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Abstract

Facial expression recognition is an important research topic in the field of human—computer

interaction, as it enables systems to understand human emotions from facial images. In
recent years, convolutional neural networks (CNNs) and Transformer-based models have
been widely applied to this task. Among them, the Swin Transformer has attracted at-
tention due to its ability to efficiently capture both local and global features using a
window-based self-attention mechanism.

In this study, we investigate the performance of a facial expression recognition model
based on Swin Transformer (Tiny) using the RAF-DB public dataset. A pretrained model
on ImageNet is fine-tuned by replacing the final classification layer to perform six-class
emotion classification. The training process is analyzed using learning curves, and the
classification performance is evaluated using accuracy, confusion matrix, and class-wise
metrics.

Experimental results show that the proposed model achieves approximately 90% ac-
curacy on the test dataset. The analysis of the confusion matrix and evaluation metrics
reveals that the model performs well overall, while differences in performance among
emotion classes are observed. These results demonstrate the effectiveness of Swin Trans-
former for facial expression recognition and highlight remaining challenges related to class

imbalance and inter-class similarity.
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B3E Swin Transformer?®
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Layer | Layer I1+1

A local window to
perform self-attention

A patch

Figure 3.5 Shifted Window.?

~ v 7 L® Window OFELEZ 4 x & 723 BE X 72 W-MSA TH 5, W-MSA & ZHIZ
AT 5 Z 8T, BT 252722 Window M OEHRDEHERNCHE S, W-MSA DAT
FHEZ SR WBHEHIR OB R 2 A HRE L 72 5, LA L. Figure 3.5 46D X 5 2 iidE
TE Window BSHEII L. Z DR EESHEINT 2HEIET 5,

% ZC. Swin Transformer Tld, F#i~ v 7% 5E| L7z Window 24 T 2 x 2 BH)
3 % cyclic shift Z#HA T %, Figure 3.6 12 cyclic shift DR 2R3, ZDEEICE D,
Window OFHEIE 21TV, FHEMBEHFET 2, MO Window PEET 25HE . K
E72 Window D Attention Z I3 2 72912~ 22 (mask) ZEA L. FiE D HEBE D
Attention Weight % 0123 %, Figure 3.6 D TIX, £ LD Window IZId~ X 7 Z#EHE
3. A FO Window IZIFAHHE (A, B, C. 2B OHEIE) D Attention 255HHE X 17z
WX IR DEH XN S, % Window T Self-Attention %515 L 721%. reverse cyclic
shift Z@H 3% Z & T, K~y 72 L ONMEICRE T,

16



2 i ~ |masked| ; A C |
” MSA | |
B | ; u B B
s [ R
window partition C A > e ry

cyclic shift reverse cyclic shift

Figure 3.6 Cyclic Shift.?
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PT4aET EER
4.1 EHERBM

ABFFETIE. Swin Transformer Z W72 6 7 7 REEZR#RE TV OMRELR. KT —
Xt v b (RAF-DB) \Z#EH L CiHiis 2 Z e 2 HIE 5, R, ZEBEAET L EHR
ML TI774 vFa—=r 7zt FEHMRSPRRATIZ HWe 2 5 22 DR
MizEEMT 2, Flo. RIRIREBBERL I TR, &7 7 AT OMEEEE T2 2

BB T AND Y T ARIGEAN OGO R T S,

Swin Transformer % % L 7B HIZL R O@D TH %,

< Xy FENC X B RFTRE O RV 2l

« Window BT D Self-Attention 12 & % FHERNE DA L
CHAPEEAETLOMAIC L 2PBT - &1y P TORBEEORE

INSDORIC XD, AMKETEDRT — X TORBERRERME HIET, 512,
FHEBEEORALZE L T, EFVDOEHEEL 7 5 AT DR ZHEIR T 2 L AR
HREDFELHBTH 5,

42 T—REvYEhk

AIFFETIX, 7—&Xt v b & LTRAF-DB ZH\W 7, Figure 4.1 1Z RAF-DB %> 7L
Hi{§% 7R3, Real-world Affective Faces Database(RAF-DB) 1, BAOREZR RS 7 — &
Y hTH2, TON—Y 2 iZiE, B—F7VLORARIE 78 (Happiness, Sadness,
Surprise, Disgust, Anger, Fear, Neutral) T Z <UL} 749 12,000 WO EHEI{R 23 & %
NTBED, FNUFFIZ A0 HDOHNL LT 7 AT EIC X > TfrbhTwd, 207 —
RN — 2 DEGIE, WEIRDMER - MERI - AFE, SEE M =, ARG, S0 R BRRR
PEMBEZN R oTVWS, £, T—XEy VEFEAE TR NHZGPRTHWS
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\_ Happiness I\ Sadness ) \_ Anger )

Figure 4.1 RAF-DB Sample.

