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Object Detection and Bounding Boxes

Object Detection

< Object Detection (goi tat 1a OD) sé trad I&i cho cau hdi “dd 1a doi twong nao
va doi twong dé nam & dau” hay what? va where?

< OD c¢6 trng dung réng rai trong nhiéu Iinh vwe an ninh, y té, robotics, ...
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¥ ___ Object Detection and Bounding Boxes a

Bounding Boxes

< Bounding Boxes dung dé mé ta vi tri khdng gian cla mét object.

% C6 dang hinh chir nhat, dwoc xac dinh bdi cap toa dd (x,y) cua gbc trén
bén trai hinh chir nhat va toa d6 twong wng cua goc dwdi bén phai hinh chir
nhat.

“* Nhwng cach thuwdong dwoc st dung la cap toa dé (x,y) cua tdm bounding
boxes cung véi chiéu dai va chiéu réng clia bounding boxes.
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Object Detection and Bounding Boxes

Bounding Boxes
# @save
def box_corner _to center(boxes):
"""Chuyén ti (gdc trén-trai, gdc dudi-phai) sang (tdm, chiéu rong, chiéu cao)."""
x1, y1, x2, y2 = boxes|:, 0], boxes[:, 1], boxes[:, 2], boxes|:, 3]
cx=(x1+x2)/2
cy =(yl+y2)/2
w=x2 -x1
h=y2-vyl
boxes = torch.stack((cx, cy, w, h), axis=-1)
return boxes
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Object Detection and Bounding Boxes

Bounding Boxes
# @save

def box_ center to corner(boxes):
"""Chuyén tir (tdm, chiéu rong, chiéu cao) sang (gbc trén-trai, géc dwdi-phai)."""
cx, cy, w, h = boxes[:, 0], boxes|:, 1], boxes|:, 2], boxes|:, 3]
x1=cx-0.5*w

yl=cy-05%*h
X2 =cx+0.5*w
y2=cy+0.5*h

boxes = torch.stack((x1, y1, x2, y2), axis=-1)
return boxes
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Anchor Boxes

Generating Multiple Anchor Boxes

< Néu anh cé kich thwdc h X w, cho scale s va ratio r thi chiéu rdong anchor 13
ws+/r va chiéu dai anchor 1a hs/+/r.

< Néu co n scales va mratios, thwong dung cac két hop chva s; hoadc r; dé
giam so lwong.

< SO anchor trén cung mot pixel 1a n + m — 1.

< SO anchor trén mot anh 1a wh(n + m — 1).




N
'/ l. Overview e

Anchor Boxes

Intersection over Union (loU)

Jaccard Index do lwdng d6 twong dong gitra hai tap. Véi hai tap A va B, chi
sO Jaccard duoc dinh nghta bang dién tich giao chia cho dién tich hop, tiec la

(AB)_AHB
J(A,B) = A UB

Ta c6 thé coi tAp céac pixel nam trong mét bounding box 1a mot tdp cac diém
anh. Khi dé, dé twong dong gitra hai bounding box dwoc do b&i chi s6 Jaccard
cia hai tap pixel twong trng. Vé&i hai bounding box, chi s6 Jaccard thwong
dwoc goi la intersection over union (loU) — ti |é dién tich giao trén dién tich
hop cua hai bounding box.
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Anchor Boxes

Labeling Anchor Boxes in Training Data

Assigning Ground-Truth Bounding Boxes to Anchor Boxes

< Tap huan luyén cung cap vi tri clia cac bounding box thwc té va I&p cla cac
doi twong bén trong. D& gan nhan cho mét anchor box da sinh ra, ta tham
chiéu t&i bounding box thuc té dwoc gan (assigned) cho anchor box d6 —
tirc bounding box ¢ loU I&n nhat (gan nhat) véi anchor box.

Labeling Classes and Offsets
% Gia st anchor A dwoc gan véi ground-truth B. Khi do:
Nhan class cua anchor A = nhan class cua B.
Nhan offset cia anchor A dwa trén vi tri twong doi gitra tdm cla B va A,

cung va&i ti 1& kich thwde twong doi gitkba hai hop.
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Anchor Boxes

Predicting Bounding Boxes with Non-Maximum Suppression

 Muc tiéu: loai cac bounding box dw doan qua gidong nhau (chong lap) va git
nhirng box manh nhat.
*»* Thuat toan:
Sap xép cac box theo confidence gidm dan.
Lay box manh nhat B, loai (suppress) moi box co loU v&i B; > «.
Lap v&i phan con lai; két qua 1a cac box gilr lai co pairwise IoU < «.
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Multiscale Object Detection

Multiscale Anchor Boxes

< Multiscale Anchor Boxes la ky thuat tao ra nhiéu hdp tham chiéu (anchor)
v&i kich thwde va ti 1&é khac nhau, giup md hinh phi hop véi nhiéu loai doi
twong.

< Mdi pixel trén feature map sé sinh ra nhiéu anchor box dwa trén danh sach
cac kich thwore (sizes) va ti lé (aspect ratios) da chon.
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Multiscale Object Detection

Multiscale Detection

< Phat hién da ti 18 nham muc tiéu nhan dién dwoc doi twong & moi kich
thuorc.

< Thay vi chi dwa vao mot feature map, md hinh sé& s dung nhiéu feature
map & cac tang khac nhau ctia mang CNN.

< Cac tang néng tao ra feature map I&n, phu hop phat hién doéi twong nhd;
trong khi cac tang sau tao ra feature map nhd, phu hop phat hién doi twong
lon.

