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Motivation

» Convolutional neural networks have dramatically reduced the computational overhead
and complexity of models by using the convolutional operation with shared parameters

» During the convolutional operation, the kernel uses the same parameters in each
receptive field to extract information, which does not consider the differential information
from different locations -> the performance of the network is limited

» The convolutional process does not take into account the significance of each feature ->
further reduces the efficiency of the extraction features -> ultimately restricts the
performance of the model

» The attention mechanism enables the model to concentrate on significant features

» The current spatial attention mechanism does not fully address the parameter sharing
problem for larger convolutional kernels

» This paper proposes a novel receptive-field attention (RFA) that comprehensively
addresses the above issues
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Contributions

» The main contributions in the paper:

1. Proposes a novel receptive-field attention (RFA) that comprehensively addresses the
issue of parameter sharing for convolutional kernels and takes into account the
significance of each feature in the receptive field

2. Designs the new convolutional operation (RFAConv) that can replace standard
convolutional operations in current neural networks

3. Provides an upgraded version of CBAM and CA and conduct relevant experiments

11D 1) UNIVERSITY OF ULSAN 3 ISl ab



s/ 7z AL 7
"yl P /71 S /
> NS : Aer ~
/ K >| / / K, I’)" V" / / K, l)g'y| ,,
/ kA /K s [kbsdx] /K s |kysdx| /K
/ 7 / / 71—/ / 5% /
P KAK| Ko f y, A Ks| K, / /) .
7/ 7 4
S 7 4y / 7 7, /
4wl 7 / 7ty /
/ / / / / / y
// / / // Vi / /
£ / /7 / /7 //
X XpHKos // X XpefXs, // Xoof Xy X0 7
XofXoo| Xiol 7 Xakdxd 7 .\',.‘,/R,.,. X4l //
\1/~ Xis X..-// )’, ,\',_” x,,,// '. Xao X

ReceptivegField Sliders

Fi =XuxKi+Xi2x Ke+Xiax Ka+ ...+ Xis x Ks
Fs = Xo1 x K1+ Xao2 X Ko + Xaz X Ka + ... + Xas X Ks

X Fy =Xy XKy +Xne X Ko+ Xns X K3+ ...+ Xns X Kg

Fig. 1. It simply represents a 3x3 convolution operation. The features are obtained by multiplying the convolution kernel with a
receptive-field slider of the same size and then summing.
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Reviewing Spatial Attention
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Fig. 2. The original feature map highlights the key features by
learned attention map. This process of highlighting is the Re-
weight (x) operation.

P The spatial attention mechanism uses the attention map obtained through learning to highlight the
importance of each feature

1)) uNIvERSITY OF ULSAN 5 ISl ab



Receptive|Field Sliders

X

Fig. 3. The convolutional kernel parameter K; obtained by mul-
tiplying the attentional weight A; with the convolutional ker-
nel parameter K is different in each receptive-field slider, i.e.,

Kernell # Kernel2 # Kernel3 # ... # KernelN.

F1=X1XA1)<K
F2=X2XA2)<K

FN=XN)<AN)<K
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Fig. 4. It is obvious that there is an overlap of features in each receptive-field slider, which leads to the problem of sharing of attentional

weights across sliders.
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Fy =Xn1 X Ayt X Ky 4+ Xne X Ane X Ko+ Xn3 X Ayz X Kz + ... + Xng X Ang X Ko




Innovating Spatial Attention and Standard Convolutional Operation

» Receptive-Field Spatial Feature:

- The receptive-field spatial feature is specifically
designed for convolutional kernels and is dynamically
generated based on the kernel size [

Receptive field

- The “Spatial Feature” refers to the original feature
map. |
- The “Receptive-Field Spatial Feature” is the feature A Transform |
map transformed by spatial features, which is

composed of non-overlapping sliding windows. o

CxHxW

Receptive-Field Spatial Feature
C x3H x 3W

- Each 3x3 size window in the receptive-field spatial
feature represents a receptive-field slider e e e i L
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Methods mAP50(%) mAP(%) FLOPS(G) Param(M) Training Time (Hours)
YOLOvin 26.43 13.66 4.3 1.78 6.81
YOLOvHn + RFAConv (Unfold) 27.43 14.22 4.6 1.85 10.42
YOLOv5n + RFAConv (GroupConv) 27.58 14.36 47 1.85 7.37

Table 1. Object detection experiments based on YOLOv5n and VisDrone datasets to illustrate the advantages of RFAConv built on
GroupConv.

CXHXW

Fig. 7. The detailed structure of RFAConv, which dynamically determines the importance of each feature in the receptive-field and
solves the problem of parameters sharing.
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Innovating Spatial Attention and Standard Convolutional Operation
» RFCAConv and RFCBAMConv:

Input C = H =W Input C = H = W
B 1
I Group Conv | CK” = Hx W ' | — X CK® x Hx W I
| v I 1C=1 ‘ Global AvgPool | | Group Conv | I
. |
| Norm + ReLU | CK? % Hx W RFCA ' I |
| 7 : | y h 4 I
| I ‘ . | | | T j ‘ CK*x H x W
| Adjust Shape | C x KH x KW | | Cxl Linear + ReLl] Norm + Rel.L] S—— |
I [ — | | |
I — | | - — . '
| Cx1[x KW | H AvegPool W AvgPool |CxKHx*1 | I C=1 ‘ Linear + Sigmoid | | Adjust Shape | ¢« KH= KW |
| v v ! ! —— '
| C = (KW+HKH)=*1 Concat + Conv | I AvgPool + MaxPool |2x KH= KW I
£ |
| * : | Cx=1x1 |
: C o= (KW-HEH)=1 MNorm + MNon Linear | : v |
| v Split v | | | Conv + Sigmoid | 1% KH= KW |
* I Oony ony x *
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| l | l
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Fig. 8. Detailed structure of RFCAConv and RFCBAMConv, which focus on receptive-field spatial features. Comparing the original
CBAM, We use SE attention to replace CAM in RFCBAM. Because, this can reduce computational overhead.
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Experiments and Discussions

