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ABSTRACT

This independent study examines the application of CNN techniques to create a
car classification model. Classifying whether the vehicle has been damaged or not
Classification of the location of the damage that occurred. Helps analyze damage from
preliminary imases of cars. and to confirm the damage location of the car with the claim
form The information analyzed by a non-life insurance company.

The study found that in classifying the car's position by comparing CNN, VGG16
and ResNet, when comparing the results of all 3 models, it was found that CNN Model
predicted the car's position in each class more accurately. and the average of the
Accuracy was 81.72%, followed by the VGG 16 Model, which predicted more accurately
in the Side class than other classes and the average Accuracy was 59.29%, and the last
one was the ResNet Model that caused overfitting. Make prediction results for all Rear
class. And the results of a study on vehicle damage detection When the analysis results
of R CNN, R CNN DC5 are compared. It was found that the prediction of damage to both
models of cars by R CNN, the average Accuracy was 95.67 percent and R CNN DC5, the
average Accuracy was 85.25 percent, the predictions were similar. But in terms of image
prediction without damage, the R CNN model can predict more accurately than the R
CNN DC5 model. The study also found that in the case of image data that has black
color or is photographed with damage from a distance, the model still does not can

detect.
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2.9 Confusion Matrix

Confusion Matrix &iotuLa3 eellediaglunisusstiunaans vosn1syuny nie
Prediction virungainModelfitsnasnsdu TuMachine leaming lagiilotdaainnisinin @i

15789 (Model ¥iue) A Fainnauasy ddeduduadngls

Confusion Matrix

Actually Actually
Positive (1) | Negative (0)
o - >
Predicted True alse 7
Positive (1) Positives Positives
(TPs) (FPs)
False True
Predicted PN i s
Negative (0) Negatives Negatives
(FNs) (TNs)

g‘lh?i 2.9 Confusion Matrix

N8R0 hitps://medium.com/@pagongatchalee/confusion-matrix

® True Positive (TP)= As#iviune nsefuaafifinduase lunsdl ¥uie3193e wavaedi
[AaTu Ade 939

® True Negative (TN)= & efiviunensetudsiantu Tunsd vunedn luess uazd e
Aatu Ao luase

a a

® False Positive (FP)= @avinunelansafuasiiietu Asvinungdn 939 uwaasinedu A
13939
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® False Negative (FN)= &vhunglunssduiliinduass Aeviuiednldass undeiiinay

CRIRER

au13ald Confusion Matrix 11ANWI N15USEIHUUIZANEANYBIN1TYINUIBAY Model
Tngldensingg il
® Precision : Uaﬂdﬁmﬂﬂ\lammmaﬁﬂmmﬁu positive ﬂgmuﬂ TunaLsyie positive gn
e lng

TP
(TP + FP)

Precicion =
’sj@iﬂ’]ﬂ’}m

® Recall : ead@EenNIT Sensitivity ADAINUBNIIAALTILDD actual positive class 7

waulaunIateiela

TP

Recall = m

gATAIUIN

®  F1 score: mMInAaagvas precision kag recall lilavaniumsaesnse umdu
ANLRAULUY harmonic mean

y (Precision * Recall)
A F1Score =2 * ————
ANSAUIEY (Precision + Recall)

2.10 MU NN2T09

R.Rajkumar et al.(2020) g33esjaiunisianudaludivesnisuszanaransuseiudy
saeuslagld Deep Convolution Networks Lilesandeyaiidria 1smuiinislénmsioudng
dnelounagnislisd siasnlusRuuuudsiuierumauantivieuldd 15ildada 4 35
NM5IUUNUTLANTOBUA N15TunUsEIaNIITalasuanudeniendelad n1sduundseinn
ﬂ’J’mLEd‘iEJWlEJﬁLﬁﬂ%uLLa8ﬂ’J’liJ§HLL3\15U6ﬂﬂ’J’13JL?iEJW]EJG]’]EJﬁ’]ﬁU AIFEUARTIENITA 9 fianunsa
thurldlumsiesisianuidemgvessasus wazunaiuillldnsdumed saziBonaduly
n3UsEAufeALLE g vessasudialauutaznsidunsiondosrdulnumaunu

nansutuAnmatiaa1g o Asldiiednsziauderieedsn

lngrAdelaiionnuifeunldoddunisesnyssinnves model Nagldinsgriam

gUAmAYeITAEUd Lavd1edshanannislyd Deep convolution network

Kalpesh Patil et al.(2017) nsUsvananauseiudssasuamuawduiundrfynd

YOULRTUIA LAY AT UTEUUERIUNR Tuunanud 1snaziansandelymnisiiuniseian
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ANudEEvesIABLS FeunmnavyoiaiiniwazBendiazden dmamadansious
dadniftegausrasdil Tududu lsmenenniineusy CNN Tneass egrlsfiniu esandeyadi
fitheffugadn Seldannsaldnuldd andy sesdmanavesnmstineusuaimiiiane
laluy Aualen1sUTULAeE9aden A8 L5IMARBIEN1TE8laUNITITEUT WALANT
Souditana wamsvasewuandifiuiininFeuuvuiielourhauldiniinisufuudaens

oy snfianuusiugiie 89.5% fagn1sHANNaUTENI1INTENElaULALNSISEUITIIA

D

a =2 aa o

A33elAldenuiTeduniedn18iaismsTnuunyszsiananudenevessagus

Y a

wAlANITIS U wagimatianisloun1evayaiioyelun1sasna model arulu

Y

noUsTasAnAslivesn il

Javier O. Pinzon Arenas et al.(2018) unaruditiiauenisldunissiass mobile
robotic arm Asfiwifizssinguuudulufiuiiviiny Ssdmsumstammsunanudldding
USUL4 Faster R-CNN #sazansnsnszyiazunmosadsznouilifligndmedilausugis
99% wazaursanaapululIaILUUANLRTY (real-time) lokuy 100% na1IAe viusuda1u15e
FnfunazAumingimualiannsodndodd Inefidsiedn virtual environment #osdinig
AIUA FUTNFRIWVUIATBINTN input TN workplace F19z4dn network S1Suded

YUIA 700x525 NnLa

Ya o

A3elmaenauisedindnyiliemndeanaAnwinguiuazisnisldauves Faster-

A v o '3

RCNN wiefigideastiunldduuuamilunisiinsisisunnaifmnvessneus

Y
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unil 3
ad o = s o
A9NIIALUUITUIY
nsduniidaseadaild@nuinisussnananingiimasosudlasldnszuaunis
Tasstnsuszamuuunsuligtuiiefisanesfiulunisadralunanisduunsa nsdiuundy
sosudldumnudemenioll nssuundumiseudsfiiaty frnusianudemei
Lﬁmsﬁud’1miqﬁ’uwszﬁwﬁ'ﬁyzﬁa%m%mwﬂlu%mma'ﬁammmmﬁmﬁu
FenAdeiiitunounmssiniueidl
3.1 A3nsuardumeunssniine
3.2 \n3esfildlun1sise
3.3 Msdnintoya
3.4 MTLATIENvea
3.1 A3n1suazdunaunisaniiuey

TuURBUN 1 TURBUIATIZVN A URAW SRR

Start

Import dataset from Google drive

Preprocessing




15

Data

Train data Spllttin

Image (Front Rear Side)

classification Car damage detection

O/

y y A 4 Y
[ Train with J [ Train with ] [ Train with { Train with ] [Train with ]

CNN ResNet VGG RCNN RCNN DC5

S
-

[ Model evaluation }—Validation data

v A

Model 2 : Damage undamage ]

Model 1 : Front rear side classification , :
classification

Y

[ Model evaluation ]<—Test data

y Y

[Output:Confusion] [ Output : Image ] [ Jutput:

matrix predicted I:easpremg nt

(D

»
L

)

.
)

(O




Tunauil 2 N151971 Model iadnuundayaludiusiigg

- Model 1 : NM5AT19@UALMUUDIRIsaNlASUANLLAYNY

Car position detection

Hyperparameter tuning set
optimizer = adam, epoch = 100

l

Evaluation

- Model 2 : N3R5 UILANUFLNLAAVUAURITE

Car damage detection

Hyperparameter tuning set = Learning rate
= 0.001, Batch size = 128, epoch =400

Evaluation

Tunoudl 3 13 Prediction lnedoyaiiduyn data test A google drive

16
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3.2 sasdanldluniside

= 4

3.2.1 luduiinteyaudsgUiivg sagud vesaunaudseiuiuade Ingluduiinud
gufmnsnsudazisgazideatunstuiin loun JeyadionUseiu Juiiiamg Teyaddulise
Usziu dnuaizn1siinigeg WaglHuiinume

3.2.2 jUnmvesgURlvgsaeudliinyy

M19197 3.1 e eANEEENARAIN URMATIEUANIT VUM UNTNTS

ANMULELENNSEIUSILNSE

ANULASNE AU/

= 1% 4
ﬂ’J?ﬂJLﬁEJMWEJUi%QGﬂu“U’J’]WUW/

A

ANMULELIENTEINTINATUVIN




M19197 3.3 fegeANUEsETAnaINgURmASaEUANSYUANWI9gY

18

ANUFeUsERAUEIEnY

NA

ANMULFLTBNTLINT AU

AnuLdsvnglned18/977

AMULEEENsElUSINe
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3.2.3 NzUIUNg classification Wfiei1un classification fsneudindudiuvassoeud
loun w9 A1ud1950 warnassa laglyd Method CNN, Method VGG16 way ResNet &
optimizer Uy adam

3.2.4 nszviunsildlunsiesisdsuanludiuildvhuneanudemevesg e
guAwnsneud tngld Method R CNN wag Method R CNN DC5

3.2.5 Wsunsu google colab l¥lumsinseivaya

3.3 mMsdndrdaya
Tumsifusundeyagunwgtfvnsasud Livinsiiuguilddmsu train model
uay test model Tnggtamitldtrainidusutoyagt@mgsagud My open data wazdoya
14 test azndunmaegiRmmsasudnnuismuseiude FdlmAvsadeyal i soogle drive
3.4 MIATIEVdeya
3.4.1 M3udinguadsaeuddndudnvessosud lawn minsa Audese Laznasse
1neld Method CNN, Method VGG16 way ResNet 4 optimizer vy adam
- M3 normalize data Lilelvianansorirdoyaith model
- AAIIZUAN accuracy V89NIs train model
- Whdpyaun prediction
- Aimg1gvina Confusion Matrix
3.4.2 NM5AATIERANNENIEYRUNEaURMnsagus Iagld Method R CNN wag
Method R CNN DC5
- train uaydonadmfunig validate ndsanldduldidoyasuias meta
data 1UsEneUUeld label data
- WAIIHAT accuracy ¥89A1T train model R CNN
- rdiogaun prediction uagviinsSBUiBUAUA accuracy fildmuganm
e

- A@s1eviRa Confusion Matrix
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undi 4
Na228azanUsI9Na

nnsindeyaitdlung train waz test lnetayanldlunis test Wu Wudoyaan

anpuUsEiudnady Wedwniansanaylanadnsdeyadiil

4.1 nansuuinguddsesuddndudiuvassasud laun wiisa drudese uag
#8938 lneld Method CNN, Method VGG16 waz ResNet il optimizer 101 adam

4.1.1 msihvaya train kaw test 111 prediction kagyinsiUIeuLIBURUAT accuracy
ﬁlé’mﬂmsﬁmwgﬂmwdﬂLﬂuéaﬂmaﬁaauﬁ 183191115015 normalize date Lt ol9f
anunsovirdoyaida model Tédetu dunsudeanldaina model CNN , Method VGG16 uay
ResNet Tnald optimizer Hu Adam

{19103 train model aandumaudruul asdiuldinnsmiildeonuaunmguin
SloBewiinag train suvinlug Bevilifen accuracy geaandutnsmdudotio) Fawndutud

loss Nanad (NSINAUVEIB) LBYiIN15 train model NS

Training and Validation loss

Training and Validation accuracy Training

0.90 4 Training \ —=—— \alidation

—— Validation
0.85 -

Accuracy

03

0.2

01

25 50 75 100 125 150 175 200 2.5 50 75 100 125 150 175 200
Epochs Epochs

gﬂﬁ 4.3 n51mAn Accuracy ag Loss 989 CNN Model Ay Training ,Validation Dataset



0.95

0.75

Training and Validation accuracy

- Training
—— Validation

T T T T
10.0 125 15.0 17.5
Epochs

T
5.0 75 20.0

21

Training and Validation loss

0.7 1

0.6

0.5

2 044

0.3 1

0.2 4

011

Training
- Validation
25 5.0 75 10.0 125 15.0 17.5 20.0
Epochs

gﬂﬁ 4.4 n51MA Accuracy hag Loss U89 VGG 16 Model 11U Training ,Validation Dataset

Training and Validation accuracy

—— Training
— \alidation
25 5.0 7.5 10.0 125 15.0 175 200
Epochs

25

20+

Training and Validation loss

Training
—— Validation

10.0 12.5

Epochs

gﬂﬁ 4.5 n51A1 Accuracy Lag Loss U9 ResNet Model iU Training ,Validation Dataset

mﬂgﬂﬁ' 4.3-4.4 a1 Accuracy hazA1 Loss 984 CNN Lhag VGG 16 AU Training

\Validation Dataset fidnwauzadneriu fe 1liadl epochs 13N A1 Accuracy NAwdITUATL

InedlAn Accuracy Usyana 0.9 @auan Loss Wuagaumsiulaed epochs f3niu @1 Loss A

viatluatagiuszuna 0.1

ﬁ]’mg"dﬁ 4.5 A1 Accuracy kagA1 Loss 994 ResNet Model AU Training ,Validation

Dataset danwaznsuadAI Accuracy azA1 Loss 91 training dataset 1ilodl epochs #1170

T A1 Accuracy frgavun @31 Validation Dataset 9siin1suUsiupeudiegs
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=] v 6V . . o ) a (% 1 a v
A19719% 4.1 NaaWSURYA test U1 prediction LAEYINNNSHUIBUNEUNUAN accuracy wlmmuﬁm