< Mbi tang sé sinh anchor box v@i kich thwdc phu hop, gitp cai thién dd chinh
xac cho ca doi twong rat nhd 1an rat 1on.
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Demonstration
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Single Shot Multibox Detection - SSD

Class
prediction |«—_1 Anchor Multizcale
I h— R
Bounding box [« box feature maps
prediction T
Class T
prediction  |«=—_1 Anchor | Multiscale
Bounding box [« box feature maps
prediction

Class
Anchor | —| prediction

Bounding box
prediction

14.7. Single Shot Multibox Detection — Dive into Deep Learning 1.0.3 documentation
[1512.02325] SSD: Single Shot MultiBox Detector



https://d2l.ai/chapter_computer-vision/ssd.html
https://d2l.ai/chapter_computer-vision/ssd.html
https://d2l.ai/chapter_computer-vision/ssd.html
https://d2l.ai/chapter_computer-vision/ssd.html
https://d2l.ai/chapter_computer-vision/ssd.html
https://arxiv.org/abs/1512.02325
https://arxiv.org/abs/1512.02325
https://arxiv.org/abs/1512.02325
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Introduction

ACCEPTED CONFERENCE ON COMPUTER VISION AND PATTERN RECOGNITION 2001

Rapid Object Detection using a Boosted Cascade of Simple

Features
Paul Viola Michael Jones
viola@merl.com mjones@crl.dec.com
Mitsubishi Electric Research Labs Compaq CRL
201 Broadway, 8th FL One Cambridge Center
Cambridge, MA 02139 Cambridge, MA 02142

paper.dvi



https://www.cs.cmu.edu/~efros/courses/LBMV07/Papers/viola-cvpr-01.pdf

V/ Il. Viola — Jones Algorithm - = .

Introduction

S¢¢ dung clra sb6 trwot (sliding
windows) v&i kich thwdc ban dau
thworng 1a 24 x 24 pixels, sau d6 quét |
qua hinh anh & cac ty Ié va vi tri khac
nhau, cac clra s6 dwoc tao ddng va
kim tra bang cascade classifiers
dwa trén Haar-like features.
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Haar-like Features
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Cascade
T T T u
OO0
F F F

@cr Suh—wr'nD

Hinh anh minh hoa vé detection cascade. Mot chudi cac bd phan loai dwoc
ap dung cho mdi ctra s6 con. B phan loai ban dau loai bd mot s lwong 1én
cac vi du tiéu cuc vai rat it xt ly. Céac 16p tiép theo loai b thém céc vi du tiéu
cwc nhwng yéu cau tinh todn thém. Sau vai giai doan x& ly, sO lwong clra sb
con da giam dang ke. Viéc xi ly thém cé thé duwdi bat ky hinh thirc ndo nhw
cac giai doan bd sung cla chudi (nhw trong hé thong phéat hién cda ching

t6i) hodc mot hé théng phat hién thay thé. /I
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Region Proposal

Mot s6 “phuong phap sinh viang dé xuat doc 1ap véi loai doi twong, vi du:
objectness [1], selective search [32], category-independent object proposals [11],
constrained parametric min-cuts (CPMC) [5], multi-scale combinatorial grouping
[3], va Ciresan et al. [6] (dung CNN dé do té bao phan bao tir cac crop vudng déu
nhau, cting la mét dang region proposal).”

Rich Feature Hierarchies for Accurate Object Detection and Semantic Segmentation /



https://openaccess.thecvf.com/content_cvpr_2014/papers/Girshick_Rich_Feature_Hierarchies_2014_CVPR_paper.pdf
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Selective Search

Algorithm 1: Hierarchical Grouping Algorithm

Input: (colour) image
Output: Set of object location hypotheses L

Obtain initial regions R = {ry,--- ,ru | using [13]
Initialise simularnity set § =0
foreach Neighbouring region pair (ri,rj) do
Calculate similarity s(r;, r;)
S=8Uslrir;)

while &5 = 0 do

Get highest similarity s(r;, ;) = max(5)

Merge corresponding regions r, = r; U r;

Remove similarities regarding r; : S = 8" s(r;. 1)
Remove similarities regarding r;: § = 8\ s(r,, 1)
Calculate similarity set §, between r, and 1ts neighbours
§=85U5,

R=Rlr

Extract object location boxes L from all regions in R

Selective Search for Object Detection | R-CNN - GeeksforGeeks



https://www.geeksforgeeks.org/machine-learning/selective-search-for-object-detection-r-cnn/
https://www.geeksforgeeks.org/machine-learning/selective-search-for-object-detection-r-cnn/
https://www.geeksforgeeks.org/machine-learning/selective-search-for-object-detection-r-cnn/
https://www.geeksforgeeks.org/machine-learning/selective-search-for-object-detection-r-cnn/
https://www.geeksforgeeks.org/machine-learning/selective-search-for-object-detection-r-cnn/

7" Il. R-CNN Series J=
Region CNN — R-CNN

R-CNN: Regions with CNN features

warped region ﬁ{acmpl;mc’.' 1%0.
~A | ,
’ | '\> person?! yes.
7 CNN Qr s
! tvmonitor? no.
2. Extract region 3. Compute 4. Classify
image proposals (~2k) CNN features regions

Hé thdng cla chung ta (1) nhan mot hinh anh dau vao, (2) trich xuat khoang
2000 dé xuat vung tr dwdi 1én, (3) tinh todn cac dac trwng cho mbi dé xuat
bang cach st dung mdt mang no-ron tich chap I&dn (CNN), va sau do (4)
phan loai moi viing bang cach st dung SVM tuyén tinh cu thé cho 1&p.

