Pt :%ﬂ.' I !
oy b | ]
it \& | |'i
Al Al japal) 2 0 5l &) g |
N | /gf The People’s Democratic Republic of Algeria L}
Ly ___,.»ve',‘ » iy . Ly - __' ot
ﬁ*;::ﬁ;.:;“‘“‘# "_.’.Ajd\ ‘.—\A:\MJ @w‘ Hh_d\ OJ‘JJJ algunll - waliog 2000 dooly

Urmversite Mohamed Boudiaf - M'sila

Ministry of Higher Education and Scientific Research
Aliaally il 5y 2ana daala

University Mohamed Boudiaf of M’sila

3 Y 91 Y 5 sl Al
Department of Computer Science Faculty of Mathematics and Informatics

Domain: Mathematics and Computer Science

Thesis Presented to Fulfill the Partial Requirement
for Master's Degree in Computer Science

Specialty: Information System and Software Engineering ISSE

Prepared By: Douaa Hanan Kadi, Nada Erayhane Heltali

Supervised By:
Said Gadri

Entitled

Facial Emotion Recognition Using Deep Learning Approach

Jury Members

Allaoua Hemmak President
Said Gadri Supervisor
Maroune Kihal Examiner

Academic Year 2024/2025



Acknowledgements

I would like to express my sincere gratitude to my supervisor, Mr. Said Kadri, for his valuable
guidance, constructive feedback, and continuous support throughout the development of this
work. His scientific insight has greatly contributed to the successful completion of this thesis.
| also extend my thanks to the examination committee for their time, interest, and thoughtful
evaluation of this research.

My appreciation goes to the Faculty of Mathematics and Computer Science, and especially to
its Dean, for his continuous support, for providing a conducive academic environment, and for
facilitating all necessary administrative and academic resources.

Finally, I am thankful to everyone who, directly or indirectly, contributed to this work—

through reference materials, technical assistance, or academic support.



c«\&Y\

Pl 1 gl ol 1 lea )il fpall W G e gl assia s d )

(56 11 29)
e Ly g5 & glia A claz] & (;,m*“’\ gl Al ) J sy Can 5 i S

ety S (sl 158 (IS Lagid 3 gtlery « 5o Y 13505 ¢ Jll 5045 1558 o VIS (001 il )5 )
Gyl KAl R e i,

JRT a3 C8l& 5 & 5 agliabid sl o3 (3 as ot o ) e (315815 (34) )
)55 ol Al C\j“ﬁ\ K g gyl 13h faszhAd (K 8 aa EOE ) (355 el iaia )
A8 lEall gabinia s sy
el g ddlaall Wile 40 12} 4 ol Agaall Ll
Y 235 e ool 8 108 B1IRD T 5 catlis o LT3 40 L el 3 (a0 T ¢ #las )
%j&}‘ 9.9;5 ZJ‘P "_;)5;‘.:31
ool Kl el el e s cJaadl 3R jlad) 8 pals e g s JKG bl o alay Gy 0a (K )

Qs elen ol



(AL g0 20 40T iy fm )
zladll alu die) agall Ul W dlaly M) g ciljlal) gt Al gy g ciladlal) a%5 dfendy 3l cpallal) oy daal
o) gial) as gah) sanlal cdy AT Labl g alal) ) 3B g
L e e dlaal JS Ul e el 1 el Lagy AR ol i )
el Gla Aad) gall g 53 U (o) mlaadl) ) sl e 88 g SU ) e A QAT Jeals el 05 (40 S
el

(o gie s 00 T e cpn ) Ly i Ll timin ¢ Ll cin i) ) Jon (g0 e Jla ) sl
(53 (A9 ey ¥ (Al il alia ) AL dadae 28" agd 8 (e Mo Aual) A g ) 2y S8

(b s A5 Sl Lt g Ay s (A4 (il dall () s (8 Laa s g A AU b 5 (e (g s
) G52yl gt 35S (e el S Y a3 s ey L) pla 0 (355 bl 203 it

et e Al (AL Ae s el e g dll agll g elea g Ll (il ol sl JUise oIS, #laill

oS SE alaiagagn e S
e Al 5 33lall g 4 @l e Luk | S Jaas 4l dealld 2 gl dgle Ul e I Jua i€ Lo sl o5 il (58 63 Y la
femallad) Gy iy daaly Qi}ﬂ\jiljéb}%mwhﬁb sy A

Al ) gai  Aula



Table of Content

ACKNOWIBAGEIMENES. . ...ttt e et et et et e et e e et i
I3 =T [0 LA 0 o iii-iv
General INtrOdUCTION. . ...ttt 1-2
Chapter 1: Generalities on Facial EMOtion RECOGNITION. .........cceiuiiiiiiiieiiieiieenee e 3
1 0o o4 A o o SRS 4
2 FACIAI FECOGNITION ...ttt b ekttt b bttt e bt e bt et et e b et e 4
3 Image and 1MAGE PIrOCESSING ......veeiureetreisteeitteesieeateeasteestee e bt e asbtesbe e e be e st e e abbeebeeasb e e abeeenbeeanbeeenbeenbeeenees 4
3.1 LOW-LEVE] PrOCESSING ... .ceutteiuieeiitt etttk etttk ettt ekttt et et e s e nbe e nnes 5
3.2 MEdIUM LEVEI PrOCESSING ....cuteeieeeitit ettt ettt ettt ettt nnn et 5
3.3 HIGN LEVEI PIOCESSING ....cutiiiuieeiite ettt ettt ettt ettt et 5
4 IMPOrtance Of IMAGE PrOCESSING. .......eiitietieiiie ittt ettt ettt et et anbe e 5
SR Y ¢SS0l i 00T S PO P R TRP PP 6
5.1 Gray SCAIE IMAJES.....coueietiiiie ettt b ettt b e bt e st e b bt et e e bt e b e nbeeenas 6
5.2 RGB IMAJES. .. ttieeeeiiiitiie ettt ettt e ettt e e e e e s ettt et e e e e e e e bbb et e e e e e e e e e bbbt et e e e e e e s eraeeas 6
6 EMOTION RECOGNITION ...ttt ettt ettt et bt et e et e bbb nes 7
7 Techniques for EMOtION RECOGNITION .......ccvviiiiiie e e sttt e et e et e e snta e e snneeeannees 7
7.1 Facial EXPression RECOGNITION.........cuuiiiieeiiieeeciee e e e st e e st e e e e st e e s e e e ssa e e e sntaeesnteeeanteeeanseeeannes 7
7.2 Speech-Based EMOtioN RECOGNITION .........vviiiiiieiiiie ettt et e et e e et e e annes 7
7.3 Text-Based EMOtION RECOGNITION .........eeiiuiiiiiiee e see et e e et e e et e e aneas 8
7.4 Physiological Signal-Based EMOotion RECOGNITION ........cccivviiiiiiieiiiie et 8
7.5 Body Language-Based EMotion RECOGNITION ..........cciiiiiiiie e 8
8 Facial EXPression RECOGNITION .........iiiiiiee e cciiee et e et e e a et e et e e et e e st e e e snbe e e snteeeanneeeannes 9
9 Applications of Facial EMotion RECOGNILION..........ccuviiiiiiiiiie e 9
9.1 Provision Of Personalized SEIVICES..........ciuiiiiiiiiieiieeiie sttt 10
9.2 Customer Behavior Analysis & AAVEITISING.........cuueeiiiieiiie e saae e 10
0.3 HEAINCANE...... ettt ettt b et e h e b e et e bt e R e et e e bt e ne e te e nae e 10
B 10 [0} 11T | PSSP OPPROTPR 10
9.5 Crime Detection & Fraud PrevVeNtioN ...........cueiiieiieeiie ittt 10
10 Recent Trends in Facial Emotion Recognition (FER) .........ccooiiiiiiiiiiiie e 11
11 Challenges in Facial Emotion Recognition (FER):........ccouviiiiiiiiii e 11



L2 CONCIUSION. ..ot e e e et e e e e e e e e e et e e e e e e et e e e e e e e e e e e eaeeneeaenenns 13

Chapter 2: Machine Learning Algorithms and Model USING. ..........ccoviiiiiiiiiiiice e 14
I 0o [0 Tod o o PSPPSR 15
2 MACKINE LBAIMING ...ttt ekttt e bttt e ettt et e et e s tn et e nbe e 15
P00 101X o TSRO RRSTP 15
2.2 Machine Learning tECANIGQUES ........c..eoiiiiiiieie ettt 15
3 DEEP LBAMING ...ttt ettt etttk ekttt a e bbbt e e h bbbt bRt b et b e 19
T80 I 101X ) o O PTRSTR 19
3.2 Types Of deep NEUTAL NEIWOTKS. .......ccuiiiiieiiieiee ettt 20
4 Convolutional Neural NEtWOrKS(CININS) ......oiviiiiiiiiie ittt 22
5 WOTKIMG PIINCIPIE ...ttt ettt 23
5.1 CONVOIULION LAYET ...ttt etttk ettt et e et et et e nbe e 23
5.2 Activation Function (typically RELU) .......c.uoiiiiiiieiiieie e 23
5.3 POONING LAYET ...tttk b ettt R ettt 24
5.4 FUIY CONNECIE LAYETS ... ..eeiieieiieeiee ettt ettt ettt ettt ettt ettt et e e et e be e 25
5.5 The 10SS TUNCHION (LOSS) ...ttt ettt ettt 25
6 Data ProCesSING tECANIQUES ... ..eeiiiie ettt e e e e e et e e e st e e e s naa e e annaeeanseeeanes 25
6.1 Data Standardization TEChNIQUES.........coiuireeiieeeciie e see e e e e e e e e et e e snreeeaneeeeenes 26
6.2 Data AUGMENTALION .....eeiiiiee ittt e e s e e st e e e st e e e ta e e e ta e e e ta e e e snaeeennaeeeanaeeesnseeeaneeeeanes 27
6.3 Optimizers and Learning RALE.............eeiiuiiiiiee e cie e te e ee e e e e e snae e e st e e sneaeeaneeeeanes 28
6.4 LEAIMING RALE.......coiiii it e e e e e e e e et e e e ta e e et e e e nb e e e snbe e e ante e e anraeeanreaeanes 29
6.5 Weight initialization and pretrained NEWOTKS. ...........c.uveiiireiiiee e 29
O R o [0 F= T 12 LA o o OSSPSR 30
7 CNIN Facial RECOGNTLION ADPS «..veetiieiie ittt ettt sttt sttt et e et e et et e et b e e be et e e snbeenbeeanbee e 30
7.1 How facial feelings can be reCOgNIzZed ............oooiuiiieiiii e 30
7.2 CNN Facial RECOGNITION APPS. ... uveeitieeeittee et e et e e st e e s e st e e st e e st e e e stbe e e snaeeessbeeesraeeesnteeeanseeeanes 32
I 00014 Tod 1 E5] o] PO PSPPSR 33
Chapter 3: Model Development and Performance Evaluation. ............cccccovveiieiieiieenie e 34
I Lo oo [0 Tod o  FO PSP PSOPR PP 35
2 Tools and WOTrK ENVIFONMENT .........uiiiiiiiieiie ettt sttt et esne e nreeaneee e 35
P A 1010}V T g [ (=T oo Lo GRS OPR PP 35
A o To o | I @Xo] -1 o PSSP PPPROPPR 36
2.3 Visaul Studio Code ENVIFONMENT........coiiiiiiiiie ittt e e e 36



2.3. L KBY FRALUIES ....itiiie ettt ee ettt ettt e ettt e oo ekttt e oo h bttt e ookttt e e e e kbbb e e e e enbb e e e e e anbbe e e e e anbbeaeeeas 36