» Experiments:

» Verified the effectiveness on:
» Classification,
» Object detection,
» Semantic segmentation

» The equipment for all experiments are based on RTX3090
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Experiments and Discussions

P Classification experiments on ImageNet-1k

Layer Name Output Size Resnet18 Resnet34
Convl 112 x 112
‘NewConv 3 x 3] ‘NewConv 3 x 3]
E E
Layerl 96 x 56 Conv  3x3| <2 Conv  3x3| "~ ?
‘ (NewConv 3 x 3 ‘NewConv 3 x 3|
Layer2 28 x 28 Conv 3x3| ™2 Conv 3x3| ™4
. ‘NewConv 3 x 3 NewConv 3 x 3]
Layerd 14> 14 Conv  3x3| %2 Conv  3x3] *°
‘NewConv 3 x 3] ‘NewConv 3 x 3]
Layer4 X7 Conv 3x3|” 2 | Comv  3x3|” ’
1 x1 AvgPool 1000-d

Table 2. The Resnetl8 and Resnet34 are construct by the new convolution operation.
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Experiments and Discussions

P Classification experiments on ImageNet-1k

P SN
SRS

7 RE
2

Models FLOPS(G) Param(M) Topl(%) Top5(%)

Resnet18 1.82 11.69 69.59 89.05

+ CAMConv(r) 1.83 11.75 70.76 89.74 - -
+ CBAMConv(r)  1.83 11.75  69.38  89.12 Models FLOPS(G) Param(M) Topl(%) Top5(%)
+ CAConv(r) 1.83 1174 7058  89.59 Resnet18 89.05
+ RFAConv(r) 1.91%9%°  11.85°%%° 71.23"% 90.29"* 4+ RFCBAMConv(r) 90.71
Resnet34 3.68 21.80 7333 9137 + RFCAConv(r) 90.64

+ CAMConv(r) 3.68
+ CBAMConv(r) 3.68
+ CAConv(r) 3.68
+ RFAConv(r) 3.841016

91.93 74.03 91.69 Table 4. RFCBAMConv and RFCAConv improve the perfor-
mance of CBAMConv and CAConv. The table shows that the

21.93 72.95 91.26
21.91 73.76 01.68
22169 74.25%°2 92,03

Table 3. Classification results on ImageNet-1K using the Resnet18
and Resnet34. The different convolutional operation constructed
by the attention mechanism is compared.

11 1)) UNIVERSITY OF ULSAN
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Experiments and Discussions

CAConv  CBAMConv  CAMConv

RFAConv

Fig. 9. Each network is built on ResNet18 based on attention con-
volution, and the construction process is shown in Table 2. We use
Grad-CAM as our visualization tool to visualize networks without
the last layer of classifiers. Compared to other attention convolu-
tion methods, our RFAConv can help the network to better rec-
ognize and highlight the key regions of objects

Input CBAMConv  RFCBAMConv [nput CAConv RFCAConv

Fig. 10. We put the attention of CBAM and CA into the receptive-
field spatial features and improve them to obtain RFCBAM and
RFCA. Then RFCBAMConv and RFCAConv are constructed by
the same method as RFA. As in Fig. 10, we visualize the differ-
ent networks separately. Obviously, compared to CBAMConv and
CAConv, the improved obtained RFCBAMConv and CAConv can
help the network to better recognize and highlight the key regions
of objects.
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Experiments and Discussions

» Object detection experiments on COC02017

Models FLOPS(G) Param(M) APs5(%) AP:s(%) AP(%) APs(%) APum(%) APr(%) Time(ms)
YOLOv5n 4.5 1.8 45.6 28.9 27.5 13.5 31.5 35.9 4.4
+ CAMConv(r) 4.5 1.8 45.6 28.3 274 13.8 31.4 35.8 5.2
+ CBAMConv(r) 4.5 1.8 45.5 28.6 27.6 13.6 31.2 36.6 5.4
+ CAConv(r) 4.5 1.8 46.2 29.2 28.1 14.3 32 36.6 4.8
+ RFAConv(r) 4.7 1.9 47.3 30.6 29 14.8 33.4 37.4 5.3
YOLOvT-tiny 13.7 6.2 53.8 38.3 35.9 19.9 39.4 48.8 6.8
+ RFAConv(r) 14.1 6.3 55.1 40.1 37.1  20.9 41.1 50 8.4
YOLOv8n 8.7 3.1 51.9 39.7 36.4 18.4 40.1 52 4.2
+ CAMConv(r) 8.8 3.1 51.6 39 36.2 18 39.9 51.2 4.5
+ CBAMConv(r) 8.8 3.1 51.5 39.6 36.3 18.3 40.1 51.5 4.6
+ CAConv(r) 8.8 3.1 52.1 39.9 36.7 17.8 40.3 51.6 4.3
+ RFAConv(r) 9.0 3.2 53.4 11.1 37.7 18.9 41.8 52.7 4.5
+ RFCAConv(r) 9.1 3.2 53.9 41.7 38.2 19.7 42.3 53.5 4.7