Rich Feature Hierarchies for Accurate Object Detection and Semantic Segmentation /



https://openaccess.thecvf.com/content_cvpr_2014/papers/Girshick_Rich_Feature_Hierarchies_2014_CVPR_paper.pdf
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Fast R- CNN
Cutputs. bbox
\ softmax regressor
\ —— { '
I FC

ARss ik | . ‘ Rol :!r:”:c
AL 4% % pooling |
| layer |y ’FCS I
- — ROl t —_—H}j-{}.r
- pro;ectuon( i |

Deep
_ ConvNet

o’\ 3 U
Dy Conv Rol feature

feature map vector

Fovr each Kol

Mot hinh anh dau vao va nhiéu khu vwe quan tdm (Rols) dwoc dwa vao mot
CNN hoan toan. Méi Rol dwoc lay mau thanh mét feature map co kich thwéc
co dinh va sau d6 dwoc anh xa téi mot vector dac trwng bdi cac Iop lién két
hoan toan (FCs). Mang c6 hai vector dau ra cho méi Rol: xac suat softmax
va do dich héi quy hdp gidi han theo I&p. Kién tric nay dwoc dao tao theo
cach end-to-end v&i mét ham mat mat da nhiém.

Fast R-CNN /



https://www.cv-foundation.org/openaccess/content_iccv_2015/papers/Girshick_Fast_R-CNN_ICCV_2015_paper.pdf
https://www.cv-foundation.org/openaccess/content_iccv_2015/papers/Girshick_Fast_R-CNN_ICCV_2015_paper.pdf
https://www.cv-foundation.org/openaccess/content_iccv_2015/papers/Girshick_Fast_R-CNN_ICCV_2015_paper.pdf

Faster R-CNN

Region Proposal Network

7 1I. R-CNN Series

2k scores

4k coordinates

cls layer ‘

t reg layer
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t intermediate layer
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sliding window

conv feature map
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Faster R-CNN

Class Bounding box
prediction prediction
| FC 1 , :
I Binary class |
T : prediction |
1 I T R I
Rol pooling Ll NMS | Bounding box - Anchor box | |
: prediction |
|
|
| > Conv :
|

Region proposal network

[1506.01497] Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks
14.8. Region-based CNNs (R-CNNs) — Dive into Deep Learning 1.0.3 documentation



https://arxiv.org/abs/1506.01497
https://arxiv.org/abs/1506.01497
https://arxiv.org/abs/1506.01497
https://arxiv.org/abs/1506.01497
https://arxiv.org/abs/1506.01497
https://d2l.ai/chapter_computer-vision/rcnn.html#faster-r-cnn
https://d2l.ai/chapter_computer-vision/rcnn.html#faster-r-cnn
https://d2l.ai/chapter_computer-vision/rcnn.html#faster-r-cnn
https://d2l.ai/chapter_computer-vision/rcnn.html#faster-r-cnn
https://d2l.ai/chapter_computer-vision/rcnn.html#faster-r-cnn
https://d2l.ai/chapter_computer-vision/rcnn.html#faster-r-cnn
https://d2l.ai/chapter_computer-vision/rcnn.html#faster-r-cnn

Mask R-CNN

7 1I. R-CNN Series

Class

prediction

Bounding box
prediction

Mask
prediction

AN

—

[

FC

Fully convolutional network

T

Rol align

Region proposal network

Mask R-CNN

14.8. Region-based CNNs (R-CNNs) — Dive into Deep Learning 1.0.3 documentation



https://openaccess.thecvf.com/content_ICCV_2017/papers/He_Mask_R-CNN_ICCV_2017_paper.pdf
https://openaccess.thecvf.com/content_ICCV_2017/papers/He_Mask_R-CNN_ICCV_2017_paper.pdf
https://openaccess.thecvf.com/content_ICCV_2017/papers/He_Mask_R-CNN_ICCV_2017_paper.pdf
https://d2l.ai/chapter_computer-vision/rcnn.html#faster-r-cnn
https://d2l.ai/chapter_computer-vision/rcnn.html#faster-r-cnn
https://d2l.ai/chapter_computer-vision/rcnn.html#faster-r-cnn
https://d2l.ai/chapter_computer-vision/rcnn.html#faster-r-cnn
https://d2l.ai/chapter_computer-vision/rcnn.html#faster-r-cnn
https://d2l.ai/chapter_computer-vision/rcnn.html#faster-r-cnn
https://d2l.ai/chapter_computer-vision/rcnn.html#faster-r-cnn
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YOLOvV1 |

The Architecture
448 |
7
7
1z
? 56
3 3E_
448 3 28 3 ]l
3 413 7 2 7 7
| | [
36 28 ) )
7 7 7
3 192 256 312 1024 1024 1024 4096 20
Conv. Layer Conv. Layer Conv. Layers Conv. Layers Conv. Layers Conv. Layers Conn. Layer Conn. Layer
7x7 x64-52 3x3x192 1x1x128 1x1x2567 .4  1x1x312 1, 5, 3x3x1024
Maxpool Layer  Maxpool Layer 3x3x256 3x3x512 Ix3x1024 Ix3x1024
2x2-5-2 2x2-5-2 1x1x256 1x1x512 3x3x1024

3x3x512 3x3x1024 3x3x1024-s-2

Maxpool Layer ~ Maxpool Layer
2x2-5-2 2x2.5-2
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YOLOvV1 "

The Architecture

“ Input anh 448 x 448 X 3 (224 x 224 x 3 khi pretrain trén ImageNet).
¢ Chia anh thanh § x S grid (YOLOv1: S = 7).
< M6éi cell dy dodan:
* B bounding boxes (YOLOvV1: B = 2).
= Confidence cho moi box.
= MOt bo class probabilities (C classes, VOC: C = 20).
% QOutput cudi: tensor S x S x (B x5+ C) - 7 x 7 x 30.
< Conv layers trich dac trwng — Fully Connected layers héi quy ra
(x,y,w, h,c) va class probs.
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YOLOvV1
< (x,y): tdm box (chuan hoa theo cell).
< (w, h): kich thwd'c box (chuan hoa theo anh).
“» Confidence:
e, e C = P(Object) x [OU%5"
T T < Class probabilities:
';I PR A g P(Class; | Object)
N §°U"d'"9b°*e“‘°"ﬁdm>> B “* MOi object dwoc detect bdi cell chira tam
=T i S object.
P ————1 & Trong B box predictors cla cell do, chon box

c6 10U cao nhat véi ground truth 1am

responsible predictor:

* Predictor nay chiu loss localization +
confidence (object).