2.3.2Re8S0N TOF SEIECTION ......eeiiiiii ettt ettt e et e e anbe e e et e e anneeeas 36
2.4 Python Tools, Libraries and FrameWOTKS...........cuuieiiiieiiieeiiiee et sneeesneee e 36
2. 4.1 WED FramMEWOIK. ......cieiieiiiie ittt ettt et et e e st e et a e et e e et e e e nte e e nnbe e e nnbeeeanteeeanseeeanes 37
2.4.2 Libraries and TOOIS USEA .......c.ueiiiiiiiiiiee i tee ettt e nnte e e snteeesnseeeanneeeanes 37
3 DALASEL DESCIIPTION ...ttt ettt etttk ekttt ekt ekt e et ekt ettt e sttt e et e et e st e et e nb e 38
3.1 Data AUGMENTALION . ....cueiitiiitt ettt ettt ettt ettt et ekt e bt e e st e et e e e e e et e stneenbeeanbe e 38
3.2 Data Loading and Label ASSIGNIMENT...........ooiiiiiieiii et 40
3.3 IMAGE RESIZING ...ttt etttk b ekttt ek ekt et b et e bttt 40
3.4 GraySCale CONVEISION .....c.viiieiieiie etttk etttk et ekt e ettt et et esnb e et eenbe e 40
3.5 Normalization OF PIXEI VAIUES ........c..oeiieiee ettt snee e aneee e 41
3.6 RESNAPING INPUL DALA. ......cviiieiieiie ettt nb e 41
3.7 DA SPHTLING ..ttt ettt bttt ettt b ettt bbbttt nbe e 42
T N I - U] 1 PSSR 42
O - ) OO PR UUPPPTTRPRI 42
3.7.3 Importance of Data SPITHING .......ccviiiieiii e 43
4 MOAEI DESIGN (CNIN).. ittt e et e et e e st e e e te e e s te e e e seeeasteeeessaeeesnsaeeanteaeannneeas 43
4.1 CONVOIULIONAT LAYEIS. ......vieeeiiee ettt et e et e e st e e et e e st e e et e e e ta e e e nsaeeesnsaeesnneeeanneeeas 44
4.2 POOIING LAYEIS. ... eeeiiieeeetiee ettt ettt ettt e et e et e et e e et e e e ast e e e ante e e e steaeanteeeanseeeeanbaeeanaeeenntaeennteeeannaaeas 44
4.3 DIOPOUL LAYBIS...ceeieeieiiiiiitite e e e ettt e e e e e sttt e e e e e e e s et bbbttt e e e e e s s s bbb bbb et e e e e e e s s bbb bb e e e e e e e e e e nnnbeees 44
O b L (= I OSSPSR SPRRTRS 45
4.5 DBINSE LLAYEIS ...eeetieeeeeiieitttt ettt e e e ettt e e e e e sttt e e e e e e e s e bbbttt e e e e e e e e bbb e e et e e e e e e a bbb et e e e e e e nnnnnre e 45
4.6 PUIPOSE OF THIS DESIGN .....veiiiiie ettt ettt e et e s e e et e e et e e et e e et e e e nsaaeesnbaeesnneeeanneeas 45
5 TrAINING ParAMETEIS ... eii et et et et et e s e e et e e st e e st e e et e e e tee e e teeeessaeeesnteeesnseeesnseeeaneeeeanes 46
6 MOdel EValUALION SErAtBOY ........vieiiiee ittt et e e e et e et e e et a e e s raa e e anneeeanneeeanes 47
7 PrediCtion IMECNANISIM .......iiiii ittt et et e e b e e be e et e e anbeesbeeanaee e 47
7.1 PrediCtion ON TESE DA .......veiiieiiiiiiie ittt sttt e st e e bt e et eanb e anbeenbeeanbee e 47
7.2 Prediction 0N NeW EXEEINAl DALA .........c.cciviiiiieiiieiie ettt nnee e 48
8 RESUIES ANAIYSIS. ...t e et e e et e e et e e et e e et e e et e e e n e e e et e e e atr e e araeeareeeanes 48
8.1 Training and Validation Accuracy and LOSS CUIVES ........cc.ueeiiuieeiiiieeiiie et eesree st e e saee e sree e sree e 48
8.1 1 ACCUIACY CUIVE .. .iiiiiiiiiiee e e e ettt e e e e e ettt et e e e e e e sttt et e e e e e e e sttt b e et e e e e e e e s snnbb bbb e aeaeeeeesannnneees 49
81,2 LSS CUIVE. ...ttt ettt ettt e oottt e 24kttt e 4okt e e e ek b et e e e ek bt e e e e e nb b et e e e anb b e e e e e nnbbe e e e 49
8.2 ConfuSIoN MatriX ANGIYSIS.......cccuvieiiie ettt e e et ae e e s tae e e snbeeeateaeanes 49
8.3 ClaSSITICALION REPOIT ....ooiiiiiie ettt ettt e e e e ettt e e e st e e e e e satb e e e e e artbaeeessntbeaee e 50

Vii



O CONCIUSION e ettt 51

Chapter 4: Application Implementation and User Interface DesCription ...........ccoccoveeviieiiiieeeiiiieesiineene 52
I [ £ o [ ot AT o PSPPSR 53
2 APPHICALION DESCIIPTION. ...ttt ettt ettt ettt et e e et e nbe e 53
3 APPHCALION ODJECTIVE........eiiiii ettt 53
4 APPIICALION FRATUIES. ... .ottt b et e bt e b e b et e bt e e s e et e e e beeanbeennne s 54
5 APPHCALION INTEITACE ...ttt ettt 54
0.1 HOIMEPAGE ...ttt e et 54
oI AN o100 T=Tod £ o TSP RSTR 55
TR 0o g1 = Tod BT (oo TSRS 56
5.4 EMOLION DELECTION. .....eiiiiiieiiiie et ettt et e e st e e st e e et a e et e e et e e e nee e e snaeeennteeennseeennseeeanseeeanes 56
5.5 MOUEI EVAIUBLION ......oiiiiiieiee et e et e et e e et e e nae e e nnte e e snseeennneeeaneeeeanes 59
5.6 Train @ NEW IMOUEL......cueiieiiiee ettt e e s e e et e e et e e et e e e rae e e ssaeeesntaeeanseeeanseeeanes 61
5.6.1 Train on RGB/Grayscale Data INTEITACES ..........ccviiiiiiiiieiii i 61
5.7 Clarification of the Unified Training and Evaluation Process for Models..............cccccocoveviiiiiiinnnne, 66
LG I @0 4 Tod (11 [0 o OSSR 67
(€12 01T LI @o] 0 T0d (1] o OSSR 68
A =1 101 10T = o] ] T TSRS 51

viii



List of figures:

Figure 1:Types Of IMAQES PrOCESSING .....c.vveiuriireeieeitee ettt st ettt e et et e e nb e e e e b e e b e s s e e e beeeseeesbeenbeennreanneans 6
Figure 2:Machine Learning TECANIGUES ..........oiuuiiiiiiieiieiie ettt ettt et e et e e e e nnees 15
FIQUIe 3:L0GISTIC REGIESSION .....viiiiiiitieitiesiie ettt ettt b btttk e s h et e ke st e bt e e bt e et e be e be e e b e e nees 16
FIQUIE 4:SVIMS ALGOTTENM ...t b ettt b et e bt et e et e bt e be e e e e nnees 17
FIgure 5:NaiVe BayeS CIaSSITIEN ........ccuiiiiiiiiii ettt ekttt bt e e et e be e e e enne s 17
FIQUIe 61NN ALGOTTENM ...ttt b ettt h ettt e bt e et e b e be e e neennes 18
Figure 7:Deep NEUAT INEBIWOTK .........ooiuiiiiiiieett ettt ettt e b e e e e e ne s 19
Figure 8:Deep Neural NEtWOrK(DINN) .......oiiiiiiiiiiiii ettt e neennes 20
Figure 9:A Long short-term memory network,LSTM,long Short-term memory..........cccocceveiieeiieniieieesecse e 21
Figure 10:ConVOIULIONAT LAYET .........iiiiieiiieiiteie ettt ettt ettt et et et eenees 23
FIgure L11:ACTIVATION FUNCTION ....viiiiiiiiieiie itttk ettt e et e bt e ene e e s 24
FIQUIE L2:P00IING LAYET ...tttk b bbbttt e bt e bt e et et e b e e beenneas 24
FHQUIE L3IFC LAYRT ...tttk etk ekt k ekt a ekt e e h bt ekt e bt e st e et e bt e e st e e b e e be e e b e e e s 25
Figure 14:1dentifying faCial TEATUIES. ..........oiiiii ittt eeas 31
Figure 15:Facial Expression Regression WOIKFIOW .............oiiioiiiiiiii s 31
[0 A O (G D L K TR PSP PSP PP PRUPRRPPI 38
Figure 17:Types Of Data AUGMENTALIO .......ccuiiiuiiiiiiiiieiie ittt ettt et e st et et e e e beenneas 38
Figure 18:Before and After Data Augmentation and BalanCing ............ccoooviiiiiiiieiiieiie e 39
FIQUre 19:L.080 & RESIZE TATA.......ciuviiiieitieitiieie ettt ettt ettt e bt et e et e be e e b e enees 40
Figure 20:Gray, NOrm and RESNAPE ata.........ccuuiiiiiiiiiie ittt 42
Figure 21:The train_teSt_SPIIt FUNCLION ........uiiiiiiii ittt 43
Figure 22:CNN MOGEI ArCRITECIUIE .......viii et e et e e et e e st e e e s ta e e e staeeataeesnteeennneeaas 43
Figure 23:The layered architecture of the proposed CNN MOEl ............covviiiiiiiiii e 45
Figure 24:CNN for EmMotion CIasSifiCAtION ..........ccciiiiiiiiiic et s e e sre e e nnnaeans 46
Figure 25:Model ACCUIaCy and LOSS CUIVES.......cc.uviiiiieeiiie ettt e st st et e et e e st e e stae e e saa e e e teaesnbeeesnaeeasaeesnteeennneeenes 49
Figure 26:Confusion MatriX RESUIL............ccceiiiiiiiiiiiie e Error! Bookmark not defined.
Figure 27:ClassifiCation REPOIT..........cuiiiiii ittt e e e et e et e e et e e e saaeeeaeeeasteeessaeeenseeeanbeeennees 51
Figure 28:System ArChIitECIUIE OVEIVIEW ... ..ciiuiii e e ittt s e st e e st e e e ste e e s be e e s raeeesseeeanteeesnseeennneeans 53
Figure 29:Main Homepage Interface of FaceFeel APPlCAtiON ............ccvviiiiii i 55
Figure 30:About Section Interface of FaceFeel APPlICALION..........ccviiiiii i 55
FIgUIre 31 - CONACE VIA FOOLEE ... ...ciiviii ittt e e st e e et e e e te e e sabeeessbeeesteeessteeesnteeensneeaas 56
Figure 32:Input Method Selection “By Image” or “By Camera”............occovieiiiiiieiiiiiiee e e e 56
Figure 33:Drag-and-Drop Upload Interface for Image Selection............occvviiiiiiiiiiiiiiiie e 57
Figure 34: Notification Displayed DUring PrediCtion.............cociviiiii ittt e e sre e e nnne e 57
Figure 35: EMOtioN PrediCtion RESUIS .........uiiiiiii ittt et e e et e e aaeeennneeans 58
Figure 36: Real-time Emotion Detection via WebCam .........cooiuiiiiiiiiiiiiiiiiice e 58
Figure 37 : Another Example for Real-time Emotion Detection...........c.ocuiiiiiiiiiiiiiiiiiec e 59
Figure 38 : Notification When NO FaCe IS FOUN .........cviiiiiiiiic ettt e et e e saae e e nnneeens 59
Figure 39 : Model Evaluation Interface of FaceFeel AppliCation ............cocoveiiiiiiiiii e 60
Figure 40: Model Accuracy RECOMMENUALIONS ........cciuiiiiiieiitiee sttt e sttt et sre e et e e et e e s be e e s ab e e e stee e sabeeesareeesnneeans 60
Figure 41: Model Training Progress With Warning IMSQ ........eciueeeiueeoiieeiiieeesieeesteeesieeesaeeestseesseaeesnteeesssessssnessneeeenns 62
Figure 42: Training Results in Grayscale MOGEL..........c..oo i st sre e e nane e 63
Figure 43: Downloading the Pre-trained MOGEL..........cc.viiiiiiiiie ettt st e e sre e e saneeens 63
Figure 44 : Testing Grayscale Model INtEITACE ..........eiiuii i et sre e e e e 64
Figure 45: Model Being Tested’ MeSSage WINUOW ..........couiiiiiieiiiie ettt stie e stve et e e s be e e s taeesstee e sabeeesnbaeenaneeans 64
Figure 46 : Model Testing Results in Grayscale MOUEI ..........ccoueiiiii i 65
Figure 47 : Emotion Prediction GraySCale INtErTaCe..........cciuiiiiii et sre e e 66
Figure 48: Emotion Prediction Result Grayscale INTErfaCe. .........ccoiiiiiiii i 66



Figure 49 :Example of RGB Prediction in the RGB Prediction INterface ............cccoiiiiiiiiiiiieiee e 67

List of abbreviations:

CNN: Convolutional Neural Network
FER: Facial Expression Recognition
MLP: Multi-Layer Perceptron

GPU: Graphics Processing Unit

API: Application Programming Interface
JSON: JavaScript Object Notation



General Introduction



Artificial Intelligence (Al) stands as one of the most transformative technologies of the 21st
century, enabling machines to perform tasks traditionally associated with human intelligence, including
reasoning, learning, and problem-solving. Within the broad spectrum of Al applications, Facial
Emotion Recognition (FER) emerges as a particularly impactful domain. It aims to equip machines

with the ability to detect and interpret human emotions based on visual facial cues.