Table 5. Object detection APso, AP:5, AP, APs, APy, and APy, on the COCOQO2017 validation sets. We adopt the YOLOv5n, YOLOvVT-
tiny, and YOLOv8n detection framework and replace the original convolution with the novel convolutioanl operation constructed by

attention mechanism.
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Experiments and Discussions

» Object detection experiments on VOC7+12

Models FLOPS(G) Param(M) mAP(%) Time(ms) YOLOvSs 15.9 7.1 48.9 3
YOLOv5n 4.2 1.7 41.5 2.7 + CAMConv(r) 16 7.1 48.5 3.5
+ CAMConv(r) 1.2 1.7 41.4 2.9 + CBAMConv(r) 16 7.1 49 3.7
+ CBAMConv(r) 4.3 1.7 41.9 3 + CAConv(r) 16.1 7.1 49.6 3.1
+ CAConv(r) 4.3 1.7 42.4 3 + RFAConv(r) 16.4 7.2 50 5.1
+ RFAConv(r) 4.5 1.8 43.3 3 + RFCBAMConv(r) 16.4 7.2 50.1 3.9
+ RFCAConv(r) 16.6 7.2 51 4.4

YOLOvT7-tiny 13.2 0.1 20.2 3] YOLOvERn 8.1 3 23.9 3
+ CAMConv(r) 13.2 6.1 50.3 5.4 + CAMConv(r) 8.1 3 52.8 3.1
+ CBAMConv(r) 13.2 6.1 50.1 5.4 + CBAMConv(r) 8.2 3 53.3 3.1
+ CAConv(r) 13.2 6.1 50.5 5.4 + CAConv(r) 8.2 3 53.8 2.9
+ RFAConv(r) 13.6 6.1 50.6 7.5 + RFAConv(r) 8.4 3.1 54 3.2

Table 6. Ubject detection mAPS0 and mAP on the VOLT+12

validation set.
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Experiments and Discussions

» Semantic segmentation

Backbone Stride MIOU(%) Resnet15 16 (4.6
Resnet18 8 58.9 + CAMConv(r) 16 65.5
+ CAMConv(r) 8 60.9 + CBAMConv(r) 16 63.6
+ CBAMConv(r) 8 59.3 + CAConv(r) 16 66.6
+ CAConv(r) ] 62.1 + RFAConv(r) 16 65.4
+ RFAConv(r) ] 60.8 + RFCBAMConv(r) 16 67.7
+ RFCBAMConv(r) 8 62.1 + RFCAConv(r) 16 __68.0
+ RFCAConv(r) g 63.9 Table 7. Results of experiments comparing different the novel

convolutional operation based on DeepLabPlusV3.
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Conclusions

» This paper proposed a novel attention mechanism called RFA and devise a
novel convolution operation, which improves CNN network performance.

» Emphasized the importance of directing attention to the receptive-field
spatial feature to enhance network performance.

» Opinions:

» Review the overview of Spatial Attention algorithms, Convolution Operation, their
advantages, and disadvantages

» Lacks the comparative results with SOTA in each dataset
» Leverage this idea for the Tomatoes Detection topic based on YOLOvS
» Try to implement and improve the RFA with light-weight convolutional techniques
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Thank you for your attention!
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YOLOvS8 architecture

Input - CBS - CBS -C2fx3 - CBS -C2fx6 - CBS - C2fx6 - CBS - C2fx3 - SPPF
| .

S |

- Concat -~ Upsample < C2fx3 - Concat - Upsample
F Y T T

~C2fx3 + CBS + Concat - C2fx3 - CBS + Conecat -~ C2fx3 Neck

.

CBS Conv BN SilLu CBS » Maxpool2d -Maxﬁoolzd » Maxpool2d » Concat » CBS

SPPF

» Backbone:
P CSP (Cross Stage Partial Network)
P SPPF (Spatial Pyramid Pooling Fast)
P C3isreplaced by C2f

»  Neck: PAN (Path Aggregation Network) C2f
> Remove CONV structure
P C3isreplaced by C2f

P Detection head: Free anchor

P Loss function: —> CBS, $=1, K=3 H CBS, $=1, K=3 J—»’—»
. CSDN @whaosoft143

P Classification: BCE (Binary Cross Entropy) Loss
P Regression: DFL (Distribution Focal Loss) + CloU (Complete-loU) Loss https://blog.csdn.net/qq_29788741/article/details/128626422
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C3 vs C2f
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Conv
k=1, s=1, p=0,
c=c_out
hxwx0.5¢c _out I
| h=xwx=c_out
h 0.5 t >
; | xwxioe od [ Split ]
hxwxc_in hxwx0.5¢c out
Conv Conv hxwx0.5¢_out | Bottleneck
k=1, s=1, p=0, k=1, s=1, p=0, L shortcut="? k
c=0.5c out =0.5¢c out l -,
h=xwx0.5¢ _out |
hxwx0.5¢ _out S - “‘>_n
lhxwxo.Sc_out i
Bottleneck ;
n x shortcut=? Bottleneck /
shortcut="? i
hxwx0.5¢c _out lhxwxo.Sc poed
hxw=0.5¢_out -
1 Concat ] -[ Concat ]
hxwxc_out thwa.S(n+2)c _out
Conv Sl
Cc3 k=1, s=1, p=0, C2f e
shortcut=?, n c=c out shortcut=?, n -
l hxwoxc_out lhxwxc_out

https://openmmlab.medium.com/dive-into-yolov8-how-does-this-state-of-the-art-model-work-10f18f74bab1
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Detection heads

https://openmmlab.medium.com/dive-into-yolov8-how-does-this-state-of-the-art-model-work-10f18f74bab1
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Review YOLOVS architecture