4.2.1 T—RERK

RAF-DB X 7TEED T — &ty b ZFOMN, RIFKTIE. Neutral Z R 7o EA 6 K
BETORERRET VDR B XOMEEERT 5. FHABEGICE Train £ v b, BREEHIC
I Validation v b, 72 P  Test v M Z2fEHF %, Z 2T, Validation v M
Train £ v b O—FB (10%) Z5HE LU TER L. FETOBFERE 7L ORACIERE & S
THDIZHWS,

Table 4.1127 F A Z & DY ¥ TNV % RT, Table 4.1 D595 5 X 512, Happiness
3282 7 A THY, Fear X Digust 1dDPET 7 ATH 5,
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Table 4.1 Class-wise Sample Counts in RAF-DB.

Emotion | Total | Train set | Test set

Surprise | 1,619 1,290 329
Fear 355 281 74
Disgust 877 717 160
Happiness | 5,957 4,772 1,185
Sadness | 2,460 1,982 478
Anger 867 705 162

4.2.2 T—RHINIE

ETOHEBRIE. FEHANCUTORIEZIT o7z, VA X EFLIZOWTIE AL
HZ21TW, Agumentation (&7 ¥ X LI T o 7z,

1 VB AR 1224 x224 B 7L

2. IERUL

3. Agumentation(Train &> kD HA)

- I VR LEARER (50%)

c+—5ED T X AL

cBH2E, aYFIRAMN EBEDT VX LEESZ (Color Jitter)

—75. Validation vy hB XU Test £y bTIE, VA4 X EFLOAEFEH L]z, Z
g, FHEREIC 7 — ZHRROFEZ IR L. ERONLMREZ RS 270 TH %,

4.2.3 U7 AFHEERIG
Figure 4.2 IZRT X212, Z 7R DY Y IAEICRY 3D %, ZDRE D ITHRIET

572, FEFFOBEIBELITEA (Class Weight) Zi#H L7z, BEARMIZIE. PyTorch @
CrossEntropyLoss IZ weight »XZ X — & & LT Class Weight Z{E L. P27 7 X D578
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Figure 4.2 Class imbalance.

DEEE RS S K5I L,

4.3 EHETILFHE

AW TIE. Swin Transformer(Tiny) Z{EH 3 %, Tiny €7 /L& Swin Transformer @
EFNLDHTRI A —ZFBDPRERETH D, FHEEFRHR S MBS/ N7 — &
Ty FTOFEFITHEL TWS Z A0 5 ARFRTEHMH L 72,

51T, HEHBEAETARRAL, BEOEEY 6 7 7 ASEAICBEE#MZI S,
T, N7 =%+t v b+ (RAF-DB) NOJEA%ZAJBEIC L7z,

7B, AFFETOE T NVEREIZIE PyTorch Z Wz,
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4.4 ERIRRGE

4.4.1 FBEF
0S:Google colab | ® Linux
GPU:NVIDIA T4(16GB GDDR6)
FITURAR © MacBook Air (M2,macOS 13.2)
fEHS3E  Python

4.4.2 2HEG

* Model:Swin-T(pretrained on ImageNet)

* class . 6(Surprise, Fear, Disgust, Happiness, Sadness, Anger)

* Loss: CrossEntropyLoss with class weights

* Optimizer : AdamW

< EER (PR © 1.0 x 1077

« FERZ Y 2 — 7 — ¢ CosineAnnealingLR

Ny FHA X 64

- TRy 725

- Early Stopping : 5 TR v 7 (MEEHEKD 5 =Ry 7 EHE LR ITIIFEE ZFTHY5 2
& TithaEE 2 )

* Mixed Precision Training : Autocast + GradScaler

4.5 FHEFEIE
ARBFFETIE. Swin Transformer % W7 ERIEFEME 7L O YERE % LU R O F5 % T FT(
L7,
1. ¥R (Accuracy)
c BT R MY TS T B IEMEER,
- ETLRROVRER RS 2 HAMER L U THEH L7
2. 79 AT L DEMAR, HEE, F1 227 (Precision, Recall, Fl-score)
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- BINE Y T AT B MERE R FEICHERR S 2 7o Ic B

- RG22 5 AT BT B BT ADRD S 5 DIEH.

