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Abstract  Silk Road culture is an important link in the Belt and Road strategy. Its heritage is of great
significance. However, due to historical and geographical reasons, the representative historical heritage in
the Silk Road culture is scattered or damaged, and it is difficult to present the historical heritage effectively.
Therefore, in this work we propose and implement a virtual reality platform for the Silk Road Cultural
Heritage. Through historical restoration and image-based 3D reconstruction, we effectively restored the
historical sites, cultural relics and events of Guyuan of Ningxia Province in China, one of the important
nodes in Silk Road Culture. For outdoor historical sites, we use a DJI Mavic Pro to capture 4K video clips
of the giant Buddha of Xumi Mountain in a sunny day. For indoor cultural relics, we use a turntable with
digita single lensreflex (DSLR) camera and multiple light sources to capture high-resolution images in 180
degrees. Based on these image data, we propose a simple and efficient multi-view stereo 3D reconstruction
method for high-resolution images, which consists of a norma-aware PatchMatch stereo for the
high-quality normal recovery to represent the detailed surface of the cultural relics, and a GPU-friendly
incremental depth map fusion method which can fuse a large amount of depth maps by leveraging a small
size of GPU memory. The high-resolution input images are essential for representing the geometric details
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in historical sites and cultural relics. However, the state-of-the-art depth map fusion method needs to import
all depth maps and normal maps into the GPU memory, and then globally fuse the depth points into the 3D
point clouds for each reference image. Nevertheless, the space complexity almost linearly increases when
the amount of data and image resolution increase. For instance, doubling image size will result in afourfold
increase in GPU memory. Due to limitation of GPU memory, this kind of global fusion strategy cannot
address high-resolution input image data. The proposed incremental depth map fusion method in this paper
mainly consists of three steps: (1) We first set a reference view and a counter map for cross-view
consistency check; (2) Then, we import a neighboring images of the reference view into GPU memory each
time, and perform the cross-view consistency check for the depth points in reference view. And then, depth
points are accumulated, and counter map is also updated. We then release the memory of these o images
and import another o images into GPU and repeat the above operations; (3) When al neighboring views are
processed, we can fuse the depth points whose values in counter map are larger than a threshold. The
quantitative and qualitative experiment results on the public multi-view stereo benchmark as well as our
captured datasets clearly highlight that the proposed method can recover the detailed surfaces while keeping
a good scalahility for the large-scale image data. The reconstructed high-quality 3D models of historical
sites and cultural relics by our method can effectively support immersive virtua reality applications,

playing a positive role in the dissemination of Silk Road culture.
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SCR PR R 5 (1 R 5 438 1 L8l i A 40 e R
SRR, SRSk IANE I i KB E R 9.

PatchMatch stereo i SGHEHLHI LA b I Ak
{8, J7 538 30 58 BR T 4B 1A% 15 (propagati on) AT A% 1k
(refinement ) 25 BR S AS Wy i 00 A4 % B RN ik e Al i
FESCER[A7D 48 ik, SR —F3ET GPU 1Y
O MM AR AL R R, AT LAE SR B8 AT fL
REABIR TR Sk 2 lise. Horp RS bR — a0y
e, AW HAE S /ISR DX ) P BEAIL 54 B AN B TR B
AR, SRMAHLIR R, TR a® 3 MamE,
W AE = A i bR R AR G R B RE. [F
A AEORG B2 TR 8ok 3 B 0 45 R TE IR & S
RS L. R T HRFEL S, A SURIERT
M TAE, RF—f normal-aware ) PatchMatch
stereo J7 ikl BT MFTAG AT BT OB Y
TR, TR T A A B

[F X T2 MR st , FERTA 1R R E#E TR
FERGAIRE AL ER, PR 0 5 55 SEBR X R A& 1Y
S, o H BT A AT, Ak, ARSCE
SRS IS S Xk, IR AE I X B RS LR K
s SR ZHBESE I, A (7):

M(p)=

. . b ()
AT (P &)-A(7(P): €)-A(7(P): &)

HoAfr 17 (p), 19(p) F11°(p) 43518185 1 (p) 9 R,
G B 4. A(% t)E— P {ERE, Y4 x>=tiH{E
A1, HIAEN O.

