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Cartoon Character Face Detection Based on Generalized Efficient Layer Aggregation Network
and Shared Convolution

YAN Bo-Wen, LIU Yong-Ze, XIA Hai-Dong, SONG Xiao-Qiang \
(School of Information Science and Technology, Shijiazhuang Tiedao University, Shijiazhuang 050043, China)

Abstract: Cartoon character face detection is more challenging than face deteétion because it involves many difficult
scenarios. Given the huge differences between different cartoon characters’ faces, this study proposes a cartoon character
face detection algorithm, named YOLOvS-DEL. Firstly, the DBBNCSPELAN module is designed based on GELAN
fusion BDD to reduce model size and enhance detection performance. Next, a multi-scale attention mechanism called
ELA is introduced to improve the'SPPF structlire and enhance the feature extraction ability of the backbone model.
Finally, a new detection head for shared convolution is designed to make the network lighter. At the same time, the
original CIoU loss funetion is replaced by Shape-IoU to improve the convergence efficiency of the model. Experiments
are carried out on the iCartoonFace dataset, and ablation experiments are carried out to verify the proposed model.
Besides, the proposed model is compared with the YOLOv3-tiny, YOLOv5n, and YOLOv6 models. The mAP of the
improved model YOLO-DEL reaches 90.3%, 1.2% higher than that of YOLOVS. The parameters amount is 1.69M, 47%
lower than that of YOLOv8. The GFLOPs value is 44% lower than that of YOLOv8. Experimental results show that the
proposed method effectively improves cartoon character face detection precision while compressing the network model’s
size. Thus, the proposed method has proved to be effective.

Key words: object detection; cartoon face; GELAN; attention mechanism; YOLOVS; shared convolution
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i H AR G N H

h
- A
—s
Bl 15 FAE H SR =
Shape-ToU (#3155 2 A F Fros:
|Bn B
~BUBY| ©)
7% (Wgt)scale 2 > |
= (Wgt)ycale+(h§t)sqflle ,.- (7)
Ay y
Y 2\>.<‘h$)scale
: (wgt)scale_{_(hgt)scale (8)
gt\2 gt\2
Xe—X -
distances™® = hhx ( ‘ 5 ‘ ) +ww X ( ‘ jc ) )
c c
Qe = N (1-e)’, g =4 (10)
t=w,h
h |w - wgt|
W =X max(w, wet)
(11
|h—he!|
W= WX ax ()

Hd, scale WRER T, SEIEEF B REA K,
ww Rl b3 5 7K T e TR B 75 9] A R4, HL(E
5 GT &WERA J¢. HXT R E‘Jiil??ﬁ@ﬂﬂ?ﬁ%?’ﬂ:
. L
Lshape-tot = 1 = loU + ditm:ﬂc.eshape’# 0.5x Qhape  (12)

" #

3 L5
3.1 SRR

SCEGAE RS 1 AR SR N A ZE 2020 EA
T %48 45 iCartoonFace!'® |, %% ¥5 45 1 389 678 1k
5013 Nl A EBHR R, X e BUR T A S 4, 14
FHAE, %2380 FCA A B S v, 2 H AT SR 1 SRR
R, PiEm. IRFEE RS, Wi 7 EEHE
SR 2 AN 5 L, AR IR R R AN AR L. B
EHHRIBAY AT Z, B3 T 2AE KRR+

-

-

FR - A ). 2k A v T s A D ) PR 3K 60 000
gk, HrAIlZR4E 50000 3k, X4 10000 7K.

