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Bocall ju e 20 Ao alaeWl ivalal e g ) papsl) lias) i) lsa aiiy
i)y (single—shot detectors) sams dlsye o aaes CadlsS Laa ¢A<0EN ) il
(two-stage detectors) yils jo il

Us e e Bys—all llas (single—shot detectors) sasg ddaje Ao aaiad Cadigs—1
ol Al b phial) el il Jal (e Gallad Sl (OB Bl un RIS 3 (355 B
sl Gl 3 ailed Jaly (9AY) ey slsadl e dds AT LT Y] cBaganall 3)lsal
5yl

Gy Aandl 5y5 call dallas 23y Cua (two-—stage detectors) cpilaje cild o dlgs 52
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A4S @l Lgisly (931 Gl e A8y ST cliejlsall eda (5855 (AL il s,
(5-1)dall g ¢ Gomalond Sale 883 0585 ) il aaan od JEIL, (e dla

sahe Y e il glgil
Object Detection

Two-Stage/Proposal One-Stage/Proposal-Free

RCNN [ YOLO
Fast RCNN 55D
Faster RCNN
RFCN
Mask RCNN
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https://aiinarabic.com/glossary/two-stage-detectors/
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https://aiinarabic.com/glossary/two-stage-detectors/
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YOLO Ao sadinall (Gaeal) alail) Gl g (dilead! cidial) dghidd) cilias) dagi-|

Driver Distracted Behavior Detection Technology with YOLO-Based Deep Learning
Networks[1].

dagl e cug ahulS alae) P (WYOLO e sadizall (Graal) alail) 08 aaladn )
alail) 73t Cile 8 ¢ CDIZAS RGB 5l )5 im dlaalgy « gilaad) Lol Calancy salial)
Lol lSolad) (8 Aadie (i€ 53alS aguymis « YOLO Lo sadiadll Gaeal)
Sl g ¢ calgdl Ao Gaanllg ¢ JSYI ¢ palall ¢ il eyl olygn ¢ doalall salial) e
Juadl Lgal YOLO—fastest—xl ) LU el jiahll Guit (et die Lawyall geiball s el
3¢ %6.94 (FNR) Waall bl Jaedlly ¢ %91.84 Clidl) 533s%e il desane pa ¢l
. %95.81 & mAP

Gyl 4S5 ¢ oIV Gun e g w1 4y YOLO—fastest z3sai alasi il
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degene sy (1-2) Jsaall 3y wws. WIDER FACE cilily 52l 5 FEI aasll culily
R DRGNS G Y |

[1] il msansill (1-2) <8N

Laxiuaal) ULl e gana 28] 350 —(1-2) Jsanll

Datasets Numbers of images
Self-collected driving distractive 32917
behavior images
Pointing"04 [15] 2819
FEI face [16] 2695
WIDER FACE [17] 547

| Total numbers | 35078 |
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) 8l LSl sant ¢yl iy Al 8 e ¢ sl LSl ool

bl Gty . Jaall 2o 8 Laddt el salidll LSl (2-2) Jganll aay 9 @l ead
G ) . Clglly anmlly ¢ IS ¢ uleilly ¢ oadl s oD Aal) S5l Lt
aally ¢ oLl oLl dm il LSl e o cn (8 (Sl a Sl 538 e

8Ll ddl (puadg ¢ Glgall g8y (e

Loxiinal) 52LRN ClSsls daay — (2-2) Jsaal)
Five Categories Definitions

Good With the person’s front face as the starting axis,
the horizontal and vertical rotations are within
30 degrees and the eyes are open
Waming | Taking the person’s front face as the starting
axis, rotate more than 30 degrees horizontally
and vertically
Drowsy | The eyeball i1s covered by the eyelid by more

Distracted
behaviors

than 50%
Eat Holding food close to the dniver’s mouth
Phone Holding the smartphone close to driver’s ears

cclghud) 438 Canieaty ¢ lial) adatia saball gl Chujaty ¢ lilull Gile gana pan 22

Jaall Sy 5. SLEAYNs daall (g Baaaly canpill el ) dranall L) ilesana puidi

(4-2) Jsaad) Ciass - 5Laa¥y @aailly cupnil) g liag) 8 deadi ol Hyall sae (3-2)

¢lal 43)laa (5-2) Jsaall cus . YOLO—fastest—xl sfastest YOLO (y duw il il
YOL Y sasiaal) daa)¥) #3laill 0 MAP 5 FNR 5 F1-Score