Audenne neld Method CNN il optimizer 1y adam

sUnmiTagUA HATHS

4 3 \

YIUIEAIUVDITOIUAYINUNY
Musudvessasusioe

accuracy 100%

YIUIEAIUVDITOIURYINUNY
TIJusudnwessnsusise

accuracy 43.71%

YIUIEAIUVDITOYURYINUNY
IMTuduntinvassasusme

accuracy 100%




YIUIEAIUVDITOIUAYINUNY
Musudwessnsusise

accuracy 95.20%

YIUIEAIUVDITOIUAYINUNY
MU UNTINDITDIUARE

accuracy 100%

This image side with a 100.00 percent

[ gl s P T Mgdessaguiinung

Musuntinvessnsusme

accuracy 100%
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=] v cv L. ° = ~ Y Ay v
A19719% 4.1 NaaWSURYA test U1 prediction LAEYINNNSHUIBUNEUNUAN accuracy wlmmuﬁm

Anudemne neld Method CNN i optimizer {u adam (#i@)

sUnmiTagUA HASNS

MuneaIuvesTnsusvinuneIndy
PUNINVBITOLUARIY accuracy
91.83%

MunedInveIsnsusvinuneIndy
AUTNVDITOYUANIY accuracy
99.29%

YMungadIuveIsnsusvinuneIndy
FUNLNVBITOLUARIY accuracy
87.23%
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15919211 Model Tuldautiu sndudaaiinisiauszansain Model nau3n Model

duiluszansnmiiisanenazihuiauivs ol luldauaiudis Fnisiaussansnintudiu

Ingjazdneveyalag Confusion Matrix

Actual label

Front

Rear

Side

Confusion matrix with Normal CNN

Front

Predicted label

Rear

Side

2.00

175

1.50

1.25

1.00

-0.75

-0.50

-0.25

- 0.00

UM 4.6 MMWARIANT19 confusion matrix ¥83 CNN Model vasnisviningsiuviussagus

lusun 4.6 wadwsi

¥ 1

Y

a &

o

NMUNYNUT

PR D% v P °
’mm]mgﬂmwmLﬂwmsﬂmum il gU 1UNTNIUNY
gndesindumingg 2 gU vihwneRadundsse 15U ihweAsdududie 15U uazainguam

Mdunsasanmun 2 5U finmsihwegnidundsn 13U iweRadumieg 15U waggdnm

AUt 4 3y ﬁmﬁﬁ'}magﬂﬁm’hL*‘T;Jwﬁw%"m 25U fnsviunedundasa 1 U vhung

Aowdumiinge 15U

AN519% 4.2 AN519RAANS Precision, Recall 489 CNN Model U89n15¥nungmbiudsneus

Class Precision Recall F1-score
Side 0.50 0.50 0.50
Rear 0.33 0.50 0.40
Front 0.67 0.50 0.57

1NAN5197 4.2 981971 @1 Precision 984 Side, Rear way Front §iA10.50, 0.33 way

0.67 Auansu Favinliriiuladn CNN Model Hanuwiugilunisvinuneg Class Side wag Front
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111NN731 Rear L aUNalum15199 4.1 m1519 Confusion matrix wagAn Precision, Recall 11

Fas1znTIuAuaziulaIn Model anansaviuneludiuves Front wag Side Toanan

=] v sy L. ° = = Y Ay v
A197199 4.3 NaaWSURYA test U1 prediction LAEYINNNSHUIBUIEUNUAN accuracy wlﬂmuﬁ;ﬂ
ANuLEsY 1aglyd Method VGG16

sUnmiTaguA HASNS

PUNYAIUVDITNURYINT U N UA UL

VYDITNYUARIY accuracy 57.61%

U AIUVDITOIUAII UG INT UAT U

VYOITAYUARIY accuracy 52.61%

VNYAIUVDITNSURYIN U N UAUNT

YDITNYUARIY accuracy 65.81%
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M13199 4.3 (9i9) HAdnSUaya test 11 prediction wagvinn1sSeuLiisuiuan accuracy Ml

mugaasdenie lngld Method VGG16

sUnmiTagUA HASNS

is image front Accura

PUNYAILVDITNURYINTUIEINT UA UL

VYDITNYUARIY accuracy 60.19%

PIUNYAIUVDITNBURYIT UGN UA UL

UYBIINBUARIY accuracy 52.01%

PUNYEIUVDITNOURTIN U USRI

VOITNBUARIY accuracy 67.51%
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n1579z11 Model TulFautu s1dudeainisinuszansnin Model naui Model

Hufiusgans nmiiganeiaginwamuvsethlUldoauniunige densiaused@ndaimiuaiu

IngjazinA1Uayalag Confusion Matrix

Actual label

Confusion matrix with VGG16

: S
3.0
0

0

Predicted label

3.0
3 25
2.0
-15
-1.0
05

-0.0

Side

JUN 4.7 2 MUER99139 confusion matrix Y81 VGG16 Model 483mM3vinungiimiasngus

Tuguil 4.7 madwsmhwenuinnnainguamiduntisariovun 4 U dnisviune

gndesduniise 15U vhuneRaiduiiudne 3 3U wagninguamildundssoroun 2 5U 3

nsviunedundssn 05U viueAnduaedng 2 U kagsunmautaiaue 4 3U 3015

Vinnegndeainluniiiiu 3 U vinueRalundese 15U

A5199 4.4 PNTIINAING Precision, Recall 9849 VGG16 Model YDINSVNUIYFILAUITOOUR

Class Precision Recall F1-score
Side 1.00 0.25 0.40
Rear 0.00 0.00 0.00
Front 0.38 0.75 0.50

1NAN51997 4.4 981921 A1 Precision ¥84 Side, Rear wag Front @1 1.00,0.00 way

0.38M1ua0 U Favinlimiiulaan VGG16 Model fanunsiuegnluni1svinune Class Side 110071

Front kaga1nn31 Rear W auiwalum15197 4.3 #1519 Confusion matrix kag@ Precision,
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Recall 113tAs1zRu ULIUlAI1 Model aunsavinuneluaiuves Side la@anqn Front wag

Rear

=] v sv L. o = = Y aY v
A19719 4.5 NaaNSURYA test U1 prediction LAEYINNSHUIBUNEUNUAT accuracy 1/119161’134‘\;61

ANudsung tngld Method ResNet

sUnmiTaguA HAGNS

PUNYAIUVDITNURYINTUIEINTUA UL

VYDITOYUARIY accuracy 58.61%

VY AIUVDITOSURYIT UGN UA UL

VDITNYUARIY accuracy 63.16%

PUNYAIUVDITNURA VI UGN UA UL

VYDITNYUARIY accuracy73.67%
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M13199 4.5 (D) HadnsUaya test 11 prediction wagvinn1siSeuliisuiuan accuracy Ml

mugandevneg lagld Method ResNet

sUnmiTagUA HASNS

Thls image front Acc s 64.21124157

MungaIuveITnsusvinuneIndy

PNUNINYBITOUUARIY accuracy 64.21%

Mg Isneusvinune Iy

PIUMINYBITOUUARIY accuracy 50.62%

Mg dINYITnsUAIIUE Iy

PUNLIYBIIOUUARIY accuracy 63.59%
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Confusion matrix with ResNet
40

-0 4 0

3.0

Front

-2.5

0 §-2.0

B

Actual label
Rear
(@)

-1.0

0

Side

0

-0.5

) ; ) -0.0
Front Rear Side

Predicted label
gﬂﬁ 4.8 ANLARINISIS confusion matrix VB9 ResNet Model 38915y uNgfbAUeSa8un

Tuguil 4.8 wadwsiivhurewuinainanguamiidunthsostame 4 5U Sn1sviune
gndosiiduntisn 0 U vhureRaidundssavionmn 4 U uaganguamildundssa 2 3
yuneAmBuvdssaiamn 2 3U dnisviunedund 4 30 waesUnmdutnaiomn 4 3U 3
msvusgndesindumtndiu 0 U shuefiadundssonun 4 3U Sanilduarueds

AMMLB1992LARAIN Overfitting

A1519% 4.6 A1519NAGNS Precision, Recall 984 ResNet Model U89n15¥nungfuiuIsngun

Class Precision Recall F1-score
Side 0.00 0.00 0.00
Rear 0.20 1.00 0.33
Front 0.00 0.00 0.00

INA15199 4.6 921931 AN Precision 984 Side, Rear way Front @1 0.00, 0.20 way
0.00 AuaU Favinlaiulean VGG16 Model finnussiugluni1syituie Class Rear 110N
Front wazSide tila11ualum15199 4.5 #1519 Confusion matrix kag@n Precision, Recall 11
a I3 ) = v ° & o = Y] = a
A1 UILIULAIT Model Yunedu Rear M9Mun F9n150aUANYALT 01992109
Model s Overfitting

oINS s UL g UNaYD991e 3 Model wu3n CNN Model Ui N5y un 86N

sovudluuday Class idaugndeninni wazdrudauidu VGG 16 Model daviune
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wiugluauvasSide class 411NN Class U9 wavgaine@e ResNet Model 111015470

Overfitting 3w lvinavinuneilu Rear class Miaviun

4.2 wan153iAsaUdemevesgUagaUimnsasun lagld Method R CNN
a8 Method R CNN DC5

4.2.1 nMsinvaya train kay test 11 prediction kagyinsiUIeuLiguiue accuracy
flgnmgamnudoms Tnevinadendoyadegiidudurestoyaillédmiuns train uay
foyadmiuns validate vianldiuldihdeyasuuar meta data snusznoufuiield label
data

Lﬁalé’%ayja label uas lavinnasnvun Hyperparameter Ing AMnua learning rate
-0.01 , Batch size=128 Wag epochs=400 L{le¥i1n13 train Feyanua e ifinus ald
A3MAN loss 91nN5 train model simun 400 SaU il

9n3UT 4.9 Wulsaluraasudulunis train model azdiAn loss fan 1ile train au
ASU 400 A1 loss azanasmiunsan wazludruvesnsan accuracy Wevinastrain luauasy
400 50U 9z ulgnTiuualtAnT U wnedrdesuauseud train Wnu A1 accuracy

AP RLINTHICTA
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Total Loss

U 4.9 5196 loss wagen Accuracy 910113 R CNN model

tdy 3 d’ ¥ o U ¥ lﬂl = ! gj 1 Y o ¥ c v 1%
wnanstiluenansnanulidmiunisidnumenisfnwivinu ldeyaslmiluldusslewisnunisen

Lidnsdilag neau Snvienudilvidauwdasilom uavdessedadadivedenarsynasaninisuiluly
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Total Loss

Class accuracy

gih'?'i 4.10 n519A" loss 91nA1S R CNN DC5 model

N3U7 4.10 Wiulainlugiasudulunis train model agA1 loss 1u1n e train au
ASU 400 A1 loss Azanasn1unsIn wazludiuvesnsin accuracy Wovinnastrain lauasy
400 50U ulans T dudindu favinladiuladn R CNN wag R CNN DC5 Hdnuwazvas

A51N9@ 09I ML o U
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=] v cv L. ° = ~ Y av v
AN919 4.7 NaaWSURYA test U1 prediction LAEYINNNSHUIBUNEUNUAN accuracy wlmmuﬁm

aNuLdselasly Method R CNN

ANAMULFINE

NAANG

o P

0§

100

200

AMANUEEeveeTasUAlR 3
0 ludrumihsagudddi 2 9n
TaeilAn accuracy 98%, 76%
ANNAINU LATIOUUAAUEY 1

0 lnedlAn accuracy 72%

o

100

400

ﬂWWﬂQWNLaﬂﬁqﬁmaﬂﬁﬂﬁumﬂlﬁ 2
30 lnedlen accuracy 99%, 75%

AUAINU
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M13199 4.7 (D) HadnsUaya test 11 prediction wagvinn1siSeuliieuiuan accuracy Ml

mugardemelagly Method R CNN

ANAMULFINE NAANG

ANANUFLVNLVBITOLUAATU
J0eUAYRITAUTIYN Inedl accuracy

78% 76% H1UA1AU

AMNANULEDNEUDITBUALALIU
ANILEINEYRITDEUAAUNTINAR AU
NAN Uay AUVAIER lngAumingy
audemelafivsnamtsosud 7
nsyluswitnse wil wazdese
lpedl accuracy 62% 67% AUAGU
Aiunansdl accuracy 60% LavAu

WA9gA accuracy 61%

EEEEEEEREE)
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A159911 Model Tuldauiu sndudesiinisinuseansnin Model Aau3n Model

uiluszansnmiiganenazthuimuivs ol luldauaiuais Fnsiaussansnntudiu

Ingjazdnedeyalag Confusion Matrix

Actual label
Unamage

Damage

gﬂﬁ 4.11 MWLERINISI confusion matrix V84 R CNN Model 989n15yuneauLae

Unamage

Confusion matrix

Predicted label

Damage

Iugﬂﬁ 4.11 maé’wéﬁﬁmwwudwmﬂmﬂgﬂmwﬁﬁmmLﬁwwﬁwm 20 5 §n3

unegnaesirdianadene 9 3U vingiialulidemnudenie 115U wazaingunmdlud

avude 5 5U dnrsvinegniiauadulifanudenes 5 su

AN519% 4.8 A1519NAGNS Precision, Recall 489 R CNN Model 184n15¥inungauLde

Class Precision Recall F1-score
Undamage 0.45 1.00 0.62
Damage 1.00 0.70 0.82

91nA1519% 4.9 92ld31 A1 Precision ¥89 Undamage, Damage 11 0.45 , 1.00

Aua1nu F9vinliiiud R CNN Model dainuusiugnlunisvinune Class Damage 110031

Undamage wagA1 Recall 89 Undamage Wiy 1 91alliesunaindeyadild Test doaiiuly
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WatNalumi$199 4.7 m1519 Confusion matrix kagAn Precision, Recall 1N3LAS1EHsIUNUDY

Wiulaan Model aunsavinuneauiiduanuidemevassasudlaiduseem

=] v sy L. ° = = Y Ay v
A1979 4.9 NaaWSURYA test U1 prediction LAEYINNSHUIBUIEUNUAT accuracy 1/116161’134‘\;61