= (Cac predictor con lai hoc confidence =0

(no-object loss). / '

Class probability map
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YOLOv1

Loss Function

] 5-
2 .
Lyorovi = Acoord Z Z 1Ob] (x — 3/5\1)2 T (Yi - 5"\1)2 + (\/W o ﬁ) T <\/E — \/;l>

1=0 j=

S% B S2 B
N2
Z Z 1"’” (C: = C)° + oo ; Z Z 1"0"’” (C; - C)
i=0 j= (=0 j=
R 2
z 1Ob] Z (pi(c) = pi(c))
ceclasses
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YOLOv1 "
What are YOLO Models Used For?

% Xac dinh nhirng ké xam nhap trong nha may.

< Gidm sat chuyén ddng cla xe trén cong trudng.

< Hiéu cdc md hinh giao théng trén dwdng (t&c 1a tim thdi gian ma mot con
dwong dwoc st dung nhiéu nhat va it nhat).

*» Xac dinh khoi tw cac dam chay trong tw nhién.

< Gidm sat dé dam bao nguwoi lao ddng mac trang bi bdo hd ca nhan phu
hop trong mot s6 médi trwdrng nhat dinh (ttee 1a khi st dung dung cu hodc
lam viéc v&i cac hda chat thai ra khoi doc hai).

What is YOLO? The Ultimate Guide [2025]



https://blog.roboflow.com/guide-to-yolo-models/#what-are-yolo-models-used-for

lIl. YOLO Series e
YOLOvV2

classes

Conv. +

boundary boxes

|
Conv, conv, 3 conv. 3 conv.
IMAGE : max pool ™ max pool ™ max pool - max pool [

What is YOLO? The Ultimate Guide [2025]
. . YOLO v2 - Object Detection - GeeksforGeeks



https://blog.roboflow.com/guide-to-yolo-models/#what-are-yolo-models-used-for
https://www.geeksforgeeks.org/machine-learning/yolo-v2-object-detection/
https://www.geeksforgeeks.org/machine-learning/yolo-v2-object-detection/
https://www.geeksforgeeks.org/machine-learning/yolo-v2-object-detection/
https://www.geeksforgeeks.org/machine-learning/yolo-v2-object-detection/
https://www.geeksforgeeks.org/machine-learning/yolo-v2-object-detection/

lIl. YOLO Series I+
YOLOvV3

Layer Filters size Repeat Output size
Image 416 = 416
Conv 32 3 x3/1 1 416 = 416
Conv 64 3 x3/2 1 208 x 208 Conv
Conv 32 1x1/1 : Conv 208 x 208
Conv 64 3x3/1 Conv | x1 208 x 208 EEEE H LSL e| LEEE,_,,H;LU
Residual : Residual 208 x 208
Conv 128 3 x 3/2 | 104 x 104
Conv 64 1x1/1 ; Conv i 104 x 104
Conv 128 3x3/1 { Conv }{ x2 104 x 104
Residual { Residual 104 = 104
Conv 256 3 x 3/2 1 n2 x 52 Residual
Conv 128 1x1/1 { Conv H2 x 52
Conv 256 3x3/1 | Conv i x8  52x 52 Aad
Residual E__H_I.::'j_igl!l_-tl_l_é D2 x 52 Conv Conv
Conv 212 3 x3/2 1 26 = 26 (1x1) (3 = 3)
Conv 256 1x1/1 ¢ Conv ! 26 x 26
Conv 512 3x3/1 ¢ Conv | x8 26 > 26
Residual ‘ Residual’ 26 x 26
Conv 1024 3 x 3/2 1 13 = 13
Conv 512 1x 1/1 ¢ Conv i 13 x 13
Conv 1024 3 x 3/1 { Conv | x4 13 = 13
Residual E_!j_ujrjjgll_;.:l_lj 13 = 13
) 1 A Comprehensive Review of YOLO Architectures in Computer Vision: From YOLOv1 to YOLOv8 and YOLO-NAS



https://arxiv.org/html/2304.00501v6
https://arxiv.org/html/2304.00501v6
https://arxiv.org/html/2304.00501v6

lIl. YOLO Series et
YOLOvV4

__Input Backbone = Neck = Head :
[ CsPDarkNetss | _ SPP+PANet ./ YOLOv3Head
RSN, , A r / WO X _'l> . ™. ‘.:'\'._‘ N N N\ AN ; \\\ v
/ r j
g >
N -/ \\__ Y e | L/ & e - Ll ‘ Lill
/ / J
/~ Definitions [ AR N ' | : R |~ S
N p - | [ >
CSPX ] ' = g — —
| N . a —_ [ &=
| > >
| CBM=ConveBNeMish & L N N | UL
: N \\
| — L SPP Unit = —
| £BL = ConveBNsLasky Relu - TR™
| MaxPool
| | i N A
i —>
| ser Concat see m—_resy | >
g
“ ‘ i i
\\\ \ /”
\ W N\ 4
N " . oo e \ =/
3 . \ 1 A Comprehensive Review of YOLO Architectures in Computer Vision: From YOLOv1 to YOLOv8 and YOLO-NAS



https://arxiv.org/html/2304.00501v6
https://arxiv.org/html/2304.00501v6
https://arxiv.org/html/2304.00501v6
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YOLOV5