44 EEAREEGHEMZEREEMS
R T — A AR RER {D;...D; ... D, }

Ja, B2 B AR X TR L 1 AT R A 14 S B3R R

B, AR YR . SCER[L7]4R H— PP R Rl A 7
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2, X TAEEMRBEE do FIREZL np, Kl 546
B I — 2k, nast (8):

fﬂdwnpy:Amp—pm<eﬂﬁ%%~np<%) ®)

Hrb pi 2 p W ABEIR LI D, iEBUEALE, H
A A p TERBBRIEME 1 BXS R g 28 i SRIRTR
Bl Dy iR ng RAEBRRAE g ki A,
S MG T R L R AG THE R oA 2 E
4R AL (9):

Y fi(dy.n))=p 9

jeq(i)
He i) MR TS %M 1 Z MK T 4L A .
B R SCHYBIE, Sl — S, B
d, AL n il Bk — B R, Jf H—2
PESRIR IR B R Q') < QG) , WHEXH B = 4 55 X,
5 HTA 5% =4 — A e Q') T =4k
X FH1, s (10) Frs:

[XPJF 2 Xqi]
X = Je() (10)

P 14|

Rl ik RS A R R s, Ok
O &8k N B G ) = 4 s B TR, R
MAE FaRSCE R R rh, SCHR[L7) 7 675 226 ir A 1Y
R R ALK &I A R B, RIGEANS%
PG AT LR Al A e rE. Hoos 08 2% 5 b5 R 5%
BRI PG A IS ST (D0 R PR S KL e T MR TR B
[ FL 4 B oAb BRSO Y A, Bl LR
ReFsRk—A%, 2R ek 4 6%, BEmA
FEUGECEE RGN, A7 O PR AR R e in . SR
BECEGEIR, AR AR IR AR E A BR A, X BR A
T BRI N VSR A A SR Y — b
£ S s LA o T S AE 4 o

(1) &M hSE0M, 4 CHSHRERIF
KNI — BB R, WILR(E B E R O.

(2) XTEUGERMBRAMA | ZIMNTAE TR
R4 Q, FUIEE S A o SKEGHEA GPU 118
7, PATE A — B A. S5 IRE d)
I n, E53% o SRR LR, ATl At (8)
5 (9) Frifisc i —scrE R, .

() p 17 B 1 —EEITH 4L C(p) = C(p) +1;

(b) XF N #Y 5= X(p) TR AT 4 R 4R AE
X, =X, +X,.

MPATE o IWEGRBA —BHRAR, B
HBAF, %EEFARLEN o WEGR, HELBEEE

B4 o h T a KA.

(3) A CAFESE Q I ETA EUE, WX TR A
Clp) =t MR RO E , R HR S =4 s
X =X, /C(p).

45 RHEEE
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#, JFBT R = IR AR R X . 4 SPSR
BRI AL S BTJT BB 0 =,
) 25 ) A A 2 B T 7 R UL BR B T v ezl ol
W AR NP S B o 5 0 R AT e s 1
MR . AN SCHT SPSR i i i = 4E A% R i, fdi 1]
Qslim F LB AT 0 B A ARG 8T, AT AR IE 7 1k
) = AR AL & I AT R BRI, [A
IO BA 4 A 3 T 1) JLART 454

5 SLIHER

ARSI A P00 TAEM:, 453 CPU
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R B FER A S K RS 22 5 2 SR A
KB sratht, anZziiyRil KOk (BB ). AT
FHESFE, AR R 2 iz s XA SR
A T BL SO K FAEN] (/ATT 477 & 499 4 ),
1 20.6 K. EFXF AR L K A3 R AR R A A4 1 15 an
Kl 6 s, Zead SFM bR tIHLSBUR , = I 6
S FANUIEIE 7 Fis. &mAR Xk
A S BLR AR L Kh E 2 RAnE 8 UK.
A VA AR SO 5 T S s e an g, e R E =4k
T bR 52 4 o g 119 ) s ) 42 Do S T RS A0 J LRI 254,
TR 4 G S R I 118 o 23

[ i b DX 8 SC 0 3 4 22 o R SR A R an 1
9 Jlin. HETF X Se MG A , SCBL) = 4k d A R an
K10 iz, AT DA H a0 S0 S A S S ) J LAl

P 6 R L Rl e 341 1 15
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Kl 7 2y SFM B0 LR Bl AR i 5 2 ALFA AR AL

K8 Aokl R EEMCRE (NS, RUCEL)RE
FRERCR 7R MR R LA 24045 J s )

B9 [ LA SC R 73 Z2 A0 A RS

(@) W5 H AR (b) A Bl Bl f 0 i R

& 10
JEAR, AR H L An] 2015 3 B 0T UL [ B AR SCE IR

normal-aware Y PatchM atch stereo J5 7R SR E 7
HRYEES. A 11 Frs, A3 ELFEE 725, normal-aware