Anudsrelagly Method R CNN DC5

ANAMULFINE

NAANG

ameadsmevessneudla 3 9a Ty
@UNTNINUAGEAT laeilAn accuracy
72%, 89% Wy 84%

MINANUFYAYVDITOUUR LUFIUNT
sneuRdn lnsliA accuracy 88% uagy
97%

AMANUEDVBITOLUALALTUNINAIIL
demelaluusiaminsaussyn ned
A1 accuracy 84% uaz 72% &8N
U3nafiansnsadunmanudensls
Tuusamesais Inedia
accuracy77% 95% wae 97%
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M13199 4.9 (di9) HadGNSUaYa test 11 prediction wavitn1sSeuLiisuiuan accuracy Mld

muaAUdeelagld Method R CNN DC5

ANANULASNNE NAGNS

0

ANANUFLNYVBITOLUALABTU
ANUEEEYBITIYUARUMINGR

IaeilAn accuracy74% wag 97%
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A159911 Model Tuldauiu sndudesiinisinuseansnin Model Aau3n Model

uiluszansnmiiganenazthuimuivs ol luldauaiuais Fnsiaussansnntudiu

Ingjazdnedeyalag Confusion Matrix

Actual label
Unamage

Damage

Unamage

Confusion matrix

Predicted label

Damage

31Jﬁ 4.11 MNWEAINITI confusion matrix U89 R CNN DC 5 Model 489n157uneganubLae

luguil 4.11 naawsyiuwienuinananguamniianuidenienvan 20 3U 013

unegnaesindianudene 12 5U vinefinilulidenudenme 8 U uaraingunmdlid

audevie 5 3U finsvhwedulifinnuds 4 3U ihueRaduiienudens 15U

A15719% 4.10 AN519RAaNS Precision, Recall 989 R CNN Model 184n15vinungausde

Class Precision Recall F1-score
Undamage 0.44 0.80 0.57
Damage 0.94 0.85 0.83

91NA15197 4.10 9¢l@31 A1 Precision vo4 Undamage, Damage &A1 0.45 , 1.00

AUEPU T lATiLI1 R CNN DC5 Model innuusiugnlunisyiiune Class Damage 11nn7n

Undamage
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YINaluni5199 4.9 @519 Confusion matrix wazA1 Precision, Recall 4131A51¢%
Y] <@ 2 ) 1 ::1' < = Y @ 1 =
fuaziulein Model @unsavinunediuildunnudeevessasuslaidusgnad
W aUHATILATIEY VRN 2 Model UNnUT8UBUAY WUIINITVIUIEANULEUNE
SO8UATY 2 Model uneralatndiAssiu wiludiunisviwesuliddainudenis R CNN

Model anansaviunglaagnagnuinnd R CNN DC5 Model
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4.3 wan13eszndayagunimuaziiuniainanuidenigaindayanisiiame
A a ¢ = a v o

LW@‘?Lﬂi']%ﬁﬂ’J'l%JLaﬂﬂqﬂﬂﬁaﬂﬂaaﬂﬂUblULﬂaN

4.3.1 myAneteyateyasuninuazn1sidendiiniainanudemeaindeyanis
e Wiolieszianudemeiaenadesiulunan Insthdoyalunisiases Tude 4.1
uay 4.2 mﬁm'ﬁwﬁﬁ’uﬁwLmﬂqmmﬁwwﬁiﬁgnﬁ’uﬁniulvmau fadl
Al 4.11 HAGNSURYA test 17 prediction wagyin1siUTeuWieuiuAl accuracy Nlany
wesdemefidudiusunthueasngudlag Method CNN, Method VGG16 uay ResNet &

optimizer \Ju adam

sUAMEITREUA

Model Actual Prediction Accuracy
CNN Front Front 95.09%
VGG16 Front Front 57.61%
ResNet Front Front 58.61%
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M13199 4.12 Yayangniuiinluluiaay

sUnmiTaguA
AUIANIUESEINNSAAIATY nsglusmii nszluseving
UoyaI39NUTINYT8iUY LARMATYUINETFR N

91ne5N7 4.11 - 4.12 Wierhuauniisudunuinme 3 Model lalvmunisiunesdu
Auntngans 3 Model wazsnunusanudamedliszsululuimanladinssyudusuwmiai
INYUA Uaznassaeud Bailnansanulunisseuidentnsosud wdludiuiesaeudduna 3

Model lanunsaviungls Weaannindisiiunen Model shanduiiasduninsnaus
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M19199 4.13 wadwsoya test 11 prediction warin1sIeuLiisuiuan accuracy Milany

wesdemefidudiusunthueasneudlag Method CNN, Method VGG16 way ResNet &

optimizer U1 adam

sUnmiTaguA

Model Actual Prediction Accuracy
CNN Front Front 95.81%
VGG16 Front Side 52.61%
ResNet Front Front 63.16%
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M13199 4.14 Yayangniuiinluluiaay

Y

sUnmiTaguA

==

AWANUFEN BN TAMIATY nselusamiy

Toya39NUTENUTAUY soUsgiuruiuduntsaensdl

NATNT 413 — 4.14 Wethrau e uiunuinmg 2 Model talamumsvirunedu
Auntinse enviu VGG 16 Model viweidusudne wazsusnnudementaszylulue
aulefinsszydusiumimiinsaeud dinanseaiufiu CNN, ResNet Modellunsseuidenti

SOYURN
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M19199 4.15 nadwsoya test 11 prediction warin1siIeuLiisuiuan accuracy Milany

wesdemefidudiusunthueasneudlag Method CNN, Method VGG16 way ResNet &

optimizer U1 adam

sUnmiTaguA

V3 W4 N

{47

Model Actual Prediction Accuracy
CNN Front Front 100%
VGGL6 Front Front 65.81%
ResNet Front Front 73.67%
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M13199 4.16 Yayangniuiinluluiaay

Y

sUnmiTaguA

PR u‘v o

2N

%
=

MUMAUEI Mg INATAAATY nsvlusami

UoyaITINUTENU S8y soUsziuruiuiuvtsasnsel

INAINA 4.15 ~ 4.16 Wethuauiieuiunuinig 3 Model talsdnumsvirunedu
Auntsn wavsiumiianudsmeilassululueanlafimsszulusmwnianihsneud 398

Hansafiulunsssudeninsogud
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M19199 4.17 wadwsoya test 11 prediction wazitn1siIeuLiisuiuan accuracy Milany
nudemenidudiiuniivessogudlag Method CNN, Method VGG16 wag ResNet &

optimizer U1 adam

sUnmiTaguA

Pan 1S oF | .
Model Actual Prediction Accuracy
CNN Front Side 99.29%
VGG16 Front Front 60.19%
ResNet Front Front 64.21%
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M13199 4.18 Yayangniuiinluluiaay

sUnmiTaguA

K

AselUsevn nseluseine Tnvtindgne

ALANFEN 8NN TAANATY

ToyadTRINUTENUsEiUiY saUseriugnensaivumMuynese

NAN5197 .17 - 4.18 Wethraunisuiunudaia 2 Model Tilvnunisvuedu
sumtihgn eniiu CNN Model viunendudutng uazdumisanademeinlsszyluluinasls
fnsszydusihumimiisasud uazndesneus Jedinanseafufu VGG 16, ResNet Modellums
seydeminsneust uiludauihesasustui 3 Model luannsovhungld osminnmihiim

11 Model tuuienmuntinsasus
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M19199 4.19 wadwsUoya test 11 prediction warin1siIeuLiisuiuan accuracy Milany
nudemenidudiiuniivessogudlag Method CNN, Method VGG16 wag ResNet &

optimizer U1 adam

sUnmiTaguA

Model Actual Prediction Accuracy
CNN Front Front 100%
VGG16 Front Front 67.51%
ResNet Front Front 63.59%
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M13199 4.20 Yayangniuiinluluiaay

sUnmiTaguA

AUTNAILESEINNSARYIATY nszluswmi nszluseing

Toya39NUTENUTAUY sauszrugnensdivumunese

INAITNA 4.19 — 4.20 lethnauiiauiunudang 3 Model lalinunisyiunesdu
Auntnsang 3 Model wazsundsanudameilaszululuimanlafinsssydusumami
TnguA Uazndesneud Bailnansenulunisseuideninsasud wiludiwinesagudduna 3

Model lanunsaviunels wWesainainfishuign Model tuduliieamiuninsnaus
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M19199 4.21 wadwsUoya test 11 prediction wazin1siIeuLiisuiuan accuracy Milany

wAdemeidudiusundessasudlag Method CNN, Method VGG16 wag ResNet &

optimizer U1 adam

sUnmiTaguA

Model Actual Prediction Accuracy
CNN Rear Side 95.62%
VGG16 Rear Front 52.01%
ResNet Rear Front 50.62%
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M1319 4.22 Yayangniuiinluluiaay

v

sUA TR

FUMNANIEIMINEIINNSIAAYATY n3zlusaving

ToyadTNUTENUseiudy saUsEAugNANSAYUAIUNIETD

AN 4.21 = 4.22 Wethuauiguiunuiinga CNN, ResNet Model talinunns

weduiuniinsg dau CNN Model losiunaidududie wazsundsanudemeilassy

= tﬂ' 14

Tulupauldfinnsseyidusumnusnunaise Felinaliassiunung 3 Model Falad1da1nua

A5 1zilute 4.1 azeiuleng 3 Model Sawihunsluarumundasasudlirsen
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M19199 4.23 wadwsoya test 11 prediction warvin1siIeuLiisuiuan accuracy Milany

1 1Y

AnudsmevesgUaee TRmnsosudidudiusmuninvessasus Iagld Method R CNN way

R CNN DC5

sUnmiTaguA

R CNN

R CNN DC5

o

100

150

2

AN VUIRALEEEY

AUNUIYATN 3 (3

3179) = 72%

3 90 Ry INAINGE) 3 90

fiunglet Femeiunele

Accuracy fumiaged 1 (& | Accuracy fumiagail 1 @
W) = 98% \Te3) = 72%
fumisgei 2 (@ Mumiagail 2 (@
W) = 76% 1T97) = 89%

AUMLUIYAT 3 (3

A1) = 84%
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I U

M131991 4.24 Yayangniuiinluluiaay

Y

sUnmiTaguA

PR u‘v o

2N

%
=

MUMAUEI Mg INATAAATY nsvlusami

UoyaITINUTENU S8y soUsziuruiuiuvtsasnsel

INAISI9T 4.23 — 4.24 1 e wan T BURUNUIY R CNN Model @11150115
Detection JuldAsauAguNIn R CNN DC5 Model uagludiuiiiinig Detection 1#vaaria 2

Model duduludiuvasusiamvtnsneus dansetunatuiniulueay
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M19199 4.25 nadwsUoya test 11 prediction wazvin1siIeuLiisuiuan accuracy Milany
AnudsmevesgUaee TRmnsosudidudiusmuninvessasus Iagld Method R CNN way
R CNN DC5

sUnmiTaguA

R CNN R CNN DC5

HAGNSAILIgR 230 HASNSAUMYLIRR | 2 90

Femeivinungle Fomeivinungle

Accuracy fumilegen 1 @ | Accuracy Munaged 1 (Fung)
ThiRy) = 75% - 88%
Mumiaqai 2 @ Muyagen 2 (Fun
129) = 99% ) = 97%
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M13199 4.26 Yayangniuiinluluiaay

Y

sUnmiTaguA

==

AWANUFEN BN TAMIATY nselusamiy

Toya39NUTENUTAUY soUsgiuruiuduntsaensdl

3INA1TNN 4.25 - 4.26 Lo INaNTgUTuNUI1 R CNN Model uag R CNN DC5
Model #131130%11113 Detection laqaunadnsyiaiu lag#n 2 Model WuatunsaduaIy
denmenlunisaleviseg drusnymduauazqaiu wazludiuidnis Detection lavasia 2

Model suduludiuvasusuntinsnsus fanseiunatuiniulueay
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M19199 4.27 wadwsoya test 11 prediction wazvin1siIeuliieuiuan accuracy Milany

1 1Y

AnudsmevesgUaee TRmnsosudidudiusmuninvessasus Iagld Method R CNN way
R CNN DC5

sUnmiTaguA

R CNN R CNN DC5

HAGNSALaRaLEEMIEN | 2 90 HAdnSAuvLn | 590

iungla Weomeaiinungle

Accuracy Autagad 1 (& | Accuracy FUnegal 1 (Fung)
wAw) = 76% = 95%
o ! = = o ! = = A
AT 2 (& FUnLegadl 2 (Fien
\We9) = 78% 90u) = 84%

Fumiieged 3 @)
=72%
umiiagadl 4 (Fhe)
=97%
Mumiagadl 5 @iTe7)

= 7%
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M13199 4.20 Yayangniuiinluluiaay

sUnmiTaguA

AUTNAILESEINNSARYIATY nszluswmi nszluseing

Toya39NUTENUTAUY sauszrugnensdivumunese

INATI99 4.27 - 4.28 1l 8 man N e UAUNUI1 R CNN Model @131150%1015
Detection 9alatania R CNN DC5 Model wazilagqaiiinis Detection wu31 R CNN DC5
Model ladugaiiiinanandemealafindy Fewanisvinnetudenndasiulurauiissyanude

PRV TN OLATUAITH
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M19199 4.29 wadwsUoya test 11 prediction warin1siIeuLiisuiuan accuracy Milany

1 1Y

AnudsmevesgUaee TRmnsosudidudiusmuninvessasus Iagld Method R CNN way

R CNN DC5

sUnmiTaguA

R CNN R CNN DC5

HASNSHLALIR | 7 90 HANSAUMYRR - | 2 90

Feme gl Femevinungle

Accuracy fumiaged 1 @ | Accuracy umiaged 1 Fvay
49) = 67% = 97%
Mumisgai 2 (@ Mumilsqadl 2 (@) =
UW) = 62% 44%

Muvisged 3 @
Wided) = 51%
fuvtisqadl 4 (@
) = 60%
Muviisqadi 5 (@
\g) = 61%
Fuviisqndi 6 (3
vuY) = 58%
Mumiagail 7 (@

vUY) = 57%
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M13199 4.30 Yayangniuiinluluiaay

sUnmiTaguA

FUMANIEIMNEIINMSAALATY nsglusant nseluseing

UoyaI39NUTENUTEiuY LARMA YUY TasR T

31NA15199 4.29 - 4.30 Ll o a1 g uAUNUI1 R CNN Model @1115av1A13
Detection 3abaannnda R CNN DC5 Model wagtil 99 9a% i 115 Detection Wu3n R CNN
Model ladugafiiinanandemeladnil wmanisyinetuaenndasivluinauiissyanude

