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Motivation

» The three main problems in object detection in drone-captured images:
» (a) Size variation
» (b) High-density
» (c) Large coverage of objects on drone-captured images
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Motivation

» TPH-YOLOVS5 architecture:

» TPH-YOLOVS introduces an additional head, Transformer prediction head (TPH), and convolutional block
attention module (CBAM).

» Four prediction heads are named tiny, small, medium, and large heads.
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Motivation

» Problems of TPH-YOLOV5:

» Problems at Tiny Prediction Head: It produces plenty of wrong boxes with relatively large confidence,
especially between 0.2 and 0.6.
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Motivation

» Problems of TPH-YOLOV5:

» Problems at Small Prediction Head: the Small Prediction Head also captures objects that are contained
by the results predicted by the additional Tiny Prediction Head

(a) Original Image (b) Tiny Prediction Head (¢) Small Prediction Head
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Contributions

» The new contributions in the paper:

» TPH-YOLOVS5++ is proposed to significantly reduce the computational
cost and improve the detection speed of TPH-YOLOVS.

» Cross-layer Asymmetric Transformer (CA-Trans) is designed to replace
the additional prediction head while maintain the knowledge of this head.

» By using a Sparse Local Attention (SLA) module, the asymmetric
information between the additional head and other heads can be captured
efficiently, enriching the features of other heads.
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TPH-YOLOVS Architecture
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TPH-YOLOV5++ Architecture
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TPH-YOLOV5++ Architecture

» Cross-layer Asymmetric Transformer (CA-Trans)
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Algorithm 1: Sparse Local Attention

|

Input: input feature maps Q, Ky, V
Output: output F,;
forifrom0Otoa—1do
forjfromOtob—1do
select the (i, j) point in neighborhood of each pixel in Q;
build the neighborhood feature M;
end
end
concatenate all neighborhood features to generate Ksparse;
Keparse Q|
\/% ’
9 foreach row r of R do
calculate the average R;;
A(r, 1) «—2-R, — R(r,]);
12 end
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g b Figure 7. Overview of the CA-Trans module. (a) is the vanilla ViT module that generates Q, K, and V
from a single feature map and uses multi-head self-attention (MHSA) to obtain attentions. (b) shows
(a) (b) (c) the architecture of our CA-Trans, where K and V are generated from f;, while Q is generated from f;

Otherwise, we replace the MHSA with the sparse local attention (SLA) to extract attentions between
two different layers. (c) is the SLA. By introducing the cross-layer sparse relation module (CSRM)
and asymmetric feature extractor (AFE), our CA-Trans can efficiently extract asymmetric information
between two paths and enrich the features of small paths.
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TPH-YOLOV5++ Architecture
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Experiments

» Dataset
» VisDrone2021 dataset
» Trainset: 6,471 images
» Validation set: 548 images
» Test-dev: 1,610 images
» Test-challenge: 1,850 images
» Evaluation: validation set and testset-dev
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Experiments

» Dataset

» UAVDT (Unmanned Aerial Vehicle Benchmark Object Detection and Tracking)
dataset

» 40,376 images (50 videos)
» Trainset: 24,778 images (31 videos)
P Testing set: 15,598 (19 videos)
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Experiments

» Implementation Details
» PyTorch
» An NVIDIA RTX3090Ti GPU for training and testing
» Pre-trained model from YOLOv5x
» Adam optimizer
» Use 0.0003 as the initial learning rate with the cosine Ir schedule
» On VisDrone2021:
» Epoch: 65 epochs
» Batch size: 2
» Input images: 1536 x 1536

» On UAVDT:
» Epoch: 30 epochs
» Batch size: 4
» Input images: 1024 x 1024
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» Comparisons with the State-of-the-art
» On VisDrone 2021 test-challenge dataset