PatchMatch stereo FJ LA Ak &2 R T IA 25 B

A AE NI ETH3D _EIFINA SC
P2 A0 T A A S, ETH3DMSM & T 5y 4h
Yy i BMS B 4E . IR s KR K/ R 6,048%
4,032, XL HEAR MR RRAS BT HL g UE AR S
B TET [ e 40 B R R AR = o TR R R
ETH3D Ay E(E 5388 1 Lk RO GRS, &
B MVS ik E# e S = 5 B S = BT T
RS EEXT, PR TR A R AR SO 13 IR
£ B TR AL S,

(a) HAEITEMELE  (b) Normal-aware PathMatch 13}
B2k A

Kl 11 Normal-aware 5 # &R R

AR SCIR IR Y 3 S A R, T
TER R BRI BIRE L, &Rk E—LE
AR 2 8 dE SR B LN, KA
SO B R RAER] 1600%1064, 1EAH [A] 1R B 1K 1
B R AR E L 2 R A R Rl R S A R
il A PEA TR R O Rl ETH3D SR Fy e d Y
LA, BUEBE, FURELE. ek R,
SRy 7k A B AE R 3, A7 5 R,
B/NBAE G R 1828.5 MB (14 K KM% ), Fe K i Af
() i 3R A 4429.0 MB (76 5KEI{% ) . aJ AT AL,
TN SRKe i A BUE /N in ) 3200 x 2128, W) i 47K
#mEl 16GB L, Ut PRSI T 5t R RS
Tt 4 0L . T AR SR 3 Ry ik DR R K A
RIS 7E 182IMB LI (@=10), K BLAT LIZEA R
B BAF N AL Z 8. Eid R 1 R R
WAT LA S, $ A 3 By ik ) o o e AN R 4

* 1 7 ETH3D LFENAEMEAZEZNEFREFHEHRE
(MB) 5EERE F, GEEHESA 0.02)

2R WA MBS EEEe

LA

ol (a=20) (a=15) (a=10)
mHRE F (%) 72.88 72.75 72.78 72.63
BARBAF (MB) 4429 2400 2018 1821
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JRJT A3 DLl R SR B TR Al ik
ARk, BRI RN BRI T BSR4 R Al
Tk aE R, (HJR 4 R O 1k B S A SRR AR T fR
il 7 T KRR A . N, ST A
A ERENRIGHRER, 2RJ7kremb s
R SEEAARNE, TRERERE, AR
H RS R T IZERRAS 8 GB BB R L
7 A AR ) A 5 AR

R T 6 UE A SCHRE ) AR R
ARCHE ETH3D i 4E b5 280 T3 0y kA7 7t
I, 4% Gipumad'”?, PMVS?!, COLMAPI
CMPMV S ACMHIZ, g4 il 2, Jx 887 3
FIAR SC— B AR AN & IE AR I . — S840
TE AT B 5 2% B AR ] 4 T o A 55 S0HE X ) o
R, (RS REWRR A R E, JFHR
F AN TE S )L S RN B Y SO L A
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iR EREE X — R E R . FER 2 PASTART

Relief

Kicker

(@) H—HRAMMAREIGR (b)) COLMAPIHEEL R

F2 HEETHID MWEEAXAEMERMVSEREX(H
RAXAESANAETROVUEMSHPERNE
BER HbhmBEIRITFNER, THEIEZRF
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7 0.01 0.02 0.05 0.1 0.2
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CMPMVS 49.24 62.49 73.84 79.86 84.76
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R EIREE A, L) ETH3D 1 relief B34 1],
HALE 315k EMR, AR SCR A 1,600x1,064 43385 K

AT 25 5. ETH3D &4 HEER 42 55 b 25 15 K]
G frE A, I ACMHZIHT COLMA PN K 14 45
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e, AR T AR R RAS (1600%1064 ) F
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BAF) . B 1280 TAROINE (B PERRA )
XFHJTiEFE ETH3D Hdia 4 by e v (35 0) PEA 25
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EAHE S, £ 2 W85 REHA T, Wi e sy
REMR L PATEE T DR EET R, KU T4
2 M B TR 18 40 R PR = A o Ak Y YA
VINIE®

(@) A ET AR
K12 ETH3D Hdli R e MEITAG SR CRIELXS LTk, ol DUR IARSO W B4R T 1 B i S8 88 )
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Background