MANNINUNT AL



62

unii 5
ayunanIsAneLasUaLauBLUL

Mnnsfnwafeiidunisfnuinisssanananmetamg sneudlagldnszuaiunis
lasanguszamuuunauligiuilingussasdasndanasiulunsdiuunsa Msdwundnsagus
Fsunnudemevdolil mssuundwniinnudediietu uasiledudusumdsaudems
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Felahtayannuienuseiuimady Wedwnfiarsanaglanadnsdeyanmuduneu
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1. wanswuingudsasuiindudiuvessosud laun wihsn dudnesn wagndese
Tngld Method CNN ,Method VGG16 Lay ResNet & optimizer U adam,

2. HamsiassianmdenigvessUaieeUiiunsasud laelyd Method R CNN uag
Method R CNN DC5

3. BT UTURILMUIAINUL AT IVDITOIUANU bULAG

5.1 d5UNaN15IY

5.1.1 nswdsngudisasuadnludulavassasud

Tunsansunduvisuesse wuittunisdinungusmuvisuassa Method CNN
I ansavimnesuniasalaiduegned Inedin Precision va4 Side, Rear wag Front
fien 0.50, 0.33 way 0.67 Muady Javinliiiulsn NN Model fianuusiugrlunns
viune Class Side Wag Front 1171 Rear WAgALad 889 Accuracy 087l Soaz
81.72 uaznadlAnesideyanuinanasiisenuanguitinifsndieuiisuiu
HAILATIENIN Model NUTWaNITYITU8ves Model gnsiaen N ey Sevas 66.67

NTMUNFUAIUMUITBID Method VGG16 ansavinunesiuvissalan lng
A1 Precision 489 Side, Rear Lag Front fld1 1.00, 0.00 uay 0.38AuaR U eyl
Wiulad1 VGG16 Model fiaundugnlunisvinune Class Side 11nndn Front wag
11NN Rear BaAadeuas Accuracy agiisorar 59.29 waznadlAsesideyanyingin
msthseaunguiantihfundisudisudunaiiasizsiain Model wuitwanis
MUY Model QnABIRNTIEBNU SoLay 66.67

NFIMUNTUAUMUIYD950 Method ResNet ansnsavinuiesumyssaliatn
Tngen Precision 984 Side, Rear Wag Front /1 0.00, 0.20 wag 0.00 AudIFy Fariy
TAwiuladn VGG16 Model fimnuusiuglunisvitung Class Rear 11031 Front ua

ey

Side #aALafgVes Accuracy BgiTeray 62.31 uarnaliATendoyanuinainnisi
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senuInfUiTAnh fiundTeuiieuiunaiingziann Model wuinaanisviiune
Y94 Model gnépemusey Segay 83.3

dlevuiuFeuisunaresiia 3 Model wud1 CNN Model fufinnsviiune
dundssasudluuaay Class lafinnugndesuinni wagaidudaundu VGG 16
Model Gavhuneusiugludruvesside class 1nnin Class Bu uazgaviedo ResNet

Model #1in151in Overfitting Fsvilviaviunedu Rear class v

5.1.2 Mydnseianudemevasgudeaifmnsasun
Tun190195793UANUEBTIBUR9TA1IN Method R CNN wud1dia1uuiugnluy
nsasatuandemeladuedned Ineen Precision 909 Undamage, Damage fi@n
0.45 , 1.00 fudsu F9vlAiuI R CNN Model daruuduglunisyiune Class
Damage 111131 Undamage 4z Recall 989 Undamage wiriu 1 anaiflasunann

P Ay

Foyatild Test tiooiAuly uazAiadvues Accuracy agiifouas 95.67 9nuanisly
ULAVBINNKITY Uy é’awué‘ﬂ'jﬂumﬁﬁﬂuﬁﬂ’aaﬁagﬂﬁﬁﬁﬁm%ﬁmim&Jmm
Fumeanszezlna Model ensldausansaidula
N13MTIVANULEYNBUDITNIN Method R CNN DC5 wuadiauudiugiltu
A1IATIIUAINLEEN Y TauAq Precision U89 Undamage, Damage A1 0.45 , 1.00
auaIu Fevialiidiuda R CNN DC5 Model Sinnumaiugilunsviiune Class Damage
171111 Undamase wazAaieves Accuracy agjﬁ%faaaz 85.25
dierdmaiinsnziunaiie 2 Model nd3suniit Uiy wuianisviueainy
Fevmesnsusiie 2 Model vimenaldlndifssiu uwiludunisriunesulifann

Wdeme R CNN Model ansnsavinwelaagnagnuinnds R CNN DC5 Model
5.2 dalduauug

1. sUnnitagldlunisd model dupasifugnmaniuay ansnsaiugaidemedida
uLAzIEURRRITnEud Teflazll model awnsauenqarademeuazyaidemeliegng

WU

a a

2. ANEI9YRIFUNNLTRIINAT model agliaunsaseusnniiidalaadn villi

1 model AzfpwinuUulsEansmmisdnlunseusawdalviunnau

vYa o 1

3. @13 Model 71199 ungAunLav9508 U §ITULaUDTINITNILABIVIINT
detection sUnmianAnIMashweludnlavessasud
4. raualuglnin Method 8usLiaLANYEY Model 983n19YIUNBFILALNTOBUR LU

ResNet101, ResNet152
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5. tauauuzlivin Method 8 umufiiinves Model 189n15¥iu8AULEBEUD4
SOYUR LU VGG16, ResNet50, ResNet101, ResNet152
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AMANUIN N

1.Car damage model

RCNN
Ipip3 install 'git+https://github.com/cocodataset/cocoapi.git#subdirectory=PythonAP!

%matplotlib inline

from pycocotools.coco import COCO
import numpy as np

import skimage.io as io

import matplotlib.pyplot as plt
import pylab

import random

pylab.rcParams['figure.figsize'l = (8.0, 10.0)# Import Libraries

# For visualization

import os

import seaborn as sns

from matplotlib import colors

from tensorboard.backend.event processing import event accumulator as ea
from PIL import Image

from google.colab import drive

drive.mount('/content/edrive)

getDataPath = '/content/gdrive/MyDrive/Project Ayok/dataset/car damage'

dataDir=getDataPath+'/val'

dataType='COCO val annos'
mul_dataType='COCO_mul val annos'
annFile='{}/{}.json"format(dataDir,dataType)
mul_annFile='{}/{}.json" format(dataDir,mul_dataType)



img_dir = getDataPath+"/img"

coco=COCO(annFile)

mul_coco=COCO(mul_annFile)

cats = coco.loadCats(coco.getCatlds())
nms=[cat['name'] for cat in cats]

print('COCO categories for damages: \n{\n'.format(, "join(nms)))

nms = set([cat['supercategory'] for cat in cats])

print('COCO supercategories for damages: \n{A\n".format(, '.join(nms)))

#Multi Class #Parts dataset

mul_cats = mul_coco.loadCats(mul coco.getCatlds())
mul_nms=[cat['name’] for cat in mul_cats]

print(COCO categories for parts: \n{i\n"format(’, "join(lmul_nms)))

mul_nms = set(Imul_cat['supercategory'l for mul cat in mul_cats])

print(COCO supercategories for parts: \n{}\n".format(, "join(mul_nms)))

catlds = coco.getCatlds(catNms=['damage']);

imglds = coco.getimglds(catlds=catlds ),

random_img_id = random.choice(imglds)

print("{} image id was selected at random from the {} list".format(random img id,

imglds))

imgld = coco.getimglds(imglds = [random_img_id])
img = coco.loadimgs(imgld)[0]

print("lImage details \n",img)

| = io.imread(img_dir + '/25'+'jpg’)
plt.axis('off)
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plt.imshow(l)
plt.show()

annlds = coco.getAnnlds(imglds=imgld,iscrowd=None)

anns = coco.loadAnns(annlds)

plt.imshow(l)
plt.axis(‘on’)

coco.showAnns(anns, draw_bbox=True )

mul_annlds = mul_coco.getAnnlds(imglds=imgld,iscrowd=None)

mul_anns = mul_coco.loadAnns(mul_annlds)

category map = dict()

for ele in list(mul coco.cats.values()):

category_map.update({elelidT-ele['name'T})

parts =[]
for region in mul_anns:

parts.append(category maplregion['category id1l)

print("Parts are:", parts)

#Plot Parts

| = io.imread(img_dir + /' + img['file_name'))
plt.imshow()

plt.axis('on’)

mul_coco.showAnns(mul_anns, draw_bbox=True )

#get parts annotations
mul_annlds = mul_coco.getAnnlds(imglds=imgld,iscrowd=None)

mul_anns = mul_coco.loadAnns(mul_annlds)



# Create a dictionary between category id and category name

category map = dict()

for ele in list(mul_coco.cats.values():

category map.update({ele['idT:ele[name'l})

#Create a list of parts in the image
parts =[]
for region in mul_anns:

parts.append(category maplregion['category idTl)

print("Parts are:", parts)

#Plot Parts

| = jo.imread(img_dir + '/ + img['file_ name'))
pltimshow()

plt.axis('on')

mul_coco.showAnns(mul_anns, draw bbox=True )

lpython3 -m pip install 'sit+https://github.com/facebookresearch/detectron2.git'

lgit clone https://sithub.com/facebookresearch/detectron2
lpython3 /content/detectron2/setup.py install

lpython3 -m pip install detectron2 -f

https://dl.fbaipublicfiles.com/detectron2/wheels/cu92/torch1.7/index.html

Ipip3 install torch==1.7.0 torchvision -f
https://download.pytorch.org/whl/torch stable.html

import torch, torchvision

print(torch. version , torch.cuda.is_available())

loython3 —-version
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# import some common libraries

import numpy as np

import os, json, cv2, random

import matplotlib.pyplot as plt

import skimage.io as io

# /content/detectron2

import detectron2

from detectron2.utils.logger import setup logger

setup_logger()

# # import some common detectron?2 utilities

from detectron2 import model_zoo

from detectron2.engine import DefaultPredictor

from detectron2.config import get cfe

from detectron2.utils.visualizer import Visualizer

from detectron2.data import MetadataCatalog, DatasetCatalog

from detectron2.engine import DefaultTrainer

from detectron2.utils.visualizer import ColorMode

from detectron2.evaluation import COCOEvaluator, inference on dataset

from detectron2.data import build detection test loader

# Set base params
plt.rcParams("figure.figsize"] = [16,9]

print(detectron2.  version )

lpython3 -m detectron2.utils.collect _env

dataset dir = "/content/gdrive/MyDrive/Project Ayok/dataset/car damage"
img_dir = "img/"
train_dir = "train/"

val_dir = "val/"
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from detectron2.data.datasets import register coco instances
register coco_instances("car_dataset train", {3,
os.path.join(dataset_dir,train_dir,"COCO _train_annos.json"),
os.path.join(dataset_dir,img_dir))

register coco_instances("car_dataset val", {3},
os.path.join(dataset_dir,val_dir,"COCO val annos.json"),

os.path.join(dataset_dir,img_dir))

dataset dicts = DatasetCatalog.get('car dataset train")

metadata_dicts = MetadataCatalog.get("car_dataset train")

#lmplementing my own Trainer Module here to use the COCO validation evaluation
during training
# TODO: add data custom augmentation

class CocoTrainer(DefaultTrainer):

@classmethod

def build_evaluator(cls, cfg, dataset name, output_folder=None):

if output folder is None:
os.makedirs("coco. eval', exist ok=True)

output_folder = "coco_eval"

return COCOEvaluator(dataset_name, cfg, False, output_folder)

# In detectron2, epoch is MAX_ITER * BATCH SIZE / TOTAL_NUM IMAGES

cfg = get cfg()

cfg.merge from file(model zoo.get config file("COCO-
InstanceSegmentation/mask rcnn R 50 FPN_3x.yaml"))
cfg.DATASETS.TRAIN = ("car_dataset_train"))
cfg.DATASETS.TEST = ("car_dataset_val"))
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cfg.DATALOADER.NUM WORKERS = 4

cfe. MODEL.WEIGHTS = model zoo.get checkpoint url("COCO-
InstanceSegmentation/mask_rcnn R 50 FPN 3x.yaml") # Let training initialize from
model zoo

cfg.SOLVER.IMS PER BATCH =4

cfg.SOLVER.BASE LR = 0.001 # pick a good LR

cfg. SOLVER.WARMUP_ITERS = 700

cfg.SOLVER.MAX _ITER = 400 #adjust up if val mAP is still rising, adjust down if overfit
cfg.SOLVER.STEPS = (600, 800)

cfg.SOLVER.GAMMA = 0.05

cfg.MODEL.ROI HEADS.BATCH_SIZE PER IMAGE = 128 # faster, and good enough for
this dataset (default: 512)

cfe. MODEL.ROI_HEADS.NUM_CLASSES = 2 # only has one class (damage) + 1

cfe. MODEL.RETINANET.NUM CLASSES = 2 # only has one class (damage) + 1

cfg. TEST.EVAL_PERIOD = 400

# Clear any logs from previous runs
#TODO add timestamp to logs
Irm -rf cfg.OUTPUT DIR

os.makedirs(cfg.OUTPUT DIR, exist_ok=True)
trainer = CocoTrainer(cfg)
trainer.resume_or load(resume=False)

trainer.train()

# plots = plot(logdir="/output', savedir="/"
for root, dirs, files in os.walk('/output’):
print(root)
print(dirs)
print(files)
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def smooth(scalars, weight=0.6):

Reference: https://sithub.com/plotly/dash-live-model-
training/blob/master/app.py#L163

last = scalars[0]

smoothed = list()

for point in scalars:
smoothed val = last * weight + (1 - weight) * point
smoothed.append(smoothed val)
last = smoothed val

return smoothed

def plot(logdir: str, savedir: str, smoothing: float = 0.6, no_title=False, no legend=False,
no_axis_labels=False):