Experiments

{2t a b
S N S

Method AP [%] AP50 [%] AP75 [%] AR1 [%] AR10 [%] AR100[%]  ARS500 [%]
DBNet(A.1) 39.43 65.34 41.07 0.29 2.03 12.13 55.36
SOLOer(A.2) 39.42 6391 40.87 1.75 10.94 44.69 55.91
Swin-T(A.3) 39.40 63.91 40.87 1.76 10.96 14.65 56.83
TPH-YOLOV5(A .4) 39.18 62.83 41.34 2.61 13.63 45.62 56.88
VistrongerDet(A.5) 38.77 64.28 40.24 0.77 8.10 43.23 55.12
cascade++(A.6) 38.72 62.92 41.05 1.04 6.69 43.36 43.36
DNEFS(A.7) 38.53 62.86 10.19 1.42 9.38 43.10 54.87
EfficientDet(A.8) 38.51 63.25 39.54 1.82 11.12 43.89 55.12
DPNet-ensemble 3737 62.05 39.10 0.85 7.96 42.03 53.78
DroneEye2020 34.57 58.21 35.74 0.28 1.92 6.93 52.37
Cascade R-CNN 16.09 31.94 15.01 0.28 2.79 21.37 28.43
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» Comparisons with the State-of-the-art

Experiments

» On VisDrone 2021 validation dataset

Method AP [%] AP50 [%] AP75 [%]
ClusDet [32] 28.4 53.2 26.4
Zhang et al. [33] 30.3 58.0 27.5
GLSAN [35] 32.5 55.8 33.0
DMNet [36] 29.4 493 30.6
DSHNet [37] 30.3 51.8 30.9
HawkNet [41] 25.6 44.3 25.8
CDMNet [42] 31.9 52.9 33.2
DCREFF [60] 35.0 57.0 29.5
UFPMP-Net [49] 39.2 65.3 40.2
TPH-YOLOvV5 42.1 9.1 45.7
TPH-YOLOvVS++ 414 61.9 45.0
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Experiments

» Comparisons with the State-of-the-art
» On VisDrone 2021 test-dev dataset

Method AP [%] AP50 [%] AP75 [%]
GDFNet [45] 18.7 317 19.4
VistrongerDet [62] 33.85 57.27 34.81
ViT-YOLO [61] 38.5 63.2 40.5
TPH-YOLOV5 34.4 54.5 36.5
TPH-YOLOv5++ 33:5 52.5 3587
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» Comparisons with the State-of-the-art

Experiments

» On UAVDT

Method AP [%] AP50 [%] AP75 [%]
ClusDet [32] 13.7 26.5 12.5
Zhang et al. [33] 177 - -
GDFNet [45] 15.4 26.1 17.0
GLSAN [35] 19.0 30.5 21.7
DMNet [36] 14.7 24.6 16.3
DSHNet [37] 17.8 30.4 19.7
CDMNet [42] 20.7 35.5 224
SODNet [48] 171 29.9 18.0
UFPMP-Net [49] 24.6 38.7 28.0
TPH-YOLOvV5 26.9 41.3 32.7
TPH-YOLOvV5++ 30.1 43.5 34.3
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Ablation studies
» Ablation Study on VisDrone2021 Test-Dev Set

Methods AP [%] AP50 [%] AP75[%] GPU Memory GFLOPs FPS
YOLOV5x 289 45.4 30.8 1279 M 200.2 13.68
YOLOV5x-+p2 31.0 487 329 4667 M 24122 10.89
YOLOVS5x+p2+ViT 3.8 52.0 348 5103 M 2445 9,51
TPH-YOLOVS5 (previous+CBAM) 33.6 53.2 35.8 5105 M 245.1 8.22
TPH-YOLOVS5 (SwinTrans+CBAM) 340 53.2 35.8 4977 M 3154 7.36
TPH-YOLOV5++ 33.1 52.1 35.1 4715M 207.0 11.86
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Ablation studies

P Ablation Study on UAVDT

Methods AP [%] AP50[%] AP75 [%] GPU Memory GFLOPs FPS
TPH-YOLOV5S 269 413 327 3631 M 556.6 ~ 25.12
TPH-YOLOv5++ 301 435 343 3361 M 2032 42.19
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Ablation studies