JLasYly @enilly cupsl g Liagl (8 destieadd) jgeall i 30 —(3-2) sl

Five Training Validation Testing
Categories
Good 1605 324 316
Warning 13397 1750 1872
Drowsy 5599 455 650
Eat 9706 913 1681

Phone 8306 1596 789



YOLO-fastest—xl sfastest YOLO ¢y 4yl geilisl) Coay — (4-2) Jgaal)
YOLO-fastest-x1

Parameters setting

IoU thresh

Confidence thresh

YOLO-fastest

0.50
0.40

Ewvaluation indices

Precision 90.97% 90.66%
Recall 92.60% 93.06%
F1-Score 91.78% 01.84%

FNR 7.40% 6.94%

Average Precision (AP)

Good 95.30% 96.19%
Warning 98.19% 98.44%
Drowsy 02.53% 03.97%

Eat 94.56% 94.39%

Phone 96.15% 96.07%

55 35% 5581,

YOL e adiedll Zas)¥) 73kl o MAP 5 FNR 5 F1-Score clal 4las cun — (5-2) Jsaall

CNN Models F1-Score FNR mAP

YOLOv3-tiny 89.91% 12.22% 95.10%
YOLO-v3tiny-31 90.40% 11.68% 95.67%

YOLO-fastest 91.78% 7.40% 95.35%
YOLO-fastest-x1 91.84% 6.94% 95.81%

Badsie ilily ilegana go ehal Jiadl Lgal YOLO-most=xXI ) dawyatll il ek
sl e %95.81 5%6.94 5%91.84 .o mAP s FNR ,F1-Score 5 ¢ il
el U8 ity il iablll Jaas DA e M z3gaill elal st ¢S ¢ 4Bl BaL3

Oe el pan P e il Gl lesane 3w ¢ Glibul) cle gaaal 4 willyy
Al bl e arall dilaa) gyl oo ey arag Liad (Sag ¢ dlaall @iy jycall
cVsad €H 5alial) sl i Sl lBLES) aind Sas
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Jlad S angll Calpail CGalaas) g aUail) oKay

Baldl) 4)) b jall ddiae A ALY A< S Baainall YOLO4 ) )55 e\.\ilu\—z
Hardware Acceleration of YOLO-based Convolutional Neural Network Detector by

Deep Learning Processor Unit for Intelligent Autonomous Mover[2].
o a2 cuall gl Al W1 8 Uague Fygo (el Lgald ¢ A8 5Ll 413 lpall Aol
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Direct software GPU-based The proposed

design acceleration DPU-based design
with GPU [6] by two-stage by FPGA
design [6]
FPS 2.8~27 7.9~17.5 ~30
Speed- 1 2.85 11
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dirand) Ay guanl) il
Improving the learning of self-driving vehicles based on real driving behavior using

Deep Neural Network Techniques[21]
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Pothole Detection and Dimension Estimation System using Deep Learning (YOLO) and

Image Processing[3].
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Model Iterations mAP @ IoU
0.50
YOLOv3 | 3000 0.860 0.592
4000 0.889 0.635
5000 0.875 0.612
6000 0.861 0.592
YOLOv4 | 3000 0.932 0.727
4000 0.933 0.741
5000 0.888 0.717
6000 0.869 0.716
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YOLO pladialy jRal) e adsll aadia Camki—2
Pothole detection and dimension estimation using in-vehicle technologies and deep

learning[4]
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§ Loop 0.87

z 3sail Aaudlgy Lyt o3 LS Cadll il slad an —(4-2) <4l

z3sail) Aaudlsy Wy 25 LS CadSll lila ¢ — (8-2)Jsaal

5N Metric Value
1. Precision 53.0
2 kecall 416
3. Fl-score al.0
4, mAP 56.3

aall Cadst 4alisal) YOLO GSLA.] O Adylia—3
Smart Pothole Detection Using Deep Learning Based on Dilated Convolutional
Neural Networks Pothole detection and dimension estimation using in-vehicle

technologies and deep learning[11]
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A deep learning model to assist visually impaired in pothole detection using
computer vision[16] . 8
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Al Glaasdl
PROVEN PARAMS = {
'box": 8.3,  # ->EloU= 4xill myall Hlasil e (o 8 5 53
'cls': 0.88,  # -> Adlall g el 5 lud &) pal Ly cciiioadll o S (iaddie 3 53
'dfl': 1.8,  # -> Distribution Focal Loss (e %S il 334 )
iou': 0.64, # -> (EloU&sls Jage JoU dallall 48l 4a jla