(In_channel,out_channel,kernel_size,stride); (In_channel,out_channel); (out_channel)

— — — — — — — — — — — — — — — — — | — — — — — — — — — —
r BottleneckCSP I I
I Focus=x(b,c,w,h) -> y(b,4c,w/2,h/2) + 1x1Conv2d;

——— i T e e D e T g ‘i i | | s S T et - (c_in, c_out) x N |
[sackbone 6a0¥640 Output | | x> vl sew/znr2is R T — R TR
| | | | e=0.5(RIAGEIEF) |
c_=c_out*e '
| Focus (3,64,1,1) I | | I input
I 64”320'320 512*80*80 I I l
= § y(b,4c_in,w/2,h/2) I
I B‘L;;‘;:::’:tzp Conv2d (256,na * (nc +5),1,1) I I CONY/(eine 2.3) I
— |
: 255*%80*80 I : Bottleneck (c_,c_) CONV (4c_in,c_out,1,1) '
S x N
1 R R B OV (c_c_3,1) [ |
l I — T CONV(c_im, cout,ks) 1
| I | Convad {c_c,1,1) ~Conv2d+BatchNorm2d-+LeakyReLU '
| | | |
| BottleneckCSP BottleneckCSP BottleneckCSP ) I | Soncatiaie) '
(256,256) x9 1?«?44”';7:1 11[;:!1:7 X3 Conv2d (512,na * (nc +5),1,1) [
l *40% I Conv2d (c_in,c_out,k,s) I
| 1024+40%40 512*40*40 | SEEEACHR | |
Concat(1024) CONV (512,512,3,2) | T l
| | | tet |
| 512*40*%40 512*20*20. I | . Conv2d e L ; 5
BottleneckCSP ) | I {2rc_cout,.11) ] '
| (512,512) x9 Upsample(512) Concat(1024) I _________________
| . : 1024x20%2G | l
1024*20* |
| 1028520720 1024*20*%20 I 255%20*20 I
| I
| | :
|
- B e b

» Three parts:
P Backbone: CSPDarknet53+ SPP layer

p> CSP (Cross Stage Partial Network)

P> SPP (Spatial Pyramid Pooling )

P Neck: PANet (Path Aggregation Network)

CONV (c_in*4,c_out,1,1)

P YOLO detection head
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Review YOLOvVS architecture

YOLOv8

Backbone

YOLOv8
CSPDarknet
(P5)

Stem
Layer

Stage
Layer 1

Stage

Neck
YOLOVBPAFPN

Head voLov8HeadModule

640x640x3
ConvModule
k=3,5=2,p=1 P
320x320x64xw
ConvModule [0
| keds=2,p=1 th
160x160x128xw
CSPLayer 2Conv 2
add=True, n=3xd
160x160x128xw
ConvModi 3|
k=3, =2, p=1 P3
80x80x256xw

Layer 2
—

CSPLayer 2Conv 45
add=True, n=6xd

B0xB0x256xw

ConvModule 51

| k=3,5=2, p=1 P4

Stage
Layer 3

40x40x512xw

CSPLayer 2Conv. | 6

| add=True, n=6xd

40x40%512xw

k=3,5=2, p=1

ConvModule ‘—-
5

Stage
Layer 4

20%20x512xwxr

CSPLayer 2Conv 8 |
add=True, n=3xd

20%20x512xwxr

Backbone

80xB0x256xw
Stride=8

40x40x512xw
Stride=16

20x20%512xwxr

Stride=32

Details Anhores) Casigoer
model d (deepen factor) w (widen factor) r (ratio)
CSPLayer 2Conv hxwxein n | 033 [ 025 20 | Note:
add =7, n [ = i 033 0.50 20
ConvModule S i I T 57| | 1 herumbers on the comecting e
""é::m‘o' | Y0 100 10 stand for heightxwidthxchannel
Qs oun — Thrwrcom x| 100 I 1.25 o )
w056 ot S 2.°CSPLayer 2Conv’ stands for
w2 { Split | DarknetBottleneck ConvModul S ;
, hw=0.5¢c out add=Ture S ConvModule ks pc in MMYOLO repo.
hew:0scout | DarknetBottleneck | ConvModule k=1,5=1,p=0
add=? J l k=3,5=1,p=1 J 3. Since the number of output
hewx05¢c_out E ~, hew-05c MaxPool2d channels in the last stage of
e n ‘ ConvModi e Eosmgzdc different sizes of models is
SHENZOSCRUt L k=3, FL"; f:L different, F(ratio) is used in this
’ DarknetBottleneck ‘ howee MaxPool2d J figure for convenience
add=? b in MMYOLO repo,
hxw~05¢c_out knetBottl K MaxPool2d BatchNorm2d last stage out channels’is used
— 4 Concat | to control the number.
hxw»0.5(n+2)c_out ]
ConvModule
kSl ConvModule siLu
c=C
L hewec out .
f Conv2d Bbox. |
- 1 k=1,5=1,p=0 4
TopDown | CSPLayer 2Conv 15) 80xB0x256xw [ cedrreg max ey
Layer 1| add=False, n=3xd P3
¥ : J J 1 Cls
(S 12x R | ke3s=1,p=1 Lo Loss
- Concat 14 80x80x256xw
| 80x80x256xw . i
Down ConvModule !
Upsample 13] Sample 0| k=3,5=2, p=1 \lp |
=E RN i P
40x40x512xw 40x40x256xw
TopDown | CSPLayer 2Conv 12 40x40x512xw ) T
Layer 2 | add=Faise, n=3xd } {(Soncat [
an ¥
40x40x512xwx(1 F
| 40x40x wx(141) '40:40x512xw | ConvModule | | lc’omz‘ : :o . Bbox.
- Concat : m | BottomUp | CSPLayer 2Conv 18 | 40x40x512xw ke extips) [ ctg max koss
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40x40x512xwxr T ke3s=ip=1 | bt it =0 Hioe
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‘—. Down ConvModule 19
Sample 1 k=3,s=2, p=1 I
w s
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20x20xs12xwxr [[eg oy . [20
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Neck