ConvModule [ ] 2?,’".’,‘:_‘8"“'5"“"
ks p.c ConvModule ConvModule e CoRvacu.
1 k=1,s=1,p=0 k=1, 5=1, p=0 k=1, 821, p20, ¢ \
1 1280x1280x 3 Conv2d c=0.5%_out ©20.5%_out e prscsies MuP’oolzd
IS 5 S l ConvModule 1
Stem onv uie |- . - k=3,8=1,p=0.¢ +
e o o Layer k=8,5=2.p=2,c=84 |py DarknetBottleneck . MaxPool2d
g | 640x540x54 i add=? ("P
. . o ) - > l
. Conv Module ' BN | DarknetBottleneck MaxPool2d
o o o © k=3, %2, pu1, ca128 [p2 Concat add=False { T
Stage ConvModule 2
Layer1 = ":!;-::.'u:::u;w \ l k=1, 821, p=0, ¢ c°"‘“'
[ Modul .
" CSPLayer 2 siLU CSPLayer ot ConvModule .
© add=True, c=128, n=3 add ? ¢ ouln c=¢c_out k=3, $=1, p=0, ¢ CMMh
| 4500250019 ‘ : s 5
| 420 wi20x 124
Conv Module | ° Topbawn  GSPL | 0x180x25
opDow ayer 123 160x60x256 . Conv2d =
s *'5.“2-9'1‘@35‘3‘ P3 a1 add=True, c=256. n=3 |p3 ' k=1, 521, p=0, c=(S+ncjelx3 Loss
Layer 2 ~ | 160x160x256 160x160x512
s . CSPLayer 4 25 7 | 160x1605256
. add-TvacIZSG,nIG l" Strde=§ m o 22 |
160x160x256 |
~ Upsamplet 21 Conv Module (24 _“o'"
160x160x256 BxB056 RS w2 patyoans Jies
Conv Module |20  so.sowse | ooz
| k=1, 831, p=0, ¢5256 |p4 |
- Conv Module | ® . JeoxB0xs12 —
ke3, 832, pe1, 2512 [pa CsPLayer .9 | B0x8Dx512
Stage | 80x80x512 addsFalse, cs512, n'Sf; ‘
Vayer s : Tsoxsax1024 Hotomle - cSPLayer % wxEs12  Convad
CSPLayer |8 soxsons12 R " i © m:FmX €512, n=3 (P4 ke1, 821, p20, c=(Séngigx3 Loss
add=True, c=512, n=9 | Strde 16 '
| 80x80x512
Conv Module 127 """
k=3, 322 pui, c=512 'S
H0xBOx512 |
1AlxADah12
40wa0x512 b
Top Dawn k=1, 521, p=0, c=512 PS
Layer 3 T,:C ADXTE8 JAtaon1024
‘ 7 Y CSPLayer 15 Hn"m'.-:l‘ii CSPLa er sz_ A0x40x768 convzd |
- (oY Module "= sodwFaiss,c768,0s3 [ ' L) Coes ned [ps L Keh6=i,p0.c(Smgid | LOSS
Stage ~ 40xA0x768 20x40%1°
Layer 4 : I’JX‘J 1536
ey " CSPLayer | 8 40x20x768
add=True, c=768, n=3 Strde=32 Goncat ¥ | 10x4Dx768
\ 40x40x788
! : >
9 B T Conv Module |*9 """
T Mol s LFJ  Upsample2 13 ke3, 852, pal, cx768 . st
; 20x20x 1024 H0xzanrEs { 20020768 ¢
i Reduce :
Stage .~ CSPLayer 10 Conv Module |12 20:20:789 ' e
Layers ™ | oigeTrue oe1024,ne3 L et st p=0 o788 [pe Concat: 31
1 | 20x20x1536 ° . ° °
20x20x1024 : .
+ . BottomUp | 4 ° o ° °
20 | ombe csPLayer 132 z0x20¢1024 . Conv2d ¢
SPPFBottieneck 11 w2 e ndps kel 851, p=0, c(S+ned Loss
. . Backbone Neck Head
. [ ]
L ] . e L ]
. A Comprehensive Review of YOLO Architectures in Computer Vision: From YOLOv1 to YOLOv8 and YOLO-NAS
L] al - .
[ ]
L



https://arxiv.org/html/2304.00501v6
https://arxiv.org/html/2304.00501v6
https://arxiv.org/html/2304.00501v6

lIl. YOLO Series -
YOLOv6

e o o Detalls m-um-u
e o ° >0 ) (§ 1
B e —
° ° ° e n=E=g M“I‘l1 v-v‘-';."\_\‘r.-g_w-
[ %Y ' :'h?o_év“'@'ai&_ :
en=cotmas==1]
Stem ) a2 x ERTTINE i3 ME T
Layer =J , i e o R’P ] v
’ ’ ‘ ] :
o) e
ada . Relu
YopOown BopCiStageBlock 't B0nEdn3 26
Stage Layer1 | oo sze netz ®
Lm’? b mP e
B0 rﬂg!!"lg OdCe 123
Sthceh 4 At 25
4008 e b
\":\";-'r‘f‘r’)\"ﬁ\” R o002 Aaslat2a
(’I—V.J"\i x.’:’r‘:j! A m
ock ! Layer 2 A
S Q il Andlete
ey s
O (X5 ne
Larper 3 P e BOMOMUD ook satis [ConvEIcaSie ‘ Il
- BepC3StageBlock & Lo.itsns m Layws 0 o-mm.mwn Blaok e Py zsmw*- - S—— S
o812 a2 ] srce-rs - = e e = 1{»;‘»1\*,.»,-&- . Lq'-
- H.r--"x .wr(.. m
A0ne0nb12 A0uA0E wdln S
. © Upsample2 (11 ConvModule 31
o o | . :ir«:r..!.-‘uv/\_'.'.-vo
024 202 b el i i
Stp¢ | BepCaStageBlock § Reduca e
S { Conim _|m tot o
T b barecd o e ConvModule Bbox SR
22003024 BoltomUp | gencasiageBlock 23 ooz l"?‘“""“" ule Eloses; o o o o
202041024 Layer 1 | eugi2 meia P ConvModule N
St X2 e e " hfcwr c-’“‘ y e o o o
Backbone Neck N5 S LT L‘“‘
L]
-
* -
L ] L ]
. »
A Comprehensive Review of YOLO Architectures in Computer Vision: From YOLOv1 to YOLOv8 and YOLO-NAS
.y o . ® L]



