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Abstract: As the core carrier of intelligent interaction, innovative breakthroughs in digital human
technology are of crucial significance to the in—depth integration of artificial intelligence and the digital
economy. Focusing on the field of computer vision, this paper discusses the two core themes of digital
human technology—modeling and driving—and systematically sorts out the characteristics of relevant
datasets and evaluation methods. In terms of modeling, the research starts with traditional geometric
modeling techniques, covering refined three-dimensional reconstruction methods based on mesh
optimization and point cloud processing, and further explores new paradigms of generative modeling driven
by deep learning. In terms of driving, it focuses on analyzing human pose estimation and facial expression

transfer techniques based on video sequences, as well as speech—driven lip—sync generation algorithms
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combined with audio features. The scale and diversity of datasets are vital to the generation of digital human

appearances, while the sophistication of evaluation methods allows for a more objective measurement of

generation performance. This paper systematically categorizes and summarizes representative works in the

field of digital human modeling and driving, analyzes the advantages and limitations of existing methods,

and prospects potential future research directions in combination with current technological development

trends.
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Fig.1 Static modeling and data—driven
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Fig.3 Process of 3D scanning and reconstruction
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Fig.4 Visualization of human model processing
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Fig. 5 SMPL parametric human model
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Fig. 10 Generative methods guided by text or labels
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Fig. 11 Examples of images generated by conditional

generative methods
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Fig. 12 Speech-driven method based on generative adversarial model
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Fig. 13 VAE-based audio mapping model
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Fig. 15 Generative model based on neural

radiance fields
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Fig. 16 Generation method based on diffusion models
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K OHEMIKBN AU N 2B BIRE . R 1ITEH )
T A BSOS E TV, R S
I FH 3 5 0 DG O R B N e A TR A RE 1 OC B

x1 ERBEEEHARER
Table 1 Detailed information translation of commonly used datasets
B AR Ffy BK/h BEFA FE KEE E 9N B A
GRID'™ 2006 27.5 33 33000 X 360X 288, 720X 576 A A TE T A
CREMA-D" 2014 11.1 91 12 N/ 960X 720 AL & A —
TCD-TIMIT " 2015 11.1 62 6.9 000 X 19201 080 WAL A5 Z S
LRW 2016 173 1000+ 539 000 X 256 256 AR S iE 16 W £
MSP-IMMPROV"* 2016 18 12 652 N/ 14401080 IR IR LA
Voxceleb" '™ 2017 352 1200 153500 N/ 224X 224 LA —
ObamaSet''"”! 2017 14 1 — N, — AT —
MODALITY 2017 31 35 5800 X 19201080 O LA —
Voxceleb2 " 2018 2400 6100 1.1m N, 224X 224 4t —
LRS2-BBC'™ 2018 224.5 5004+ 140000+ </ 224X 224 [EIN-Y &N 2
LRS3-TED" 2018 438 5000+ 152000+  ~/ 224X 224 [EN-T &N Z WS
Lombard "’ 2018 3.6 54 5 400 N, 720X 480, 864X 480 A A Z WS
MELD"" 2018 13.7 407 13 700 N/ — HUA B SCAR
RAVDESS!! 2018 7 24 2 N 1920X1080,1 280X 720 [ 1 T AL £
LRW-1000"" 2019 57 20004 718000 N 1024X576,1 920X 1080 A 540 ScA  IE RS
Faceforensics+ " 2019 5.7 1000 1000+ N 512X 512 U NS 1E AL A
FFHQ™ 2019 — — — X 10241024 EES —
MEAD™ 2020 39 60 20 N/ 19201080 WA |55 H Z WS
HDTE! 2021 15.8 362 10 000 N/ 1280X720,1 9201 080 A
TalkingHead-1KH" "’ 2021 1000 — — N, — AT -
CelebV-HQ"" 2022 65 15653 — N 512X 512 WA -
Multiface' ! 2022 — 13 — N, 20481 334,1 024X 1024 RN Z WA

P AT IR B 288 H0 AR A O 0 N A 1 Bl %
U5, A O B ABLTE T30 5 8 Jo 2 I 10 000 45 4 5
I3k iz Bl g TR R A RS L, BN, Vox-
cele!"™ il Voxceleb2 """ ¥ 45 45 1 1 22 P01 R 3R
WA AR T RS MR 2 VR B HE o B AN 4
BT EE R IE SRR . AR, S BB
T BURER N FRE 5 o 2 W X AE — E R b BRI
THAEK AR E RS RN IV ). 5 ZIB T
o %) & TalkingHead—1KH"™' 1% 86 4 8 DL & 4
PO T B A4Sk FRIB S H AR A LA
AT YRR AT BE 51 K LA KUK o it Ak