FER systems heavily depend on computer vision, image processing, and deep learning
methodologies. Convolutional Neural Networks (CNNs), in particular, have become fundamental in
enabling systems to extract emotional information from facial images with high levels of accuracy and

efficiency.

Despite significant advancements, facial emotion recognition continues to face several challenges.
Variations in individual facial expressions, lighting conditions, head orientation, occlusions (such as
glasses or masks), and the subjective nature of emotions complicate the development of robust and
generalizable models. Additionally, deploying these systems in real-time scenarios, especially on

resource-constrained devices like smartphones, introduces further technical difficulties.

Accordingly, the primary research question addressed in this work is: How can a CNN-based
facial emotion recognition system be designed and implemented to achieve high accuracy and
real-time performance, while also managing practical issues such as image variability,

differences in facial features, and limited computational power?

This thesis presents the development of a facial emotion recognition system based on CNN
architecture. The structure of the thesis is as follows:

Chapter 1: Generalities on Facial Emotion Recognition.
Chapter 2: Machine Learning Algorithms and Model Using.

Chapter 3: Model Development and Performance Evaluation.

Chapter 4: Application Implementation and User Interface Description

Finally, the thesis ends with a general conclusion summarizing the work and suggesting future research

directions



Chapter 1

Generalities on Facial

Emotion Recognition



Chapter 1 Generalities on Facial Emotion Recognition

1 Introduction

With the advent of modern technology our desires went high and it binds no bounds. In the
present era a huge research work is going on in the field of digital image and image processing.
The way of progression has been exponential and it is ever increasing. Image Processing is a
vast area of research in present day world and its applications are very widespread. The area of
signal processing known as image processing deals with input and output signals that are both
pictures. Facial expression recognition is one of the most significant uses of image processing.
The looks on our faces convey our feelings. Expressions on the face are crucial in
communication amongst people. A nonverbal scientific gesture that conveys our feelings
through our faces is called facial expression. The generation needs automatic facial expression
detection since it is crucial to robotics and artificial intelligence.

2 Facial recognition

The process of utilizing a person's face to identify or verify their identification is known as
facial recognition. People may be recognized in real time or in images and videos using facial
recognition.software.

One type of biometric security is facial recognition. VVoice recognition, fingerprint recognition,
and retina or iris recognition are further types of biometric software. Although there is growing

interest in other applications, the technology is mostly utilised for security and law enforcement.

[1]
3 Image and Image processing

image refers specifically to a binary representation of visual data. These digital pictures can
consist of individual video frames, graphics, or photographs. For the purposes of this discussion,
an image is defined as any picture that has been generated, copied, and stored in an electronic
format .

Image processing refers to a set of techniques applied to digital images in order to enhance
their quality, extract meaningful information, or prepare them for further analysis or
visualization. Image processing operations are generally categorized into three levels based on

the complexity and purpose of the tasks [2].
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3.1 Low-Level Processing

Low level processing involves basic operations such as image preprocessing, image
enhancement, image restoration, image sharpening [3]. The main characteristic of low level
processing is that both its inputs and outputs are images.Low-level processing involves

fundamental operations that directly manipulate pixel values without extracting semantic
information. Typical examples include:

e Preprocessing to remove noise

e Contrast enhancement,

e Image sharpening

3.2 Medium Level Processing

Mid level processing involves tasks like image classification, object identification, image
segmentation, etc. The main characteristic of medium level processing is that its inputs are
generally images whereas its outputs are attributes associated with image which are extracted

from it.

Mid-level processing focuses on the extraction of meaningful features or structures from
the image [2]. This includes:

e Segmentation
e Edge detection

e Object extraction

3.3 High Level Processing

High level processing involves making sense of ensemble of recognised object and
cognitive tasks associated with computer vision.High-level processing aims at interpreting the
contents of the image to obtain a deeper understanding [2]. It typically involves:

e Image analysis

e Scene interpretation

4 Importance of Image Processing

Since digital images are essentially numerical data and not inherently visible to the human

5
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eye, it becomes necessary to process and prepare them for visualization on output devices such
as monitors and laser printers. Moreover, image processing enhances the appearance and clarity
of structures within the image, optimizing it for specific applications.There are three major
types of transformations used in image processing :

Image-to-Image Transformation: Modification of an image to improve its quality or to
produce another image.

Image-to-Information Transformation: Extraction of relevant information from an image

for analysis.

Information-to-Image Transformation: Visualization of data or information in image
form. [4]

Figure 1:Types of Images processing

5 Types of Images

5.1 Gray Scale Images
A gray scale picture is a capacity | (xylem) of the two spatial directions of the picture plane.
I(x,y) is the force of the picture force of picture at the point (x, y) on the picture plane. I (xylem)
take non-negative expect the picture is limited by a rectangle [5] .
5.2 RGB Images
It can be spoken to by three capacities, R (xylem) for red, G (xylem) for green and B (xylem)
for blue. A picture might be persistent as for the x and y facilitates and furthermore in adequacy.
Changing over such a picture to advanced shape requires that the directions and the adequacy
to be digitized. [5].
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6 Emotion Recognition

Emotion detection, also known as facial emotion recognition, is a fascinating field within
the realm of artificial intelligence and computer vision. It involves the identification and
interpretation of human emotions from facial expressions. Accurate emotion detection has
numerous practical applications, including human-computer interaction, customer feedback
analysis, and mental health monitoring. Convolutional Neural Networks (CNNs) have emerged
as a powerful tool in this domain, revolutionizing the way we understand and process emotional

cues from images [6].

7 Techniques for Emotion Recognition

Emotion recognition technologies are used to detect and analyze human emotions through
various signals such as facial expressions, voice tone, body language, and even physiological
patterns. These technologies rely on artificial intelligence, deep learning, and signal processing.

Below are the key techniques used:
7.1 Facial Expression Recognition

Facial emotion recognition is a fast evolving field with the center focus of computer vi-
sion, machine learning, and affective computing. Due to its numerous applications in
fields like marketing, human-robot interaction, virtual reality, and healthcare, among

others, emotion recognition from facial expressions has drawn a lot of interest [7].
7.2 Speech-Based Emotion Recognition

Speech Emotion Recognition, abbreviated as SER, is the act of attempting to recognize
human emotion and affective states from speech. This is capitalizing on the fact that voice often
reflects underlying emotion through tone and pitch. This is also the phenomenon that animals
like dogs and horses employ to be able to understand human emotion. Emotion recognition is
the part of speech recognition which is gaining more popularity and need for it increases
enormously. Although there are methods to recognize emotion using machine learning
techniques, this project attempts to use deep learning to recognize the emotions from data
SER(Speech Emotion Recognition) is used in call center for classifying calls according to
emotions .

the performance parameter for conversational analysis thus identifying the unsatisfied
7
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customer, customer satisfaction and so on.. for helping companies improving their services. It
can also be used in-car board system based on information of the mental state of the driver can
be provided to the system to initiate his/her safety preventing accidents to happen [8].

7.3 Text-Based Emotion Recognition

Text-Based Emotion Recognition (TBER) is the process of identifying human emotions
from written text using Natural Language Processing (NLP) and machine learning techniques.
Since emotions are often conveyed through words, sentence structures, and contextual cues,

TBER analyzes text to detect underlying sentiments and affective states [9].

7.4 Physiological Signal-Based Emotion Recognition

Physiological Signal-Based Emotion Recognition is a field that aims to determine a person's
emotional state by analyzing the physiological signals produced by the body when experiencing
different emotions [10].

This technique relies on measuring and interpreting biometric data such as:

Heart Rate (HR): The heart rate changes with emotions, such as an increased pulse during
fear or stress.

Galvanic Skin Response (GSR): Measures the skin's electrical response, which varies due
to sweating caused by emotions like anxiety and fear.

Electroencephalography (EEG): Records brain activity and can distinguish different
emotions, such as happiness or sadness, by analyzing brain waves.

Electrocardiography (ECG): Used to monitor heart activity changes that reflect emotional
influence.

Electromyography (EMG): Measures electrical activity in muscles, helping to detect
emotions like tension or anger.

Respiration Rate: The breathing rate changes with different emotions, accelerating during

stress or slowing down during relaxation.

7.5 Body Language-Based Emotion Recognition

Body language-based emotion recognition is the process of identifying human emotions
through the analysis of body movements, postures, and gestures. Unlike facial or voice-based

recognition, this method focuses on non-verbal cues such as hand movements, body posture,
8
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and repetitive actions to infer emotions [11].
This technology has various applications, including :
Healthcare: Detecting early signs of mental health issues like depression or anxiety.
Human-Computer Interaction: Enhancing Al systems to respond to user emotions
Surveillance & Security: ldentifying stress or nervous behavior in public spaces
Gaming & Virtual Reality: Creating adaptive and immersive experiences.

8 Facial Expression Recognition

Facial Emotion Recognition (FER) is the process of analyzing and extracting emotions from
facial expressions using various techniques. It relies on the Facial Action Coding System
(FACS), which describes facial muscle movements through Action Units (AUS) [12].

The FER system follows several stages:

e Data Collection:Capturing facial expressions using static images or videos,
which help represent the temporal characteristics of emotions.

e Preprocessing :Enhancing image quality by removing noise, adjusting contrast and
brightness, solving illumination issues (e.g., histogram equalization), and detecting
faces using algorithms like Viola-Jones.

e [Feature Extraction :Techniques such as Gabor-wavelets and Principal Component
Analysis (PCA) are used to extract significant features from images.

e Classification :Emotions are categorized based on facial actions or predefined
classifications like Ekman’s six basic emotions (Anger, Disgust, Fear, Happiness,

Sadness, Surprise).

9 Applications of Facial Emotion Recognition

Facial Emotion Recognition (FER) has a wide range of applications across various fields, leveraging
artificial intelligence and facial analysis to interpret human emotions. This technology is used to
enhance user experiences, improve healthcare diagnostics, optimize workplace productivity, and even
support crime detection. Despite its benefits, FER must be implemented responsibly to ensure ethical

use and data privacy [13]. Below are the key application areas of FER:
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9.1 Provision of Personalized Services

e Analyzing emotions to display personalized messages in smart environments.
e Providing personalized recommendations (e.g., music selection, cultural content).

e Predicting individual reactions to movies based on facial expressions.

9.2 Customer Behavior Analysis & Advertising

e Analyzing customers' emotions while shopping, focusing on products or store
layout.

e Using facial recognition and tracking systems for advertising (e.g., digital signage
in railway stations).

9.3 Healthcare

e Detecting autism or neurodegenerative diseases.

e Predicting psychotic disorders or depression to identify individuals in need of
support.

e Suicide prevention.
e Detecting depression in elderly people.

e Monitoring patients' conditions during treatment.

9.4 Employment

e Assisting employers in hiring decisions.
e ldentifying uninterested candidates during job interviews.
e Monitoring employees' moods and attention levels.

e Analyzing crime scene footage to determine potential motives.