» Ablation Study for Each Category on VisDrone2021 Test-Dev Set

Methods All Pedestrian People Bicycle Car Van Truck Tricycdle Awning-Tricycle Bus Motor
YOLOv5x 28.9 235 14.3 135 518 354 380 20.2 199 48.6 238
YOLOv5x+p2 31.0 25.6 14.9 143 562 374 401 22.0 215 525 253
YOLOvOx+p2+ViT 32.8 26.7 16.0 155 591 40.0 427 234 222 554 27.1
TPH-YOLOVS5 (previous+CBAM) 33.6 274 16.3 15.9 614 419 433 239 21.5 569 278
TPH-YOLOVS5 (SwinTrans+CBAM) 34.0 275 16.1 15.9 61.7 419 439 24.2 24.0 564 285
TPH-YOLOv5+ms-testing 349 28.8 16.3 15.0 659 443 438 25.7 22.8 59.0 271
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Ablation studies

» Comparisons with the State-of-the-art
» Ablation Study of Neighborhood Size

Neighborhood Size (a,b)

a=0b=0 |la=2b=2| a=4b=14 a—=6>b==6
AP [%] 319 Ja:1 359 33.6
AP50 [%0] 51.7 52.1 52.5 52.6
AP75 [%] 33.5 35.1 34.9 35.0
GPU Memory 4299 M 4715 M 7475 M 12,185 M
GFLOPs 204.5 207 214.9 228.1
FPS 12.01 11.86 10.14 7.67
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Qualitative Visualization of Detection Results
» On the VisDrone2021 test-challenge set

."'-H—
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Qualitative Visualization of Detection Results

» On the UAVDT dataset
v 1
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Qualitative Visualization of Detection Results

» Visualization of Correct Bounding Boxes
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(a) Original Image (b) TPH-YOLOVS (¢) TPH-YOLOvVS++
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Qualitative Visualization of Detection Results

» Visualization between TPH-YOLOV5 and TPH- YOLOv5++

(a) TPH-YOLOVS (b) TPH-YOLOvV5++
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Conclusions
» This paper presents a novel Cross-layer Asymmetric Transformer module

» By replacing the original multi-head self-attention in Vision Transformer with
Sparse Local Attention, the Cross-layer Asymmetric Transformer module can
enrich the feature of small paths with the help of tiny paths.

» Opinions:
» Explain the YOLOVS5 architecture using mathematical formulas
» Modify the ViT Transformer
» Apply in my work with Drone datasest
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Thank you for your attention!
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Apendix
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Photometric Distortion
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https.//giggster.com/quide/basics/hue-saturation-lightness/
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Geometric Distortion

Image Crop Image Rotate

https://innovationm.co/image-croprotateresize-handling-in-ios/
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CV Data Augmentation

Original
Samples

aug_1462167959_0_-1659206634.jpg

Input
Image

MlXU.p Cutout CutMlX aug_1474493600_0_-45389312jpg aug_1715045541 0 603913529pg aug_1779424844 0 _-589696888,jpg
Mosaic

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 Quiput
box with highest score box with high overlap

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

» Both NMS and Soft-NMS filters the boxes by discarding boxes with low
confidence scores, but WBF uses information from all the boxes.

» WBEF can boost the results where all the ensembled models predict
inaccurate boxes, by taking an average of them. See the fig helow for a

better understanding.

NMS /
soft-NMS

—

l WBF

https.//blog.roboflow.com/yolov4-data-augmentation/
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WBF

» Both NMS and Soft-NMS filters the boxes by discarding boxes with low
confidence scores, but WBF uses information from all the boxes.

» WBEF can boost the results where all the ensembled models predict
inaccurate boxes, by taking an average of them. See the fig helow for a
better understanding.

NMS /
soft-NMS

—

l WBF

https.//blog.roboflow.com/yolov4-data-augmentation/
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WBF: Ensemble models —predictions from different models on the same d

MULTIPLE PREDICTIONS
MULTIPLE MODELS

‘ MODEL 4 I —
https.//medium.com/
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WABF: Predictions from Single model with Augmented data

MULTIPLE IMAGE (TTA) MULTIPLE PREDICTIONS

SINGLE MODEL

TN + MODEL 1 | —

https.//medium.com/
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Focus module
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https://programmer.ink/think/analysis-of-yolov5-network-module.html
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Vision Transformer (ViT) g

Vision Transformer (ViT)

)