""" re-draw the tf summary events plots using seaborn

:param logdir: Path to the directory having event logs

:param savedir: Path to save the seaborn graphs

:param smoothing: smoothing window space for the plots

assert 0 <= smoothing <= 1, 'Smoothing value should be in [0,1]

plots =[]

sns.set(style="darkgrid")

sns.set_context("paper")

# Collect data
# we recognize all files which have tfevents
scalars_info = {}

for root, dirs, files in os.walk(logdir):
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for event file in [x for x in files if 'tfevents' in X]:

event path = os.path.join(root, event file)

acc = ea.EventAccumulator(event path)

acc.Reload()

# only support scalar now
scalar list = acc.Tags()['scalars']
for tag in scalar_list:
x = [s.step for s in acc.Scalars(tag)]
y = [s.value for s in acc.Scalars(tag)]
data = {'X: x, 'Yy, 'legend" root.split(logdin[1][1:] if root I= logdir else None}
if tag not in scalars info:
scalars_info[tag] = [datal
else:

scalars_info[tagl.append(data)

# We recognize groups assuming each group name has /
# And, each group is saved in a separate directory
for tag, tag_data in scalars_info.items():
_split = tag.split('/")
if len(_split) <= 1
_path = os.path.join(savedir, 'seaborn’)
_name = _split[0]
else:
_path = os.path.join(savedir, 'seaborn’, split[0])

“name = "join(_split[1:])
os.makedirs(_path, exist_ok=True)
color_Llist = list(sns.color_palette(palette='dark’, n_colors=len(tag_data))::-1]

for data in tag data:
x, y = data['x], data['y']
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y_smooth = smooth(y, weight=smoothing)

current_color = color list.pop()

_plt = sns.lineplot(x = x, y =y, color=colors.to_rgba(current color, alpha=0.4))
_legend = data[legend] if not no_legend else None

# plt = sns.lineplot(x, y smooth, label=data['legend'], color=current color)

if not no_axis_labels:
_plt.set(xlabel=X, ylabel="y")
if not no_title:

_pltset_title(_name.capitalize())

plots.append(os.path.join(_path, name + .png"))
plt.savefig(os.path.join(_path, name + .png))
plt.clf()

return plots

plots = plot(logdir= '/output, savedir= "/)

my dpi = 1000
fig, ax = plt.subplots(2,1, figsize = (12,10), dpi=my dpi)

ax[0].set_title(Total Loss', fontsize=12)
ax[0].set_xticks([])
ax[0].set_yticks([])

ax[0].imshow(Image.open('./seaborn/total_loss.png))

ax[1].set_title('Class accuracy', fontsize=12)
ax[1].set_xticks([])
ax[1].set_yticks([])

ax[1].imshow(Image.open('./seaborn/fast_rcnn/cls_accuracy.png’)

evaluator = COCOEvaluator('car_dataset val', cfg, False, output_dir="/output/")
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val_loader = build detection test loader(cfg, "car dataset val")

print(inference on_dataset(trainer.model, val loader, evaluator))

cfe. MODEL.WEIGHTS = os.path.join(cfg. OUTPUT DIR, "model final.pth")

cfg. MODEL.ROI HEADS.SCORE THRESH TEST = 0.7 # set a custom testing threshold
for this model

cfg. DATASETS.TEST = ("car_dataset val",)

predictor = DefaultPredictor(cfg)

print(cfg)

from sklearn.metrics import accuracy score, confusion_matrix
tdata = '/content/gdrive/MyDrive/Project Ayok/datareal crash/'
def preprocess_imgs(path, img size):
set new =[]
for value in os.listdir(path):
for img in os.listdir(path + value):
print(img)
img = cv2.imread(path + value + "/ + img)
outputs = predictor(img)
# If null is undamse
# If not null is damage
if len(outputs['instances'].pred classes) |= 0 :
set new.append(1)
else :
set_new.append(0)
# return np.array(set _new)

return set_new
test data = preprocess_imgs(tdata, img_size=(150,150))
reality = []

for value in os.listdir(tdata):

for img in os.listdir(tdata + value):



# 1 = damage 0 = undamage

reality.append(1) if value.lower() == "damage" else reality.append(0)

accuracy = accuracy score(reality, test data)
print("Test Accuracy:", accuracy)
print(test_data)

print(reality)

import seaborn as sns

from sklearn.metrics import classification_report

confusion_mtx = confusion_matrix(reality, test data)

print(classification_report(reality, test data))

ax = plt.axes()

sns.heatmap(confusion mtx, annot=True,annot kws={"size": 25}, cmap="Blues", ax =
ax)

ax.set xlabel("Predicted Diagnosis", fontsize=14, labelpad=20)

ax.xaxis.set_ticklabels([Unamage', 'Damage’])

# set y-axis label and ticks

ax.set_ylabel("Actual Diagnosis', fontsize=14, labelpad=20)
ax.yaxis.set_ticklabels(Unamage', 'Damage’)
ax.set_title('Confusion matrix’, size=14)

plt.ylabel('‘Actual label')

plt.xlabel('Predicted label')

plt.show()

fig, ax = plt.subplots(4, 4, figsize =(20,16))

indices=[ax[0][0],ax[1][0],ax[2][0],ax[3][0],
ax[0][1],ax[1][1],ax[2][1],ax[3][1],
ax[0][2],ax[1][2],ax[2][2],ax[3][2],
ax[0][3],ax[1][3],ax[2][3],ax[3][3] ]
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i=1
test real data = '/content/gdrive/MyDrive/Project Ayok/datareal crash/damage/'
for d in os.listdir(test real data):

i=i+1

im = cv2.imread(os.path.join(test real data,d))

outputs = predictor(im)

v = Visualizer(im[;, :, ::-1],

scale=0.5,
instance_mode=ColorMode.IMAGE BW  # remove the colors of
unsegmented pixels. This option is only available for segmentation models
)
out = v.draw_instance_predictions(outputs[‘instances"].to("cpu"))
indicesli].grid(False)

indices[il.imshow(out.get image();, :, :-11)

RCNN DC5

Ipip3 install 'git+https://sithub.com/cocodataset/cocoapi.git#subdirectory=PythonAPI'

%matplotlib inline

from pycocotools.coco import COCO
import numpy as np

import skimage.io as io

import matplotlib.pyplot as plt
import pylab

import random

pylab.rcParams[figure.figsize'] = (8.0, 10.0)# Import Libraries

# For visualization

import os
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import seaborn as sns

from matplotlib import colors

from tensorboard.backend.event processing import event _accumulator as ea
from PIL import Image

from google.colab import drive

drive.mount('//content/gdrive)

getDataPath = '/content/gdrive/MyDrive/Project Ayok/dataset/car damage'

dataDir=getDataPath+'/val'
dataType='COCO val _annos'
mul_dataType='COCO_mul_val _annos'
annFile='{}/{}.json' format(dataDir,dataType)
mul_annFile='{}/{}.json".format(dataDir,mul_dataType)
img_dir = getDataPath+"/img"

coco=COCO(annFile)

mul_coco=COCO(mul_annFile)

cats = coco.loadCats(coco.getCatlds())
nms=[cat['name’] for cat in cats]

print('COCO categories for damages: \n{\n".format(, 'join(nms)))

nms = set([cat['supercategory'] for cat in cats])

print('COCO supercategories for damages: \n{A\n'.format(, '.join(nms)))
#Multi Class #Parts dataset
mul_cats = mul_coco.loadCats(mul_coco.getCatlds())

mul_nms=[cat['name’] for cat in mul_cats]

print('COCO categories for parts: \n{\\n".format(, "join(mul_nms)))



mul_nms = set(Imul_cat['supercategory'] for mul_cat in mul_cats])

print('COCO supercategories for parts: \n{\n".format(, "join(mul_nms)))

catlds = coco.getCatlds(catNms=['damageD);

imglds = coco.getimglds(catlds=catlds );

random_img_id = random.choice(imglds)

print("{(} image id was selected at random from the {} list".format(random img id,

imglds))

imgld = coco.getimglds(imglds = [random_img_id])
img = coco.loadlmgs(imgld)[0]

print("Image details \n",img)

| = io.imread(img_dir + '/25'+'jpg)
plt.axis(‘off)

pltimshow(l)

plt.show()

annlds = coco.getAnnlds(imglds=imgld,iscrowd=None)

anns = coco.loadAnns(annlids)
plt.imshow(l)
plt.axis('on')

coco.showAnns(anns, draw bbox=True )

mul_annlds = mul_coco.getAnnlds(imglds=imgld,iscrowd=None)

mul_anns = mul_coco.loadAnns(mul_annlds)

category map = dict()

for ele in list(mul_coco.cats.values():

category map.update({ele['idT:ele[name']})
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parts =[]
for region in mul_anns:

parts.append(category maplregion['category idT])

print("Parts are:", parts)

#Plot Parts

| = io.imread(img_dir + /' + img['file_name'])
plt.imshow()

plt.axis('on’)

mul_coco.showAnns(mul_anns, draw bbox=True )

#get parts annotations
mul_annlds = mul coco.getAnnlds(imglds=imsgld,iscrowd=None)

mul_anns = mul coco.loadAnns(mul_annlds)

# Create a dictionary between category id and category name

category map = dict()

for ele in list(mul_coco.cats.values()):

category map.update({ele['id]:ele['name']})

#Create a list of parts in the image
parts =[]
for region in mul_anns:

parts.append(category maplregion['category idT])

print("Parts are:", parts)

#Plot Parts
| = io.imread(img_dir + '/ + img['file_name'))
plt.imshow(l)

plt.axis('on')
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mul_coco.showAnns(mul_anns, draw_bbox=True )

lpython3 -m pip install 'sit+https://github.com/facebookresearch/detectron2.git'
lgit clone https://github.com/facebookresearch/detectron2
Ipython3 /content/detectron2/setup.py install

loython3 -m pip install detectron2 -f
https://dl.fbaipublicfiles.com/detectron2/wheels/cu92/torch1.7/index.ntml
Ipip3 install torch==1.7.0 torchvision -f
https://download.pytorch.org/whl/torch_stable.html

import torch, torchvision

print(torch.  version , torch.cuda.is_available())

python3 --version

Invidia-smi

# import some common libraries

import numpy as np

import os, json, cv2, random

import matplotlib.pyplot as plt

import skimage.io as io

# /content/detectron2

import detectron2

from detectron2.utils.logger import setup_logger

setup_logger()

# # import some common detectron2 utilities
from detectron2 import model zoo

from detectron2.engine import DefaultPredictor
from detectron2.config import get cfg

from detectron2.utils.visualizer import Visualizer

from detectron2.data import MetadataCatalog, DatasetCatalog



from detectron2.engine import DefaultTrainer
from detectron2.utils.visualizer import ColorMode
from detectron2.evaluation import COCOEvaluator, inference_on_dataset

from detectron2.data import build detection test loader

# Set base params
plt.rcParams|"figure.figsize"] = [16,9]

print(detectron2.  version )

Ipython3 -m detectron2.utils.collect_env

dataset dir = "/content/gdrive/MyDrive/Project Ayok/dataset/car damage"
img_dir = "img/"
train_dir = "train/"

val_dir = "val/"

from detectron2.data.datasets import register coco instances
register_coco_instances("car_dataset_train", {3,
os.path.join(dataset_dir,train_dir,"COCO train_annos.json"),
os.path.join(dataset dir,img_dir))

register _coco_instances("car_dataset val", {},
os.path.join(dataset dir,val_dir,"COCO val annos.json"),

os.path.join(dataset_dir,img_dir))

dataset _dicts = DatasetCatalog.get("car dataset train")

metadata_dicts = MetadataCatalog.get("car_dataset_train")

#Implementing my own Trainer Module here to use the COCO validation evaluation
during training
# TODO: add data custom augmentation

class CocoTrainer(DefaultTrainer):
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@classmethod

def build_evaluator(cls, cfg, dataset name, output folder=None):

if output folder is None:
os.makedirs("coco_eval', exist_ok=True)

output_folder = "coco_eval"

return COCOEvaluator(dataset name, cfg, False, output folder)

# In detectron2, epoch is MAX ITER * BATCH SIZE / TOTAL_NUM IMAGES

cfg = get cfg()

cfe.merge_from file(model zoo.get config file("COCO-
InstanceSegmentation/mask rcnn R 101 DC5 3x.yaml"))

cfg.DATASETS.TRAIN = ("car_dataset train",)

cfg. DATASETS.TEST = ("car_dataset val"))

cfg.DATALOADER.NUM WORKERS = 4

cfe.MODEL.WEIGHTS = model zoo.get checkpoint_url("COCO-
InstanceSegmentation/mask_rcnn_R 101 DC5 3x.yaml") # Let training initialize from
model zoo

cfg.SOLVER.IMS PER BATCH =4

cfg.SOLVER.BASE LR =0.001 # pick a good LR

cfg.SOLVER.WARMUP _ITERS = 700

cfg.SOLVER.MAX ITER = 400 #adjust up if val mAP is still rising, adjust down if overfit
cfg.SOLVER.STEPS = (600, 800)

cfg.SOLVER.GAMMA = 0.05

cfg. MODEL.ROI HEADS.BATCH SIZE PER IMAGE = 128 # faster, and good enough for
this dataset (default: 512)

cfe. MODEL.ROI HEADS.NUM CLASSES = 1 # only has one class (damage) + 1

cfe. MODEL.RETINANET.NUM CLASSES = 1 # only has one class (damage) + 1

cfg. TEST.EVAL PERIOD = 600
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# Clear any logs from previous runs
#TODO add timestamp to logs
# Irm -rf cfg.OUTPUT DIR

os.makedirs(cfg.OUTPUT DIR, exist ok=True)
trainer = CocoTrainer(cfg)
trainer.resume _or load(resume=False)

trainer.train()