9.5 Crime Detection & Fraud Prevention

e Detecting and reducing fraudulent insurance claims.

e Implementing fraud prevention strategies.
Identifying shoplifters

10
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10 Recent Trends in Facial Emotion Recognition (FER)

Recent developments in Facial Emotion Recognition (FER) have focused on improving
both the accuracy and efficiency of recognition systems. Several trends have emerged in this
field:

e Deep Learning Approaches:Leveraging models like CNNs, ResNet, and
EfficientNet to achieve higher accuracy in emotion detection.

e Lightweight Models for Real-Time Applications:Developing compact models that
can run efficiently on mobile and embedded devices for real-time emotion
recognition.

e Multimodal Emotion Recognition:Combining multiple data sources such as facial
expressions, speech, and textual data to improve recognition accuracy.

e Transfer Learning:Utilizing pre-trained models on related tasks (e.g., face
recognition) and fine-tuning them for emotion recognition to save time and

resources.

e Synthetic Data Augmentation:Generating artificial facial expression images to
overcome the lack of diverse training data and enhance generalization.

e Real-Time FER Systems:Designing algorithms capable of detecting emotions
quickly and accurately for real-time applications like smart surveillance.

e Explainable FER Models:Incorporating explainable Al techniques to provide
transparency and understanding of how and why specific emotional predictions are
made, especially in sensitive domains

e Micro-Expression Analysis:Recognizing subtle and brief facial expressions that
reveal true emotions, often hidden in conscious behavior

11 Challenges in Facial Emotion Recognition (FER):

Despite the significant progress achieved in the field of Facial Emotion Recognition (FER),
several challenges continue to hinder the development of robust and reliable systems. These

challenges include:

11
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Variations in Lighting, Pose, and Facial Features: Different lighting conditions,
head orientations, and individual facial structures can significantly affect the
accuracy of emotion recognition.

Similarity Between Some Emotions: Emotions like fear and surprise often share
similar facial expressions, making it difficult for models to distinguish between them
accurately.

Need for Large and Balanced Datasets: Deep learning models require vast and
well-balanced datasets to learn effectively. Imbalanced data can cause bias toward
certain emotions.

Grayscale vs. Color Images:Models trained on grayscale images may perform
poorly on colored images and vice versa, requiring the development of specific
models for each type.

Lack of GPU Resources:Limited access to powerful computing resources (e.g.,
GPUs) can slow down training and experimentation, especially with large models.
Generalization to Real-World Scenarios:Many models perform well on lab datasets
but fail in real-life situations due to differences in environment, camera quality, and

spontaneous expressio ns.

Cultural and Individual Differences:People from different cultures or individuals
may express emotions differently, requiring more diverse data and robust models.

Privacy and Ethical Concerns:Using facial data raises privacy issues, especially in
surveillance and public applications, demanding careful handling and ethical

considerations.

12



Chapter 1 Generalities on Facial Emotion Recognition

12 Conclusion

Facial emotion recognition is considered a fundamental aspect of emotion detection, with
other modalities such as audio, text, psychological factors, and body posture also contributing
to improved performance. Although significant progress has been made in this field, further
development is still required to achieve a comprehensive and effective system. The methods
used for feature extraction and classification vary, with some relying on individual techniques
while others combine multiple approaches to take advantage of their respective strengths. There
is no unified methodology in this field, but current research trends are leaning toward the use
of deep learning techniques, especially Convolutional Neural Networks (CNN), which have

shown promising results.
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Chapter 2 Machine Learning Algorithms and Models Used

1 Introduction

Deep learning is an advanced branch of machine learning that relies on the use of artificial
neural networks to process data and extract complex patterns. Among the most prominent
algorithms used in this field are Recurrent Neural Networks (RNN), Long Short-Term Memory
Networks (LSTM), and Generative Adversarial Networks (GAN). Each of these algorithms is used
depending on the nature of the data and the task at hand. Additionally, there is also the
Convolutional Neural Networks (CNN) algorithm, which is used in various other applications such
as image, text, and speech processing, depending on the type of data and the specific task.

2 Machine Learning

2.1 Definition

Machine learning is a subfield of computer science, which originates from the study of pattern
recognition and computational learning theory in artificial intelligence. Machine learning methods
may be referred to as predictive analytics on data. " A field of study that gives computers the ability

to learn without being explicitly programmed [14].

2.2 Machine Learning techniques

There are four machine learning techniques described in.

—

Figure 2:Machine Learning Techniques
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2.2.1 Supervised learning

The supervised learning is a classic machine learning type. The training data consists of tuples
(xi, yi), where xi is the input and yi the corresponding target class. Meaning, the case in which the
target value yi is discrete (known, labeled). The goal of supervised learning is to build an artificial
system that can learn the mapping between input and output and predict the output of the system
given new inputs. Supervised learning tasks are divided into two categories: classification and
regression [15].

2.2.2 Supervised Learning Algorithms

Decision trees: It is a supervised algorithm for classification. It can be used for regression in
some cases. It classifies the input data by sorting the input data based on attributes or feature
values. The decision tree model is composed of nodes, each node represents the function in the
instance we want to classify, and each branch represents the value of the node. Instances are
classified from the root node and sorted according to their characteristic values. The decision rule
is the path from the root node to the last node in the tree [15].
Logistic regression: Logistic regression estimates the probability of an event occurring, such as
voted or didn’t vote, based on a given data set of independent variables. This type of statistical
model (also known as logit model) is often used for classification and predictive analytics. Since
the outcome is a probability, the dependent variable is bounded between 0 and 1. In logistic

regression, a logit transformation is applied on the odds—that is, the probability

success divided by the probability of failure [16].

Logistic Regression Example

Figure 3:Logistic Regression

This is also commonly known as the log odds, or the natural logarithm of odds.
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Support Vector Machines: It is one of the most powerful and popular machine learning
methods, which can be used in either classifications and regression tasks, and is usually used for
classification problems. SVM can process both linear separable and non-separable data. In the
second case, SVM uses a kernel to transfer data points to a higher-dimensional space that can

be linearly separated [15].
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Figure 4:SVMs Algorithm

Naive Bayes: Naive Bayesian classification is a type of simple probabilistic classification. A
naive Bayes classifier is an algorithm that uses theorem of Bayes with a strong independence

(called naive) of the hypotheses. These classifiers are widely used for machine learning because

they are simple to implement [17].
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\ @ Classifier )
64 \ D Classufior 2
1
@ | , @ CLsaner 3
5+ o] o
7o ® . 0 _“' o ®
o ® QQA' -~ -. .
3 ® o.°%0.
e® o% .. N,
2 2 D . (=7 .. N\,
/e ®.
o e @
1 L
2 1 2 3 4 =) 6

Figure 5:Naive Bayes Classifier

KNN algorithm: The k-nearest neighbors (KNN) algorithm is a non-parametric, supervised
learning classifier, which uses proximity to make classifications or predictions about the grouping

of an individual data point. It is one of the popular and simplest classification and regression

classifiers used
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in machine learning . While the KNN algorithm can be used for either regression or
classification problems, it is typically used as a classification algorithm, working off the assumption
that similar points can be found near one another [18].

Figure 6:KNN Algorithm

2.2.3 Unsupervised learning

One important type of machine learning when the data is unlabeled and there is no priori identified
classes, then it aims to find in the collection of data if there are clusters, groups or classes to be
discovered. usually members of same cluster or group are similar to each other and dissimilar to member
of other groups. The process is simple, we try to maximize the distance between the clusters and
minimize the distance between the members of each cluster. Unsupervised learning problems can be

further grouped into clustering and association problems [15].

2.2.4 Semisupervised lesrning

Semi-supervised learning is a machine learning approach that combines a small amount of labeled data
with a large amount of unlabeled data during training. This method aims to improve model
performance while reducing the need for extensive labeled datasets by leveraging the underlying
structure of the unlabeled data. It is particularly useful when labeling data is expensive, time-

consuming, or requires expert knowledge.

2.2.5 Reinforcement learning

Reinforcement Learning is a type of Machine Learning which allows machines to automatically
determine the ideal behavior within a specific context, in order to maximize its performance. The
reinforcement learning method aims at using observations gathered from the interaction with the
environment to take actions that would maximize the reward or minimize the risk. [15].
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3 Deep Learning
3.1 Definition

Deep learning, as a new field of machine learning research, is a process that enables computers
to learn to perform tasks inherent in the brain, such as image recognition. Currently, deep learning
(DL) methods have had a profound impact on computer vision and image analysis applications,
such as image classification, segmentation, and image completion. Deep learning focuses on a
specific category of machine learning, called artificial neural networks, which is inspired by the
functions of the human brain. Modern deep learning provides a very powerful framework for
supervised learning. By adding more layers and more units to the layers, deep networks can
represent increasingly complex functions.

Motivation for Deep Learning :

e Datasets are widely available.
e The development of graphics processing units (GPUSs)
e Hardware costs are reasonably priced, and processing methods and procedures have

evolved.
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Figure 7:Deep Neural Network
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3.2 Types of deep neural networks

3.2.1 A straightforward Deep Neural Network (DNN)

A neural network having more than two layers (one input layer ,many hidden layers ,etc.

Is referred to as a Deep Neural Network , a single output layer).

These neural process data through complex mathematical modelling . These models modify
outputs in response to inputs [20].
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Figure 8:Deep Neural Network(DNN)

3.2.2 Convolutional Neural Networks CNN

A Neural Network with Convolutions CNN is a unique feed-forward neural network architecture
that finds use in a variety of domains, including natural language processing (NLP), recommender
systems (RS), and computer vision (CV). It's a architecture of a deep neural network. Convolutional
layers, sampling layers (also known as pooling or subsampling layers), and a fully-connected layer
are the many types of layers that make up a CNN network. Convolution layers filter the input data
to extract the most pertinent elements, and sampling layers, also known as pooling layers, lower
the resolution (the dimension) of the elements chosen by the convolution layers. This lowers

complexity, prevents overfitting, and boosts the CNN network’s resilience and performance [20].
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3.2.3 Recurrent Neural Networks (RNN)

Recurrent neural networks are a type of neural network in which feedback loops are produced by
the directed cycle formed by the connections between neurones. An RNN's primary purpose is to
process of sequential to collect. RNNs, in contrast to ordinary neural networks, are able to
remember past informational computations and  apply them to the  subsequent
input element. The so-called LSTM (Long Short-Term Memory) network is a unique kind of
RNN that may use long memory as an activation function in hidden layers. Hochreiter and
Schmidhuber (1997) proposed the LSTM architecture [21].
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Figure 9:A Long short-term memory network,LSTM,long
short-term memory

3.2.4 Recursive Neural Networks (Recursive Neural Network RecNN)

is a type of neural network that may be thought of as an extension of RNN networks. RecNNs
are commonly employed for data-driven directed acyclic graph structure learning. The left and right
hidden state vector

The hidden state vector of the current node may be computed using the graph's nodes [22].

3.2.5 Deep Belief Networks(DBN)

Several layers of graphical models with both directed and undirected edges make up a DBN
network. A group of neurones makes up each of the several layers that make up each network. not
linked to one another, but rather to neurones in the subsequent layer. A
particular approach known as the "greedy layer-wise learning algorithm" is used to learn a DBN
network [23].
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3.2.6 Hybrid Deep Learning Network (HDLN)

Another type of neural network is known as a "Hybrid Deep Learning Network," which blends
two or more deep models, including RBMs, CNNs, LSTMs, and probabilistic PNNs.
model (RBM) [24].

data derived from the internal.

4 Convolutional Neural Networks(CNNs)

Convolutional Neural Networks (CNNs) were employed as the primary architecture for feature
extraction and emotion classification. The input to the model consisted of grayscale facial images
resized to 48x48 pixels, which is a common preprocessing step in FER to reduce computational
complexity while preserving relevant expression features. The CNN architecture implemented in
this project consisted of multiple convolutional layers followed by ReL U activation functions and
max-pooling layers. These layers enabled the model to learn hierarchical spatial features—starting
from low-level edges and corners in early layers to complex emotion-related patterns in deeper
layers.

Batch normalization was applied after some convolutional layers to stabilize training and
accelerate convergence. Dropout layers were also introduced between fully connected layers to
reduce overfitting and enhance generalization. The final layers of the network were fully connected,
culminating in a softmax activation function to predict the probability distribution over the target
emotion classes (e.g., happy, sad, angry, surprised, etc.).

