004
Residual 16x16x1024 |« x| CF
37tX| outputO| Neck0f ™

8



2.1 Backbone [CSP Darknet53] SOl
4) CSP Darknet 532| =1}

Table 1: Parameters of neural networks for image classification.

Average size

Backbone model [nput network Receptive Parameters  of layer output BFLOPs FPS
resolution field size ‘ g (512x512 network resolution)  (GPU RTX 2070)
(WxHxC)
CSPResNext50 512x512 425x425 206 M 1058 K 31 (15.5 FMA) 62
CSPDarknet53 512x512 725x725 27.6 M 950 K 52(26.0 FMA) 66
EfficientNet-B3 (ours) 512x512 1311x1311 12.0M 668 K 11(5.5FMA) 26

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

-I.Q.'c':o'l-

[ -

“Cross Stage Partial DenseNet’

'S M8
CSP Darknet532 Backbonel 2 =&
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fully-connected layers ( fcg, foq)

t

fixed-length representation
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2.2 Neck [SPP ] S5 S
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-Yolo v3 : Backbone + Neck

(a) Feature Pyramid Network Backbone
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(@) + (b) = Path Aggregation Network 16
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-Yolo v3 : Backbone + Neck
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Table 6: Using different classifier pre-trained weightings for de-
tector training (all other training parameters are similar in all mod-

Table 5: Ablation Studies of Bag-of-Specials. (Size 512x512). els) .
Model AP AP;y AP Model (with optimal setting) Size AP AP50 AP75
CSPResNeX1(50-PANet-SPP 424% 64.4% 459% CSPResNeXt50-PANet-SPP 512x512 424 644 459
CSPResNeXt50-PANet-SPP-RFB 41.8% 62.7% 45.1% CSPResNeXt50-PANet-SPP _
CSPResNeX(50-PANel-SPP-SAM 427% 64.6% 46.3% (BoF-backbone) SI2x512 423 643 45T
CSPResNeX(50-PANet-SPP-SAM-G ~ 41.6% 62.7% 45.0% - .

)= -
CSPResNeX(50-PANe(-SPP-ASFF-RFB  41.1%  62.6% 44.4% %il;lffiﬁ;;ofﬁgg SPP 51512 423 w2 4538

CSPDarknet53-PANet-SPP
(BoF-backbone)
CSPDarknet53-PANet-SPP
(BoF-backbone + Mish)

512x512 424 645 46.0

512x512 43.0 649 46.5
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<K-means clustering results>
(about size of ground truth)
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. 16
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> 16
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255

E (30x 61) (62 x 45) (59 x 119) predict 32 NMS
32
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255

v

v
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YOLOvV4 = YOLOvV3 + cSPDarknet53 + SPP + PAN + BoF [+ BoS

Bag of Freebies (pre-processing + training strategy) Training Phase

* Call methods that only change the training strategy or only increase the training cost as "BoF”

Data Augmentation Regularization Loss Function
* Random erase * DropOut * MSE
* CutOut * DropPath * JoU
* MixUp » Spatial DropOut * GloU Generalized
*  CutMix * DropBlock * CloU Complete
= Style transfer GAN * DloU Distance

[Bag of Freebjes]
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2.4 Selection of BoF and BoS

YOLOvV4 = YOLOvV3 + cSPDarknet53 + SPP + PAN + BoF +/BoS

architecture related

Bag of Specials (plugin modules + post-processing)

Smart Systems Lab.
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S5L

Inference Phase

+ Call methods that only increase the inference cost but can improve the accuracy as “BoS”

Enhancement of
receptive field
« Spatial Pyramid
Pooling
= ASPP (dilated conv)
* Receptive Field Block
(RFB)

Attention Module

* Squeeze-and-Excitation
(SE)

« Spatial Attention
Module (SAM)

Feature Integration

Skip-connection

Feature Pyramid Network
SFAM (Scale-wise Feature
Aggregation Module)
ASFF (adaptively spatial
feature fusion)

BiFPN

Normalization

Batch Norm (BN)
Cross-GPU Batch Norm
(CGBN or SyncBN)
Filter Response
Normalization (FRN)
Cross-lteration Batch

Norm (CBN)

Activation function

RelU

Leaky RelLU
Parametric RelLU
RelLU6

Swish

Mish

Post Processing

* NMS
* Soft NMS
* DloU NMS

23
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- 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 : DloU NMS

- Bounding box regression loss : CloU

24




Smart Systems Lab.

YONSEI UNIVERSITY, SEOUL, KOREA

2.4 Selection of BoF and BoS SSL

- Activations : Mish

f(x) =x * tanh(softpuls(x))
/[ softplus(x) = In(1 + e*x)
—— Mish
BRI a1 TN

25
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2.4 Selection of BoF and BoS SSL

- Data augmentation : CutOut, MixUp, CutMix

Cutout CutMix
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2.4 Selection of BoF and BoS SSL

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

Iteration t-2 Iteration t-1 Iteration t

Normalize, Normalize,
Affine transform : l Affine transform
— _—— I
r : mean, variance 5 \ |__,| mean, variance
(fe-2, 01-2) ! - (He-1,00-1) l : LM (!1'.,/5,)
buiats b Yoted, 3 T : o S \
> ST 2 i Rl s A4
Compensated Compensated Compensated
mean, variance mean, variance mean, variance
(17,_:-51—2) (’_‘,_|-5I-|) (ﬁlv(sl,

Normalize,
Affine transform

. Normalize, Normalize,
Affine transform Affine transform

'CBN
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- Attention Module : Spatial Attention Module

Max-Pooling
Average-Fooling

(a) SAM [85]

28
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- Post processing : DIloU NMS

2 t
“ (b, b?
RDIOU — }( ( (;2 ) /

p : Euclidean distance

b, b9" : Central points of Bounding box
c : Diagonal length of the smallest enclosing box covering the two boxes

p*(b, b?")
2

Loy =1—1oU +

29
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- Bounding box regression loss : CloU

(b, b¥")
Loroy =1—1oU 5 - QU
C
v . \gw)
Y — arctan(—
[)Q(b. bgt) ( — IOU) + v §
Lproy =1—1oU + 2 .
. : (arctan w arctan— )2.
’U e —_— —_
2 hot h
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3. Conclusion SSL

Table 10: Comparison of the speed and accuracy of different object detectors on the MS COCO dataset (test-dev 2017).
(Real-time detectors with FPS 30 or higher are highlighted here. We compare the results with batch=1 without using
tensorRT.)

Method Backbone Size FPS AP APsg APy APg APy, APy,
YOLOv4: Optimal Speed and Accuracy of Object Detection

EfficientDet: Scalable and Efficient Object Detection [77]

EfficientDet-D3 Efficient-B3 896 238 (V) 458%  65.0%  493%  26.6% 494%  59.8%

Learning Spatial Fusion for Single-Shot Object Detection [15]

YOLOv3 + ASFF*  Darknet-53 800 x 204 (V) 439% 64.1% 49.2%  27.0%  46.6%  53.4%
HarDNet: A Low Memory Traffic Network []

Focal Loss for Dense Object Detection [15]

RetinaNet ResNet-101 640 294 (V) 379%
RetinaNet ResNet-50 1024 19.6 (V)  40.1% - - - - -
RetinaNet ResNet-101 1024 154(V) 41.1% - - - - -

Smart Systems Lab.

YONSEI UNIVERSITY, SEOUL, KOREA
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