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Abstract

This research aims to evaluate the accuracy and performance of a classroom attendance system
utilizing facial detection with CNN and Deep Learning. It also aims to develop a facial recognition-based
attendance system that effectively minimizes data recording errors. The facial recognition model was
developed using Deep Learning techniques, particularly Convolutional Neural Networks (CNN), combined

with the Histogram of Oriented Gradients (HOG) facial detection technology. The application was developed



using Python, while the website interface was built using PHP and React.js. User databases and attendance
reports were stored in MySQL. The system was tested under indoor lighting conditions at face detection
distances of 2, 3, 4, and 5 meters, with target face counts of 4, 6, 8, 10, 12, 14, and 16 people. Each condition
was tested 20 times. The results can be summarized as follows: 1) For optimal accuracy and efficiency, the
system requires clear facial features (e.g., eyes, nose, mouth, and forehead) for recognition. 2) The most
accurate results were achieved at a detection distance of 2 meters with 4 target faces per image, yielding
an average accuracy of 100%. 3) The least accurate results were observed at a detection distance of 5
meters with 16 target faces per image, with an average accuracy of 30%. 4) Facial detection accuracy
decreases as the resolution of facial details in the image decreases. 5) The average facial detection accuracy

across all test conditions was 75%.
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2.4 N1DBNKUUIIUU
fseonuuysruunsded olu1duissunlens
d33a7ulunualaely CNNuaz Deep learning
Usznaumedunou fell
2.4.1 miaaﬂLstzuuehmimTwyaga (Input
Design) Uszrieume
1) mﬁmmﬁaaﬂaﬂ’ﬂﬁﬂm 919158 MeuTeu
AN HURBTANTNEDY
2) msweyatinAnwlunguidou
3) msdnlvangunmiindnwiiionisidade
4) MsunlunaIn TS
2.0.2 NMFEBNUUUTLUUAILUAAINAENT N1V
%aaﬂa (Output Design) Usenoune
1) mwammamymgdaﬁﬂﬁﬂm 919158
noudsUNazINSeu
2) naeensnedetindnu
3) MTUARIHAMI A ULANRLIT
4) NMIUARIHAINSINNSIIS e 15 S
5) MIWARNINATIBNUNMSIISBuT e U
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asvadulunuilagle CNN waz Deep learning ilesann
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2.5.2 Wanmenisly PHP sauffu React js
2.5.3 napsuugUnsnidiofie
2.5.4 MySQL dwiudaifuroyaylonasusyii
mManTdaiondueu
2,55 Apache muniduedaduuinisiiu
2.5.6 HOG dwsurglunsnsradulunundienu
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2.6 NSNAFBUIZUU
nMsnaasuszuuiinguizasa il eUseiiuniny
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naAuAeIN1Tves lweulauiely Tnefinnsani
szuufi W uanunsaloaulaese saudsanunsa
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FuFounemeluladgnisesradulumun dusuuey
WaLATU (Web Application) lagidunisnaaeulu
A0NUNAITS W;aﬂﬁgﬁdya;gaﬁﬂumiﬂizLﬁuwa \iolu
shilanssuvannsavnanulaaufianauds
2.6.1 N150DNUUUNITNARDU

Wi evnanimwana euflmsnzandnsunisly
uszuuMsiiad el udounionisnsiadulunun
Taely CNN uaz Deep learning flvamnunnisnnass
meluanmuinasy el

1) @annwas (Lighting Conditions) \Juiuil
53 (Indoor) fifuasananeglueieis

2) §nwarvaslunuilyaruvuan luld
WnneusTe

3) eveslumnunnss

4) Feulunsneans



~svevn1sasrasulunu (Distance)
sevnalnsdnmilonaduluvun laun 2 wes, 3 wes, 4
AT WAy 5 LUnT

~ Sl mnglunurlunsasiadunn
azAs e (Number of target faces in each detection)
Taun 4 Aw, 6 AY, 8 AY, 10 AL, 12 AY, 14 AL uaY 16
AU

~Fruauainlunu e uLuun s Ay
(Number of prototype facial images per person)
annsawusle il sUnw 1 gmuaﬂwﬁwmq sUA M
ii 2 gmuaﬂuwg’]ﬁumﬁ%ﬁa 45 83 LLazgﬂmWﬁ 3
uuneslunuiuniaen 45 ssanlaedFeulalunis
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1) gilmwmyauﬁuﬂixmmlw&ﬁu JPG,
JPEG wia PNG ity

2) AnuaziBenvaslunuiluguamdus
AstiATINT (width) uay A3g3 (height) 087UaY
160 x 200 Wnwa

3) gilmwﬁ'é’iliuamLLs{axgﬂﬁTaaﬁmum
TwidlsAu 5 MB
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anunsoazuladsdl

3.1 HANISWAILISEUU

o

3.1.1 nanbanAsHRINSEUUTIsatl

Number of Uploaded Images: 1
Upload Time: 2024-10-15 15:32:38

“‘\1‘1\%;\
Wf

i

asaaulumn

Present Group:

Student Id: 64502100087-4
Name: ngens auns
Attendance time: 2024-10-19 08:37:34

Student Id: 64502100082-5
Name: a@sém tandniioy
Attendance time: 2024-10-19 08:37:34