'conf: 0.34  #-> Qlsall e 2 jall A Ho e (duaddie 485 4 e

Adial)l cuyl) Slalac)

PROVEN_ TRAINING SETTINGS = {

r0": 0.0088, # -> (Bayesian)_l J&iu (383 Java

"Irf': 0.0112, # > 20aa ey dga

'weight decay': 0.000068, # -> (Bayesian) & aats

'label_smoothing': 0.115, # -> (GUA )ik _sall A8l aia

'translate: 0.125,  # -> (AC + Attention)ilae <lbln 33k )

'scale': 0.48, # -> (AC + Attention)idlae <l 334 )

"fliplr': 0.38, #-> (AC)blu sy

'patience': 22, # > 3200 ) dae Sl il jSua caldy)

'close_mosaic: 6,  # -> mosaic (AC)hmall ALl e 38 5ill 1< Caldy)

'warmup_epochs": 4,  # -> G sl alac)

'warmup_momentum': 0.75,

'warmup_bias_Ir'": 0.08
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- sl el (0.18+) 0.18 Jlabel_smoothing saliy: cpi¥) gas o

o Alin) bt aa ot cY Ll S pisar daiil)
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o lalaall ilg 8ledl) Ay Jae 4]

Bludd) A1y cligSa —1-4

i Al () ) ecbilall ple Bl 8 ¢ i ) due guagall Jlsall (e g5 2 Ll Al
Pl Ay (sSg ¢ zasalll o capnl) Cana Loy of Lellss

:Box_Loss — L_CloU Juaal) auyall saad jlud .1

ALY mye anng alige A8y il 1Akl

sl paall anat 8 las glealuadl Al 883 e z3gall 585 e i s A_box s
.z 3saill 13s RIS ()oK 2 sl

: Classification Loss_ L_cls ciiaill 5jlud .2

(RS Blans (i 1 ie) arendl drens A8y (i tAdbagl)

On bl ity comall Cnaill andl) Jlaa¥) e z3sall jma:A_cls il
Ll

:Distribution Focal Loss_ L_dfl ajsill §lud .3

3ae e Y plaa) alaaly JIKEY s "ajsill alas e oz dgail) se b dddigl
A8y ST aleay Laa caaly i

cstel 48y deall oyl 13a aled e zdsall) aady : A_dfl Sl

Bleal) dlla liga (1-4) J<a gy
LIl 5 jluall Sl oSa

L_box = A_box * L_CloU L_cls =A_cls * L_BCE L_dfl = A_dfl * L_DFL

Blucal) Ay ilisSa gy — (1-4) <4l
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Bludd) 413 cdlalaa —2-4

Bt dlilee S dai A Bl iy gl 4 A_box, A_cls, A_dfl cdlaleal
genall ol aillaa ) oz dgaill Lol daal ST 5)Ledl) el Jany (miine A ) O3l 8245 s
(1=4)Jsaall g - aanilly dagall @y & oY) cpoatd el duglsl  anas (S (35Lusal))
- pleall Al COklaae il

- pledl) Ally D alee 4l maagy — (1-4)Jsaall

i 5

A_box 8.3 _);T 9‘;—*& (_51 e JAST L_th_UAS\ 48, uJ;: ‘).IS_)AM ;\.1“33 SJL&!

A_cls 0.88 (SIS PG TSP CR P

A_dfl 1.8 s S8 JSAY Clay 558 alad 1 Ada gia 5 L)
:C. u.'\lu‘ﬂ

Cang Lee Badae Cilagled 73 gail) Ladael a2l . LgSliglal Lipe (Lot da yloadl iy o ol
il o)l ) (sal Laa calaill ol ST 4y gy

Gliai lead) BlSlae duasi)iu) —3-4
SLERY) (e ciagd)
el 2 3saill 35S e (990 48y el (s v/
JAay ef gaas S dfl, cls, box Bl clalaall e gana a3 v/
D alralls SlStaall +dual i)
Bateall ilaa)slead) sl BlSlaal Clalaall avca 1ddhal) v/
thljal) v/
AL zsall Ay e Lleall >
LAY deyug dagyall >
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da)gad) sski —4-4
P dalall s dae)lsad) ekt o