3. {E[F{T%1 (Confusion Matrix)

* 7 IR L ORI AT B,

- FEE O BIEMLORIF A X e T WA ORI W 2,

4. "#RdhR (Training/Validation Loss and Accuracy Curves)

AP OIEKE X UHIEOHER 2 RS 2 2 & T, @EE 0N O E M & FH,

4.6 RERFER
4.6.1 ZFEBRERICHITIERDHR

Figure 4.3 12, 7T — 2 B L OWEET — X I BT 2 HEROMR Z R T, M=K v
8. Mo 2y brE—BEERL TV,

Figure 4.3 & . ZHBMAREASICB W T, Train Loss 138 1.7 Z/RL T\, TRy
7 DHEAT IV UTze FHTHEEWIH OB AR v 27 TiJ Train Loss DK 2384
ETHD, BT ANMEGR L EE Z L OFIERIRE BRI LTV BT AR
TZE 5%, ZDH%® Train Loss 3—H L TEA L. TR v 27 10 BTV IEIZFER DI
725bDD, FERTRETIIN0.75 FTERTR L7,

—75. Validation Loss {22\ T AEAHNIIH 1.5 Z/R L TWz23, Train Loss & [Al
BRICTRY 2 DMEITE £ I Lz TRy 7 5RiRE TR K E R EHRA5h
250D, ZORIFRAIWCEEL., TRy 710 IFETIIM 11 RIETHE LT %,

Train Loss & Validation Loss Z L35 &, £xK v 7 %@ L T Train Loss D J7 MK
WEZRLTWS Z D05, F7-. Validation Loss 3228 EZ 1 B W T A2 8
BT Z i3, —EHANTHR LTV,
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Figure 4.3 Training Validation Loss.

4.6.2 FHBIEBICH|TIBEEDHR

Figure 4.412, €7V ONMIEEDS X OBGEREEOHER 2R3, Bl Ry 28 #E
NI BREE 2R LT\ 5, Figure 4.4 X D, FlIHIEE, ZEBEMBR R TIIN40%TH o
7o, TRy Z I DBERBIC ER L, =Ry 7 5Fi%RTIE 0% Z B X 2 MEEICEL TV 5,
ZOBRBBEIRALCH EL, =Ry 7 10 UIBETIX 0% 2R 2% R LTz, BRI
WY 99%ELTE D, JfT — X IR L TEWAEERESE LN T WD Z e D90 5,
BEERE IOV T, EH BRI T 63% TH D, FIBEE & AR 2B B W
TREL R L, TRy Z5HIETIE 0% Z A, ZDRBELHLITHEHML TS, T
Ry 7 10 IETIE 85%2 5 0% FRE OFIFH THERS L. RE TR v 7 (LTI 90% [
DREEMMF NIz,
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Figure 4.4 Training Validation Accuracy.

FRFE RS © MGG OHERS 2 LEER 3 2 . IR 132 O AT ISP WDISIE R I R/
LTW2DIZN L, MEEHIEIZ—EDHFANT E RN LN OB L TVE 2 e 0h 5,

4.6.3 FEERODHR

Figure 4.5 12, FEROHR LR T, AFKTIX, FEHEA 7Y 2—F 2 LT CosineAn-
nealingLR Z#H L TH D, #HAFERIZ 1.0x 1074 ITRELTW3, Figure 4.5 kb, %
BRIZZRY 7 DT> TRDOLDPIZHDP L TWE Z e mhrd, £z FEVIMIT
G R E R EERPREINTE D, TRy 7D ON TIRA /NI REN L E
ftLTWw3, =Ry 7 10 B TIXEERIIHN 6.0x107° &R, FEEFETIZ 1.0x107°
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Learning Rate

0.00004 1
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Figure 4.5 Learning Rate Schedule.