This architecture was trained using categorical cross-entropy as the loss function and optimized
using the Adam optimizer with an appropriate learning rate schedule. The CNN model
demonstrated strong performance in recognizing facial expressions, making it a suitable choice for
FER tasks, especially when deployed in real-time applications or mobile environments after

compression or quantization.

memory that the directed cycles were able
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5 Workimg Principle

CNNs operate by passing the input image through a series of layers to gradually extract
important features. The main idea is to take advantage of the spatial structure of image data to
process dimensions efficiently.

The basic steps include:

5.1 Convolution Layer

This layer applies a set of filters (kernels) to the input image to extract features such as edges,
corners, and textures. Each filter slides over the image and produces a feature map that highlights

a specific pattern [20].
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Figure 10:Convolutional Layer

5.2 Activation Function (typically ReL.U)

A non-linear function is applied to the feature maps to introduce non-linearity and enable the
model to learn complex patterns ReLU is a function that must be applied to each pixel of an image
after convolution. It replaces every negative value with zero. If this functionis not applied, the
resulting function will be linear, and the XOR problem will persist since no activation function is

applied in the convolution layer [25].
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F(u)=max(0,u)

Figure 11:Activation Function
There exist other activation functions such as: Elu,Sigmoid,Softmax, Tanh...
5.3 Pooling Layer

This layer reduces the spatial dimensions of the feature maps, decreasing the number of
parameters and computations while retaining the most important features.

Max Pooling is a process where a small window (2 or 3 pixels) slides over an image with steps
(strides) equal to the window size. At each step, the maximum value within the window is kept.

This reduces the image size while preserving important features [20].
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Figure 12:Pooling Layer
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5.4 Fully Connected Layers

The fully connected layer (FC): is a perceptron-like layer, where each neuron is connected to all
the neurons in the previous layer. It works by combining the characteristics previously learned to
make predictions or classifications on input data [20].
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Figure 13:FC Layer
5.5 The loss function (LOSS)

Is used to assess the difference between the predictions of the model and actual values. It
measures the error of the model and is used to adjust the weight and network parameters during
training, to optimize performance [26]. The types of loss function:

e categorical_crossentropy: For multiple labeling (e.g. emotions)
e Dbinary_crossentropy: For binary classification

e mean_squared_error:To predict values (regression)

6 Data processing techniques

Before training a neural network, proper preprocessing on data is essential for good results.
Many beginners struggle not due to poor architectures or lack of regularization, but because they
skip key preprocessing steps. The two most important ones are data standardization and data

augmentation.
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6.1 Data Standardization Techniques

Standardization, also known as Z-score scaling or zero-mean scaling, is a common method used
in data preprocessing to scale and center features in machine learning. This method transforms the
data in a way that makes it suitable for algorithms that assume a standard normal distribution.
Standardization makes the data more Gaussian-like, which is useful for some machine-learning
algorithms [27].

6.1.1 Mean Subtraction

Mean subtraction is a fundamental preprocessing step in computer vision tasks. It involves
calculating the average pixel value for each channel (e.g., R, G, B for color images or a single
channel for grayscale) across the entire training dataset. This computed mean is then subtracted
from every pixel in the training and testing datasets [27].

The primary objectives of this technique are:

e Centering the data: Shifting the mean of the distribution to zero helps in accelerating
convergence during training.

e Removing global illumination bias: Lighting conditions affect pixel intensities
uniformly; subtracting the mean reduces such consistent noise across images.

e Stabilizing gradients: Zero-centered data often leads to more stable and faster

convergence when training neural networks.
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6.1.2 Scaling

After centering the data using mean subtraction, scaling is used to standardize the variance
across features. The standard method divides each pixel by the standard deviation of its respective
channel. This process ensures that the transformed data has a standard deviation of 1, making the
features more comparable in scale [27].

The benefits include:

e Improved performance in gradient-based optimization, as features on similar scales
make it easier for the optimizer to converge.

e Reduced impact of features with high dynamic range, which could otherwise dominate
the learning process.

Alternate approaches to scaling:

e Robust scaling: Instead of using standard deviation, one may divide by the interquartile
range (IQR) or use the 95th percentile to minimize the impact of outliers.
e Min-max scaling: In some tasks, especially in image display, scaling pixel values to a

e [0, 1] or [-1, 1] range is preferred.
6.1.3 Specialized Methods (used in medical imaging )

In specialized domains like medical imaging, general-purpose normalization techniques may not
be sufficient due to variations in data acquisition devices, staining techniques, or imaging protocols
[27]. The following are examples of tailored standardization approaches:

e Chest X-rays: Local energy-based normalization helps handle variations from different
machines and tube conditions.

e H&E stained slides: Custom normalization reduces color and intensity variations due to
lab and time differences.

e Raw data (e.g., sinogram from CT): A log-transform may be applied as an extra

preprocessing step.

6.2 Data Augmentation

Neural networks perform better with large datasets. Data augmentation is the process of

artificially expanding a dataset by creating new samples through label-preserving transformations.
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Data augmentation is an integral process in deep learning, as in deep learning we need large amounts of data and
in some cases it is not feasible to collect thousands or millions of images, so data augmentation comes variability
in the dataset [28]. Operations in data augmentation The most commonly used operations are:

e Rotation

Shearing
e Zooming
e Cropping

e Flipping

e Changing the brightness level

6.3 Optimizers and Learning Rate

Training a neural network involves the minimization of a loss function, which represents the
discrepancy between the predicted outputs and the true labels. This process is formalized as the
minimization of the empirical risk over the training data. The optimization is performed in two
main steps:

e Computing the gradient of the loss with respect to the model parameters (using
backpropagation).

e Updating the parameters using optimization algorithms.

e Several optimization algorithms are used in deep learning, each with distinct
characteristic

to the rescue. It helps us to increase the size of the dataset and introduce

6.3.1 Stochastic Gradient Descent (SGD)

The most fundamental optimizer, which updates parameters using gradients computed on mini-
batches. While simple, it can be slow to converge and sensitive to the choice of learning rate.

Momentum enhances SGD by adding a fraction of the previous update to the current one,
helping the optimizer escape shallow local minima and smooth out oscillations. Adam (Adaptive

Moment Estimation) One of the most widely used optimizers, Adam combines the advantages of
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Momentum and RMSProp. It adapts the learning rate for each parameter individually based on
estimates of the first and second moments of the gradients. It generally leads to faster convergence
and better performance across a wide range of tasks. RMSProp Maintains a moving average of the
squared gradients and normalizes the update step, especially effective for non-stationary objectives
[19].

6.4 Learning Rate

The learning rate is a hyperparameter that controls the size of the steps taken toward the
minimum of the loss function during training. Its proper setting is critical:
e Too high: May cause the model to diverge or miss the optimal solution.
e Too low: Leads to slow convergence or getting stuck in local minima.
Learning rate scheduling techniques (e.g., step decay, exponential decay, or cyclic learning rate)
are often used to dynamically adjust the learning rate during training for better performance [29].

6.5 Weight initialization and pretrained networks

If two neurons (or filters) start with identical weights and biases, they will always receive
identical gradients, leading them to learn the same features. This reduces the network’s ability to

learn diverse patterns — a problem called symmetry [25].

6.5.1 Breaking Symmetry — Random Initialization

A key problem in neural networks is symmetry: if two neurons in the same layer start with
identical weights and biases, they will receive identical gradients during training, causing them to
learn the same features. This redundancy limits the network’s representational power. To address

this, random initialization is used to break symmetry and promote diversity in learning.

6.5.2 Using Pretrained Networks

Rather than training a deep network from scratch, it is often more efficient to leverage pretrained
models that have been trained on large-scale datasets such as ImageNet. This approach is especially

useful when the available dataset is small or the computational resources are limited.
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6.6 Regularization

Regularization is a fundamental technique in machine learning aimed at reducing overfitting and
enhancing the model’s generalization capability. Common methods include L1 regularization,
which promotes sparsity by driving some weights to zero, and L2 regularization, which encourages
smaller, evenly distributed weights. Additionally, the Max-Norm constraint limits the magnitude of
weight vectors to maintain training stability. One of the most effective techniques is Dropout, which
randomly deactivates a subset of neurons during training, thereby reducing dependency on specific
units and improving overall model robustness [20].

7 CNN Facial Recognition Apps

7.1 How facial feelings can be recognized

7.1.1 Preprocessing of the face image

This stage is very important in order to improve the performance of facial recognition
technology, as it includes many processes such as image clarity, measurement, contrast adjustment
and other optimizations, where the data is often incomplete and lacks certain features that may

interest us, is not formatted, or contains many errors [30].

7.1.2 Face Detection

The task of face detection has become one of the tasks that are in great demand in many
applications, so it has been used in the field of security systems and many applications, where at
this stage the color image is converted into a gray image, because the color image consists of three
RGB compounds, and thus the detection of the face in a coloimage becomes more complex and
takes more time compared to the gray image that consists of one vehicle, so we convert the images
into gray images. In the image, the computer is trained on a large number of images so that they
contain only the main facial features such as the eye, eyebrow, mouth, nose. After repeating the

process of training on thousands of images, the computer is able to locate the face [30].
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7.1.3 Feature Extraction

At this stage, features are extracted from the face to classify expression, where these
features are located in the eyebrow — the outer edge of the eye — the inner edge of the
eye — around the mouth — around the nose, and these features are found through the training of

the neural folding network.

Figure 14:1dentifying facial features

7.1.4 Classification of emotional expression

The final stage of facial expression recognition is through facial expression analysis; it is the
classification stage where the network is trained on a set of images to classify the emotional state

of the face into a specific expression.
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Figure 15:Facial Expression Regression Workflow
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7.2 CNN Facial Recognition Apps

One of the most significant areas of artificial intelligence, particularly in the study of photos and
videos, is the use of Convolutional Neural Networks (CNN) for facial emotion recognition. The

most significant applications are explained in detail below [31]:

7.2.1 Systems for Monitoring Emotions in Real Time Explanation

A CNN model trained on an emotion dataset (like CK+) is applied to the image after a person's
face is captured by a camera. Emotions including happiness, rage, despair, and surprise are all
recognized by the model. It is employed in meetings to assess participants' emotional states or in

smart classrooms to monitor student interaction.

7.2.2 Human-Computer Interaction

This makes it possible for devices (such as robots or apps) to comprehend user emotions and
respond appropriately. Application: Depending on the player's feelings, games may alter the music
or level of difficulty. Your emotional state is detected by the camera in smart assistant apps (like

Alexa or Siri), and they react with compassion or understanding.

7.2.3 Apps for smartphones

CNN models are included into smartphone applications (using TensorFlow Lite or CoreML

technologies), which use the front camera to analyse facial expressions and provide immediate
results.

Application: Apps for mental health, like those that track a user's mood all day.

7.2.4 psychology and medicine

CNN is used to precisely assess patients' emotions, particularly those who struggle with verbal

expression.
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7.2.5 Examine how viewers feel about videos

CNN is used to analyse multiple people's emotions simultaneously, whether in live streaming
or YouTube recording.

Use: Promoting and enhancing the user experience based on their actual responses.

7.2.6 Analysis of Marketing and Customer Experience

The faces of customers are examined while they interact with a product or service. Application:
Cameras in stores use facial expression analysis to gauge customer contentment, which aids

companies in refining their tactics.

7.2.7 ldentifying deception or malicious intent in security

CNN is able to identify minute variations in facial expressions that could be signs of stress or
dishonesty.

Use: in detention facilities or airports.

7.2.8 Education

Affection affects learners' learning status. Using facial expression recognition technology,
computers can judge learners' status by recognizing their facial expressions.

In education, teachers can use the analysis results to understand a student’s learning and ability
to accept, and then formulate reasonable teaching plans. At the same time, they can pay attention
to students' internal emotions, which contributes to their physiological health, especially in distance

learning.

8 Conclusion

Facial expression recognition technology, like any technology, is not without flaws and
challenges. One challenge is that datasets are categorized by people, and different people can read
and interpret emotions in different ways. This means that this technology is easy to fool. Computers
associate certain facial expressions with certain emotions, but they fail to distinguish, for example,
between a malicious smile and a genuine smile. Therefore, this technology should not be used in
decisions that affect people's lives and access to opportunities, such as hiring decisions, because it

is not accurate enough and can lead to biased decisions.
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Chapter 3 Model Development and Performance Evaluation

1 Introduction

This chapter deals with the practical implementation of a facial expression recognition system
based on Convolutional Neural Networks (CNNs). In the begining of the chapter, the work
environment is presented and the dataset used in the study is described. Then the procedure of data
preprocessing and model design areis introduced, followed by a description of training parameters.
Next, model evaluation strategy implementation is covered, along with a description of the
prediction technique for classifying new images. Finally, we provide an in-depth analysis of the

results obtained through various evaluation metrics and report visualizations.