HDTF #8681l Tk e sh ik & 28 T
22 K G TE S 200 0 AR R 3 R R R B A R AR R A
R 1% 407 2 21 1 35 AL 1A 1 400 Bk iz 3 R R ok 1 g E A
b, Ry By N TS ORGSR
{F 2 B Ml 5 1 SRR AR R B AR 3 B X 7R AR KRR
JE i 2 7 HAE T USRS AR i T

T 1 5 9K 2l A AR AT I, 5 A — L (R 2B B
B RAEHEARTTEREMEN . CREMA-D $fi 4
8 3t T B F R TR M T £ A R AR 2
(] AF G [ LA R 4R 7 =X L il 2 22 R A &
ok o LRW Bda 4L B 0 Rz sh A A
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B Ry 1 10T RN B S A A R o B AR 4 AR T AR
G PR 5 B T e BRI T i G SO AR
fiE 71 . MEAD %l 46 78 $ R 48 b 1 B A %8
e, AL 4 KA PR 4 I 1 32 A [
0B R I, RE 0 T 4 T b e i B N ) TS A
B R R B AP AT B 0 B0 4 RS s DL S 15 TR
M2 S BALT R

Z RSB AR kR BTN R G
(AL S HRAIE T 4y (7 B S . X B AR
T ZMEENER iG-S SO WA ReiE 5
A TH A IR B0 N R AE FAT S . LRS3-TED
BAG B G TE E SOARXT T TS G A S
Z UG B RSB A B AN R R UM R
T RBAFERS. FFHQ B8 4 B4R LU 4>
P T I AR A T B RS R AR T
Ja& P 1l e LA T R E S PE A i & o Cele-
bV-HQ #4438 2 il & 5 Wi A 5 2 RS
W SCbR I, 7E A5 WURE S ol A5 Jy 18 R B0 4 2 oy
B4, SR T H AR A 22 Bk R I AT RE B2 i 5 ol A
R 7 A e

25 T IR AIR Bl 25 B B A I8 B B
By T HLAT Je RAGH A A2 BR R R4 A, &
SR By 24 A A Ay 1 R e S B 9 B SR A
H T I 175 B 4 B B — 1 R R LS. RS Bl 4R
AR P A SRR SCRE O AR 1 500 A o ) L A
(i) 0 8 SL )2 T b 38 R A AN — B, Gy S B I st
SR RO 1 v AR R — N TR AR D ), R
KM TE I A 7 H A Ak 22 A5 2 R v B 4 L LA
fiff- TR >4 T ICHE AR E BRASE T R — B0 AR
(7] Fsf 30 Ao B A 2 3 T L) 45 T 7 AR HE AR 4
THECHE R FH 28, 38 43 42 6 22 150 25 5080 22 1) 1 G B¢
PEWWNIIE &I ZN =S N o qi
[ESES 47§78
3.2 FHIERR

AT VEAR BTG Sk A BB R0 T A A R &
KHE, Chen S5 G BUAR g 4 4> & HEBR fE X X
ST FEAT VP AL - B O R A 00 T R R 2P
HE SR EAE . ARk Sy T AR AR B 2, (R AR R AR
/bR [ B L T A 5 1 B 2 B A o 38 R AR R A
FERE— AN D7 R HE o FEUEIE Sk A B, o
e /IS AR B T 7z W . PP A AR T
B AR AT A 0L T = R bR AR 4R A T K
WL PE Al o AR L RN T A2 A AT R
fEH5

4t Ky AR L M 8 % (Structural similarity ind-
ex measure, SSIM)"#' & — Fh & 1% Jf & ¥ 4 7
P, FOHS FE R IR TN L FR G S5 A 5 B
o UM | A% 8 R B = PP AR vk O R
R PR 2R WL T 2w T RS AE BAE N
AL E I R AR . SSIM il i Ak [ 4
SEM AR SR AR AR B PR A T — R AR A AR
BN G BT VRN RESE . SRR e 54
JER v, SSIM AT

(2u.p,+ C1)( 20, + C.)
(st it C)(ol+ ol + C2)
(1)