DRICETIKRLTWA Z DR gh b,
BRI Ry 7O TR ERIIEE NS REHE o TBH, FEHEZA Y2 —F12 &
AEIEHSEHZINTWA Z DR TX 3,

4.6.4 EENTIE & UFHEEIRIC & B 14 REETE

Figure 4.6 12, 7 & b 7 — 21203 2{RFEITAIZ RS, HEZEMR 7~V (Actual), 14
HIZET MK 2T T~ (Predicted) 2R LTHED, FERIMNIGT 227 7 A7)
HENY Y IR R LTS, AEBTIZ6 2 5 2A0EEIT>THED, 72 FF—&
BUIEFT 2388 T H
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Figure 4.6 Confusion Matrix.

Figure 4.6 X b, 2K U THARSICRKEREIEFLTED, 2L 0V IADIE
LAGEHINTWS Z DR TE 2, FHIZZ 7 A3 TIRIEMEDIEREICZ L. @il
HREDE LN T NS Z DD 5, —J/T Ty IRTDT ZRARXBWTHEBLEN LMY 7 &
NOBRSEHTERE N5,

KIZ. T AT —=RITHF 5 7 5EMERE & E EIICEHE$ 5 72, Accuracy. Precision,
Recall, Fl-score ZEHH L7z, &7 7 A Z ¥ OFHfifeE % Table 4.2 12783,

7 A M 2IKIZBI 2 5ERE (Accuracy) 1£0.9003 TH D, FJ90%DH > TIUDIEL
I NI,

K0 I ADFHEEE AR5, 7 I RX3EB XU T A 4Tl Precision, Recall, Fl-score
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Table 4.2 Classification Performance for Each Emotion Class.

Class Precision | Recall | Fl-score

0 0.86 0.88 0.87

1 0.73 0.62 0.67

2 0.66 0.71 0.68

3 0.97 0.95 0.96

4 0.89 0.92 0.91

5 0.84 0.80 0.82
Macro Avg 0.82 0.81 0.82
Weighted Avg 0.90 0.90 0.90

DVWTHHEWEZRLTWVWS, —/H T, Z77RA1BLUZ 7 A2 T 7 X L L
TRPEWVEE 2o TW0D Z DR TE 2,
Macro Average Tl Precision 23 0.82, Recall 230.81, Fl-score 230.82 TH o7z, F7z.
Weighted Average TIZWITNDIEED 0.90 k72> TBH, F7RT DY Y IAEEH

BLESLET R LTawWsEHEELIFE s Tw 2,
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BL5E EE

AWFFETIE, Swin Transgormer(Tiny) Z WS E T L 2R L. RAF-DB 7 —
Kty MZHEH L7586 OFEEEE S X ORI O W TEHHi 21T o 72, FEBRGR 2 B
A2, BoNMREDERPRBICONWTEER T 2,

5.1 FEBREICEHIZIEER

FEBRRICB VT, tarain loss B X O Validation loss 1R v 7 OHEFTIEWED L.
FRELIIBOTHORELRBRUIHZR I NP o7z 2D 05, KETIVTIIRT —
BT UTCRE LB 2T 0B 6 MEET — 2120 LT —E DI ERE Z il T
ETVWBEEZLND, FHC, FEOICB T 2BEOZAMAIETIX, ImageNet 12 &
HAPEHEABRAEAA L BB EEOMRICL 20 EZONE, ZHUCkD, KL
AOVIRFIUE — 2 B2 E T 2 BN L R IR0 TRy 2 TR B 3T RE
Yol EZ LN,

—}5C. train loss & Validation loss BlICIZ—ED XN H D, FERIC—HT 2 ETIR
LTV, ZOEF, 7—&NRPIEFEZRL TWd Z 8, BXYFIRT — & & HEE
T—RDPMAEIT L 2ENEZ N5, 7272 L. Validation loss 23FEEEFITBWTE
BTN % Z 2137 L, Barly Stopping O#fH & &, MR E—EREMEHT =T
2 HWTE 5,