# plots = plot(logdir= "/output', savedir="/)
for root, dirs, files in os.walk('./output):
print(root)
print(dirs)
print(files)

def smooth(scalars, weight=0.6):
Reference: https://sithub.com/plotly/dash-live-model-
training/blob/master/app.py#L163
last = scalars[O]
smoothed = list()
for point in scalars:
smoothed val = last * weight + (1 - weight) * point
smoothed.append(smoothed val)
last = smoothed val

return smoothed

def plot(logdir: str, savedir: str, smoothing: float = 0.6, no_title=False, no_legend=False,

no_axis_labels=False):
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""" re-draw the tf summary events plots using seaborn
:param logdir: Path to the directory having event logs
:param savedir: Path to save the seaborn graphs

:param smoothing: smoothing window space for the plots

assert 0 <= smoothing <= 1, 'Smoothing value should be in [0,1]

plots = []

sns.set(style="darkgrid")

sns.set_context("paper")

# Collect data
# we recognize all files which have tfevents
scalars_info = {}
for root, dirs, files in os.walk(logdir):
for event file in [x for xin files if 'tfevents' in XJ:

event_path = os.path.join(root, event file)

acc = ea.EventAccumulator(event path)

acc.Reload()

# only support scalar now
scalar list = acc.Tags()['scalars']
for tag in scalar_list:
x = [s.step for s in acc.Scalars(tag)]
y = [s.value for s in acc.Scalars(tag)]
data = {X: x, 'y y, 'legend" root.split(logdin[1][1:] if root != logdir else None}
if tag not in scalars_info:
scalars_info[tag] = [datal
else:

scalars_info[tag].append(data)
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# We recognize groups assuming each group name has /
# And, each group is saved in a separate directory
for tag, tag data in scalars_info.items():
_split = tag.split(/")
if len(_split) <= 1:
_path = os.path.join(savedir, 'seaborn’)
_name = _split[0]
else:
_path = os.path.join(savedir, 'seaborn’, split[0])

“name = "join(_split[1:])

os.makedirs(_path, exist ok=True)

color list = list(sns.color_palette(palette='dark’, n_colors=len(tag_data)))[::-1]
for data in tag data:
X, y = data['x'], datal'y']
y_smooth = smooth(y, weight=smoothing)
current_color = color_list.pop()
“plt = sns.lineplot(x = x, y =y, color=colors.to rgbalcurrent color, alpha=0.4))
_legend = datal'legend if not no_legend else None

# plt = sns.lineplot(x, y smooth, label=data['legend'], color=current color)

if not no_axis_labels:
_plt.set(xlabel='X, ylabel="y")
if not no_title:

_pltset_title(_name.capitalize()

plots.append(os.path.join(_path, name + ".png"))
plt.savefig(os.path.join(_path, name + '.png"))
plt.clf()

return plots

plots = plot(logdir="/output’, savedir="/")
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my_dpi = 1000
fig, ax = plt.subplots(2,1, figsize = (12,10), dpi=my_dpi)

ax[0].set_title(Total Loss', fontsize=12)
ax[0].set_xticks([])
ax[0].set_yticks([])

ax[0].imshow(Image.open('./seaborn/total_loss.png))

ax[1].set title('Class accuracy!, fontsize=12)
ax[1].set_xticks([])
ax[1].set _yticks([])

ax[1].imshow(Image.open('./seaborn/fast_rcnn/cls_accuracy.png')

evaluator = COCOEvaluator('car _dataset val, cfg, False, output dir="./output/")
val_loader = build_detection test loader(cfg, "car_dataset val')

print(inference_on dataset(trainer.model, val loader, evaluator))

cfe. MODEL.WEIGHTS = os.path.join(cfg. OUTPUT DIR, "model final.pth")

cfg. MODEL.ROI _HEADS.SCORE THRESH TEST = 0.7 # set a custom testing threshold
for this model

cfg. DATASETS.TEST = ("car_dataset val",)

predictor = DefaultPredictor(cfg)

print(cfg)

from sklearn.metrics import accuracy score, confusion_matrix
tdata = '/content/gdrive/MyDrive/Project_Ayok/datareal crash/'
def preprocess _imgs(path, img_size):
set new =[]
for value in os.listdir(path):
for img in os.listdir(path + value):

print(img)



img = cv2.imread(path + value + "/" + img)

outputs = predictor(img)

# If null is undamee

# If not null is damage

if len(outputs('instances'].pred classes) I= 0 :
set_new.append(1)

else :
set_new.append(0)

# return np.array(set new)

return set_new

test data = preprocess imgs(tdata, img_size=(150,150))

reality = []
for value in os.listdir(tdata):
for img in os.listdir(tdata + value):
#1 = damage 0 = undamasge

reality.append(1) if value.lower() == "damage" else reality.append(0)

accuracy = accuracy. score(reality, test data)
print("Test Accuracy:", accuracy)
print(test data)

print(reality)

import seaborn as sns

from sklearn.metrics import classification report

confusion_mtx = confusion matrix(reality, test data)

print(classification_report(reality, test data))

ax = plt.axes()
sns.heatmap(confusion mtx, annot=True,annot_kws={"size": 25}, cmap="Blues", ax =

ax)
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ax.set_xlabel("Predicted Diagnosis", fontsize=14, labelpad=20)

ax.xaxis.set_ticklabels(['Unamage', 'Damage’)

# set y-axis label and ticks

ax.set_ylabel("Actual Diagnosis", fontsize=14, labelpad=20)
ax.yaxis.set_ticklabels([Unamage', 'Damage’)
ax.set_title('Confusion matrix', size=14)

plt.ylabel('‘Actual label')

plt.xlabel('Predicted label')

plt.show()

fig, ax = plt.subplots(4, 4, figsize =(20,16))
indices=[ax[0][0],ax[1][0],ax[2][0],ax[3][0],
ax[0][1],ax[1][1],ax[2][1],ax[3][1],
ax[0][2],ax[1][2],ax[2][2],ax[3](2],
ax[01[3],ax[11[3],ax[2][3],ax[3](3] ]
i=-1
test real data = '/content/gdrive/MyDrive/Project Ayok/datareal crash/damage/'
for d in os.listdir(test_real data):
i=i+1
im = cv2.imread(os.path.join(test_real data,d))
outputs = predictor(im)

v = Visualizer(im[;, :, :-1],

scale=0.5,

instance_mode=ColorMode.IMAGE _BW
)
out = v.draw _instance_predictions(outputs['instances"].to("cpu"))
indiceslil.erid(False)

indices[il.imshow(out.get image(;, :, =-1])

VGG
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Invidia-smi

import matplotlib.pyplot as plt
import numpy as np

import os

import PIL

import tensorflow as tf

import pandas as pd

from tensorflow import keras

from tensorflow.keras import layers

from tensorflow.keras.models import Sequential

from keras.layers.core import Flatten, Dense, Dropout

from keras.layers.convolutional import Convolution2D, MaxPooling2D, ZeroPadding2D
from google.colab import drive

from keras.preprocessing.image import ImageDataGenerator

from sklearn.model_selection import train_test split

drive.mount('/content/gdrive’)

getPath data_train =

'/content/gdrive/MyDrive/Project Ayok/dataset for classification/train’
getPath data all =

'/content/edrive/MyDrive/Project Ayok/dataset for classification/all’

all_categories = []

all_filename =[]

images = os.listdir(getPath data train)
for index,r in enumerate(images):
if r 1= 'dataset for classification":

read = images[index]



read = getPath data_train+'/'+read

print(read)

print(r)

for ifile in enumerate(os.listdir(read)):

if r == "front"
all_filename.append(file)
all_categories.append(2)

elif(r=="rear"):
all_filename.append(file)
all_categories.append(1)

else:
all_filename.append(file)
all_categories.append(0)

else:

None

df =pd.DataFrame({
image’: all_filename,
'category:all_categories

D)

dff'category'] = dff'category'l.replace({2:'front',1:'rear',0:'side'})

X_trainx_val = train_test split(df ,random_state=42 shuffle=True,test size=0.2)

X_train = x_train.reset_index(drop=True)
x_val = x_val.reset_index(drop=True)
print(‘Train Images shape is : ' x_train.shape)

print('Validation Images shape is : 'x_val.shape)

batch size = 128
train_ds = ImageDataGenerator(rescale = 1.0/255,

shear range = 0.2,
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zoom range = 0.2,
height_shift range=0.2,
width_shift range=0.2,
fill_mode="nearest,,
horizontal flip=True,
rotation range = 40).flow from dataframe(
X_train,
getPath data_all,
x_col='image’,
y_col='category/,
target size=(256,256),
class_mode='categorical’,
shuffle=True,

batch size=batch size

val_ds = ImageDataGenerator(rescale = 1.0/255,

shear _range = 0.2,

zoom _range = 0.2,

height_shift range=0.2,

width shift range=0.2,

fillmode="nearest’,

horizontal flip=True,

rotation range = 40).flow from dataframe(
x_val,
getPath data all,
x_col='image’,
y_col='category/,
target size=(256,256),
class_mode='categorical’,

shuffle=True,
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batch size=batch size

from tensorflow.keras.models import Model

from tensorflow.keras.callbacks import ModelCheckpoint

from tensorflow.keras import optimizers

# from tensorflow.keras.losses import CategoricalFocalCrossentropy

from tensorflow.keras.losses import CategoricalCrossentropy

from tensorflow.keras.layers import Input

def non_trainable(model):
for i in range(len(model.layers)):
model.layers[il.trainable = False

return model

def create_model(n_classes,output activation):
os.environ[PYTHONHASHSEED'] = '0'

tf.keras.backend.clear session()

## Set the random seed values to regenerate the model.

np.random.seed(0)

#input layer
input_layer = Input(shape=(256,256,3),name='"Input_Layer)

#Adding pretrained model
vgg_model = tfkeras.applications.vgg16.VGG16(include top = False,weights =
'imagenet’input_tensor = input_layer)

vgg_model = non_trainable(vgg model)

#Flatten
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flatten = Flatten(data_format='channels_last',name="Flatten')(vgg_model.output)

#FC layer

FC1 = Dense(units=512,activation="relu’,name="'FC1')flatten)

#FC layer
FC2 = Dense(units=256,activation="relu’,name="FC2')(FC1)

#Dropout layer
droputl = Dropout(0.5)(FC2)

#output layer

Out = Dense(units=n_classes,activation=output_activation,name='Output)(droput1)

#Creating the Model
model = Model(inputs=input_layer,outputs=0ut)

return model

# vgg_model.summary()

model = create_model(3,'softmax’)

file_path = "vggl6/veggl6 stage2 fc-{val accuracy:.3f}.hdf5"

checkpoint = ModelCheckpoint(filepath=file path,

save best only=True,monitor='val_loss',verbose=0,mode="auto)

model.compile(
loss='categorical crossentropy',
optimizer=optimizers.Adam(learning rate=0.0001),

metrics=['accuracy'])



n_training samples = len(train_ds)

n_validation _samples = len(val_ds)

history = model fit(train_ds
,epochs=20
,validation data=val ds
,\validation steps=n_validation samples//batch size
,steps_per_epoch =n_training samples

)

loss = history.history['loss']

val_loss = history.history['val_loss']

acc = history.history['accuracy']
val_acc = history.history['val accuracy']

epochs = range(1, len(loss) + 1)

plt.plot(epochs, acc, color="blue', label="Training’)
plt.plot(epochs, val acc, color='green’, label="Validation')
plt.title(Training and Validation accuracy’)
plt.xlabel(Epochs')

plt.ylabel(Accuracy)

plt.legend()

plt.show()

plt.plot(epochs, loss, color="orange', label="Training)
plt.plot(epochs, val_loss, color="red', label="Validation')
plt.title(Training and Validation loss')
plt.xtabel('Epochs’)

plt.ylabel('Loss')

plt.legend()

plt.show()
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test _path = "/content/gdrive/MyDrive/Project Ayok/datareal crash classification'

#oet image path

test images = os.listdir(test path)
#creat data frame

df test =pd.DataFrame({

'image’: test_images,

)

test _data_gen = ImageDataGenerator( rescale = 1./255 ).flow_from_dataframe(
df test,

test path,

x_col='image’,

y_col= None,

target_size=(256,256),

class mode=None,

shuffle=True,

batch_size=batch_size)

predection = model.predict(test data gen)
predection

tf.nn.softmax(predection[0])

from google.colab.patches import cv2 imshow

import cv2

def get_Label(number):
labels = {0:'side’, 1:rear',2:'front'}

return labels[number]

from sklearn.metrics import confusion matrix,classification report

get val vali =[1,2,1,2,2,2,0,0,0,0]
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y pred =[]

y get df =]

for iin os.listdir(test path):
pic_predict = os.path.join(test path,i)
img = tf.keras.utils.load img(
pic_predict, target size=(256, 256)
)
img_array = tf.keras.utils.img_to_array(img)
img_array = tf.expand_dims(img array, 0)
predictions = model.predict(img_array)
score = tf.nn.softmax(predictions[0])

cv2.imread(pic_predict)

print(score)

print("Pic's name :"+i+" This image {}".format(get_Label(int(np.argmax(score)))) + "
Accuracy is "+str(100 * np.max(score)))

y_pred.append(int(np.aremax(score)))

#img_show = cv2.imread(pic_predict)

# cv2_imshow(img show)

print(" Report ")

# tn,fp,fn,tp = confusion matrix(get val valiy pred).ravel()

# print("True negative {} False positive {} False negative {} True positive
{}" format(tn,fp,fn,tp))

print(confusion_matrix(get val vali,y pred))

print(classification report(get val vali,y pred))

import seaborn as sns

ax = plt.axes()

sns.heatmap(confusion matrix(get val vali,y pred), annot=True,annot_kws={"size": 25},
cmap="Blues’, ax = ax)

ax.set_xlabel("Predicted Front Rear Side Confusion matrix", fontsize=14, labelpad=20)

ax.xaxis.set_ticklabels([Front', 'Rear','Side'])
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# set y-axis label and ticks
ax.set_ylabel("Actual’, fontsize=14, labelpad=20)
ax.yaxis.set_ticklabels([Front', 'Rear’,'Side")
ax.set_title('Confusion matrix with VGG', size=14)
plt.ylabel('Actual label)

plt.xlabel(Predicted label’)

plt.show()