https://arxiv.org/html/2304.00501v6
https://arxiv.org/html/2304.00501v6
https://arxiv.org/html/2304.00501v6

n . =
[ | I @
I O LO i “
| image | g
MarPoo’AndSindeConvillock tenplicitA
CAHEA (/74 ) . = - z-Nh 0
‘ConvModule 0 ot 2ot | e [wereas | SRR 7 ;
etpeR Ry 2 2o = ‘ S E— !;
Seem  ConvModule ! DX nex | AR ek palL I T
Layer M!':.’ﬂ.;:l:l‘rv ':1_‘ . e RepVGo |
{ o e AL ; — L A :_"_;‘_;t :",
- - - L =~_ !~ ! ) |
ConvModule  ° - CompMiodds || Comcat |- sav |-
Al peiendt [Py : S — | | =
120w 3208 - .
: BT Rrco (o)
ConvModule 7 pm— ¢ . - ,
5230 A2 g1, N0 102
Layer 1 B0 B0 1 28
= 3 Reduce (7 ; v A -—— - Ta . ‘ — 2 am i
E-N\U'.?‘E‘C-E(n."_ﬁ | u‘;:' b Im h t w - l&, Py :L" | ImplicnA ! In“”w g IpRcitM
SEQ A0 . e — e -T N 4=
. Upramgie (I UBSAMPIOZ 116
MuPoclAreSuideConBiock & Layer 2 eS8 -
| WL nerFane. 286 9y = [ ConvModule W] 29" | MaPeosoctsdeComtiock 21
tmz NS b selpe el lpg SUTHC | b9l omeFane it gy
ayer - S g fFrav== ' Lra e,
o= ELANBlock 8| E0nsS2 : | [ :
v . e D .lti' ! npm " e e &
e “,‘-:l.nr:_'\l‘. :4' u)’f" : E"LvA.!N’g"OSk(“‘—“ ! 2] ' { m ia
3 ! Reduce - L L SAlN 0D L TS TN |
MiPouhnstaidelomBlock T 32 o0t -
’ Layer 2 l w k % Concat 118 A =
k=3, useeFaine, ca512 . LA c e , = : ‘ ’ '
v P s Salatas s o oo ree PO ELANBlock (3 anence IREPVBG 38 0l oy | CORVMOdUIe il -
LJY:' ] ELANB| : ; %1, UD”"‘J(. ! wrf l“‘, B e s "!‘JA tl (.,.'(. ‘B‘ . oA P | -Mur"w J
oC | B A0 O 8 In 0
10 5 fbwace2, ¢ W4 Layer | s O
e - | ConvModule w‘m_,” WaePpsihndSyidel ornBioch o4
‘4_..0,\ rl | ’L !_':!}'_'S‘,’_“_ =) . | tio.m-'uu o812 i3
MaP sl AndSrideConBlocs ¥ MeXwAL? ..
| W2 useeFaine, (09034 oy Reduce SPPFCSOBlock '3 v o PO B .
Stage ' FOu0w s 00s Layerd et o8 etz =y 1 Concat i o o o e
w' 4 . G . Jou o4 ° ° ° °

OO 25 sbrcel. O N0

Backbone Neck

A Comprehensive Review of YOLO Architectures in Computer Vision: From YOLOv1 to YOLOv8 and YOLO-NAS

1 1 AN A by T ‘\"-.;A.l.‘-: “‘mup 3 o M R e —-.”_-;,'Y"l .‘ : ! ! . ]
ELANBloCK |10 ovzourcce caye s ELANBlock e e Implicna | O Imptican - Tttt

2ed S sl wel 8N PSS o 0N

|

Head



https://arxiv.org/html/2304.00501v6
https://arxiv.org/html/2304.00501v6
https://arxiv.org/html/2304.00501v6
https://arxiv.org/html/2304.00501v6
https://arxiv.org/html/2304.00501v6
https://arxiv.org/html/2304.00501v6
https://arxiv.org/html/2304.00501v6

lIl. YOLO Series -
YOLOvVS

ol th . )
[ Image J - j T s T
s 033 0.50 9
m 0.6 0.7% 15
I 1.00 i 1.00 10
° ° ° 6401640x3 X 1.00 ‘ 125 10
e o o ‘bl'l ! =5 o0
° ° ° h"u&_ﬁ \L K= PU
-  MaxPool2d
 MoxPool2d
160x160x128x+
v
gﬂaﬂm n=3xd |'L
160x160x178x
g‘kﬁ-?,n
80x80x256x+ Qf 15
o shtarfoe mxd
XOUX/DaXw
f BOxBOX2S6xy | pemmmmmmn ey
shorteut=True, n=6xd Stride=8 S 30x80x5 1200
l80x80x256xw * : He.
A, 13 40:40x512x A0A0x256x
sl 1 1T w ‘;;___‘ 4&40‘5]21& 7
shortcut=False, =3 x d G
i 4040512 40x40x512xx(1+7) 40x40x768x
X (Gt o1 )
gﬂat'l'm, n=bxd I‘ﬁ' Stide=16 I of § 18 _4,0_540;512;«4_,1
Y 7 ]2‘ 40x40x 51201 MM‘”' ﬂ'3Xd P‘ :
40x40x512x+
Y
20x20x51 2xx — -
20320651 2% 202051 2xw
g) 20x20xS12xx 20x20x312x00x1, e neni 2 S
7 Stride=32 ,‘22 “”) e o o
Note: N A0S : c . e .
height x width x channel ke, i3 xd PS > :
. Backbone Neck Head
o \ 1 A Comprehensive Review of YOLO Architectures in Computer Vision: From YOLOv1 to YOLOv8 and YOLO-NAS
Vi~ . [2501.13400] YOLOv8 to YOLO11: A Comprehensive Architecture In-depth Comparative Review