YOLOVSN I &bl andt) -1

# awlwll 6,Luzll
'box': 7.5, 'cls': 8.5, 'dfl': 1.5, 'iou': ©.7, 'conf': 0.25

# awlwll Shiicyl
'weight_decay': 0.0005, 'label_smoothing': 0.0, 'translate': 0.1, 'scale': 0.5

(EloU ) 1 dlsyall -2

'box': 7.5 » 8.3 (+0.8) # g0l ads .S, 850

'iou': 0.7 » 0.64 (-0.06) # aoluo ;51 J3lv duc
GUA il -3

'cls': 8.5 + 0.88 (+0.38) # M osli; go uvjlyi box

'label_smoothing': 0.0 % 0.115 # _..a\W/ daig,0 Jof

Attention dila) -4

'weight_decay': 0.0005 » 0.000068 # . S¢d Syl abi
'"lr@': .01 » 0.0088 (-0.0012) # E_a_:v 35T ade
'warmup_epochs': 3 » 4 # leacwM Jobl e wi

Bayesian 4ila) -5

'weight_decay': 0.0005 » 0.000068 # 599 Syl o hhi
'"lre': 0.01 + 0.0088 (-0.0012) # .E._L.‘-‘- 45T ades
'warmup_epochs': 3 » U # hecwMl Jobl uz s
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lag Wljladl 8 MAPS0 48y el gias e dast cilalaeY) oda Gudaly @ gt

"conf'
"iou":
"dfl":
"cls':

"box":

P h Y BLeAl cdlalaa o

: 08.34,

8.64,

1.8, # VoW 805 (rasuces

8.88, ¥ muall wdundl alc O _!:_J'I'I- S

8.3 # aé> alc Jc 5, square Bounding Box

P i)l clalae) 4

'warmup_bias_1r': 6.88,
'warmup_momentum': @.75,
'warmup_epochs': 4,
'close_mosaic': 6,
'patience": 22,

'fliplr': ©.38,

'scale': 6.U8,
'"translate': 8.125,
'Label_smoothing"': ©.115,
'weight_decay': ©.000068,
'Lrf': 6.0112,

'Lre': ©.0088

ggill dpay lsall gkl myxiall elid) (2-4) JSAN (s

lagie s (24 ) Jsaal) Jsaall W EloU + GUA + Attention + Bayesian

- sl skl
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4ol YOLOV8N ulasyl

l

1 a4l EloU

l

2 4l 4l EloU + GUA

l

3 als 4l EloU + GUA +
Attention

i

4 i ,4l); EloU + GUA +
Attention + Bayesian
Sl (55580 Ll

l

JiaY! el Calsg)
PROVEN_PARAMS

el slay:
mAP50: 0.8705 +3.30%

Lgoill Laalgdl) yglas Jalye ragy (2-4) J<al
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el pohill Lmgia muag = (2-4 ) sl

agial) da )l al | calaall o L | mAPS0 b el

EloU 48 (juass box: ’L‘Wﬂa S0 o41.0+ L1 0.8+

G gaall cls; Ly 2 ool
| Psals
2 SRl RO wieuize
. . | T‘LE};.L: sal
3 +Attention A1 Sco i&uauulj %2.7+ 2.2+
+ oS uu oo
4 Bayesian J¥iu |ou j, e M‘;L:/_“.’j?':;'l'
e == v
P Ly leall clales Ll
params = {
"box’': 8.3, # T +18.7% - olaoall q_zsﬁig Gad Sy
‘'cls': 8.88, # T +76.0% - _iwiai fas Ile 315,73
‘dfl’: 1.8, # 1 420.0% - oY laio¥l 2ol gdan
"iou': @.64, # | -B.6% -

1
]

3
E

‘conf’: 8.34 # T 436.0% - =
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z2saill e miagy (3-4)Jsanll Wiz itall z3gaill laall Taladal) (3-4) J<all

Al CBlALl Ay

) YOLOVEN et g dsall

(S ) [(5.\.{:.41 L ) Clalaall sum)
1
[&,-qi) COCO128 rcdival & a2e SF St Al i gy J
= JI,am (box, cls, df) =Sl

ESJL..AM A Joss il S 1Y ZJAJ.J

/

[ Monkey Patching & J

[
[ DI s e ¢ e rda il J
( )

|
Gl g gl 1Y Al e [ anadiall oy ) ]

JIg2 ALal) 548l loss.py wila Jysus Al gL 5 Ladd) g JIadiud (s pa Python £ model.train() aladic
(VarifocalLoss Jis 5uia (model.loss = custom_loss) cialaall