BRSO TP —BE L THE L. BEMCIIIER ICEWEE R L 2. —H
T, BEEAEEGIIMEEIE R A2 RS, —EOHBENTEE L2 LT
W5, ZOMEME. EFADEIMT — 2 DR EE L TWS—)5 Ty RAlTFT— &I
WL TE—EDIXLDENELTWVWEILERLTVWEEEZ BN,

L2 L. BEEREI P EHRPICBVTHREETRT 2 2 23k <. HNEWKHEET
ZELTWSZ b, EFVIFEANZIULERZFO L EZ 6N 5,
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52 JZATEDMREEICEHTIER

RFEATHB & CFHEEE DR R S, 7 5 AT L ICERMMEEICEDL D 5 Z L DR X
Nl KRS, F U IABDZNWT 5 2 TREEWVEEB XCHBEEMEONTED., +94
BT — 2R FICBIR L TW R e EZ 6N D, —H T Y IABOL RN TR
TIPSR Z K, MES LUHEREMURNT 2@ AN, 2 ORHRIE,
27 I ARG ERIGRIHC BT 2RI EE 525 2 2/RLTED, class weight
ZEA LS00 6T, TREMREDRIHICEESL BRI o I L 2ERT 2, 72
L. Weighted Average DFHlifEfE T 2R L L TEWHEREMMFONTVE Z b, E
HEZ—EDRNEZFROETALTH L EEZOND,

5.3 Swin Transformer DB

ARBFFECHE L 7z Swin Transformer(Tiny) 1%, HERWERRETLTH D RS SEW
EIERARMREZ R U e ZAUE. Sy F o8N X 2 RS & . RN R R 2
FAIREL T AMEIC K2R TH 2 e E R N5, FICERETHD X512, BROEIR
IR EE L 722 Z A7 2B W T, Window N— 2D Self-Attention iZH T
HBEZOND, Tl FHEBESRONIZERICBWTH¥EB X SHmlRET
HolRIIRELBAMR[THLEEZ S,

54 AHRORALSEDRE

AHFETIE. H—D IRV 2FDOT7T— Xty b BLOHE—DE T MBI ED W73
ZiTo T3 7D, 7 —2ty bADILERIZOWTIITITHEET E TV, £
Joo T RINRFIERET AV A RDEWVIC X BB OV THIRR R EBIZIT->TW»
7200,

SHOFEL LT, BRZ2RET— X1y P ERHVZZBIEHER, & b KFBZ Swin
Transformer E7/L & DI, X HIZIFFRDEY > TN OFEMIR I X 2 HHRESE 2%
JFois,
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E6E fam

ABFFETIX. Swin Transformer(Tiny) #HW/-EERERRET T L EERL, N7 —X
v b TH 2 RAF-DB Z W THREFHTI 21T o 720 ImageNet THEAIFEH INLET L%
e L, HOEZ 6 7 ZJANEHICEE LTI 74 v Fa—=0 %1752 LT,
LERI DB DT — &t v MZBWT D EWVIRMMMERENTS 5N 2 »IFE L 72,

FEBROMR, 7R 7 — X0 LTH 90% D o4l E 2 2 L, Swin Transformer %3
BRI A 7 1BV THMTH 2 Z e iR Lz, F7z. FEMRE X CIRFATHI%
FW/EHiiic K D, 2EENLE L TETLTWE Z 2R, 77 A2 L ORI EDTE
T2 ZePHASPERoTz, RS, Y TABOZ VT I RATEREVEENME NS —
FHT, B INEDVIN T 5 ZATIEFESEH RN Z 4T 2 HAD R S Nz,

PLE XD, Swin Transformer (35 FTHIRHE & KIBHVRHEZ SIENCHE R 2 2 ¥ D3 ATHE
ThhH, ERERRCBOWTHEMRET L TH 3 eiEmfirohsd, —HT. 77 A1
e RIEM OEMEICER T 2 BB EOE S 0E r o BB EIN TV S,

SHOFEL LTI 7T —XBRFIEDO X SR EME. 7 7 ARNIHENT 3 2 FED
g, KO RKFER 7 — &ty b2V Ao s, sz k b, EHEE
a7 L OILMERES X O IHEHERGEA OB ATREME O Al LR X L5,
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