https://arxiv.org/html/2304.00501v6
https://arxiv.org/html/2304.00501v6
https://arxiv.org/html/2304.00501v6
https://arxiv.org/abs/2501.13400
https://arxiv.org/abs/2501.13400
https://arxiv.org/abs/2501.13400

lIl. YOLO Series
YOLOV9

STUNNING
Q) VEIGNR

EMY

!
1

80 x 12—

40 x 512—

v
L«
k=3 s=2
320 x 320 x 64
v
‘ Conv
k=3 82
160 x 160 x 128
Y

160 x 160 x 256

80 x 80 x 256
3
RepNCSPELAN4
n=1 80 x 80 x 266
B0 x B0 x 512
32
40 x 40 x 512
‘ 33
RepNCSPELAN4
n=1 40 x 40 x 512
40 x 40 x $92
35
20 x 20 x $12
RepNCSPELANG 7
niAd CBFuse

20 x 20 x 512

640 x640x 3

26
P1

40 x 40 x 256

40 x40x 512 |
CBLinear

20 x 20 x 256
20x 20 x 512

CBLinear

20x20x 512

24

I
1
1
1
g |
' 1
' ‘ 1
30 80 x 80 x 256 - RopNCSPELAN4 S :
Jo— CBLinear : I 4 ' '
— 80 x 80 x $12 n=1 80 x 80 x 512,
4 i '
1
1
1
1
1
1
|
1
1

Backbone
640 x 640 x 3
: YOLOvV9
Silence ‘ [
640x640x3 b
rcnicecuure
Conv 1
k=3 =2 P1
320 x 320 x 64
A
Conv 2
k=3 s=2 P2
|
160 x 160 x 128 o
|
k4
LAN4
Mg ) Neck Head
‘ .......................... ' P - - -
160 x 160 x 256 N ]
‘ [
4 RopNCSPELANG | 6 : aox{o.zu '
P3 n=1 Ip; |
e — '
80 x BO x 256 ’ |
v B0 x 80 x 256 N '
|
» Concat 15 ! .
|
T 4 : '
80 x 80 x 512 [
| 171 >
80 x BO x 512 w‘ 14 ' :
40 x 40 x 512 40 x 40 x 256 : '
| v '
RopNCSPELAN4 | 13 :
6 = | > Concat 18 '
P4 n=1 40 x 40 x 592 : '
'
40 x 40 x 512 : |
4 Y ]
RopNCSPELANS | 7 ? . RepNCSPELANG | 19 (#0x40xm2
40 x 40 x $12 n=1 40 x 40 x 5121 y n=1 ps ! «
[ 1 ] |
40 x 40 x 592 ' 40 x40 x §12 40 x 40 x 512 ' '
! ' :
: | Upsample 1" 2
P . ’ |
| ' 1 ]
20 x 20 x 512 ' ! '
¥ . | e
RopNCSPELAN4 |
9 1 1
20 x 20 x 8§12 n=1 " 20 x 20 x 8§12 : |
| 1
— ' ' .
20 x 20 x 512 f } '
e S g ——— 20 x 20 x 512 ' |
v
1 10 1 '
| SPPELAN Concat 21 : 1
| 20x20x 512 ' '
! |
'
| — v |
! RoOpNCSPELANA 21 20 x 20 %512
n=1 '
| P |
’ SR 1



https://arxiv.org/html/2402.13616v1

'/ lIl. YOLO Series = % |

YOLOv10

Dual Label Assignments Consistent Match. Metric
One-to-many Head onl
g O .

I-
Classification
One-to-one Head

I Regression -
Classification

N

Backbone PAN >

l - M N I . .- - - J

T Input

YOLOv10: Paper Explanation and Inference Results
What is YOLOv10? An Architecture Deep Dive.