https.//openmmlab.medium.com/dive-into-yolov8-how-does-this-state-of-the-art-model-work-10f18f74bab1
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C3 vs C2f

hxwx0.5¢c out

J hxwxc_in

Conv
k=1, s=1, p=0,
c=c_out

hxwx0.5¢c _out

lhxwxc_out

hxwxc_in
Conv [ Conv
k=1, s=1, p=0, k=1, s=1, p=0,
¢=0.5c_out ¢=0.5c_out

(
(

Split |

J' hxwx0.5c_out

J

hxw=0.5c _out

Bottleneck
shortcut="?

~

J

hxwx0.5¢ _out

hxwx0.5¢ _out[

hxw=x0.5¢c_out [

Bottleneck
shortcut=? A

. hxwx0.5¢ _out

¢« o o E;__n
i h=xwx=0.5c_out

Bottleneck
shortcut="?

’

i hxwx0.5¢ out

Cc3

shortcut=?, n

Concat ] {
hxwxc_out
Conv
k=1' S=1r p:OI CZf
c=c out shortcut=7?, n

i hxwxc out

J A

Concat ]

| hxwx0.5(n+2)c _out

Conv
k=1, s=1, p=0,
c=c_out

J'hxwxc_out
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Detection head

4xreg_max

https.//openmmlab.medium.com/dive-into-yolov8-how-does-this-state-of-the-art-model-work-10f18f74bab1
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YOLOvV8 innovation and improvement points:

1. Backbone: The idea of CSP is still used , but the C3 module in YOLOVS5 is
replaced by the C2f module to achieve further lightweight, and YOLOvVS still
uses the SPPF module used in YOLOV5 and other architectures

2. PAN-FPN: There is no doubt that YOLOvS still uses the idea of PAN, but by
comparing the structure diagrams of YOLOvV5 and YOLOvVS, we can see that
YOLOvS8 deletes the convolution structure in the PAN-FPN upsampling stage
in YOLOV5, and also replaces the C3 module with C2f module

3. Decoupled-Head: Did you smell something different? Yes, YOLOv8 went to
Decoupled-Head;

4. Anchor-Free: YOLOvV8 abandoned the previous Anchor-Base and used the
idea of Anchor-Free;

5. Loss function: YOLOvS8 uses BCE Loss as classification loss and DFL Loss+CIOU
Loss as regressiontion loss

https://github.com/akashAD98/yolov8_in_depth
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YOLOvS8 Loss Function LA
» Classification Loss: BCE (Binary Cross Entropy) Loss

N

1
BCE=——§: loe(3)+ (1 —=v) -log(l — 9.
N,-=o y; - log(y;) + (1 —y;) -log(l =Y,

» vy.is GT label
» y._hatis predicted label

https://paperswithcode.com/method/varifocal-loss
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YOLOvVS8 Loss Function

» Regression Loss: DFL (Distribution Focal Loss)

DFL{Si;5j+1] = —((¥ix1 —y) log(s;) + (y — yi) log(si11))

» s is probability
» yisa label
» y. and y,,, are interval orders (y; <=y <= .., )

,_ﬁ  General distribution
| N P®
: |
1
y

supervision

https://blog.csdn.net/qq_29788741/article/details/128626422
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YOLOvVS8 Loss Function

» Regression Loss: CloU

The CloU loss function:
dz
Lojorr =1 — 1ol + &z T av
where,
v = fg(ﬂ.?"ﬂtﬂ.ﬂ%ﬁ — arctan)?
o is a trade-off parameter and is defined as:
o= 7
(1-Tol)+v

« is a function of loU. The above equation states that the aspect ratio factor is less important in
the case of no overlap and more important in the case of more overlap.

https://learnopencv.com/iou-loss-functions-object-detection/
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RFAConv code

class RFAConv(nn.Module):
def __init__ (self,in_channel, out_channel, kernel_size, stride=1):
super().__init_ ()
self.kernel_size = kernel_size

self.get_weight = nn.Sequential({nn.AvgPool2d(kernel_size=kernel_size, padding=kernel_size // 2, stride=stride),
nn.ConvZd{in_channel, in_channel * (kernel_size ** 2), kernel_size=1, groups=1in_channel,bias=False))
self.generate_feature = nn.Sequential(
nn.Conv2d{in_channel, in_channel * (Kernel_size ** 2), kernel_size=kernel_size,padding=kernel_size//2,stride=stride, groups=in_channel, bias=False],
nn.BatchNorm2d (in_channel * (kernel_size ** 2})),
nn.RelLU()})

self.conv = nn.Sequential{nn.Conv2d(in_channel, out_channel, kernel_size=kernel_size, stride=kernel_size))

def forward(self,x):
b,c = x.shape[8:2]
welight = self.get_weight(x)
h,w = weight.shape[2:]
weighted = weight.view(b, c, self.kernel_size ** 2, h, w).softmax(2)
feature = self.generate feature(x).view(b, c, self.kernel_size ** Z, h, W)
welghted_data = feature * weighted
conv_data = rearrange(weighted_data, 'b c (nl1 n2) hw -> b ¢ (h nl1) (w n2)', nl=self.kernel_size,
n2=self.kernel_size)
return self.conv(conv_data)
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Innovating Spatial Attention and Standard Convolutional Operation