Class

Bird MLP
%aar” r Head \

®
®
®

Transformer Encoder

|
o TLITEEELE)

* Extra learnable

[class] embedding LlIlEEll' PI'DJECHDII of Flattened Patches

Dosovitskiy, Alexey, et al. "An image is worth 16x16 words: Transformers for image recognition at scale." ICLR 2021
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Transformer Encoder
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Transformer Encoder

4 Convolutional Block Attention Module A giian “OADOSLBHEAHSH Mesilie
Vet W S=
Channel @ @ R
Input Feature Attention Spat;al Refined Feature AvgPool j
Module Attent:on \ﬁ \E Chann@”\ttentim
j —71 \ _/ i \ " Input feature F shared HLP i
>® ] ( Spatial Attention Module
\ ) conv
layer
=
Fig. 1: The overview of CBAM. The module has two sequential sub-modules:
channel and spatial. The intermediate feature map is adaptively refined through \ Channel-refined [MaxPool, AvgPool] Spatial Atention
feature F’

our module (CBAM) at every convolutional block of deep networks.

F'=M.(F)®@ F
F"=M,/(F"Y®F'

M_.(F) = o(MLP(AvgPool(F)) + MLP(MazPool(F)))
M,(F) = o(f™7([AvgPool(F); Maz Pool(F)))) = o(f" " (Fig: Fiaaz))
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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 schaduiing
—— 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 I | | |
weights as the starting point of the restart is referred to as a "warm restart" in contrast to a "cold restart” 2 ! I : I I
where a new set of small random numbers may be used as a starting point. S 107
- | : f - : 2
T — ?ﬁnin =5 E (n;w.': =t n:nin) (1 1= CDE( T ﬂ_)) E X
i
Where where f.rfmm and 7} .. 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. \ 12 a 4 5 8
10
0 50 100 150 200 250 300
Text Source: Jason Brownlee Epochs

Image Source: Gao Huang
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YOLOvV5 v6.0

YOLOvS (v6.0/6.1) consists of:

+ Backbone: MNew CSP-Darknets3
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40 x 40 x 512

20 20 % 1024

k1,51, p0, €1024
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’ 80 x 80 x 256 Convzd
K et p0
e=(5+mng)x3
1 80 x 80
[ comensiiu | :
| K1, 51, pO, 6258 Cc3 256
1
BofeNeck2. | x 3
¥
; | c3
ConvBNSILU ConvBNSILU i
k1, 1, p0, 256 ki, s1, p0, c256
ConvBNSILU ConvBNSILU
ki, 51, p0, 6256 K1, 51, pb, 6256
BomeNeck2 | x 3
Concat
ConvBNSILU
K1, 51, p0, €512
80 x 80 x 256
Upsample
3 = 40 % 40 = 512 Convzd
I Ksip0
| 40052 = (54 nes) X3
ConBNSILU
ki, 81, p0, c258 | . —
4‘ 3 ConvBNSILU
K3, 52, p1, o512
10 3 40 % 256
40 % 40 % 512
ConVBNSILU
ki, 51, p0, c512 c3
_RESL PSR
BotleNeck 2 X3 i l
] ConvBNSILU GonvBNSILU
i K1, 51, p0, €512 K1, 81, pO, €512
ConvBNSILU ConvBNSILU i
K1, 81, pO, €512 K1,81,p0, c512 | |
i BottleNeck 2 x3
ConveNSiLU
k1, 81, p0, 1024
40 = 40 x 512
Uy !m e 0 E 2.
I tospie = 20 % 20 x 1024 Convzd
k1,51, p0.
20 = 20 = 512 P
ConBNSILU
K1, 81, p0, €612
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CSP module - Bottleneck

Convolutional

CSP (Cross Stage Partial Network) EMERBERMNLE _
| Con2d | BN | LeakyReLU

Layer | . Layer . Layer
Base layer
Base layer e —
v Part 1 Part 2
= om e o o o o e 1
i[RescoBlock | po==toooy
RELABING I Res(X)Block |! :

! : 1
i| with IX 1 : - :x » Residual
I Bottleneck : | Bottleneck .
!_____‘____l > - Add

Partial Transition ] ) : . |

_ ) Convolutional Convolutional

(a) ResNe(X)t (b) CSPResNe(X)t ' (1x1) (3x3)

T Hehsiett TR
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CSP module - Bottleneck

I- BottleneckCSP
(c_in,c_out)x N

e=0. S{ﬁﬂﬁmﬁ?]