I

epochs=50, Ir0=0.0085, :J%s
weight_decay=0.00007

[uu‘myMﬁM\J [;Lhwua--wﬁ-e-‘-umﬂ

[ e JS S pi J 3 MAPS0 ol
(val=True) (Epoch) mAP50-95

il b i) Jaia
results.csv

box_loss, Juai
cls_loss, dfl_loss

3 (Precision) 231) cua
(Recall) sle 5wy

ALl o103 s
Gi\.aﬂl Juadly

il g asaill Lenl) Lahaiall sy — (3-4) Sl

Lo al b} 723 gadll o a1 e h aal P
o

mAP50 0.8427 0.8705 +3.30%
mAP50-95 0.6672 0.7280 +9.11%
Precision 0.8525 0.8953 +5.02%

Recall 0.7560 0.7997 +5.78%
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L) "

el el Gunlie e (8 Jaly Jasale (puuad uins v/
alse 23 e A5l 58 )l e MAPS0-95 aal 3 (IS e STV

coahe U 3y

oo ) aae GlEs) e Juadl 5)0 iy 138 Recall g oyl & Guatl) v/
gl (993 ypeall (& a2

z L)

50 8 el (< alled ] (Gapsill @ldlag) + O lleall 3lSkaa) - ikall Cppnenl) Ll

. YOLOVS8N 4lai

gl glal Julas ~5-4
- g oyl ALelall daallg J8a) Gas (e Asadd) Z 3Ll ol el

I =T T L

Nuclear Emulation
Light AC Base
Varifocal Emulation

Quantum Bayesian
Baseline YOLO

U b W N

0.8705
0.8702
0.8562
0.8492
0.8427

+3.30%
+3.27%
+1.60%
+0.77%
0.00%

Cnmanill s Ol Allen ) ALLEN A8a) (ebiie Cum (e gz hall o dgaill it @ gl

e N IO (=020 [ o 9 =

Nuclear Emulation 0.8705
Light AC Base 0.8702
Varifocal Emulation 0.8562

Quantum Bayesian 0.8492
Baseline YOLO 0.8427

0.7280
0.7130

0.7045
0.7051
0.6672

0.8953
0.9023
0.8384

0.8740
0.8525

. %3.30

0.7997
0.7675

0.7990
0.7706
0.7560
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dwadd) giladll el Jalas O
A Julad Jean e Bala 30
L ¢ + %9.11  Gin Cun MAP50-95 & o —aas ol 75kl z3saill 33s .1
c0abE 33 ailge naat 4Bl
Al 5)8 ey Lae « 7%5.78  Gis Cus Recall salaiul el il z3gail Gin .2
(bW Slulld) e 2 déi) el e e ST Glas) e
%0.7 2 sl z3sall o el Precision 4y Light AC Base z3saill 3 .3
C ALY Gllay) e 2o i s Lee
gLy
G 2l adY) sas Jelis (3lss il Nuclear Emulation  #sidall #3sail) aais . 1
. Recall s MAP50-95 3y dodlod) calinbl doaal SV Lanlaal)

a5 BlSlaal Jalh u a3 sl 64
&V ALY\ (box, cls, dfl, iou, conf) Lwlal il dused Jaed o Liagiall adias
ISV CJJAJ ;1_.&.11 (;3 ‘Z\_DLEAS Lasha ) U'_\L*\AJJBQ\ «ﬂ}l_.u {E A a_\:vﬂ\ Q\J\A.cl

-Aaulall ailalae L(Baseline)
(Baseline) 2>l g galll clalae) — (6-4)d s2al)

Jalral) | A yall dagdl) i gl
box 7.5 Ll a pall 3Ll (535
cls 0.5 Caiaill 3l 05

dfl 1.5 D1Vl a5 8l ()

Ll 0.857 loU=0.543e sie Jau siall 48l ass sia
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Aol 5 jludld) 1 93 3lSlaa —1-6-4

Varifocal Losss\Slax. 1
O Ol et all AplaY) Gl Ao Sl je 5S Al s daaylead) o)
0.12 ) label_smoothing s:b) saecuysill cldlae) b clpusil) Wi . gl i)y 38

il Je el 5850 e oyl Hhgid peasl cos_Ir alasialg

Varifocal LosssStaal cBlalaall s (i — (7-4)J s2a)

DY) Gl pox (Ledll) cls (L)) dfl (Lesd)  jou (Lwsdll)
1 fwlils. 7.5(+0.0) 0.95(+0.45) 1.4(-0.1) 0.50(-0.20)
Ladlas 7.8(+0.3) 0.92(+0.42) 1.6(+0.1) 0.55(-0.15)
O s 8.2 (+0.7) 0.88(+0.38) 1.8 (+0.3) 0.60(-0.10)
(LS 8.5(+1.0) 0.85(+0.35) 2.0(+0.5) 0.65 (-0.05)