Unfold method

KBk BErG
A B LR RRLEE
. LFal 1473
’ AEIFICNE
s ’ =
p f,a 2| T HEIE! Ul‘]ﬁ}ld
4 /;f 1}':3 5l7]1]6 ﬁ
q 3 Mo I O3] fH
al '
149 E BN AE
E(EE PN
J]614]1112]9
d11[L|5[8[0
2]314|5]7]0

X c RC){H){W’

9CxHxW.

Fig. 6. In the figure, it shows in detail an example of extracting
3x 3 receptive-field spatial features by the Unfold method. For the
convenience of display, we set the step size to 3.
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Semantic segmentation vs Instance segmentation LA

There are different types of segmentation techniques, including semantic segmentation which assigns a class
label to each pixel in the image, and instance segmentation which not only assigns class labels but also
distinguishes between different instances of the same class (e.g. different cars in an image).

Semantic Segmentation Instance Segmentation

https://blog.roboflow.com/difference-semantic-segmentation-instance-segmentation/
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Standard convolution vs Group convolution

standard convolutions

grouped convolutions

https://www.jeremyjordan.me/convnet-architectures/
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BAM: Bottleneck Attention Module

|-— Channel=5 —-I
— . #£&==a. Channel attention
i 2
Global avg pool , ——7) = -, = e,
X2
o, — b — — @ ) @_.
3x3 1x1
1x1 conv conv
conv ! | .
with dilation value d Spatial attention BAM h:ttsntlon
Input — Channel== ] M(F) e R1xHxW (F)
tensor — @ -
F

https://medium.com/lunit/bam-and-cbam-self-attention-modules-for-cnn-585e042c607f
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CBAM: Convolutional Block Attention Module

Convolutional Block Attention Module

é Channel
Input Feature Attention Spatial Refined Feature
Module Attention
Module
= g
H .
(" MaxPool Channel Attention Module ) 4 Spatial Attention Module )
conv
j ﬁ \ j 5 layer
— —- —-
AvgPool @ @ — 5 @
\ﬁ .f \ Channel Attention
Shared MLP 5 M Channel-refined [MaxPool, AvgPool] Spatial Attention
C
\ Input feature F / \ feature F’ M )

https://doi.org/10.48550/arXiv.1807.06521
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CA: Coordinate Attention Module

l Input

Residual Cx Hx W
Cx H1 X Avg Pool Y Avg Pool
L 2 v
Concat + Conv2d
Y
BatchNorm + Non-linear
2 split Y
Cx HA1 Conv2d Convad
Y L 4
Cx HA1 Sigmoid Sigmoid
Re-weight CxHx W
l Output

Cx1xW

Cirx 1 x (W+H)

Cirx 1 x (W+H)

Cx1xW

Cx1xW

https://medium.com/@hichengkang/paper-review-coordinate-attention-for-efficient-mobile-network-design-52ff23074e04
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CAM: Channel Attention Module

\ Input feature F

MaxPool

AvgPool

A=

Channel Attention Module

Vi W S

S \
Shared MLP

7

\

DO—- =
5 Channe:wittention

J

https://doi.org/10.48550/arXiv.1807.06521
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Task Aligned Assigner for matching strategy 12A

» Task Aligned Assigner
t =s* x uP

» s is the classification score
» uis the IOU value
» «a and S are the weight hyperparameters
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YOLOvVS8 Loss Function

» Classification Loss: VFL (VariFacal Loss)

VFL(p,q) = —q(qlog(p) + (1 —g)log(1 —p))if g >0

VFL(p,q) = —ap'log(1 — p)
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SiLU Activation

45| [—=SILU
3_—ReLU
SiLU (x) x o(x) * !
() r)=x*x0(x)=2x
1+e 7
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Activation function

Tanh
1.0
a(~)=e’-e
o(z)= 0.5 S b g
=10 -5 - 10

(b)

LeakyRelLU(a=0.2)
10

5 z,2>0

az.,otherwise

z.2>0 l.cakyRcl.U(:)={

ReLU(z)=
(2) {0. otherwise 5.

- 5 10

(c) (d)
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Filter out unsuitable labels during training

@ glenn-jocher commented on Jan 9, 2022 Member | =+-

{@alicera label candidate criteria are applied to filter out unsuitable labels during training here:

yolovsiutilslaugmentations.py
Lines 272 to 277 in 6865d19

272 def box_candidates(boxl, box2, wh_thr=2, ar_thr=100, area_thr=0.1, eps=1e-16): # box1(4,n), box2(4,n

273 # Compute candidate boxes: boxl before augment, box2 after augment, wh_thr (pixels), aspect_ratio

274 wl, hl = box1[2] - box1[8], boxl1[3] - box1[1]

275 w2, hZ2 = box2[2] - box2[8], box2[3] - box2[1]

276 ar = np.maximum{w2 / (h2 + eps), h2 / (w2 + eps)) # aspect ratio

277 return (w2 = wh_thr) & (h2 > wh_thr) & (w2 * h2 / (wl * hl + eps) > area_thr) & (ar < ar_thr) #
1 b

The current settings reject boxes with widths or heights < 2 pixels.
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Parameters of the four structures 16