2 Tools and Work Environment

A Python-based environment was used to run these procedures. The following setup and tools
assisted in carrying out this work:
e Operating System: Windows 10
e Programming Language: Python 3.12.0 is the newest major release of the Python
programming language, and it contains many new features and optimizations.

The proposed application was developed using a Python-based environment alongside a collection
of libraries and tools dedicated to building the web interface, real-time interaction, image processing,

emotion detection, and result visualization.

2.1 Jupyter Notebook

JupyterLab is the latest web-based interactive development environment for notebooks, code, and
data. Its flexible interface allows users to configure and arrange workflows in data science, scientific
computing, computational journalism, and machine learning. A modular design invites extensions to

expand and enrich functionality.

JupyterLab was chosen as the IDE in this project for preparing, training, and evaluating the CNN
model. This transported the organization of codes and results into one single interface with more

advanced productive features than does the traditional Jupyter Notebook environment [32].
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2.2 Google Colab

during some occasions, this environment was used, providing GPU support integrated with it that
made training models much faster, especially while working on huge data sets.

2.3 Visaul Studio Code Environment

Visual Studio Code is a fast and powerful source-code editor for Windows, Linux, and macOS,
created by Microsoft. The editor is mostly widely used for the development of Python and Flask
applications. With extension support, this code editor supports almost anything, thus making it an
efficient IDE [33].

2.3.1 Key Features

e Python Support: The official python extension supports IntelliSense (code auto-

completion) and debugging.

e Flask Integration: VS Code supports the development of Flask applications, including

project creation, running local servers, and debugging.
e Built-in Git Support: Direct integration with Git version control system allows easy
source code management: https://code.visualstudio.com/docs/languages/python
2.3.2 Reason for Selection

Visual Studio Code was selected as the main development environment for this project due to its

flexibility and ease and its excellent Python and Flask support with an active developer community.

2.4 Python Tools, Libraries and Frameworks

This application depends on a list of Python libraries and tools, each serving a different purpose-
from creating the web interface to image processing, deep learning, and performance evaluation. The

libraries can thus be divided into different categories:
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2.4.1 Web FrameWork

To build the web application and enable real-time communication features, the following

frameworks were used:

Flask: Flask is an extremely lightweight Python web framework that is supposed to be used for
creating web applications, simple or complex. It is very easy to learn and works well in tandem with
many other Python libraries. Flask was invoked in this project simply because it is lightweight, easily
extensible, and efficiently supports web-based Al applications.

Flask-SocketlO: extends Flask to enable real-time, bi-directional communication between the web

client and server, which is an excellent fit for applications that require instant updates.
2.4.2 Libraries and Tools Used

This project was developed in a Python environment, employing numerous libraries to facilitate
web interface development, image processing, emotion analysis, the evaluation of the performance of

models, and visualization of results. The following are libraries and tools utilized:

OpenCV, PIL, Matplotlib, Seaborn: For image processing and data visualization. These libraries

were introduced in Chapter 3 and are reused in this application.
werkzeug.utils.secure_filename: To securely handle file names when uploading images.

TensorFlow, Keras, ImageDataGenerator: For building, training, and managing Convolutional

Neural Network (CNN) models. These libraries were also introduced in Chapter 3.

Scikit-learn (sklearn): For evaluating the model's performance through classification reports and

confusion matrices.

Os, shutil, zipfile, time, contextlib: Utility tools for interacting with the operating system,

managing files, handling archives, controlling execution timing, and managing code contexts.
Emoji: To display the appropriate emoji based on the detected emotion.

emotion_recognition.prediction: A custom module containing the core functions for face detection

(get_face_from_frame) and emotion prediction (get_emotions_from_face).
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3 Dataset Description

The facial expression image database utilized in this work is the Extended Cohn-Kanade (CK+)
dataset, which is a popular and tested facial expression image database for tasks involving the
recognition of emotions. This set contains images with labels under various expressions captured
in a controlled environment. The default data size is 981 grayscale pictures of 48x48 pixel
dimensions representing 7 different categories of emotion type. This specific version used was
obtained from Kaggle:https://www.kaggle.com/datasets/shawon10/ckplus

e The dataset includes the following emotion classes: (Angry, Contempt, Disgust, Fear,
Happy, Sad, and Surprise).
e Image Dimensions: All images in the dataset are originally 48x48 pixels and in

grayscale format, which eliminates the need for additional preprocessing to convert

images.

anger contempt  disgust fear happy sadness surprisé
Figure 16:CK+ Dataset
3.1 Data Augmentation

Since the original dataset was relatively small (981 images), a data augmentation process was
applied to increase the number of images in each class and improve model generalization. The
augmentation operations included : (rotation, flipping,

Zooming, blur...)

Figure 17:Types of Data Augmentatlon
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After data augmentation, the dataset was balanced by ensuring that each emotion class contained
exactly 1,000 images, resulting in a total of 7,000 images. This balancing process through
augmentation was crucial for enhancing the model’s performance, addressing class imbalance

issues, and reducing the risk of overfitting.

EMOTIONS BEFORE AFTER
Angry @ 135 1000
Contempt PR 54 1000
Disgust . 7 1000
Fear A 75 1000
Happy @ 207 1000
Sad i 84 1000
Surprise ;.: 249 .

Figure 18:Before and After Data Augmentation
and Balancing

In preparation for the efficient and reliable training of the proposed CNN, an important set of
preprocessing operations were considered. The steps were undertaken to ensure consistency in
quality and suitability of the input data for deep learning tasks. The preprocessing phase entailed

the following steps:
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3.2 Data Loading and Label Assignment

Since the images resided in separate folders assigned with seven emotions classes, the very first
step was to maintain an iterative loading of the images, one by one, from the folder. For every

image, a number was assigned as labels to them bearing the name of a class. This numeric class
encoding is necessary for supervised learning models in case they learn during training from
numeric labels.

Purpose: Link each image to its respective emotion category in an interpretable format for model
assessment.

3.3 Image Resizing

Although the original dataset had uniform dimensions of 48x48 pixels, the loading procedure
involved resizing each individual image systematically. This procedure guaranteed that any image
considered inconsistent or corrupted would be resized to the standard dimension, thus maintaining

the uniformity of input definiteness for the CNN.

e Purpose: To ensure that the input shape for the model is made consistent and that an

error is not

# Data preparation

data = []
for category in CATEGORIES:
folder = os.path.join(DIRECTORY, category)

label = CATEGORIES.index(category) «==mmm Data Loading &
Label Assignment

for img in os.listdir(folder):
img_path = os.path.join(folder, img)
img_arr = cv2.imread(img_path)
if img_arr is not None:
img_arr = cv2.resize(img_arr, (48,48))
data.append([img_arr, label])
else: \
print(f"Failed to load image {img}") Image Resizing
print(f"Total data samples: {len(data)}")

Result: Total data samples: 7000

Figure 19:Load & Resize data

3.4 Grayscale Conversion

At this point, although the original dataset images in CK+ are already in grayscale, for this

reason, programmatic conversion is performed using the OpenCV library (cv2.cvtColor) to create
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a truly uniform dataset. Especially after data augmentation operations, some images may
inadvertently be generated in RGB format.
e encountered during training.
e Purpose: The main intent behind this step was to assure that all the images remain in a
single-channel (grayscale) format with (48x48x1) dimensions. This assured them of

reducing the computational cost of the CNN model all the while preserving the critical facial

features that might impact accurate emotion classification.

3.5 Normalization of Pixel VValues

After conversion into greyscale, the pixel intensity values, which typically range from 0 to 255,
were normalized in the range of 0 to 1 by dividing all values with 255. This normalization is a
common standardization in deep learning preprocessing since this step speeds up the convergence
of the learning algorithm and stabilizes the gradients while being backpropagated.

e Purpose: For better convergence of the model and numerical stability in the training

phase.

3.6 Reshaping Input Data

After normalization, the other dimension was added to each image array for the color
channels. Since grayscale images have only one color channel, the dimension was set to 1.
Finally, every image has a shape of (48, 48, 1), corresponding to the desired Keras CNN
input format.

e Purpose: To set the shape of the input data to fit the CNN model's input
requirements.
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%, ¥y =1 [] Grayscale Conversion

for features, label in data:
# anloy sVl o9all Jug=i
gray_image = cv2.cvtColor(features, cv2.COLOR_BGR2GRAY)

x.append(gray_image)
y .append(label)

# @940 | Jogxi NumPy .l gy

X = np.array(x) / 255.0 <==m Normalizing Values

X = X.reshape(-1, 48, 48, 1) g===m Reshaping InputData
Y = np.array(y)

print(f"X shape: {X.shapel}")
print(f"Y shape: {Y.shape}")

Result: x chape: (7000, 48, 48, 1)
Y shape: (7000,)

Figure 20:Gray, Norm and Reshape data

3.7 Data Splitting

The train_test_split() function from sklearn.model_selection is used to divide a dataset into two
main subsets: a training set and a test set. The data is first separated into features (X) and labels (y),
then split into X_train, X_test, y_train, and y_test. It is generally recommended to allocate a larger

portion of the data to the training set than to the test set to allow the model to learn effectively.

3.7.1 Train set

The training dataset is a set of data that was utilized to fit the model. The dataset on which the

model is trained. This data is seen and learned by the model.

3.7.2 Test set

The test dataset is a subset of the training dataset that is utilized to give an accurate evaluation

of a final model fit.
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3.7.3 Importance of Data Splitting

e Prevents Overfitting by ensuring the model generalizes well to unseen data.
e Provides an objective way to evaluate model performance on new, untouched data.

e Allows for safe hyperparameter tuning during training without affecting final test results.

u

% 3.data splitting

el

____________________________ Splitting the Dataset
from sklearn.model_selection import train_test split /
X_train, X_test, Y_train, Y_test = train_test_split(X, Y, test_size=0.20, random_state=42, stratify=)

print(f"Troining dota shepe: (X_train.shope ")
print(f"Testing data shape: (X_test.shape]")

Rosult:
Troining dota shope: (5600, 48, 48, 1)
Testing data shape: (1480, 48, 4B, 1)

Figure 21:The train_test_split Function
4 Model Design (CNN)

In this project, a Convolutional Neural Network (CNN) model was constructed, specifically
designed for classifying images according to emotion categories. The model consists of several
interconnected layers, each performing a distinct function in processing and analyzing the data,

ultimately leading to final classification.

model Sequential(
Input{shape-X.shape 1 ) 77
Conv20(128, (3, %), activation~ 'relu’),

MexPooling20(pool_size~(2, 2)).
Oropout{(©.25),

Conv20(64a, (3, 3), activation-'relu’),
HonPooling20(pool_ size«(2, 2)).
Oropout(©.25),

Corv20(32, (2, 3), activation relu’),
MoxPooling20(pocl_size~(2, 2)).
Oropout(®.25),

Flotten ().

Cense(128, ectivetion-'relu’),

Cense (4, activation- 'relu’),

Oropout(®.4),

Oonne(len(CATEGORIES), activations softmax”)
1)

model . suomwery()

Figure 22:CNN Model Architecture

The following is a detailed description of the model’s components:
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4.1 Convolutional Layers

The model includes three consecutive Convolutional layers.
Each layer applies a set of filters with a size of (3x3) on the input images to extract distinguishing
features.

e The first layer uses 128 filters, followed by 64 filters in the second layer, and 32 filters
in the third layer.

e This reduction in the number of filters progressively captures features from general to
more detailed ones:

» The first layer detects basic edges and lines.

» The second layer identifies more complex patterns.

» The third layer focuses on fine details specific to facial expressions.

The ReLU (Rectified Linear Unit) activation function is applied after each Convolutional

operation to introduce non-linearity and improve the model’s ability to learn complex relationships.