A w N

EloU sloU-Aware, CloU, 8laa 2

Ltigh culsall o 550 e Al e jall 3aal 485 (pead s Cibiajlsdd) i
oal hials b dus cdalall Jie

salys weight_decay (jmwis 2 cale (< o il clalas) 8 &)yt
Ar0 alaall Jasa e disla wBlaed as label_smoothing
Lputigh) yiludd) e JUiaS EToU Loss sWtaal cdalaal) i — (8-4)J saal)

Y gl box (uxsdll) cls (uxidl)  dfl (L) jou (Lxsdd)
1 Lils.  8.4(+0.9) 0.87(+0.37) 1.8(+0.3) 0.64 (-0.06)
2 o)lsk 8.6(+1.1) 0.85(+0.35) 1.9(+0.4) 0.66 (-0.04)
3 8 8.8(+1.3) 0.83(+0.33) 2.0(+0.5) 0.68(-0.02)
4 <kic 9.0(+1.5) 0.81(+0.31) 2.1(+0.6) 0.70(+0.0)

Power-loU s MPDIoU, Inner-loU, 3&as,3
) il el G Tlalal) A Jia eciand pnia aalie CLESIU) 58 cila ) ) g31) i
(Power-loU) kil axaill 5 ((10U) Inner-
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(mosaic, mixup, 4eitie Gy 3k ) aladiu) ga cqupail) lalas) gé &) yandl) Ll
dplie Glilae) e G AY) Gl y ) dll culaila Wi (Inner-loU 3&aal copy_paste)

LAY

1

2
3
4

DA

1

2
3
4

a5l
Ladla s
O sie
‘_,,_1\*5.39

R

ua gl
Jailae
O sie
iyl

box (Uil
8.2 (+0.7)
8.5 (+1.0)
8.8 (+1.3)
9.1 (+1.6)

cls (Uxill)

0.89 (+0.39)
0.86 (+0.36)
0.83 (+0.33)
0.80 (+0.30)

Inner-loUsSlaal cdlileal) bauda — (9-4)J 521l

dfl (L))
1.7 (+0.2)
1.8 (+0.3)
1.9 (+0.4)
2.0 (+0.5)

. EloU4

iou (Uxdll)

0.62 (-0.08)
0.65 (-0.05)
0.68 (-0.02)
0.71 (+0.01)

Laaddl) Al g dadiiall aaliad) 3Slae —2-6-4
(Quantum-Inspired)asl) (x4 Bla ghuall asalial) BlSlaa]
YW 5 YD (6 5) siall anill Jia cdga gaSl) du gal) & gl BlSLaa g8 Sila )yl sAd) haa
) BSaall o3 aai quail) cilalie) (B il pdil) Ll 3o Lalail CELEKY calady) Al
sweight_decay JiEi ga (Uaidialrf cadi jalrQ  JAuliic alad Yoz alaaia)

e sasl) 480)) 3Slssllabel_smoothing

box (uxiill)
8.7 (+1.2)
8.9 (+1.4)
9.1 (+1.6)
9.3 (+1.8)

cls (L)

0.83 (+0.33)
0.81 (+0.31)
0.79 (+0.29)
0.77 (+0.27)

dfl (esll)
1.8 (+0.3)
1.9 (+0.4)
2.0 (+0.5)
2.1 (+0.6)

Quantum-NeuromorphicslSiaal cdaleall luda — (9-4)J 522l

iou (uxdll)

0.69 (-0.01)
0.72 (+0.02)
0.75 (+0.05)
0.78 (+0.08)

(Uncertainty Models)crill ase zilai 5lSlas,2

Gy Jady g eal) il 8 458 ade Aa 3 50a8 (e ) gl (ST g il ju) sAD) AR
(el s el =6l 5 (Bayesian Uncertainty «Standalone GUA

a5 « uS JSiilabel_smoothing 334 s quudill cildlas) & < juadl) Ll
B35 e g dc siia Y] CSJA.'J\ s il 481 lily 33l ) plaaiul g cweight_decay
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Standalone GUABSSA! cdlaal) bsas — (10-4)J 52l

LAY il box (uidl)) cls (uxsdl))  dfl (Uxsdl)  conf (Lxdl))
1 Lise  8.4(+0.9) 0.87(+0.37) 1.8 (+0.3) 0.33(+0.03)
2 oJ)lss  8.6(+1.1) 0.85(+0.35) 1.9(+0.4) 0.30(+0.0)
3 -8 8.8(+1.3) 0.83(+0.33) 2.0(+0.5) 0.27(-0.03)
4 <kic 9,0(+1.5) 0.81(+0.31) 2.1(+0.6) 0.24(-0.06)