Ao p, A, 5300 R R & F y B 3AE 50, Rl 0, 53
R R o F1 y B BRTE 22 5 0., R R o Ry I B 7
285 C M Co N 18, e o B F R O o

g {4 {5 " tb (Peak signal-to—noise ratio,
PSNR) J& — |7z fdf F i) % 5 £ VF A 48 b L
b AR AR RIS D G PG 22 ] Y 38 T 15 2l o
Az B AR ELRE o B Y PSNIR A 387 A i 4]
%5 IR R R Z 18] 09 28 5 800 EHR o 347
HEAXIT

SSIM(I,y)Z

MAX?
PSNR = 10-1g,,

MSE
(2)

2

1 2=t :
SIS K )

mn = =

Kb - MAX O ER A U (A 5 5 6 s MSE #5705 %
2251 R )5 IR S KO AR LB s m Fn 43500 O T
BT EOM A%

FID (Frechet inception distance )" & — ff Ff]
TPEA Az O T I 2% P BB B H8 AR, LR AR
8RS A ) R AE 4 A A S P A AR B
PEo B R — A BN 25 A TR 4 BT )
TE ey HE o YR, R I SRR AR ) B AR R 22 0
G343 BTG A R R L SRR Y 34 R
Ti R o )R R O A A R A X
A 1w 397 53 A 22 T 1) B

FID=|p—p. | + Tr(Z+ 2. —2(22.)")

(3)
T e FLZ 53 530 O A S0 1) 24 (R B 7 22 0
W 5 e R X 23 S0 iy SRR B B4 2 AR R P O 22
%E%O

MSE =
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LPIPS (Learned perceptual image patch simi-
larity )" 2 — 27 2 15 3] A SR PELAGOAR Bl 32 4t
Tk, B TR S RPN SR AR A R Y 320
FIWr . LPIPS 5 Z LA SCHEL IR, ¥ e 48 E A
G o 1 e, A8 FH T I 25 10 T8 32 465 AR 0 5% 2 B
1565 L2 BRI R R y, My s ok kAT 0 — 1k, 7%
FREAE y, F ) T BR AN 7] 4 AE 38 8 22 8] rY R 22
S R AN H — A RRAE 2 R B A ML B A B
[ IER Loy SR T SR LT K=l e o < I DO
Jiv A BUZ B S AT SR A 15 B e & LPIPS

PR IR AT
1 . o 2
d(l”, IO):ZH/W/ Z;H w/®(y/,hu- *y/,/,w)H
(4)
Ko H R W, 4300 SR 5 )2 RRAE LAY R R S
OB S Ive ¥ 3708

LMD (Landmark distance )"’ J& — 4~ ] T ¥

fiti A LB i T 32 Sl A A R B BT R b o
B IS AR L S AT P T 7 JBS: A8 AL A5 22 T )
iU LA BB, O 4 B[] 4 B2 s Ak 0 Ay
I — Ak 05 4 5 R P W i s S O KT . AR
1 LMD {E 3 78 A2 B9 5 #1012 3 5 152 s iz 3)
SR AT, DT S e 1A Y 7 i 5 2 A AT 55
EArERERI . HE AT

1 1

T P
LMD:?X;ZZ

1=1p=1

LR,,—LF,, H2

(5)
T S LA B I [R] 4 B2 5 P ok g AR L TR
FEAE S REG LR, , A1 LF, , 49 0l Sk 5 SRS AN &
PR AE B5F 18] 2 0 p Kb 1) s 30 AR AT A A s o
AKD(Average keypoint distance ) Ji] 5 & 4=
I PG v 118 G B S L S AR b oxsd iy SC B A 2 T
HF IR L BB R VA A SR B R T Y i
SR LA R R B R RIOCR

R2 NERHESSENRFESERRBFEENEEITMLILE

Table 2 Comparison of quantitative evaluations between bideo—driven tasks and audio—driven