YOLOv5s YOLOv5m YOLOv5I YOLOv5x

depth_multiple 0.33 0.67 1.0 1.33
width_multiple 0.50 0.75 1.0 1.25
BottleneckCSP£{

BCSPN(True) 1,3,3 2,6,6 3,9,9 4,12,12
BottleneckCSP£{

BCSPn(Flase) 1 2 = 4
ConvERZHE 32,64,128,256,512 48,96,192,384,768 64,128,256,512,1024 80,160,320,640,1280
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CV Data Augmentation

Original
Samples

238783579,jpg aug_-1271888501_0_-749611674.jpg aug_1462167959_0_-1659206634.jpg

Input
Image

MIXUP Cutout CutMlX aug_1474493600_0_-45389312.,jpg aug_1715045541 0_603913529,jpg aug_1779424844 0_-589696888.jpg
Mosalic

https://blog.roboflow.com/yolov4-data-augmentation/
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Non-Max Suppression (NMS)

The following is the process of selecting the best bounding box using NMS-

Step 1: Select the box with highest objectiveness score

Step 2: Then, compare the overlap (intersection over union) of this box with other boxes
Step 3: Remove the bounding boxes with overlap (intersection over union) >50%

Step 4: Then, move to the next highest objectiveness score

Step 5: Finally, repeat steps 2-4

For our example, this loop will run twice. The below images show the output after different steps.

Step 1: Selecting Bounding Step 3: Delete Bounding Step 5: Final Output
box with highest score box with high overlap

https://www.analyticsvidhya.com/blog/2020/08/selecting-the-right-bounding-box-using-non-max-

mSSEPPresSSioOEWith=implementation/
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Focus module

_— 608*608*3

1#3=608~608

T 304*304*12

S [ ) i o s ==
- P W[ e e =i
e

https://programmer.ink/think/analysis-of-yolov5-network-module.html/
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Cosine Ir schedule

Cosine Annealing is a type of learning rate schedule that has the effect of starting with a large learning 1ot cifarl0 (L=100,k=24, B=300 epochs)
rate that is relatively rapidly decreased to a minimum value before being increased rapidly again. The == Standard Ir scheduling
—— Cosine annealing with restart Ir 0.1
resetting of the learning rate acts like a simulated restart of the learning process and the re-use of good 10° I | | | |
weights as the starting point of the restart is referred to as a "warm restart” in contrast to a "cold restart” ” ! ' I I I
w0
where a new set of small random numbers may be used as a starting point. S 10"
) 1. . . T =
1 1 i our -2
mt :ﬂmiﬂ_l_ E(nnm _T:"min) (1+CDS( T; ﬂ)) E 1
. . lu-]n l
Where where #mm and ;. are ranges for the learning rate, and T, account for how many epochs have | |
: Model | Model | Model | Model | Model | Model
been performed since the last restart. \ 1,2 8 4 5 |
10
0 50 100 150 200 250 300
Text Source: Jason Brownlee Epochs

Image Source: Gao Huang

1)) uNIvERSITY OF ULSAN 48 ISL ab



CSP module - Bottleneck

Convolutional

CSP (Cross Stage Partial Network) EMERFEPMLE \
| Con2d | BN LeakyReLU

Layer Layer | Layer
Base layer
Base layer e —
Part 1 Part 2
: - = *
Res(X)Block I N Res(X)Block ! "
l £
| with  fixn o |ixn Residual
: Bottleneck : : Bottleneck :
— ——————— Add
¥ . -
Partial Transition C — C — ‘
onvolutiona onvolutiona
(a) ResNe(X)t (b) CSPResNe(X)t — 7 ax1)) |7 (333)

T [ Enhsiett TN
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CSP module - Bottleneck

— — —  —  e— — ee— — — — | — —  e— — — | — q
r BottleneckCSP
I (c_in, c_out) x N

| e=0.5(8 A I E F)
c_=c_out*e T s et
| input Bottleneck |

input

CONV (c_in,c_,1,1)

CONV (c_c 1,1)

v

|
Conv2d (c_in,c_,1,1) Bott enicr: (€0

Conv2d (c_,c_,1,1) L %

CONV (c_c_,3,1)

Concat(2*c_)

BatchNorm2d+
LeakyRelLU

Conv2d
(2*c_,c_out,1,1)
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SPP — Spatial Pyramid Pooling 1

<D o0

|
:

Add the SPP block over the CSP, since it
significantly increases the receptive field,
separates out the most significant context
features and causes almost no reduction of
the network operation speed.

11D 1) UNIVERSITY OF ULSAN
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SPP Block
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Neck — Path Aggregation Network

Figure 1. Illustration of our framework. (a) FPN backbone. (b) Bottom-up path augmentation. (c) Adaptive feature pooling. (d) Box
branch. (e) Fully-connected fusion. Note that we omit channel dimension of feature maps in (a) and (b) for brevity.
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Neck — Path Aggregation Network RO
repeated blocks repeated blocks

(a) FPN (b) PANet (c) NAS-FPN
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. addition

(a) PAN 1497
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Neck — Path Aggregation Network

. concalenation

.