(Adversarial Training) (8Ll oy ail) 3lSlaa, 3
s oA Hladl ad Cua Acaldll OAA A CJ}A.J\ Alie st s Cilaa iyl sAd) Car
. Light AC 48 453 5 4L\l Adversarial Consistency
las dladatie Cilalae] aladin) &3 (Light AC)eu i) cildlas) & <l i) Ll
(close_mosaic=7) I_Swmosaic <sli)s <25 Y patience 3345 «(Ir0=0.0085)
) e Blall
£13) Juad) A3l Light AC 3kl el sz — (11-4)d s2all
LAY Gl box (ussdll) cls (Uxadl)  dfl (L) Tou (Uil
1 lakhise  82(+0.7) 0.89(+0.39) 1.7 (+0.2) 0.62 (-0.08)
Ldlae 8.4 (+0.9) 0.87(+0.37) 1.8 (+0.3) 0.64 (-0.06)

2
3 Jyi=a  8.6(+1.1) 0.85(+0.35) 1.9 (+0.4) 0.66 (-0.04)
4 OJlsie  8.8(+1.3) 0.83(+0.33) 2.0(+0.5) 0.68(-0.02)

daaral) cilia i Al lSlaa —3-6—4
(Dual & Triple Fusion) =Gl 5 (AU zadll 5lSlaa ]
Inner- SEIOU+GUA Jie clgin 01 (520 ansil 530 i (4 e (i aeal) 58 el cia
loU+AC+GUA.
) sla g, Cilalae ) aladiind ) lall sda Jad G qu il Cilalas) bl i) |
Ao il il &KWl lalae ) Jazadl (e la st
(EIoU + GUA + Attention)s\Staal claleal) s — (12-4)J 5220l
JAY) !l box (uxdll) cls (Uxdl))  dfl (Uxdl)  conf (Lxdl))
1 Lila.  83(+0.8) 0.89(+0.39) 1.8(+0.3) 0.34 (+0.04)
2 oJlsi  85(+1.0) 0.87(+0.37) 1.9 (+0.4) 0.31(+0.01)

3 s 87(+1.2) 0.85(+0.35) 2.0(+0.5) 0.28(-0.02)
4 <aylic 89(+1.4) 0.83(+0.33) 2.1(+0.6) 0.25 (-0.05)
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Nuclear Option 3Slas,2

J s s\l (EloU+GUA+Attention+Bayesian) <l sSe dxs )l zed 3Slae 52 gadll Cia
aina e ol Qi g et oadl )

Ir0=0.0088, 4lall daiaia i Cilalae) aladiin g cudil) Cilalae) A @) ppadl) Ll
Al 8 e il daisal) )8 axe 8 aSaill scale=0.48, close_mosaic=6

Nuclear Optionélsiaal calzal) by — (13-4)d 522l

Y Gl box (ux3dll) cls (Lxrdl))  dfl (L) conf (L)
1 Lilae 8.9 (+1.4) 0.81(+0.31) 2.2(+0.7) 0.27 (-0.03)
2 (J281) ojlsia 9.1 (+1.6)  0.79 (+0.29) 2.3 (+0.8) 0.24 (-0.06)
3 ol 9.2(+1.7) 0.78(+0.28) 2.4(+0.9) 0.22 (-0.08)
4 ki 9.3(+1.8) | 0.77 (+0.27) 2.5(+1.0) 0.20 (-0.10)

Jal&l) Jalail) g dpilgdl) giliil) —7-4
. il aan (e gilalll JuadY Algdl) il Jgasdl o
Gl e o giladl) JuabY A @i A — (14-4)d 53l
ad 0 Sl madl) [ A ledll Jbl 2 gall JilBe Geadll g laY) Acd

1 .. Nuclear Option 0.872 +1.75% Jliae
2 Varifocal (Simple) 0.868 +1.28% Jliea
3 Fixed Inner-loU-AC-GUA 0.866 +1.05% i
4 Quantum+Bayesian 0.865 +0.93% a2
5 EloU (Simple) 0.864 +0.82% L
- Original YOLO (Baseline) 0.857 - e
6 CloU + Light AC 0.838 -2.22% i
i)

lehasca 2 Laxie ¢ (Nuclear Option)isies SV zeadll dantiliad of o cJol (s any
o S colal AV Rl e Bl 13y L elal Jial 38a3 e 508 (rana (<A
bty adaill b oSanl) 4y O laall s all Calil o gy cJoallY) 2 ALl
s pabes I ey s gial) dueyleally Galdll aleil) st of (5 L. 3sitie old] )
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Crms - A giall da) leally alall alaill ate (44 )8l 1 wagis . Alle dad aie
z 3l glel) el 0yl (6-4)JSEN g o Slaill adiiall oSIAN cppeentl] (5-4) IS0
Llae (15-4) sl g+ canpxd) el adiall i) (7-4) I xiagage dssaal)