4.2 Pooling Layers

After each Convolutional layer, a MaxPooling2D layer with a pool size of (2x2) is applied. This
operation:
» Decreases the spatial dimensions of the feature maps.
» Retains the most dominant extracted features.

» Reduces the computational cost and speeds up the training.

4.3 Dropout Layers

After every MaxPooling operation, a Dropout layer of 25% is employed, and another Dropout
layer with a 40% rate is placed right before the output.
Its function lies in preventing overfitting, as dropout randomly excludes some neurons during
the training process.
In doing so, the model is then forced to generalize learning instead of just over fitting to certain

neurons.
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4.4 Flatten Layer

Once the feature extraction has been completed, the three-dimensional output of the last
Convolutional layer is flattened using the Flatten layer into a one-dimensional vector suitable for
input to the fully connected (Dense) layers.

4.5 Dense Layers

The architecture includes three Dense layers:
e The first Dense layer, with 128 neurons, integrates features from feature extraction.
e The second Dense layer, with 64 neurons, further learns and extracts patterns in these
combined features.
e Thethird and final Dense layer is the output layer, which has neurons equal to the number
of emotion categories (7). This layer uses the Softmax activation function to calculate
the probability of each class and select the one with the highest probability.

y

@ Comv2D . MaxFocling20 . ropout ' Flatten ' N
Figure 23:The layered architecture of the proposed CNN model

4.6 Purpose of This Design

e Gradually extract visual features-from-the-simple-type to-the-complex.
e Gradually reduce data dimensionality to ensure computational efficiency.
e Prevent Overfitting by employing Dropout Layers.

e For classification purposes, ensure accuracy by first employing successive Dense layers
followed by a decision.

e To the speed-up training and learning process, use the Relu and Softmax activation
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Figure 24:CNN for Emotion Classification
5 Training Parameters

To train the proposed CNN model effectively, specific training parameters were selected to

optimize performance and ensure stable learning:

Optimizer: It employs an Adam optimizer because of its fast convergence properties and
adaptive capabilities in a training environment.

Learning Rate: It was set to 0.0001 as a balanced option for ensuring convergence speed
and its stability.

Loss Function: It uses Categorical Crossentropy, which is best to handle cases involving
multi-class classification.

Evaluation Metric: Accuracy is taken to practically evaluate the model in operation.
Number of Epochs: It was set at 30 to allow maximum learning of the model.

Batch Size: It has chosen a batch size of 64 for training in an efficient and stable way.
Callback ModelCheckpoint: This callback monitors validation loss, saving weights of
the model whenever it observes an improvement.

Callback EarlyStopping: This utility halts the training process early if the validation loss
has not improved for 4 epochs, thereby helping prevent overfitting and saving

unnecessary time for training.
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6 Model Evaluation Strategy

The model’s evaluation was done by using the test dataset that was set apart during the

splitting of data to get an unbiased estimate of the actual performance.

Two valuable metrics were derived through the evaluate() function of Keras:

e Test Loss: This quantifies the prediction error of the model with respect to the given test
data.
e Test Accuracy: This defines the ratio of correctly predicted instances to the total tested
samples.
To understand the system'’s classification possibilities more thoroughly:
e A confusion matrix was created, showing the various counts of correct and incorrect
predictions for every emotion category.
e Aclassification report was derived, loaded with precision, recall, and F1-score regarding
every class, which fully evaluates the predictive power of the model.
This evaluation strategy facilitates a far-reaching analysis that situates the model's strengths and

weaknesses in classifying facial emotions within multiple categories.

7 Prediction Mechanism

The prediction technique works on making class predictions for new data using the model's
parameters that have already been trained through some learning mechanism. For this approach to
work, there are two types of data: the test dataset and external data from the real world. In both
cases, the model generates probability distributions regarding the categories of emotions using the
softmax activation function in the final dense layer. The emotion with the highest probability
becomes the predetermined class. These distributions are labeled as probability distributions and

are all turned into the required class labels through the np.argmax() function.

7.1 Prediction on Test Data

In the model's evaluation, the model is put through its paces on the test set which is an
allocated portion of the greater dataset which was set aside during the training phase. The model
generates probability distributions for each sample and saves them using the predict() function.
Through the use of the np.argmax() function, each image's class will now correspond to a

predicted value which holds the highest probability outcome.
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This process allows for an objective assessment of the model’s generalization ability, as it
operates on data it has never seen before but shares the same characteristics and preprocessing
steps as the training data.

7.2 Prediction on New External Data

In addition, the model can be used to predict insight on new external data. External data comes
from the real-world scenario and can be utilized in design. However, if the outcome is to be
valuable and precise, the provided data needs to be in the same condition as the data on which the
model was trained.

To accomplish this goal, an external data set must also go through the same preprocessing that
was done during training, such as:

e The size of the image should be 48 x 48 pixels.
e The image must be in grayscale.

e Use the same scaling, resizing and normalization that were applied during training.
If these requirements are not met, the model’s predictive performance may decline, as it was

optimized to recognize patterns based on specific data formats and structures. Ensuring feature
consistency allows the model to effectively interpret new inputs and produce accurate

classifications.

8 Results Analysis

This section deals with the performance assessment of the proposed CNN model using a series
of evaluation methodologies. The model learned quickly and generalized well, with training and
testing accuracies of 99% and 98%, respectively. To validate this, we have shown and briefly
discussed a set of results depicting accuracy and loss curves, the confusion matrix, and the

classification report.

8.1 Training and Validation Accuracy and Loss Curves

The initial set of graphs shows training-validation accuracy and loss values, calculated for

various training epochs.
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8.1.1 Accuracy Curve

The graph depicts training and validation accuracies increasing steadily as the number of
epochs increased. Initially, accuracy values were low, but after a few epochs, the two curves
started rising rapidly. Training accuracy reached 99%, while validation accuracy stuck at 98%,

signaling that the model could efficiently learn the patterns from the data without overfitting.

8.1.2 Loss Curve

In opposition to the accuracy curves, the loss curves continue to go down for both training and
validation datasets. At the start of the training, loss values stayed high, indicating poor
predictions. But, as training process proceeded, observes a gradual decrease in loss until it
eventually flattens out, almost touching 0.02 for training loss and going near 0.05 for validation
loss. This confirms the stability of the model during its training and ensures it performs well.

Training and Validation Accuracy Training and Validation Loss

- Training Loss

/ 1.75 4 Validation Loss

1.50 4

0.9 4

0.8 4

il 1.25 4

0.6 1.00 4

0.5 0751

0.4 4 0.50 4

0.3 0.25 4
—— Training Accuracy \

Validation Accuracy
0.2 4 0.00 4

0 5

15 20

Figure 25:Model Accuracy and Loss Curves

8.2 Confusion Matrix Analysis
e A confusion matrix breaks down the prediction evaluation details with accuracy and
error in each box for the assigned class of true labels.

e The diagonal boxes have the highest value, which means there were plenty of correct

predictions for each class.
e Misclassification is limited and off-diagonal.

e For example, class 0 was predicted correctly 194 times out of 200, while for class 5,

193 predictions were correct.
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Hence, our model performs quite well in distinguishing different facial expressions with a little

amount of apparent confusion.
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Figure 26:Confusion Matrix Result

8.3 Classification Report

The classification report provides the model's precision, recall, and F1-score for each class:
e Precision: The number of true positive predictions divided by the number of all positive
predictions.
e Recall: The number of true positive predictions divided by the number of all actual
positives.
e F1-Score: A balanced measure, being the harmonic mean of precision and recall.
In this report:
e Most classes have had precision and recall values above 0.95, signifying excellent
predictive performance.
e The overall accuracy is 98%, further confirming the accuracy and loss curves' findings.
e The two values assigned to the macro average and the weighted average are 0.98,

showing uniformity among the classes.
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9 Conclusion

In summary, this chapter elaborated on the practical development of a CNN-based facial
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Figure 27:Classification Report
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expression system for recognition. With respect to adequate data preparation, model design, and

evaluation, the system attained an outstanding performance: 99% training accuracy and 98% test

accuracy. The analysis of results ratified the model in terms of generalization abilities on unseen

data. However, some avenues for improvement were realized during this study. These findings

validate the effectiveness of the proposed approach and set the stage for potential future

enhancements.
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Chapter 4 . . .
Application Implementation and User Interface Description

1 Introduction

This chapter comprises the concentrating on the realized system and explaining each
functionality steps by steps. It covers the important phases: data input, model training, model
evaluation, and predicting emotions on images. The chapter is divided into parts that deal with both
the application of the pre-trained model and the creation of new models for grayscale and RGB
images. Results, both visual and textual, are generated interactively so that users can download and
reuse the trained models, which indeed substantiates the adaptability and user-friendliness of the

system.

2 Application Description

The app uses deep learning to detect emotions based on facial expressions in photos or live
camera feeds. It can identify emotions like joy, sadness, anger, and confusion without targeting a
specific audience. The results are presented in the form of emojis, emotion labels, and accuracy
percentages to make them easy to understand. The app can be used in many fields such as education,

marketing, mental health, and human-computer interaction.

FACEFEEL
I

l

EMOTION
DETECTION

{ VALIDATION TRAIN
\ B SECTION MLODEL
i By image 4 | BYCamera( 9 ‘ { \
L_:’\ Yo To evaluate our A : S
model's performance, - : ,Tr,.ln 5"!' D.n y
l ‘ simply input new data. &_/_\“ (__)
® . i 4+ TestModel
2+ r ® ] I/—_) \v _ p_\ Prediction
I I @ s Confidence
Good, but Excellent &
ager happy Mgt fesr surprise l . change Data SUitab|e

Figure 28:System Architecture Overview

3 Application Objective

This application aims to empower users to accurately detect emotions through images or camera
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input, besides allowing the training of new customized models on grayscale or colored images.
Being user-friendly with an interactive interface for easy data uploading, model training,
performance evaluation, and emotion prediction set it as a good tool that is available to all kinds of
individuals, even those without any deep technical backgrounds.

4 Application Features

The application provides several important features for flexible and reliable facial emotion
recognition. It allows users to identify emotions, upload and train data, and test models easily. The

most important features are:

e Detect emotions from a webcam using our pre-trained model that supports both colored
and grayscale images.

e Upload one or more images to detect emotions using our pre-trained model.

e Allow uploading new datasets (Grayscale or RGB) and train models using them.
e Test the trained model using new dataset and evaluate its performance.

e Predict emotions using the trained and stored model.

e Present analysis and classification results through graphical representations, confusion

matrices, and statistical reports.
5 Application Interface
This section presents the distinct details of the application’s graphical user interface (GUI). It

describes the main page, emphasizing how users interact with the system to accomplish various

functions including emotion detection, image uploading, model training, and result visualization.

5.1 Homepage

The homepage serves as the main entry point of the application, introducing users to its purpose

and core functionalities. It includes:
e Application name and logo FaceFeel at the top

e Navigation bar with direct access to: (Home, About, Emotion Detection, Model
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Evaluation, Train New Model — (Train on RGB Data, Train on Grayscale Data),

Contact)

o “Try Now” Button Overview: Provides quick access to emotion detection, model
evaluation, and an overview of the app’s key features.

LI}
FaceFeel Home About Emotion Detection Model Evaluation

SURPRISE

Al Facial Emotion Recognition ‘9 : l -

CONTEMPT

SADNESS

Figure 29:Main Homepage Interface of FaceFeel Application

5.2 About Section

This part contains an outline of the goals of the project concerning the functions of artificial
intelligence, specifically, facial emotion recognition, along with the project description and

prominent attributes listed distinctly.

L0 |
FaceFgel Emotion Detection  Model Evaluation  Train New Model ~  Contact

About Us
Pioneering Facial Emotion Recognition
with Al

Experience the power of artificial intelligence

V State-of-the-Art Al + Real-Time Analysis

v User-Friendly Solutions v Accessible to Everyone

Project Information

Project Title: Facial Emotion Recognition System
Developed by: Heltali Nada Eryhane/kadi Douaa Hanane
Supervised by: Dr. SAID KADRI

Academic Year: 2024-2025

Tools Used: Python, TensorFlow, Keras, OpenCV, Flask

Figure 30:About Section Interface of FaceFeel Application
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5.3 Contact Section

This section can be reached via the navigation bar. It will take users to the footer of the

application where contact details and other links are available.