SEISAE FH I EE 2 RS2 9 Mangal09-Face. (4
£ )\ Mangal 09" VE J5 3k o B IR 3R, 6 21 142 1R
BG4 18 9:1 B B9 K Bl 4R 4] 70 D I 2R 46 AT X
4. Mangal09 %MV i i 2 AR S8 2 1] 138 1) P15 20 Ak
AL SO A O TS HEAT RN, R 7R 251 B Manga-
109 i Face LAAMNYIIT A bR, Ab P2 )5 45 21 K4 45
Mangal09-Face. " \ \

3.2 SEWIMEFIFEMN E‘ﬁ Lye"
zt-tiii%é?’m%@ , AEZE (R) FIP-IKE L (mAP)
(AP TRERSR AR 0 . 4 2k T
= TP

. P=—— 13
TP+FP (13)
TP+FN
1
AszP(R)dR (15)
0
1 <
mAP = ;ZizoAPi (16)

Horh, TP R IEHR B A IE A ER AR, FP 5%
SRR IE K00 SRE AR RO, FN 2R R 3 6
KIIEREARRR, n RO 4 PREA R RIS, 1
§b, 34 18 T ¥ AUZHE (GFLORs) FIBHIR, LA(H %
VPt TR (O . GFLOPs 37 Tk
4 T TRV 5T BRI A 0
fir, 4R BYHUT I 10 (2, 07% A BRI (FLOPS) 941
E:SGFLOPs 15 5 B8 (0 15075 5K, 3 3 FH T3P
AU SR B RACR B SR, S8 ¥ GFLOPS
B R R R 7 BT £ () 5 i CPU M GPU (1115 %
VB, FA TN ZREH B, 3 th 7] fib 2 B A 75 3 0 2 fry
IF)3Fe 52 P L V55

AL 525 7E Windows #:1E R4 F 47, K H
AMD 5600H CPU. NVIDIA GeForce RTX4070 GPU.
8 GB 4%, Python 3.11.4 + PyTorch 2.0.0 + Cuda 11.8
PRI, 640640 Hi N BE K/, IR R Wik AT 1
. WA ST 200 0.01, BUE BEIIF T 1% )y SE-4, it
KAEN 16, SERF T8 0.937, 2%k 200 4.
33 TEHSEAG MM AERTEL

A YOLOvV3. YOLOvS. YOLOv6. SSD Ail
Faster R-CNN 5.5 5 YOLO-DEL HiE#E47 1 L. 45
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R 1, mAP BARSCHF S T 3.33%. 3.31%.
2.48%- 39.33% Al 38.23%, ASLHIESHE /77l NI
14%-+ 67%-+ 39%- 2.7% A 1.3%. 5 CHR[8,91%F L,
mAP 53 53 37.17% F1 2.61%. YOLO-DEL 5 HiAth
B G B L% B, YOLO-DEL 7€ mAP UL
GFLOPs IS & 55115 2 B0 o i MR 7 T AR A T
FoAb AR AL,
% 1 £ iCartoonFace 44 X} b szib

Xof He AR Y mAP (%) ZH& (M) GFLOPs
sspt'” 51.03 61.72 24.1
Faster R-CNN!'™ 52.13 138.76 —
YOLOV3-tiny™” 87.03 12.13 19.0
YOLOv5n™” 87.05 2.51 7.2
YOLOv6n™" 37.88 424 11.9
YOLOv8n!'" 89.10 3.01 8.2
SCHRLS) 53.19 — —
SCHR9] 87.75 ANy -_
A3 9036 4 169 46

S PR BURETE ) 8 P, A< S [FIIN 3 40 4 Manga-
109-Face #EAT X LS5, 413 2, 5 YOLOv3-tiny .
YOLOvSn. YOLOv6n. YOLOv8n. SSD Fl Faster R-
CNN 5 J7 3T 1 LB, 10 B 5RO/ T T, A%
LR HIE S Mangal09-Face _b [ REARELH T4 34
FHEL T SCHR[6,9] , A SCHVE mAP 43 4 & 15.12%
1 3.46%, WEB T A SCERER T R AR A AR Y.