https://learnopencv.com/yolov10/
https://blog.roboflow.com/what-is-yolov10/

lll. YOLO Series )
YO L0v1 1 Backbone

] 1
] 1
] B0 B0 5 D I
] ] Wi watianl ol jdepih_maiigpled o Cwbilb_moniphe) e e _channels
T
i I
Conv @ n nm 0zs o]
° ° . I k=X, 5=2 Pl
] . . .
e o o X : a nsg 50 024
I A20 % 330 1 {rinE, M) F ) I 5 sy T 512
. . . |
] ¥ 1 B
i M 9 . 1.0 LR ] 213
k=3, gu2 P2
] 1 » 1.0 150 B2
] i
i 160 = 160 x [mini128, mc) & w) i
i L] 1
I C3h2 30
n=2xnd, oo Falge, o= 025
! : Neck Head
} P — ) :._--__----__---__--__---___---__---I memmmmm
I 1 1
L] . i 1
I e 50 I c3K2 1% B0 % BO {258, mc] % w) X
. km % gnd P 1 ne2xd,ciheFase |, : : "
i i ] - I i "
I B0 x B} x (e 288, mc) x w) i 1 B0 x B0 x {min[256, mc) T w) i I i
(] ¥ ] ! 1 ] I
] Cak2 4 1 | :
_ s _ 1 15 | I
' n=2xd, clk= Falie, & = 025 b0 % BO 3 (mindsA2, me | | I "
] i
i i ] 50 x B0 = (rard BAZ, me] x wh ET 7 : I :
] 1 1 k=3 a=d P3 I !
I B0 x B0 x {min{§12, mc) x w) " 1 4 T : i 1
. ) i 1
] 1 1 40 x 40 x {min(512, mc) x w) 40 40 x fmin[ 256, ma) x w) i i "
' = ! ! . 1 1 i
i Conv &1 ! ! C"g g L " ] I
I k=3 =2 P4 [ n=2¥d, olk = False &0 ¥ A0 x [ 5AZ, ma] 1 v [ " .
1
! 40 x 40 ¥ [min{512, M) X w) ! I J i 1
! ¥ ! ] ¥ I i ]
] Caka g ! Caka 18 40 = 40 x (i 512, mc) & w) i
i 12 2
: n=2xd, cik = Trum !rlﬂ'll‘ﬁhl‘lﬁ'lz.l'l::al.ﬂl =3 wd, ok = Falsa Pd 1 [ | ]
- i ' |
1 i
1
: 40 5 40 x i B2, mc] u w) : I 40 % :n:--rrmlwa-l. me) % wl 40 = 40 x §min{S12, ma) x =) : 1 !
x . L | I
I Canv 7! ' Conv I
1 i
1 K, sl PE 1 ! m” k=3, 8e2 o i i '
i I ! |
1
I 20 % 20 x [mind 1024, mc) x w) 1 1 | : 1
I r I ! 1 i |
I Tz g ! 1 I . "
i n=2ad, ok Troe i 1 | I I
N I R ! "
i ] I
- 20O (I MO m e e === 20 % 20 ¥ [min(BA2, me] ¥ w I i "
I - L] L ] L] L]
" BRPF A x (g 1024, me] u w) ' I !
i k=5 § ! 1 I e o o o
| i i
I i i ° ° . °
I 20 % 20 % (mird 1034, me) x w) | !
-, (] |
] R[] I ° ° ° °
. =i - . 2 ' '
n=2xd 20 x 20 x fminf 1024, mc) x w) | 1 1 ° ° ° .
]
1 1 i
i
' . : : '
! CIk2 8 apy 20 % w1024, o) 2wl !
* ] ] n=2xdclk=Te |, | 1 I
[} I
|
1 1 i
* . l e = e m W N WA N W A N M W W T N I W N N N S SR R N S W W W N N N AW W WM W —- - = = = = = =
L ] . e L ]
Vi~ . YOLOv11: An Overview of the Key Architectural Enhancements
[ ]
L



https://arxiv.org/html/2410.17725v1

lll. YOLO Series e
YOLOv12

o o o D , S TRRTCU E CE TN PO SER S
« o Initial Conv
: (Conv [64, 3,2)) : : :
P12 » Conv [512, 3, 2] : g Upsample
I P4/16 : 5 (Nearest)
N H +
Y l Concat [P4]
(Comv [128, 52D ( A2C2[512, True] | | | !
(Area Attention + Conv) ‘ -
(Stage P4) | ; A2C2f [512, False] .
l 7 ; (Area Attention + Conv) g St e A S S SR S S S S RS PR ,
C3Kk2 [256] : o : :
(ege £2) | RELAN[512] | P P
l : l = HpaaIe i | | Detection Segment Class
/ ' - 2 : ' Head Head Head
l : P5/32 : ; Concat [P3] ! ! Scores) Pixels) Scores)
Conv [256, 3, 2] l : '
P38 A2C2f [1024, True] ; ; A2C2f [256, False] .
(Area Attention + Conv) : : (Area Attention + Conv) v : Head
l (Stage P5) ‘ 3 1 L B .
g e R G S
C3k2 [512] l
{Stage P3) , ; & i . Upsample
l l R-ELAN [1024] 1 : : +
‘ R-ELAN [512] f— oo Concat [P4] coe e
‘ | : Neck ..
Backbora j  eeeepan S
. . YOLOv12: A Breakdown of the Key Architectural Features
. . [2502.12524] YOLOv12: Attention-Centric Real-Time Object Detectors
T e YOLO Obiject Detection Explained: Real-Time Vision Tasks



https://arxiv.org/html/2502.14740v1
https://arxiv.org/abs/2502.12524
https://arxiv.org/abs/2502.12524
https://arxiv.org/abs/2502.12524
https://arxiv.org/abs/2502.12524
https://arxiv.org/abs/2502.12524
https://blog.roboflow.com/yolo-object-detection/#yolov12-attention-centric-object-detection
https://blog.roboflow.com/yolo-object-detection/#yolov12-attention-centric-object-detection
https://blog.roboflow.com/yolo-object-detection/#yolov12-attention-centric-object-detection

N




Y” V. Detection Transformer - DETR /-
DETR architecture
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DETR st dung mdt backbone CNN théong thwéng dé hoc biéu dién 2D cua
anh dau vao. M6 hinh Iam phang biéu dién nay va thém ma hoa vi tri
(positional encoding) trwdc khi dwa vao transformer encoder. Transformer
decoder nhan mdt so lwong nhd vector vi tri hoc dwoc (object queries) va
dong thdi chu y dén dau ra cha encoder. Méi vector dau ra tir decoder duwoc
dwa qua mot mang FFN chung dé dw doan hodc la mét detection (nhan +
bounding box) hoac la |&p “no object”.

DETRs Beat YOLOs on Real-time Object Detection
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