Student Id: 64502100030-4
Name: in3uadind ugludiy
Attendance time: 2024-10-19 08:37:34

Student Id: 64502100090-8
Name: andiid wmay
Attendance time: 2024-10-19 08:37:34

Late Group:

Student Id: 64502100053-6
Name: Yis¥ivs 1a3auning
Attendance time: 2024-10-19 13:37:40

Student Id: 64502100059-3
Name: dnéviani tnane
Attendance time: 2024-10-19 13:37:40
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o
LIYU
Report Attendance

Attendance History Table

Amendancs  Presant group Late group Absant group. Total
DatelTime

20241015 (] (] (] 9
154150
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3.2 wan1MaFauUUTEENSANYaluans
ns233uTunt
3.2.1 HANSNAABINNILIILEN (Accuracy) U8
Tuanisaradulumn ansnsadunlafauns
Accuracy = aﬁmuﬂ%’jﬂﬁ'msnﬁ’ulwﬁwgaﬁuaa/ﬁmu

ASIVARDUNINRUA*100%

A197199 1 MITNHANTNAFDUALLLLEN

wrunfiuaaanisidiouisulussognisasiadulumia 2 was 69 5 wias

JUN 14 unuiluaninsiuSeuiieusseen1sn iy

Tunun 2395 Ba5 wes

3.2.2R8N15NAd0ULUAS AT UTEa NS naw
(Performance Metrics) ¥aalutnani1snsiadulunun

a1115aa1ula91n Confusion Matrix Table

A15719%1 2 ANS1NANISTRABULLRSNYUTLENDAN

THUSATIATI 3 .. drurudinarelosi | weddud usferm
Sl R Tursrradiuurisents waiuth
4au 100%
& @y 100%
ey G55
2w 140 &2 10w 555
12 Au 5%
1dau 75%
16 AU 75%
4au 100%
& AU 100%
au S0%
3 s 140 F‘ia-l 10 mu 85%
12 mu B0%
14 mu T0%
16 mu T0%
4au G55
6 au G55
ey 80%
4w 140 w2 10mu 755
12 Au 755
1dAu 655
16 AU 655
4 AU 50%
G AU 80%
dau T0%
5w 140 #fs 10 0%
12 mu 45%
14 mu 30%
16 mu 30%
INNANIINAFDUNUIN

- sypgniamsndulumunmangluguniniioy
Tuszer 2 wes danedsanuuuudunnigalunis
asasulunin waziilessovnafiududu 3 was 4
WA wag 5 w3 Anuutudilunsasaedulununay
anasoenafiulate

il esruanlunundiszuumesnsiadulunig
veasuAarasil 4 AU STuvaLnsansIaTUlALLuEN
mdlefisrurumnglunundisduduy 6 au 8 Ay
10 AU 12 AU 14 AU waz 16 AU TuAIIASIITULAAE

A59

"~ Predicted condition
T~ Positive Negative

Actual condition B

Actual positive True positive(TP) False positive (FN)

Actual negative False positive(FP) True negative(TN)

1) Precision = dnd1uvessiurulumuniiluna
n3r9dunarszylnes19gnm o (True Positives) o
srulumnilunansiadulananun (True Positives
+ False Positives) Inafiunailagisannnis
Precision = (True Positives) / (True Positives + False
Positives)

Tuusunvein1snsrasulumun Precision 9t

wansdsauuLug1vessruuluntsasradulunuid

'
A

wasdlaglufinismsaduianaia wu nsseyingd
\Julumun (False Positives)

2) Recall = dnaauvess1urnlunufiluna
n3r9duuarszylnas19gnm g (True Positives) 1o
Frurlumunsiavuadifegluniw (True Positives +
False Negatives) Tnefnaladeaunnis
Recall = (True Positives) / (True Positives + False
Negatives)

TuuSunuesnsnsradulumn Recall avuans
ferwannsavesszuulunsasadulumunamua il

oglunn Taglufiniswann (False Negatives)



3) F1-Score = A1 Harmonic Mean $¥%1314A1
ﬂ’J’]ﬂJQﬂ(;EN (Precision) wagA1ANLAABUARN (Recall)
FIANINTT
F1 Score = 2 * (Precision * Recall) / (Precision +
Recall)

F1-Score AgMaufauARTENINIAIILYNADS

(Precision) uagA1uATEUARY (Recall) U84N13ATIATU

v
v Ao
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- AN F1-Score, Precision way Recall g4dn
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d

fifoulunsnadesiiszor nsnsadulnaiian (2
wins) uagduaummnglumulunisnsaduunay
Afauenfian (4 au) Gefin1 F1-Score oyl 1
Precision agj‘ﬁ' 1 way Recall 8%1;17‘1. 1

- ﬂ"] F1-Score, Precision kag Recall G‘h?jfﬂ
Adeulvnimaaesiiszoznisnsndulnadign (5
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adannilan (16 au) Geian F1-Score agil 0.49

Precision 8¢l 0.25 Waz Recall agil 0.33
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WA 4 LIRS LAY 5 1UAS)
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