CNN

Invidia-smi

import matplotlib.pyplot as plt
import numpy as np

import os

import PIL

import tensorflow as tf

import pandas as pd

from tensorflow import keras

from tensorflow.keras import layers

from tensorflow.keras.models import Sequential

from keras.layers.core import Flatten, Dense, Dropout

from keras.layers.convolutional import Convolution2D, MaxPooling2D, ZeroPadding2D
from google.colab import drive

from keras.preprocessing.image import ImageDataGenerator

from sklearn.model_selection import train_test split

drive.mount(//content/gdrive’)

getPath_data_train =

'/content/gdrive/MyDrive/Project_Ayok/dataset for classification/train'
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getPath data all =
'/content/gdrive/MyDrive/Project_Ayok/dataset for classification/all’

all_categories = []

all_filename =[]

images = os.listdir(getPath data train)
for index,r in enumerate(images):
if r 1= 'dataset for classification":
read = images[index]
read = getPath data_train+'/'+read
print(read)
print(r)
for ifile in enumerate(os.listdir(read)):
if r == 'front":
all_filename.append(file)
all_categories.append(2)
elif(r=="rear):
all_filename.append(file)
all_categories.append(1)
else:
all_filename.append(file)
all_categories.append(0)
else:

None

df =pd.DataFrame({
'image”: all_filename,
'category":all_categories

D)

dff'category'] = dff'category']l.replace({2:'front',1:'rear',0:'side'})
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x_train,x val = train_test split(df ,random_state=42 shuffle=True,test size=0.2)

X_train = x_train.reset_index(drop=True)
x val = x_val.reset_index(drop=True)
print(‘Train Images shape is : ' x_train.shape)

print('Validation Images shape is : 'x_val.shape)

batch size = 128
train_ds = ImageDataGenerator(rescale = 1.0/255,
shear range = 0.2,
zoom range = 0.2,
height_shift range=0.2,
width_shift range=0.2,
fillmode="nearest),
horizontal flip=True,
rotation range = 40).flow from dataframe(
x_train,
getPath data all,
x_col='image’,
y_col="category',
target size=(256,256),
class_mode='categorical’,
shuffle=True,

batch size=batch size

val_ds = ImageDataGenerator(rescale = 1.0/255,
shear range = 0.2,
zoom range = 0.2,
height shift range=0.2,
width shift range=0.2,
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fill_mode="nearest’,
horizontal flip=True,
rotation range = 40).flow from dataframe(
x_val,
getPath data all,
x_col='image’,
y_col='category/,
target size=(256,256),
class_mode='categorical’,
shuffle=True,

batch size=batch size

from tensorflow.keras.models import Model

from tensorflow.keras.callbacks import ModelCheckpoint

from tensorflow.keras import optimizers

# from tensorflow.keras.losses import CategoricalFocalCrossentropy

from tensorflow.keras.losses import CategoricalCrossentropy

def create_model():
model = Sequential()
model.add(layers.Conv2D(32, (3, 3), activation="relu, input_shape=(256, 256, 3)))
model.add(layers.MaxPooling2D((2, 2)))
model.add(layers.Conv2D(64, (3, 3), activation="relu"))
model.add(layers.MaxPooling2D((2, 2)))
model.add(layers.Conv2D(64, (3, 3), activation="relu’)
model.add(layers.Flatten())
model.add(layers.Dense(64, activation="relu’))

model.add(layers.Dense(3, activation='softmax)

return model
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model = create_ model()

model.compile(
loss='categorical crossentropy',
optimizer=optimizers.Adam(learning rate=0.0001),

metrics=['accuracy'])

n_training samples = len(train_ds)

n_validation _samples = len(val ds)

history = model fit(train_ds
,epochs=20
,validation data=val ds
,validation steps=n_validation samples//batch size
,steps per epoch =n_training samples

)

loss = history.history['loss']

val_loss = history.history['val loss']

acc = history.history['accuracy']
val_acc = history.history['val accuracy']

epochs = range(1, len(loss) + 1)

plt.plot(epochs, acc, color="blue’, label="Training)
plt.plot(epochs, val acc, color='green’, label="Validation')
plt.title(Training and Validation accuracy')
plt.xlabel(Epochs')

plt.ylabel('Accuracy’)

plt.legend()

plt.show()

plt.plot(epochs, loss, color="orange', label="Training’)

plt.plot(epochs, val loss, color="red', label="Validation")
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plt.title('Training and Validation loss')
plt.xtabel('Epochs’)

plt.ylabel('Loss')

plt.legend()

plt.show()

test path = '/content/gdrive/MyDrive/Project Ayok/datareal crash classification'
#oet image path

test images = os.listdir(test path)

#creat data frame

df test =pd.DataFrame({

'image": test_images,

)

test_data_gen = ImageDataGenerator( rescale = 1./255 ).flow from dataframe(
df test,

test_path,

x_col='image',

y_col= None,

target_size=(256,256),

class_ mode=None,

shuffle=True,

batch_size=batch size)

predection = model.predict(test data_gen)
predection

tf.nn.softmax(predection[0])

from google.colab.patches import cv2_imshow

import cv2

def get Label(number):
labels = {0:'side’, 1:'rear',2:'front'}



return labels[number]

from sklearn.metrics import confusion matrix,classification _report

get val vali =[1,2,1,2,2,2,0,0,0,0]

y pred =[]

y get df =]

for i in os.listdir(test path):
pic_predict = os.path.join(test path,i)
img = tf.keras.utils.load_img(
pic_predict, target_size=(256, 256)
)
img_array = tf.keras.utils.img to array(img)
img_array = tf.expand dims(img_array, 0)
predictions = model.predict(img array)
score = tf.nn.softmax(predictions[0])

cv2.imread(pic_predict)

print(score)

print("Pic's name :"+i+" This image {}".format(get Label(int(np.argmax(score)))) + "

Accuracy is "+str(100 * np.max(score)))
y_pred.append(int(np.argmax(score)))
#img_show = cv2.imread(pic_predict)

# cv2_imshow(img_show)

print(" Report
# tn,fp,fn,tp = confusion _matrix(get val valiy pred).ravel()

# print("True negative {} False positive {} False negative {} True positive
{}". format(tn,fp,fn,tp))

print(confusion_matrix(get val vali,y pred))

print(classification report(get val vali,y pred))

import seaborn as sns
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ax = plt.axes()

sns.heatmap(confusion matrix(get val vali,y pred), annot=True,annot kws={"size": 25},
cmap="Blues’, ax = ax)

ax.set_xlabel("Predicted Front Rear Side Confusion matrix", fontsize=14, labelpad=20)

ax.xaxis.set_ticklabels([Front', 'Rear','Side'])

# set y-axis label and ticks

ax.set_ylabel("Actual", fontsize=14, labelpad=20)
ax.yaxis.set_ticklabels([Front', 'Rear’,'Side")
ax.set_title('Confusion matrix with Normal CNN', size=14)
plt.ylabel('‘Actual label')

plt.xlabel('Predicted label’)

plt.show()
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2.Front rear classification
CNN

Invidia-smi

import matplotlib.pyplot as plt
import numpy as np

import os

import PIL

import tensorflow as tf

import pandas as pd

from tensorflow import keras
from tensorflow.keras import layers

from tensorflow.keras.models import Sequential

from keras.layers.core import Flatten, Dense, Dropout
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from keras.layers.convolutional import Convolution2D, MaxPooling2D, ZeroPadding2D

from google.colab import drive

from keras.preprocessing.image import ImageDataGenerator

from sklearn.model_selection import train_test split

drive.mount(//content/edrive’)

getPath_data_train =

/content/edrive/MyDrive/Project Ayok/dataset for classification/train'

getPath data all =

'/content/edrive/MyDrive/Project_Ayok/dataset for classification/all’

all_categories = []

all_filename =[]



images = os.listdir(getPath data train)
for index,r in enumerate(images):
if r I= 'dataset for classification":
read = images[index]
read = getPath data train+'/'+read
print(read)
print(r)
for ifile in enumerate(os.listdir(read)):
if r == 'front".
all_filename.append(file)
all_categories.append(2)
elif(r=="rear"):
all_filename.append(file)
all_categories.append(1)
else:
all_filename.append(file)
all_categories.append(0)
else:

None

df =pd.DataFrame({
image": all_filename,
'category:all categories

)
dff'category'] = dff'category'l.replace({2:'front',1:'rear',0:'side"})
X_trainx_val = train_test_split(df ,random_state=42,shuffle=True,test _size=0.2)
X_train = X_train.reset_index(drop=True)
x_val = x_val.reset_index(drop=True)

print(‘Train Images shape is : 'x_train.shape)

print('Validation Images shape is : ' x_val.shape)
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batch size = 128
train_ds = ImageDataGenerator(rescale = 1.0/255,
shear range = 0.2,
zoom range = 0.2,
height_shift range=0.2,
width shift range=0.2,
fillmode="nearest,,
horizontal flip=True,
rotation range = 40).flow from dataframe(
X_train,
getPath data all,
x_col='image/,
y_col='category’,
target_size=(256,256),
class_mode='categorical’,
shuffle=True,

batch _size=batch_size

val_ds = ImageDataGenerator(rescale = 1.0/255,

shear range = 0.2,

zoom range = 0.2,

height shift range=0.2,

width_shift range=0.2,

fillmode="nearest,,

horizontal flip=True,

rotation range = 40).flow from dataframe(
x_val,
getPath data all,

x_col='image’,
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y_col='category/,

target size=(256,256),
class_mode='categorical’,
shuffle=True,

batch size=batch size

from tensorflow.keras.applications.resnet50 import ResNet50

from tensorflow.keras.models import Model

from tensorflow.keras.callbacks import ModelCheckpoint

from tensorflow.keras import optimizers

# from tensorflow.keras.losses import CategoricalFocalCrossentropy

from tensorflow.keras.losses import CategoricalCrossentropy

from tensorflow.keras.applications import ResNet50
from keras.regularizers import (2
from keras.layers import (Activation, Dropout, Flatten, Dense, GlobalMaxPooling2D,

BatchNormalization, Input, Conv2D, GlobalAveragePooling2D)

base model = ResNet50(input_shape = (150, 150, 3), include top = False, weights =
imagenet’)

#

base_model.load weights('../input/resnet50/resnet50 weights tf dim_ordering tf kern
els_notop.h5')

x = GlobalAveragePooling2D()(base _model.output)

x = Dropout(0.5)(x)

x = Dense(1024, activation="relu’, kernel regularizer=12(5e-4))(x)

x = Dropout(0.5)(x)

x = Dense(3, activation='sigmoid')(x)

model= Model( base_model.input, x)

model.summary()
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model.compile(
loss='categorical crossentropy',
optimizer=optimizers.Adam(learning rate=0.0001),

metrics=['accuracy'])

filepath="resnet/resnet stagel fc-{val accuracy:.3f}.hdf5"
checkpoint = ModelCheckpoint(filepath=filepath,monitor="val loss',

save best only=True,verbose=0,mode="auto’)

n_training_samples = len(train ds)

n_validation samples = len(val_ds)

history = model fit(train_ds
,epochs=20
,validation_data=val ds
,validation steps=n_validation _samples//batch_size
,steps _per_epoch =n_training samples

)

loss = history.history['loss']

val_loss = history.history['val loss']

acc = history.history[‘accuracy']
val_acc = history.history['val_accuracy’]

epochs = range(1, len(loss) + 1)

plt.plot(epochs, acc, color="blue’, label="Training)
plt.plot(epochs, val acc, color='green’, label="Validation')
plt.title('Training and Validation accuracy’)
plt.xtabel('Epochs')

plt.ylabel('‘Accuracy’)

plt.legend()
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plt.show()

plt.plot(epochs, loss, color="orange', label="Training))
plt.plot(epochs, val loss, color="red', label="Validation")
plt.title(Training and Validation loss')
plt.xlabel(Epochs')

plt.ylabel('Loss')

plt.legend()

plt.show()

test path = "/content/gdrive/MyDrive/Project Ayok/datareal crash classification'
#oet image path

test images = os.listdir(test path)

#creat data frame

df test =pd.DataFrame({

'image’: test_images,

)

test_data_gen = ImageDataGenerator( rescale = 1./255 ).flow_from dataframe(
df test,

test path,

x_col="image’,

y_col= None,

target size=(256,256),

class_ mode=None,

shuffle=True,

batch_size=batch_size)
predection = model.predict(test data gen)
predection

tf.nn.softmax(predection[0])

from google.colab.patches import cv2_imshow
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import cv2

def get_Label(number):
labels = {0:'side’, 1:'rear',2:'front'}

return labels[number]

from sklearn.metrics import confusion matrix,classification report

get val vali =[1,2,1,2,2,2,0,0,0,0]

y pred =[]

y get df =]

for i in os.listdir(test path):
pic_predict = os.path.join(test_path,i)
img = tf.keras.utils.load img(
pic_predict, target size=(256, 256)
)
img_array = tf.keras.utils.img_to_array(img)
img_array = tf.expand dims(img array, 0)
predictions = model.predict(img_array)
score = tf.nn.softmax(predictions[0])

cv2.imread(pic_predict)

print(score)

print("Pic's name :"+i+" This image {}".format(get Label(int(np.argmax(score)))) + "
Accuracy is "+str(100 * np.max(score)))

y_pred.append(int(np.argmax(score)))

#img_show = cv2.imread(pic_predict)

# cv2_imshow(img_show)

print(" Report ")
# tn,fp,fn,tp = confusion matrix(get val valiy pred).ravel()
# print("True negative {} False positive {} False negative {} True positive

{}".format(tn,fp,fn,tp))
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print(confusion_matrix(get val vali,y pred))

print(classification report(get val vali,y pred))

import seaborn as sns

ax = plt.axes()

sns.heatmap(confusion matrix(get val vali,y pred), annot=True,annot_kws={"size": 25},
cmap="Blues", ax = ax)

ax.set_xlabel("Predicted Front Rear Side Confusion matrix", fontsize=14, labelpad=20)

ax.xaxis.set_ticklabels(['Front', '‘Rear','Side'])

# set y-axis label and ticks

ax.set_ylabel("Actual", fontsize=14, labelpad=20)
ax.yaxis.set _ticklabels(['Front', 'Rear’,'Side")
ax.set_title('Confusion matrix with ResNet', size=14)
plt.ylabel('Actual label')

pltxlabel(Predicted label)

plt.show()
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AANUIN A

3.APl Model
Ipip3 install 'git+https://github.com/cocodataset/cocoapi.git#subdirectory=PythonAP!