# 2 #f Mangal09-Face 44 Fxf bbseih

o b 7R mAP (%) ZH & (M) GFLOPs

ssp!'” 67.10 138.76 —
Faster R-CNN'¥ 15.70 61.72 24.1

YOLOV3-tiny!” 87.13 12.13 19.0
YOLOv5n> 90.11 2.51 7.2
YOLOv6n™" 90.76 424 «11.9
YOLOv8n'"" 90.91 301" 8.2
SCHR(6] 7620 & — —
SCHRI9] . 87.86 — —
A 91.32 1.69 4.6

3.4 AEEFEIHLHIREN M BEXTEE

N TR B E ORI, HHITE R E B, B Y
FEE A 5B E H by s B EN YDA 1) R 850 A o
P, /£ YOLO M %% 25 44 3= F 1) SPPF B iR A T
4 AR AL AT 5248, R B2 0t 5H
RHARAE ORI R B, PRI H AR X3, #E— P4 m T
W4 28 RIS I BB 7. X6 5 A [ 15 0 AR J ML bl P s
BT SRA BT R LG R, B 0 A 0 78 AN 5028 TR 2 1 15 0

162 A4 ARH % Software TechniquesAlgorithm

N A TR AL 3 s AN [F] B L,
5 DA. CBAM. SimAM Fll ELA yE& /7. % 3 @il Lt
¢ SPPF HEH S I VE AL B 28R, AT TR BAAS HY
4518, M ELA VEENLHIE mAP i, 155 90.5%. 5
JRK ¥ YOLOVS #EL, mAP #2755 T 1.4%, ELA [
EERE T MR YERE, #id T DAL SimAM
CBAM ¥R LG R ERESE . ELA 721 U8 A &L
REAEAR J2. 07 T 22 A HE bR 1) 2, PR RAT ISR ELA
St — 4R I 4% (1 1 e "
%3 JERJIHLBRE LS R
ERINE P(©%) R(%) mdP (%) BEE (M) GFLOPs

YOLOVS8 90.1 811 89.1 3.01 8.2
+CBAM 904 81.8 89.6 322 8.2
+DA 90.5 82.0 89.8 3.27 8.4
+SimAM 90.2 81.4 89.3 3.01 8.2
+ELA 90.4 83.4 90.5 3.07 8.2

3.5 A[EIH S ek M) 1 s X EE

N T IAE Shape-ToU WL #EYE, FAT1E A Shape-
ToU Al — &8 =y 32 2k B 206 YOLOVS 34T 17 X Ll sk
05, IS4 R LK 4. ] Shape-loU 1E Nl A &k
BRI EUN, BRI mAP B B, Fo EE YOLOvS JE 2545
AUE F CloU W mAP % 0.8%, [RIFF 47 LA SToU Al
WIoU 43 5l &5 0.6% H1 0.4%, 148118 ] Shape-IoU 1E
yopul iACIE Yo Ve S =3 T
3.6 TR ¢\

TERA LT, 3241 DBBNCSPELAN fibh # 4t
T C2f. kb, ANSPPF BB 5| A T ELA VER ). 15
neck 1, [ DBBNGSPELAN ##: C2f, 36/ LWSH
4B K1Y Head #5%>. 5552 1 H 200 I i
FRAE IOV, [R) el v 5 B 28 FE RN 2 8004, IR A
W7, 8 5mAS [ R RN B AR IRFE SR I RE 7). e
F A CloU 5k pR 305 49 Shape-ToU K bR 3.
T VP X e G o A TR R B s, FRATTEEAT TV Al
SEEG, 1D I X LS AR T IR I R A, H ()RR
AN [F ST 1 5 AR

K4 BURRBONT LI 45 8 (%)

R R HL P R mAP
CloU™ 90.1 81.1 89.1
SIoU™! 90.7 81.4 89.3

Wise-IoU?! 89.7 81.8 89.5
Shape-IoU™” 89.7 82.5 89.9

e 5, B 1 g YOLOvS FEZ Al #iA 2 iR
Jin 7 DBBNCSPELAN - L. [FIFEAAY 3. #i7 4
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AR 5 53 HM N LWSH. SPPF-ELA £ Shape-IoU
B ) 25 5L S50 IE BH 43 ) B fd A SPPF-ELA Al
Shape-ToU #H A5 7 mAP 15 2035 FH, 40 51 5l
F DBBNCSPELAN Fll LWSH i /b A5 1 2 %5 2 fl it
SRR RRCR. B 6 AR 7 AR R 2 Bl
B gk A LWSH Al SPPF-ELA [ 2H & 48
SIS T IR IRCR. 5 HAWBIR A LL, B 8
T, Y 4 MG G AT, mAP F8UE B ey X L
AT SRS BRI 47%, GFLOPs [#1ik 44%, mAP
Tt 1.2%.
£S5 THASEE