_=c_out*e

input

CONV (c_in,c_,1,1)

v

|
Conv2d (c_in,c_,1,1) Bottleneck (c_.c_)

Convad (c_,c ,1,1)

Concat{2%c_)

BatchNorm2d+
LeakyReLU

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

-------------------------------------------- 416x4165H A\

| | SPP Block ;
! . 13x13x2048
— 1

I3><13u=-<5I'7r I3x13XSI’ 13XI3X5I7

<300

s e e m— s ———m e e —————
¢
= 3Jo 0O

Add the SPP block over the CSP, since it
significantly increases the receptive field, /H // 77 //é—n—//
separates out the most significant context
features and causes almost no reduction of

. / ; 13x13x512
the network operation speed. /

=
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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

repeated blocks

(a) FPN (b) PANet (c) NAS-FPN
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(a) PAN [49]
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Neck — Path Aggregation Network

=

(a) Our modified PAN

Concat{512)

CONV (512,256,1,1)

Concat(1024)

Upsample(512)

CONV (1024,512,1,1)

CONV (256,256,3,2)

Concat{512)

CONV (512,512,3,2)

Concat{1024)




Dilated convolution

dilation=1 dilation=2

1 ()1) uNIVERSITY OF ULSAN ISL ab



SiLU Activation

45| [—SILU
| [=—=ReLU
a3 2 z{f}k 1 2 3 4
SiLU (x) x o(x) * !
(} L) =Tx0\X) =T
1 +e 7%
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Activation function

Sigmoid Tanh
1.0 1.0
1 y e —-e:
t'3"(':)=I+e~-' , o [ﬂr(z} e +e”
) ~10 = ™ s 10
-0.
~10 = o 5 10 0
(a) (b)
RelLU LeakyRelLU(a=0.2)
wl 10
. LeskyReLU(z)={ """
RELU(:)I x=r0 s '}_ @z, otherwise
0, otherwise s/ ~ g 3 5
]
-10 -5 % 5 10 -10
(c) (d)
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Parameters of the four structures

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) = 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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Anchor

» There will be Anchor frame with initial length and width

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

c:';
Py
C NN NN NN W NN mm
¥ : :
anchors: . b, C
- [116,90, 156,198, 373,326] # P5/32 " :h
- [36,61, 62,45, 59,119)] . # P4/15 i Iﬂf_ty) " =o0(t )+c
- [10,13, 16,30, 33,23] # P3/8 Pre | by |3 : b=0(t )+c
S — o, DB H BES®, : b=pe"
; ; t'thhet"

I ID1) uNIvERSITY OF ULSAN 53 ISl ab



Total Loss

The YOLOVS loss consists of three parts:

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

e Location loss(CloU loss)

LGSS -— )\[L{:,[,_;. + z\gLﬂiu - )'I-HLIW;
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Total Loss

Total Loss = ApoxLpox + AobjLobj + AcisLeis

Apox = balancing parameter loss regre
Aopj = balancing parameter loss objeci
Ac1s = balancing parameter loss classi;

<8 b Leror =1 —ToU + 22 P90 v’
Lbox — z Z]lo LCIOU cloU t c? (1 -1IoU)+v
i=0 j=0 V= 42 (arctan hg — arctan— )2
p =distance of center point
5 ] ) c = distance of border points (top —left, right —
s% =grid size w = width prediction box
B = number of anchors h = height prediction box
I =grid w9t = width ground truth box
Jj =anchor

h9t = height ground truth box

1 obj is equal to one when there is an object in the cell, and 0 otherwise
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Qf‘ho\lfy C—Vossﬁeh-&roFyz: —--(

4

Total Loss

[ his comcels out
if €he target i ()

TARGE

[ R | \
.‘1’@ 1
0
T

T [ )

F(x) o;l(x)

T

.