(a) Our modified PAN

Concat{512)

Upsample(256)

CONV (512,256,1,1)

Concat(1024)

Upsample(512)

CONV (1024,512,1,1)

BottleneckCSP

(512,256) x3

CONV (256,256,3,2)

Concat(512)

BottleneckCSP
(512,512) x3

CONV (512,512,3,2)

Concat{1024)

BottleneckCSP

(1024,1024) x3




Anchor

» There will be Anchor frame with initial length and width

»the anchor frame initially set by Yolov5 on the Coco data set:

c:li
P
C NN NN NN NN E N W mm
¥ : :
anchors: : b, :
- [116,90, 156,198, 373,326] # P5/32 - :I::u
- [30,61, 62,45, 59,119] , # P4/15 : Icr(ty) : b=0(t)+c
- [10,13, 16,30, 33,23] # £3/8 Pt | P e } b=0(t )+
e e ' T : o(t,) : b =pe*
: : b=pe"
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Total Loss

The YOLOVS loss consists of three parts:

e Classes loss(BCE loss)
e Objectness loss(BCE loss)

e Location loss(CloU loss)

Loss = /\IL(J,,- + /\ZL'obj T /\.‘{Llrx;

1101 UNIVERSITY OF ULSAN l&;gh



Total Loss

Total Loss = ApoxLpox + AobjLobj + AcisLeis

Apox = balancing parameter loss regression
Aopj = balancing parameter loss objectness
Acis = balancing parameter loss classification

pZ(b’bgt) 172

s> B
I _ HObj L Loy =1 —1ToU+ c? + (1—-1IoU) +v
box — ij CloU gt

— 4 wZ> _ Wy2
i=0 j=0 V== (arctan gt — arctan h)

p = distance of center point

¢ = distance of border points (top — left,right — bottom)

s? = grid size _ o
w = width prediction box

B = number of anchors h = height prediction box
i = grid w9t = width ground truth box
J = anchor h9t = height ground truth box

Zobj is equal to one when there is an object in the cell, and 0 otherwise.
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Total Loss

Qf‘ho\lfy Cvossﬂehﬁrop}/:“"(i(X) ‘7@

This cahcefs out
IF 6h€ ‘éalf‘ge{f 3 O

TARGET

1
> (8,8)
s
;

https://towardsdatascience.com/cross-entropy-for-classification-d98e7f974451
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Distance loU Loss 1O

d
DioU = 1—[(::U+—2
C

DloU loss is invariant to the scale of regression problem, and like GloU loss, DloU loss also provides the moving directions
for predicted bounding boxes for non-overlapping cases.
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TP, FP and FN

True Positive - TP False Positive - FP False Negative - FN

Ground truth box ~ Predicted box

The object is there, and

The object is there, and Left: The object is there, but the predicted box has an :

! . the model doesn't detect
the model detects it, loU against ground truth box less than threshold. ; ;
with an loU against it. The grouqd .truth object
ground truth box above Right: The object is not there, and the model detects has no prediction.
the threshold. one.

Image source: https://manalelaidouni.github.io/Evaluating-Object-Detection-Models-Guide-to-Performance-Metrics.htm/
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Metric

. TP
Precision = TP + FP
I'F
recall = TP~ EN
rl = 2 = precision x recall
precision + recall
TP + TN
GRS T TP FEN £ IN ~ FP
e N
specificity = TN+ FP

Source: https.//www.researchgate.net/post/What _is_the_best_metric_precision_recall f1_and_accuracy_to_evaluate_the_machine_learning_model for_imbalanced_data

11 1) 1) UNIVERSITY OF ULSAN ISl ab




Dilated convolution

dilation=1 dilation=2

dilation=3

Normal Convolution Dilated Convolution
Dilated Convolution =

3x3,d=2

Introduced by Yu et al. in Multi-Scale Context Aggregation by Dilated Convolutions

e -

Dilated Convolutions are a type of convolution that “inflate” the kernel by inserting holes between the

kernel elements. An additional parameter [ (dilation rate) indicates how much the kernel is widened.
There are usually [ — 1 spaces inserted between kernel elements.

https://paperswithcode.com/method/dilated-convolution
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Normal convolution vs Depth-wise convolution

a:(’
7 7 pa— ,
7 I L 7
e A d
i 2 il 1]
Il £ /I o
& & o £ i 11
& & I i I vl 1] ]
A |
// ///
A
A |
1|
-~
o
*¥Q3%kQ%kQ —
3*3*3*3 =81

3%(3*3%1) = 27

f‘////,//// //U/UJ/I:UJ
HEEEEER

Normal convolution Depthwise Separable Convolution

3%(1*%1*3) = 9

27 +9=36

https://medium.com/@:zurister/depth-wise-convolution-and-depth-wise-separable-convolution-37346565d4ec
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Normal convolution vs Depth-wise convolution

4 - N
1%3
Pointwise
\. Convolution / \ Convolution )
( M * (k.k.1) ) ( N * (1.1.M) )
SEPARABLE CONVOLUTION GROUP CONVOLUTION (G=2)
\_ /L J
4 N
Numbers of Parameters ~ W 1N
, : SEPARABLE GROUP
M Input Layer Nb channels
N Output Layer Nb channels *
o fe sl M*(k.k+N) K.K.M.N/G
K Filter Kernel Height/Width k i K )
s v,

https://www.researchgate.net/publication/329740351_Analysis_of Efficient CNN_Design_Techniques_for_Semantic_Segmentation/figures?lo=1
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YOLOvVS8 Loss Function

YOLOVS losses included classification loss (VFL Loss) and regression loss (CIOU Loss
+ Distribution Focal loss (DFL)), and the three losses were weighted by a certain weight
ratio. The three formulas are as follows:

VP = {HO0RP £ los1=p) 420y
2(b, b8

Lcou =1 —1oU + A 2 ) + av (15)

DFL(Si, Si+1) = —((yi+1 — ¥)10g(Si) + (v — vi) log(Si+1)) (16)
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