Home About Emotion Detection Model Evaluation  Train New Model ~

Project Title: Facial Emotion Recognition System
Developed by: Heltali Nada Eryhane/kadi Douaa Hanane
Supervised by: Dr. SAID KADRI

Academic Year: 2024-2025

Tools Used: Python, TensorFlow, Keras, OpenCV, Flask

Get In Touch About Us Explore Emotion Recognition

Q Algerie Msila City We specialize in emotion recognition through facial Face Emotion Recognition in Real-Time
expression analysis using Al and computer vision. Al-Powered Mood Detection from Images
L, +213667664310 Emotion Recognition in Videos

® emotion.ainadadouaa@app.com

L 4 f o © in

© Emotion Recognition App, All Rights Reserved

Figure 31 : Contact via Footer

5.4 Emotion Detection

This section allows users to transform their photos into expressive emojis using a pre-trained

model. The user can choose between two input methods:
By Image: Select an image file from the device.

By Camera: Use the device’s webcam for real-time emotion detection.

Model Evaluation  Train New Model ~  Contact

Emotion Detection

Choose Your Input Method -
Transform Your Photo into an Emoji! s @
&

Our model supports both colored and grayscale images for accurate emotion
detection.

Lo i~

Figure 32:Input Method Selection “By Image” or “By Camera”

56



Chapter 4 . . .
Application Implementation and User Interface Description

If By Image option is selected opens a drag-and-drop upload interface where users can
drop one or multiple images or select them via a file picker.

[
FaceFgel Home  Emotion Detection

Model Evaluation  Train New Model = Contact

j=ction Through Your Photos

5011_003 000000 5026_003 000000
12 14

. ur Images and Discover Their
- Local Disk (€7 = B | Predictions Now

File name: |5134_004_00000013 I

cact | Jrag & Drop or Click to Upload Image [

=+ Cony

Figure 33:Drag-and-Drop Upload Interface for Image Selection

After choosing images, the user may click Show Prediction , see “Detecting emotions now...”

message for a couple of seconds, and then will be redirected to the result page.

Home Emotion Detection Model Evaluation

Train New Model ~  Contact

Upload Your Images and Discover Their
Predictions Now

@8 Drag & Drop or Click to Upload Image

Show Prediction

Detecting emotions now.

Figure 34: Notification Displayed During Prediction
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Home Emotion Detection  Model Evaluation  Train Ne»

Your Prediction Results Are Here!

e analyzed your images! Below are the detalled predictions for

@ ANGER: 0.014

@ ANGER 99.89"

@ CONTEMPT. 0.0 @ CONTEMPT: 0.0
@ DISGUST: 0.02 @ DISGUST 0.1%
@ FEAR 0.0% @ FEAR: 0.0
@ HAPPY: 0.0 @ HAPPY. 99,86
@ SADNESS: 0.09% @ SADNESS: 0.0
@ SURPRISE: 0.0% @ SURPRISE: 0.0
= ©

Thank you for using our service! We hope you enjoyed the experi

Figure 35: Emotion Predlctlon Results

e |f By Camera option is selected, the application activates the webcam, draws a bounding
box around each detected face, and performs emotion analysis in real time. The detected
emotions will be displayed as a live bar chart representing real-time emotion analysis

results.

Emotion Recognition

o

@,\«r o mv‘cn oo o Q\m“* sﬂ“‘";suv‘“

@ Sadness - 87.0%

Figure 36: Real-time Emotion Detection via Webcam
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Emotion Recognition

<
s
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®
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6 Surprise - 99.0%

Figure 37 : Another Example for Real-time Emotion Detection

If no face is detected, the application will generate the message

“No Face is detected.”

Emotion Recognition

Figure 38 : Notification When No Face Is Found

5.5 Model Evaluation

This interface was developed for the user to test the trained model's performance with their own
external dataset. The user should upload a data file (ZIP format), and the accuracy of the model

will be calculated and displayed interactively.
Some clear recommendations are provided, depending on the accuracy reached:

e Less than 50%: "The accuracy is so poor. It is recommended that the user changes the
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data or improves it."

e Between 50% and 80%: "The model gives good results-theoretically it could be better
if the data were of better quality.”

e Over Than 80%: "The model is very well performing, and the data can be considered
perfect for use with characteristics contained therein."”

This evaluation guide the user in looking at the efficiency of the model on the data and to some
extent for real use.

Home  Emotion Detection Train New Model ~  Contact

Model Evaluation

Test the Model on Your Data!

Want to check how our model performs on your own data? Upload your test dataset and get the accuracy report instantly!

[ Upload Test Data File (ZIP)

Figure 39 : Model Evaluation Interface of FaceFeel Application

r Data!

forms on your o

Test Completed! Test Completed!

ta: 65.08%

Test Completed!

del Accuracy r Data: 15.6%
The accuracy is low, please try another dataset.

Model Accuracy on Your Data: 99.73%
Bl The data is excellent and well suited to the model.

Figure 40: Model Accuracy Recommendations
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5.6 Train a New Model

This section allows the user to train a new model using custom data. The system offers two

options in a dropdown menu:

e Train on RGB Data: To train the model on colored images (using the Red, Green, and
Blue channels).

e Train on Grayscale Data: To train the model on grayscale images (using shades of gray
only).

5.6.1 Train on RGB/Grayscale Data Interfaces

In this section, the application allows users to train, evaluate, and make predictions on any
custom dataset by creating their own emotion recognition model — whether in grayscale or RGB
— through three sequential stages: (train, test, and prediction)

The workflow is the same for both grayscale and RGB images; the only difference lies in the

type of images processed.

e Train Section: In this stage, the application caters to training a new recognition model

for emotions on the user's custom dataset. The interface allows the user to configure:
e Dataset Folder: Upload the labeled data set (ZIP format) arranged by class folders.
e Define some parameters such as number of epochs, image size, batch size.

The user hits the Start Training button to start the training process. The progress bar increases

by 10% after every epoch, giving the visual feedback of the ongoing training process.

A warning message appears:
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During training, do not refresh or navigate away until completion.

Home  Emotion Detection ~ Model Evaluation  Train New Model - Contact

£ Upload Data File (ZIP)
Number of Epachs
Batch Size

Image Size

warning msg —-—> (@ Training in Progress... Please do not close or refresh the page until the process completes!
. s |

Figure 41: Model Training Progress with warning msg

After finishing the training stages, the application displays:
e Final Training Accuracy
e Loss and Accuracy Curves.
e Number of classes.
e Download Model button to download the trained model weights.

e (o to Test button that redirects the user directly to the evaluation phase interface to

assess the trained model's performance on new, unseen data.
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Start Grayscale Training
@ Download Model Test The Model

Results:
8 Final Accuracy: 97.21 %
[7 Categories Detected: 7

Accuracy Curve

Figure 42: Training Results in Grayscale Model

Results:
E Final Accuracy: 97.21 %

[ Categories Detected: 7

Figure 43: Doh\}\'/(rllni‘bading the Pre-trained Model

Testing Section:

After completing training, the user can check how well their model carries out classification by:
e Clicking Test Model to open up the Evaluation window.
e Uploading a labeled test dataset on (ZIP format).

e Clicking “Test Grayscale Model” to begin the testing.
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Test Grayscale Model

£ Upload Test Data File (ZIP)

Test Gray Model

Figure 44 : Testing Grayscale Model Interface

Testing in progress...

Please wait while the model is being tested.

N

<

Figure 45: Model Being Tested " message window

The system will then display:
e Test Accuracy
e Classification Report (Precision, Recall, F1-Score)
e Confusion Matrix

e There is also a "Go to Prediction” button that takes you directly to real-time emotion

detection.
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Test Results:
[El Accuracy: 67.90%

5 Classification Report: [ Confusion Matrix:

Figure 46 : Model Testing Results in Grayscale Model

Prediction Section:
In this phase, users can test their trained model on single or multiple images by:

e Uploading images (grayscale or RGB, just like the training input in size and

preprocessing).
e Clicking Predict to obtain the prediction results.
For each image, the system displays:
e Prediction of the emotion label (happy, sad, angry, etc.)
e Corresponding emoji
e The confidence score for the result

e The emotion description text, which is a layman's term description of the detected

emotional state

e This gives immediate and clear feedback regarding the emotions detected in the uploaded

images.
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Home Emotion Detection Model Evaluation Train New Model ~ Contact

Emotion Prediction

Grayscale Model

—

Train Prediction

& Upload Images

hoose n
Predict Emotions

Figure 47 : Emotion Prediction Grayscale Interface

Home Emotion Detection  Model Evaluation  Train New Model ~  Contact

[l Results
M @
sad @ neutral @ happy ©
Cheer up, sadness won't last! A neutral expression! Happiness suits you!
Confidence: 83.65% Confidence: 89.37% Confidence: 87.19%
[‘R i
=
happy @
appiness suts y
Confidence: 44.29%
Back to home

Figure 48: Emotion Prediction Result Grayscale Interface
5.7 Clarification of the Unified Training and Evaluation Process for Models

The explanation given above applies generally to both grayscale and RGB models, as the

application’s workflow for training, testing, and prediction is essentially the same for both.
However, the detailed results presented here correspond specifically to the grayscale model.

The RGB model follows the same steps, with the main difference being the input data format

(color images with three channels instead of single-channel grayscale images).
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lome  Emotion Detection Model Evaluation  Train New Model ~  Contact

@ Upload Images

[ Results

- € "“ -
> ”z -

N - =

happy @ happy @ surprise @

Happiness suits you Surprised, aren't you?

= °
Figure 49 :Example of RGB Prediction in the RGB Prediction Interface

6 Conclusion

In conclusion, this chapter detailed the essential functionalities of the developed face emotion
system, from data input and model training to evaluation and affective prediction. A complete
examination of the user interfaces and their outputs has been carried out, with a particular
concentration on the use of both pre-trained and fine-tuned models. As the system supports both
grayscale and RGB images, it ensures unified and consistent workflow and output formats, leading
to enhanced efficiency and effectiveness in facial emotion recognition. This implementation also
points toward how the application can cater to varying real-world scenarios while providing a truly

intuitive and flexible user interface.
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General Conclusion
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General Conclusion

This thesis explored the design and the implementation of a facial emotion recognition system
using Convolutional Neural Networks CNNs. The system was trained on grayscale facial images
and achieved high performance in emotion classification tasks, as demonstrated through accuracy

metrics, confusion matrix analysis, and classification reports.

Through a well-structured methodology that combined proper data preprocessing, model
optimization, and real-time prediction mechanisms, the system was able to generalize well to
unseen data. A user-friendly application was also developed to enable emotion detection on both
pre-recorded images and real-time camera feeds, extending the practical utility of the proposed

solution.

Despite the strong results, several challenges remain, such as dealing with variations in facial
structure, lighting, and emotion ambiguity. Future work may involve incorporating multimodal
emotion recognition, leveraging larger and more diverse datasets, and deploying the system on
embedded platforms for wider accessibility.

In summary, this project contributes to the field of affective computing by offering an effective
and interactive system for facial emotion recognition and paves the way for future innovations in

intelligent human-computer interaction.
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Abstract:

This thesis aims to design and implement a system for recognizing human emotions based on facial
expressions, using artificial intelligence techniques, particularly Convolutional Neural Networks (CNN).
Emotion recognition is an emerging and important field within affective computing, with broad
applications in mental health, education, marketing, surveillance systems, and human-computer
interaction.
In this work, a facial image dataset containing various emotions (such as anger, happiness, sadness,
surprise...) was used. The images underwent preprocessing steps such as grayscale conversion and
resizing. The CNN model was then trained using environments like JupyterLab and Google Colab, with
tools such as TensorFlow and Keras used for model design and evaluation.
The system consisted of the following main stages:

o Face Detection

o Feature Extraction

« Emotion Classification
The results showed good accuracy in emotion recognition, confirming the effectiveness of the proposed
model. A simple application interface was also developed to test the model on both live and stored
images, bringing the project closer to real-world applications.
Despite the promising results, some challenges remain, such as lighting conditions, facial angle
variations, and similarities between emotional expressions. This opens the door for more advanced
future work, such as integrating multiple modalities (voice, text, facial expression) or adopting more
powerful models trained on more diverse datasets.
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