(1=pl) « log (1-q(x)

LA A -

This cancels out

iF the €arget (s /]

PREDICTION

[
0.6
0.7

0.4

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

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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Efficient sub-pixel convolutional neural network (ESPCN)

Low-resolution image (input) n, feature maps n,; feature maps r? channels High-resolution image (output)
v o e, e e Fr 2 cren s o s e M
UL I NP [ e Ep i I .
- | NV VR TR 1 1 | | | 1 | |
- 3 2 e oot v o e o s B H e T o
H L, . | | % ~
foty, [ o apes H B
[HIH B 52 S
U s | TH ML~
] —__t_ _-h-. ] T__ _. - _I
B il Y HIH ' i y
Hidden layers Sub-pixel convolution layer

Figure 1. The proposed efficient sub-pixel convolutional neural network (ESPCN), with two convolution layers for feature maps extraction,
and a sub-pixel convolution layer that aggregates the feature maps from LR space and builds the SR image in a single step.
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ResNet

residual connection

Fix) e
weight ayer vty

Flx)+x 'f

45

Residual Network

351 ponw, 58
¥
| Jedewew, 256 |
[[(aewmi= )
¥
13 55
: Al con, $12, /2 :
¥
1x1 213
| sdconv 512 |
¥
| 3sdeoav, 512 |
¥
| 33eeaw 51z |
¥
| 3adewsz |
¥
H:Hl
l fe 1000 ]

[ Bdeoew gd |

i

[ Sacowsa |

['_'H?'u'*-'-'r."ﬁ"_'l
L ]

[ mwTw,n |
[ ddcomwfd |
¥
[ ug‘:gg |
| Hn;mlﬂ |

[ a3 conw, 138
(]
[ ddeom 128 |
¥
| Tdeoew, 138 |
%
| #Tm |
| m%m |
Sk o, 128 |

Plain Network !—'i‘ -
=
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ResNet

layer name | output size 18-layer 34-layer 50-layer 101-layer 152-layer
convl 112112 T=7, 64, stride 2
33 max pool, stride 2
[ 1x1.64 ] [ 1x1.64 ] [ 1x1.64 |
¥ 56%56 g : '
convex % [ 2*}23 ]xz { gxg’i ]><3 3x3.64 | X3 3%3.64 | X3 3%3. 64 | x3
AT . | 1x1,256 | 1x1,256 | | 1x1,256 |
- - a - [ 1x1, 128 ] [ 1x1, 128 ] [ 1x1, 128
comv3x | 28x28 :ﬁ Eg %2 :i: E: x4 | | 3x3,128 | x4 3x3, 128 | x4 3x3, 128 | x8
L Foned : S : | 1x1,512 | 1x1,512 | 1x1,512 |
- - _ - x1,256 | 1%1,256 11,256
convd_x 14% 14 :i 3‘22 %2 :i: ;gg %6 3%3,256 | %6 Ix3,256 |x23 3%3,256 | %36
Sl ina® St : | 1x1, 1024 | 11,1024 | Ix1, 1024 |
= : : : [ 1x1,512 ] 11,512 1x1,512
- h : : 5 ] ] L]
oS i 7%7 :ﬁ::; 2 :ﬁqg x3 || 3x3.512 |3 3%3,512 | x3 3x3,512 | %3
LT L e | 11,2048 | 151, 2048 131, 2048
1 average pool, 1000-d fc, softmax
FLOPs 1.8 10° 3.6x10" 3.8%10° 7.6x10° 11.3%107

ures for ImageNet. Building blocks are shown in brackets (see also Fig. 5). with the numbers of block
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ResNet in FPN

[
=
5
¥
o

ResNet

{  image

L)) UNIVERSITY OF ULSAN

=
i H
% -
i H
i L3

B3 =

+ =
' H
- H
' .
Lespssanaransnsenca

1x1  poundary |
conv. : b i




Faster-RCNN

Object is a cat ine sition
Faster R-CNN [ T Seaidial

Classification Bounding-box
loss RS A regression loss
o™ y 4
- ¢
AAL
Object or not object BB proposal
Classification Bounding-box
loss regression loss Rol pooling
. N ¥ o
v’\—\ V a 5 B

.\'\.) w { . 4
pro posats/ —— /

Region Proposal Network BS

feature map

CNN _
y /
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Faster-RCNN

comnv D pﬂcllng. reluu [ullc:-::nneﬂtinr‘l.