tasks on different datasets

BT WA PR AR by i A B 1T 15 2 4 X LG

T b BTN
SSIM 4 PSNR 4 LPIPS ¥ FID v AKD ¥
FOMM"™ 0.723 30.390 0.199 — 1.294
Face-vid2vid ""* 0.761 30.690 0.212 — 1.620
N— DA(;ANT‘%*' 0.804 31.220 0.185 — 1.279
MCNet' ' 0.825 31.940 0.174 — 1.203
Head GAN' ") - 21.460 0.112 36.100 -
X2Face!™ 0.719 22.540 — — 7.687
FOMM"™ 0.790 23.280 0.160 33.220 2.950
Face-vid2vid ! 0.810 23.590 0.160 35.120 3.100
T alkbead— KL TPSM“” — 25.530 — 32.770 0.983
LIA" — 24.430 — 38.890 0.932
DAGAN™ — 23.930 — 34.350 2.405
IWA™ — 23.320 0.150 — 3.480
BT U A0 R AR S AT B B I R R L
o o RO
SSIM 4 PSNR 4 LMD y
DINET"®! 0.943 30.008 —
. Wav2Lip'® 0.908 29.288 2.890
HpTE MakeltTalk'®’ 0.751 19.860 5.460
Sad Talker ™" 0.770 — 4.070
DINET!™ 0.920 29.118 —
MEAD™ Wav2Lip'®’ 0.899 28.539 4.050
EMMN'®! 0.660 29.380 2.780
SadTalker®’ 0.690 — 4.370
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F2HIL A TN ET S M7 A SOTA J7 B 1E
TR 9K 2 A 55 1 439K B0 AT 55 B0 46 1 o
P25 5L B AR 7 2 78 W) — B0 2 1 0 1 Re kAT
TR DR E A S5

4 np

TESZ AT B AN A R TR 5] 61— 3
B AU 0 T o LACRRT FL k) LR AR Sk
FACS(Facial action coding system ) 5 % T £ 4t T
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FERONAS, I B VE AR Rl 2 U3k 1Y Sk 5
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A Ry 87 [ FH AR 2R N 25 R AL R 2, e A0 0 1
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UCHE RIS S A H P B o AR N C
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B AT 7R T Mg S TR 5 P B SR
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Wit 5 A 1 A W7 3 20 RN B TR AL R DL ER
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BB AL T B Ry Al BEME o R 40L 2T RE 08 3 i S N
ZH 52 R IF A A, i E A R
THT 08 S 17 398 iR A AR o B T AR o A Y R UE
FZRE ), M A2 RE U8 7 48 — M 2 HE 2R T 42 1t
o O A URRR N A ) B AR A 2 A A R S I A
o] B SR R R SR A PR

B N H AR I P e R TR AR A 2 ATk Y
AR RAS IRy o DN HE FUL 324K B0 R BE % e, DA B 9Tl B
FNHE R, BT N 2 I EOE 17 52 bR
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18 3k — 25 )R 3 B 4R e B OB A
2 IR TV ) L AR B N 2 A 2 e R R AL R
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5 45 i

AR SO BT N AR B R T 15 5 9K Bl o e
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Y 5% 75 b U 2R R (LA A A R R 305
BRI HAR T8 LU 344k B

(D) FE@BE AR Z 00 YT % 58 LA i
TR 2 ) BT AR . (B 5 o  lET
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I QT UART 2 ) S5 B0 v N R 5 b A 3 1 X A
J&E R R 1S LIRS 3 5 BAFE N A &
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GAN.VAE NeRF % 42 ¥4 5 9 %4 4l 3% 3 1) 4 1
AR, Hoh GAN RE A pl i 1 E 4R
NeRF i iof e X 5 55 3 50 B0 22 00— B0 = 4k i
Yo | § HORSE TR D) A SCAS 5 5 AR R B R T T 4R
PE o HTR BE 2 2] J7 1 M R R i o e A 4
H A AR T+ 5 A &, S I PR A

(2) 76 5K 2l 2 A 2 T, W55 39K 2l 55 5 40 5K 5
A MR A IK 2l e B IO R AR E Bl R AE S
M VEE R, X 07 2k 5 1 568 5 1 FOMM
BT M A% B HeadNeRF BE14 88 5 ) 15 B, {H 4b 1
YRR R R S AR B 2 L e X O ki i
R 53 7 B TH AR O B A2 R T RO I A
P B BK Sl S AT O A S A IR 2B
S5 11 2 BRI 52 B4 A I A IR R L A 7Y
Wav2Lip 19 J& [F] 25 3 51 5 & 3% 42 74 10 3 — S0k,
B AE R SR RS S EAEM
[ia] f

(3R £ 5IPAG 2 1w, A PR 2 AL
S ACREAE o K 2 B B Voxceleb il 5 52 B
BB AR R BN, 5 4K 2 B 4 LRW |
HDTF & & J& 2l [7] 20 B 1 J8bs 18 A R, 21880
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15 I, AV T I A5 285 X6 5% 4 3 A3 55 00 i i s [ 26 11
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PR 508 sh R B (R = X IR — S 5 Y
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