DBBNC- mAP ZH
A LWSH SPPF-ELA Shape-IoU ..~ GFLOPs
SPELAN (%) = M)
1 x x x x 89.1 3.01 82
2 \ x x x 89.4 226, 62
3 x ~ x x 882 236 6.6
4 x < J XN 905 307 82
5 x x x4 v N N899 301 82
6 \ Ty N B Yo 887 162 46
7 A Vo N x 896 1.69 46
8 v \ v v 903 1.69 4.6

3.7 LIERAK

ik — DI U AR Y M BE, 7E #0448 iCartoonFace
A1 Mangal09-Face bJFfErMLALSLEE. B 16 A4k
SRR, Eon T ANATE 5 YOLOvS fil YOLO-DEL
(ARSI T AL 45 . & 16(a)s (¢)- (e) N YOLOVS [
FrgE R, B 16(b)s ()« () ¥ YOLO-DEL FAGl 45 5.

TEFE 16(a) 1, TRIILE AR b2 vl 1), (HAS 12 oK
A b5 AR TR U D R E A T HARAE /N H AR
TR, W B R, AL 2R, B 16(b) IERfaRN T

L P o b /I AR, LI HEA. 76 16(c) P b

A7 B DRSS i, 1T L1 6(d)
AL 1 A T . ) 16(e)(F) Mangal 09-Face %
TSRS T B R, 1 16(6) o A e ok
(/1N FL AR S 7E T 6() HhA3 5] T ER R I, M 16
BoREERRE, $2H1) YOLO-DEL BVEER T 4 Mok
RGBSR T RO [ R B, T ARG I
SRR TEG BRI, IR T SRR A R, S
T AR SO TR B 1 T Rt

45 1 JTik, YOLOVS 4 S PEREAE 75, X st ik e
1 JHE LR AR [ R (H 5 R 25550 ) YOLOWS HiLL,
YOLO-DEL # % 5 i il -5 A, 58 38 2 T4l
TG YOLOvVS #EAT A &t X M ) etk 48 1 7
W5 TH P REAS 2 T BT 3

K16 Adgs Rt
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i REHE

AR SRR R 8 A T H AR R R RS
A4 BEAR/NMAERR AL S —FPEET YOLOVS 1R I8 £
BRI RY YOLO-DEL. ¥ 4, 1 FH it E 2 5ik
451 DBBNCSPELAN, fRAIE 1 #6018 55 FIURS B (1) ~F- .
R, B E g N — Aéz.jj ELA (=R S,

ﬁi%ﬁ&ﬁ SPPF-ELA #i8t, £ 5 1 /N B A B4 I 1
B, ot T BRIk, vaZ/J\Tff;iﬂﬁs A
E, 5| NF K B #1 Shape-ToU A% JFUA K CloU 43 2k B8
B, e TR U SIGE 2L i — 25, 1E iCartoonFace
F Mangal09-Face P /M4 5 BIFJe 1 SEie, 785K
s R mAP 5y WL T 90.36% 1 91.32%, tHLL
YOLOVSn #2751 T 1.26% A1 0.41%, ZHUE KT 47%,
GFLOPs [#{% T 44%. t4F, 5 YOLOv3. YOLOvS #ll
YOLOV6 2 M 25 5 A L, YOLQ-DEL 7£ %4> 75 [ #
T3k e AT AR, LA R e R S P i R e
W T LR R TR — B R I, DA

BALE BA PR 137 55 v (3 R AN R

SE 30k
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