PxQ Mx N 13 4 corw B, 134 relu B. 4 4 pooling B fEatUFE EXtraCtiDn

L1LL UL AR VAL bt

' Feature Map 44—

Faster RCNN 4%

J,r.—l- bbox_pred

=
|
v

. cls_prob

N

region proposal

predication

Image source: https.//www.yfworld.com/?p=6049
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Faster-RCNN with FPN

. ResNet101

0. 5x 1x1§
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Nearest Neighbor Interpolation

O
O

O
O

C

D

https://jason-chen-1992.weebly.com/home/nearest-neighbor-and-bilinear-interpolation

https://theailearner.com/2018/12/29/image-processing-nearest-neighbour-interpolation/
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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

I::}i?hn;idliud:tea?;sstn' el = > ' it. The ground truth object
g —— N has no prediction.

ground truth box above Right: The object is not there, and the model detects

the threshold. one.

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

precision = Lis
IP 4+ FP
TP
recall = TP+ FN
F1 = 2 x precision x recall
precision + recall
TP + TN
wewrdsy = TP+FN+ 1IN +FP
o _IN
pecyicly: = IN + 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
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ROI Pooling

0.3 0.4 0.2 0.1
0.5 0.1 0.9 07
0.3 0.6 0.2 0.2
0.1 0.7 0.9 0.1

Input feature map for ROl pooling.

0.3 04 0.2 0.1 0.3 0.4 0.2 0.1
0.5 0.1 0.9 0.7 0.5 01 0.9 0.7
2x2
—

0.3 0.6 0.2 0.2 0.3 0.6 0.2 0.2
0.1 0.7 0.9 0.1 01 o7 0.9 0.1

Divide taken region into fixed size grid using proposals (updated coordinates).

max pool ROI
0.9 07
0.9 01

Output from ROI pool based in max pool operation.

https.//firiuza.medium.com/roi-pooling-vs-roi-align-65293ab741db
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ROI Align

6.25 :
6.25
=86 I 1 maasm  amekso
& 3x3 Rol Poaling
wsarhy  pastfon
@ 2 2
0 " <
< ==
Sampling points distribution
Rol Box size Rol divided into boxes
6.25 6.25 6.25 6.25
FELIA . 3 04 0 08 03] 01 __gﬁ:kj‘ 04 o. 06 08| “T'Q """" i tad i 3 L L 01 _...Zi: /b.l.... 04 o L 09
i .
i b b 0
<t| joo o8 1 03 o. 0z L < |oe 08 .7 03 0. 02 0.5} < Joo 08 .7 03 o 0.2 05 <t Jos 0.8 7 03 0. 02 05
i = W o o o L 02 05 1 01 o o1 08 oz o8 5 o7 o o as 02 05 h 07 o 01 08
”m a2 2 as a o ol N I . " ol ad o 2 Al a ks a
Bilinear Interpolation for the first point
Bilinear Interpolation for the second point Bilinear Interpolation for the third point Bilinear Interpolation for the fourth point
6.25 6.25
0.1 ", 0.2 .3 0.4 0 0.6 0.8 0.1 0.2 .3 04 05 0.6 0.8
am sa Lx1 = MAX(0.14, 0.21, 0.51. 0.43) = 0.51 L}
1 0z 2 05 s. 0.8 04 33 ROIAIIgn 1 nz 3 na. T ——— 04 3x3 ROIAIIgn
B
- 051 '—--...___ g
wn L)
<f |os 08 .7 03 o, 02 05 n
< 0.9 0.8 .7 0.3 0.5 0.2 0.5
[F] 05 1 07 [ 01 08
0.2 0.5 1 07 0.1 0.1 0.8
ae o " Py o a4 ool

First Box Pooling

https://towardsdatascience.com/understanding-region-of-interest-part-2-roi-align-and-roi-warp-f795196fc193