- Aaslad) Liaapall iluhall g = sl 7 3gal

ALl danayall Glahall pa #ikall 2 3gaill Ajlie ag —(15-4)Jsaad)

A 8all jlixa Aflud) Silas Al peglall
J J" - - C
e il Glifh as dalasivd o YOLO Al palae oaad 4l aaad () 503 jlsdl] oBlalae BlSLas
" la| jladinl (ol pile e meie)
Jalat AsmAP50 %3.3+ (as8ad
(p < 0.000001) G Soas|
colall 1l 3l sl ala Jlediuf 8 jeal allaly Lgamy e A Uy ¥ idd e 20
Gl Adle Aypuda Allall Ledaly] b dned Jean s i)

iy &gl LISS) (e Gl s SISl i o Tl ALE e L
- (s ( etc. «ol _jkdl ¢ aladYIS) Cais)

21 A mAP sloU o alic|

alie ind g qu il A el i
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Training Progression Curves (mAP50)

== = Baseline YOLO
== Light AC Base
=== Nuclear Emulation
==+« Quantum Bayesian ”
e \farifocal Emulation 3
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Training Epochs
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Cumulative Improvement (%)

3.00%

2.50%

2.00%

1.50%

1.00%

\\

0.50%
000% @
o)
N
_\O

Cumulative Improvement Progression

+1.60%
o
wiwy
o
S & 2
\\Q?@ o\’l?o Q?e'%
* &

z3laill psiiall S el g —(5-4) IS

woe

Y z 3l g Aijlie Cpauent Juadl gl da el Zuay lsall o (5-4) IS (e Jasdls
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Loss Convergence Comparison

== = Baseline YOLO
== Light AC Base

14
=== Nuclear Emulation
=+« Quantum Bayesian
= \farifocal Emulation
1.2
1.0
a
o 08
-l
)
0.6
0.4
0.2
0'00 10 20 30 40 50

Training Epochs

Ll z2laill Bludl) Jinie mag — (6-4) ISl
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z 3l (e Qi QA il 2 3gail Blustll o)l inie of (6-4) IS KA (e Laadls

Improvement Over Baseline (%)

CGAY)

Improvement Progression During Training

4.0
== Light AC Base (+3.26%)
ww Nuclear Emulation (+3.30%)
= Quantum Bayesian (+0.77%)
35 == Varifocal Emulation (+1.60%)
3.0

N
w0

o
o

%
o

1.0

0.5

0.9 0 10 20 30 40 50

Training Epochs

ol el adial Gueatl) maa g —(7-4) <Al

won

o Ot Qb gl A fibal) Lo lsa) of (7-4) IS (e 2D
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Blual) ligSas ele Sy 4830 d33lge (8-4)JSEN

Loss Components Comparison

w Box Loss

14 mw Class Loss
e DFL Loss

1.2

1.0

0.6

0.4

0.2

LA f e

Methods

Loss Values
=]
[=-]

Bl ClisSa sle iy Bl i5jlse eangy — (8-4) ISl
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Abstract

Recent advances in artificial intelligence (AI) have significantly
improved the object detection capabilities of autonomous vehicles,
particularly with the use of convolutional neural networks (CNNs). However,
achieving high levels of accuracy and speed simultaneously in vehicular
environments remains a challenge. Therefore, this paper proposes a
"parameter simulation" methodology as a practical and effective alternative to
direct loss function modification. It achieved the highest overall accuracy
(mAP50) among the tested models and the highest improvement in precision
(mAP50-95) of +9.11%, demonstrating its superiority in accurately locating
objects. It also achieved an optimal balance between precision and recall. A
significant improvement in the performance of the YOLOv8n model was
achieved without compromising its speed or stability, making it more suitable
for real-time applications such as autonomous vehicles and rescue robots.
Notably, the proposed model achieves a significant increase in accuracy, with
improvements ranging from 5 to 9 percent compared to standalone YOLO
models. The results of this research have practical implications for the

integration of Al technologies into autonomous driving systems.
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