# Commented out IPython magic to ensure Python compatibility.
# %matplotlib inline

from pycocotools.coco import COCO

import numpy as np

import skimage.io as io

import matplotlib.pyplot as plt

import pylab

import random

pylab.rcParams['figure figsize'] = (8.0, 10.0)# Import Libraries

# For visualization

import os

import seaborn as sns

from matplotlib import colors

from tensorboard.backend.event processing import event_accumulator as ea
from PIL import Image

from goosle.colab import drive

drive.mount(//content/edrive’)

from keras.models import load model
import os

import tensorflow as tf

from tensorflow import keras

import numpy as np

import cv2

def modelFRS(getimg):



load_model(/content/gdrive/MyDrive/Project Ayok/model/models/frsmodels/FRS-

model =

model.h5")

class names = [front', 'rear’, 'side’]
img = tf.keras.utils.load img(

getimg, target size=(180, 180)
)
img_array = tf.keras.utils.img_to_array(img)
img_array = tf.expand_dims(img array, 0)
predict_picture = model.predict(img_array)
result = (]
score = tf.nn.softmax(predict picture[0])
result_class = class_names[np.argmax(score)]
result_accuracy = 100 * np.max(score)
# result.append(result class,result accuracy)

return result_class,result accuracy
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getlmg = '/content/gdrive/MyDrive/Project Ayok/model/upload_pic/9j4AAQSkZ].png'

modelFRS(getimg)

#
#
#

F OHF OHF OHF OF O H OH O

Icat /usr/local/cuda/version.txt

The user requested torch==1.7.0
torchvision 0.8.2+cu92 depends on torch==1.7.1
The user requested torch==1.7.0
torchvision 0.8.2+cul10 depends on torch==1.7.1
The user requested torch==1.7.0
torchvision 0.8.2+cu101 depends on torch==1.7.1
The user requested torch==1.7.0
torchvision 0.8.2+cpu depends on torch==1.7.1
The user requested torch==1.7.0
torchvision 0.8.2 depends on torch==1.7.1
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lpython3 -m pip install detectron2 -f
https://dl.fbaipublicfiles.com/detectron2/wheels/cu92/torch1.7/index.ntml
Ipip3 install torch==1.7.0 torchvision -f
https://download.pytorch.org/whl/torch stable.html

# lpython3 -m pip install detectron2 -f
https://dl.fbaipublicfiles.com/detectron2/wheels/cu101/torch1.8/index.html
# Ipip3 install torch==1.8.0 torchvision -f
https://download.pytorch.org/whl/torch_stable.html

# Ipip3 install torch torchvision -f
https://download.pytorch.org/whl/cu100/torch stable.html

# lconda install pytorch torchvision cudatoolkit=10.0 -c pytorch

# pip3 install torch torchvision

lpython3 -m detectron2.utils.collect env

import torch, torchvision

print(torch.  version__, torch.cuda.is available()

# Ipython3 -m pip install 'sit+https://sithub.com/facebookresearch/detectron2.git'
lgit clone https://sithub.com/facebookresearch/detectron?
Ipython3 /content/detectron2/setup.py install

Ipip3 install flask-ngrok
lwget https://bin.equinox.io/c/4VmDzAT7iaHb/ngrok-stable-linux-amd64.tgz
Itar -xvf /content/ngrok-stable-linux-amdé64.tgz

l./ngrok authtoken 2DLf6JIdJfJz3CHKIFIExgyN97M 2VVdEEEZNtshtiifBg3ga

# https://github.com/onnx/onnx/issues/582#issuecomment-824263936
Ipip install onnx==1.8.1

assert torch. _ version _.startswith("1.7")



119

# import some common libraries

import numpy as np

import os, json, cv2, random

import matplotlib.pyplot as plt

import skimage.io as io

# /content/detectron2

import detectron2

from detectron2.utils.logger import setup logger

setup_logger()

# # import some common detectron?2 utilities

from detectron2 import model zoo

from detectron2.engine import DefaultPredictor

from detectron2.config import get cfg

from detectron2.utils.visualizer import Visualizer

from detectron2.data import MetadataCatalog, DatasetCatalog
from detectron2.engine import DefaultTrainer

from detectron2.utils.visualizer import ColorMode

from detectron2.evaluation import COCOEvaluator, inference_on_dataset
from detectron2.data import build detection test loader
import argparse

import os

import onnx

from detectron2.checkpoint import DetectionCheckpointer
from detectron2.data import build _detection _test loader
from detectron2.modeling import build model

from detectron2.export import Caffe2Tracer
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# Set base params
plt.rcParams|"figure.figsize"] = [16,9]

print(detectron2.  version )

Invidia-smi

Ikill process _id

from detectron2.checkpoint.detection checkpoint import pickle
from detectron2.utils.events import EventStorage

from detectron2.config import get cfg

from detectron2.engine import DefaultPredictor

from detectron2.checkpoint import DetectionCheckpointer

# from detectron2.data import build detection test loader

from detectron2.modeling import build_model

from detectron2.export import Caffe2Model

with open(/content/gdrive/MyDrive/Project Ayok/model/models/config.yaml,'rb") as f:
cfg = pickle.load(f)

cfg. MODEL.WEIGHTS =
"/content/gdrive/MyDrive/Project Ayok/model/models/output/model final.pth" # path

for final model

cfg. MODEL.ROI_HEADS.SCORE_THRESH TEST = 0.5
predictor = DefaultPredictor(cfg)

img =
io.imread("/content/gdrive/MyDrive/Project Ayok/datatest real/LINE_ALBUM Casel 22
0608.jpg")

image = torch.as_tensor(img.astype(“float32").transpose(2, 0, 1))
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outputs = predictor(img)

v = Visualizer(imgl[:, :, ::-1],
# metadata=val metadata dicts,
scale=0.5,

instance_mode=ColorMode.IMAGE_BW)

out = v.draw _instance_predictions(outputs['instances"].to("cpu"))

plt.imshow(out.get image(;, :, ::-11)

cfg = None

def compulsaryLogic(positionFisrtList):
if "nszlUsantin’ in positionFisrtList or "nszlUsevne” in positionFisrtList :
retumn "w.3.U. 1 ¥50 W.3.U. 4 50 WIU. 5"
elif "UsganiieuYdn’ in- positionFisrtList or "UsegnaenuuIn”in - positionFisrtList:
return "w.5.U. 1 %58 W.5.U. 6 30 W.3.U. 11 938 W.5.U. 17"
elif "Ns¥ANTNAIULIY" in positionFisrtList or ‘Ienuntndgng” in positionFisrtList or
"Useguianugng" in- positionFisrtList or "Uszavaaniuge" in positionFisrtList:
return "W.5.U. 8 %30 W.3.U. 19 %39 W.5.U. 11 50 W.5.U. 17 %39 W.9.U. 9"
#elif "n3zaNU1eAULIY" in positionFisrtList and "l untnge" in - positionFisrtList
and "Useguiinugne’ in positionFisrtList and "Us¥gnainug1e” in positionFisrtList:
# return "W.5.U. 11 50 W.3.U. 17"
#elif "IWeuntigne" in - positionFisrtList:
# return "w.5.u. 9"
elif "IWeundswn" in positionFisrtList:
return "w.5.u. 13"
elif "lWeuniiivn" in positionFisrtList or "nS¥ANU19AIUYIN" in positionFisrtList:

return "W.5.U. 2 %59 W.5.U. 7 %150 W.5.U. 12 ¥198 N.5.U. 14 %30 N.5.U. 15"

# def compulsarylLogic(positionFisrtList,positionSecondList):
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# if "n3zlUsant” in positionFisrtList:
# if "Uiz@%ﬁﬁﬁﬂuﬂjﬂ" in positionSecondList or "UsggnasmuYIN" in
positionSecondList:
return "w.5.u. 1"
elif "nselUs9vine" in positionSecondList:

return "W.5.U. 4 %38 W.5.U. 5"

#
#
#
#  elif "Usganihvnuu' in - positionFisrtList:
# if "lWaunigne” in positionSecondList:
# return "W.5.U. 6"
#  elif "nsyand19m Ut in positionFisrtList or "lWduntigne” in positionFisrtList or
"Usgaminaude" in positionFisrtList or "Usggndsiugne" in positionFisrtList:
# if "lWaunienn’ in - positionSecondList:
#  return 'W.9.U. 8 190 W.3.U. 19"
#  elif "nsyand19mud1e” in positionFisrtList and "lWeuntinge” in- positionFisrtList
and "U‘iz@%ﬁﬁm%ﬂ" in positionFisrtList and "Useanasnudng" in positionFisrtList:
#  if "n3zan1199ULAN" in positionSecondList and “TWATuMNU1" in
positionSecondList and “Uizq}wﬁﬁmmw" in positionSecondList and "Uiz@ﬁﬁﬂﬁ’lum’]"
in positionSecondList:

return "w.5.U. 11 %38 W.3.U. 17"

elif "lwlgumingae” in positionFisrtList:
if "lgunaewan” in - positionSecondList;
return "w.5.u. 9"

elif "lWAumiv2" in positionSecondList:

#

#

#

#

#

# return "w.5.u. 18"
#  elif "lWAunasw" in - positionFisrtList:

# if "lWauntgne” in positionSecondList:

# return "w.5.u. 13"

#  elif "lWAumiva" in positionFisrtList or "n5¥AN19AIUYIN" in positionFisrtList:

# if "nIEANT19AULIY" in positionSecondList or “lWdumntinge” in
positionSecondList or "Uﬁz@ﬁﬁ’lﬁm%}’la" in positionSecondList or "Uiz@ﬁﬁﬂﬁﬂu%ﬂa" in

positionSecondList:

# return "W.5.U. 2 %58 W.5.U. 7 %150 W.5.U. 12 1198 N.5.U. 14 %30 W.5.U. 15"
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from traitlets.traitlets import Enum

from flask import Flask,send file

from flask_ngrok import run_with ngrok

from flask import Flask, request, jsonify,make response
app = Flask(__name_ )

run_with ngrok(app)

from werkzeug.utils import secure filename

import base64

UPLOAD FOLDER = '/content/gdrive/MyDrive/Project Ayok/model/upload pic'
PREDICT FOLDER = ‘/content/edrive/MyDrive/Project Ayok/model/predict pic'
ALLOWED EXTENSIONS = {'txt', 'pdf', 'ong', 'jpg, ‘jpeg’, 'if'}
app.config'UPLOAD_FOLDERT = UPLOAD FOLDER

app.configPREDICT FOLDER'] = PREDICT FOLDER

with open('/content/gdrive/MyDrive/Project Ayok/model/models/config.yaml,'rb') as f:
cfg = pickle.load(f)

cfg. MODEL.WEIGHTS =
"/content/gdrive/MyDrive/Project Ayok/model/models/output/model final.pth" # path

for final model

cfg. MODEL.ROI HEADS.SCORE_THRESH TEST = 0.5
predictor = DefaultPredictor(cfg)

def allowed file(filename):

return ' in filename and \
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filename.rsplit(", 1)[1].lower() in ALLOWED_ EXTENSIONS

@app.route("/predictDamage",methods=['POST)
def predictDamage():
request data = request.get json()
image_list = None
pre predict list = []
if request data:
if image_list' in request_data:
image_list = request data[image_Llist']
pre_predict list.append(image_ list)
result return = [J

get list file =]

for i,j in enumerate(pre predict list[0]):

get base 64 = j[image 64

name = get base 64.replace(/,")

filename = str(name[:10])+".png'

base64 _img bytes = get base 64.encode(utf-8)

getlmg = os.path.join(app.config[UPLOAD. FOLDERY], filename)

with open(getimg, 'wb') as file_to save:
decoded. image data = base64.decodebytes(base6d4 img bytes)
file to_save.write(decoded image data)
file_to_save.close()

get list file.append(getimg)

# predictor = DefaultPredictor(model)

image = torch.as_tensor(img.astype('float32").transpose(2, 0, 1))
outputs = predictor(img)

# im = first_batch[0]['image']
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v = Visualizer(imgl[:, :, =:-1],
# metadata=val metadata dicts,
scale=0.5,
instance_mode=ColorMode.IMAGE_BW)
out = v.draw _instance_predictions(outputs["instances"].to("cpu"))

plt.imshow(out.get image();, :, ::-11)

exportResult = os.path.join(app.config PREDICT FOLDERT, filename)
plt.savefiglexportResult)

with open(exportResult, 'rb") as binary file:
binary file data = binary file.read()
base64 encoded data = base64.b6dencode(binary file data)
base64 message = base64 encoded data.decode('utf-8")
return jsonify(result image base64=base64 message)
@app.route("/predictFRS",methods=['POST'])
# Parameter picture.jpg
def predictFRS():
if request.method == "POST":
request_data = request.get json()
image_list = None
pre_predict list = []
if request data:
if image_list" in request data:
image_list = request datalimage_list]
pre predict list.append(image list)

json list =[]
result_ compul list =[]
for i,j in enumerate(pre_predict_list[0]):

get base 64 = j[image 64
get damage id = j['damage_id']
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get first car = j['position]
# get second car = j['positionSecondList]
result compul = compulsaryLogic(get first car)
name = get base 64.replace(/,")
filename = str(hname[:10])+".png'
base64 img bytes = get base 64.encode('utf-8')
getimg = os.path.join(app.config UPLOAD FOLDERT, filename)
with open(getimg, 'wb') as file to save:
decoded image data = base64.decodebytes(base64 img bytes)
file to_save.write(decoded image data)
file_to_save.close()
model _result acc,model result class = modelFRS(getimg)
json data = {
"accuracy”:model result class,
"position_result:model result acc,
‘compul”result_compul,
"damage_id":get damage id
}

json_list.append(json_data)

return jsonify(result image=json_list)
app.run()
with open(/content/S 32965035.jpg, 'rb") as binary file:
binary file_data = binary_file.read()
base64 encoded data = base64.b6dencode(binary file data)
base64 message = base64 encoded data.decode('utf-8')

print(base64 message)
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