1)) uNiversITY OF uLSAN 69 ISL ab




RetinaNet

ResNet

L)) UNIVERSITY OF ULSAN

Feature Pyramid Net

class+box
subnets

class+box
subnets

class+box
subnets

X4A
: subnet / / /

w 1

subnet

- x256 | x4 X256

Classification and Regression Subnets




FCOS

7x8 /128 | P7 [ Head
; i .—J i e e ey
13x16 /64 Head Classification
! Hx WxC
25432 /3D Center-ness
x32 / ) Hx Wx 1
E Hx Wx256 HxWx256
50x64 /16 5 Regression
i Hx Wx4
> IR ----- » —_—
L O x4
100x128 /8 Lo
i L HxWx256 HxWx256
800x1024 " Shared Heads Between Feature Levels
HxW /s Feature Pyramid Classification + Center-ness + Regression

Figure 2 — The network architecture of FCOS, where C3, C4, and C5 denote the feature maps of the backbone network and P3 to P7 are
the feature levels used for the final prediction. H X W is the height and width of feature maps. /s’ (s = 8, 16, ..., 128) is the down-
sampling ratio of the feature maps at the level to the input image. As an example, all the numbers are computed with an 800 x 1024
input.
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Mask-RCNN

Region Proposal Network (CNN)

_/ Class
_r_;yﬂﬂund'lng Box

Region-based Detector (CNN)

atures
rd d
P
P
a.—r'/

Ve
o
o

L

Segmentation Masks

R;gion Fe

Feature Extractor Feature Tensor

(ResNet)

Mask Prediction (CNN)

Region Subnet
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Bilinear interpolation

R1
= (x2-x)/(x2-x1)*x0Q11 + (x-x1)/(x2-x1))
: : *x Q21
A S S8 o R2
5 = (x2-x)/(x2-x1)*x0Q12 + ((x-x1)/(x2-x1))
i P E *x Q22
p
i i i = ((y2 -1
: : : x R2
Y. __+'§'11_ *5'1 ___+Q_E_'l_
};{'1 X :';{E B efcee Interpolation
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Deconvolution

|| 2 x 2 kernel
I | stride = 2

intermediate grid

I padding = 1
input r‘I ( T output
| e -
| ' e
| [ ’ [ . ( * =
3 X3 1 S
SIS stride=1 %

https://i.stack.imgur.com/GlgLM.png
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Deconvolution

|| 2 x 2 kernel
I | stride = 2

intermediate grid

I padding = 1
input r‘I ( T output
| e -
| ' e
| [ ’ [ . ( * =
3 X3 1 S
SIS stride=1 %

https://i.stack.imgur.com/GlgLM.png
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Softmax

Input pixels, x Feedforward output, y; Softmax output, S(y;)

cat dog horse cat dog horse
5 4 2 0.71 | 0.26 | 0.04
Forward Softmax
propagation function
> 4 2 8 »| 0.02 | 0.00 | 0.98
. 4 4 1 0.49 | 0.49 | 0.02
Shape: (3, 32, 32) Shape: (3,) Shape: (3,)
- e’
Sf}lfj: _
e’
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Adam Optimizer

For each Parameter w’

(7 subscript dropped for clarity)
vy =B x 1 — (1 = B1) * g4
st = B2 * 81 — (1 — Pa) * g7

Vi
Awy = —1) * gt
\/St + €
wt—I—l p— Wt —|— Awt Here, we compute the exponential average of the gradient as well as the squares of
the gradient for each parameters (Eq 1, and Eq 2). To decide our learning step, we
multiply our learning rate by average of the gradient (as was the case with
n : Initial Learning rate , momentum) and divide it by the root mean square of the exponential average of
gt + Gradient at time t along w! square of gradients (as was the case with momentum) in equation 3. Then, we add
vy : Exponential Average of gradients along w the update.

st : Fxponential Average of squares of gradients along w

B1, By : Hyperparameters The hyperparameter betal is generally kept around 0.8 while beta_2 is kept at 0.99.

Epsilon is chosen to be 1e-10 generally.
https://blog.paperspace.com/intro-to-optimization-momentum-rmsprop-adam/ P Y ¥

11D unIvERSITY OF ULSAN ISL ab