This research focuses on 3D reconstruction and visua-
lization of the historical sites and cultural relics. It is
overlapping between cultural heritage protection and com-
puter science. Silk Road culture is an important link in the
Belt and Road strategy. Its heritage is of great significance.
However, due to historical and geographical reasons, the
representative historical heritage in the Silk Road culture is
scattered or damaged, and it is difficult to present it
effectively. Through historical restoration and image-based
3D reconstruction, we restored the historical sites, cultural
relics and events of Guyuan, one of the important nodes in
Silk Road Culture. Especially, we first reconstruct the
historical sites and cultural relics, and then visualize them in
the virtual reality application. The 3D reconstruction of the
historical sites and cultural relics is an important research
area in computer vision, architecture and archaeology. The
traditional 3D reconstruction methods for the historical sites
and cultural relics rely on laser scanner, which is bulky and
expensive. In this paper, we propose an effective and
low-cost 3D reconstruction method based multi-view stereo.
The proposed method fully explores multi-view high-
resolution images and can generate the high-quality 3D
surface with detailed geometric features for both outdoor
large-scale historical sites and indoor small-scale cultural
relics. We also propose and implement a virtual reality

platform for the Silk Road Cultural Heritage.

The proposed MVS 3D reconstruction method for
high-resolution images, which consists of a normal-aware
PatchMatch for the high-quality normal recovery to rep-
resent the detailed surface of the cultural relics, and a
GPU-friendly incremental depth fusion method which can
fuse a large amount of depth maps by a small size of GPU
memory. The experiment results on the public MVS
benchmark and our captured datasets highlight that the
proposed method can recover the detailed surfaces while
keeping a good scalability for the large-scale data. The
reconstructed models can effectively support VR appli-
cation, playing a positive role in the dissemination of Silk
Road culture.

This work was supported by National Natural Science
Foundation of China under Grants No. 61702482. This
NSFC project mainly focus on the complete and detailed 3D
reconstruction based multi-view stereo. The research team
has worked on 3D reconstruction research for more than 10
years and has already built a complete pipeline for the entire
reconstruction procedure, including depth map estimation,
volumetric fusion and mesh-based refinement. The related
publications include IEEE Transactions on Image proce-
ssing, Image and Vision Computing, Neurocomputing and
The Visual Computer.
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A Multivariate Time Series Forecasting Algorithm Based on
Self-Evolution and Pre-training

WAN Chen?? LI Wen-Zhong?? DING Wang-Xiang”? ZHANG Zzhi-Jie??
YE Bao-Liu?? LU Sang-Lu"?
(Sate Key Laboratory for Novel Software Technology, Nanjing University, Nanjing, 210023)
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Abstract  Time series forecasting is a typical time series analysis task, which is of great significance for
assisting decision-making, resource allocation, and taking stop loss measures in advance. It is widely used
in fields including power, weather, transportation, and business. In recent years, time series forecasting
algorithms based on machine learning have been a hot research field, among which multivariate time series
forecasting is a challenging task. This paper focuses on the local variable forecasting accuracy of
multivariate time series forecasting, that is, multivariate forecasting needs to improve the overall
forecasting performance while ensuring the forecasting accuracy of local univariate forecastings. In view of
the above problems, this paper analyzes the limitations of the multivariate time series forecasting algorithm.
The multivariate time series forecasting algorithm SEPNets based on self-evolution pretraining is designed
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and implemented. Inspired by the pre-trained model, SEPNets first constructs and trains a univariate time
series model as a benchmark for subsequent modeling; then expands the complex temporal dependence
between the time-series convolutional network (1-dimensional convolution) and the long and short memory

(LSTM) unit modeling variables Relationship; using the former as the latter pre-training model for fusion
and retraining, SEPNets solves the problem of local variable forecasting accuracy for multivariate time
series forecasting. The experimental results show that the SEPNets algorithm proposed in this paper ensures
the forecasting accuracy of local variables to a certain extent while obtaining the relatively highest

forecasting accuracy.

Keywords time series forecasting; multivariate time series; machine learning; neural networks; pre-train
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i) DBMS REHIE, Gk 30 srhitE SRS
KPI R RE 7 A e B AL (AR R B ),
23] 704~ KPS [E] )7 31 5 2R Gtk BE 40 50T 51 i AH G
ZETE RS, FrE KPI AEFEHRR TR — RS, B
PIARTE] KPI AR AR, XTR4U KPI AHE
PERE B P8 S O 2 A 1), HO A 5 ) BUE S
FIFRIE [1,1]. [FIREHD, Foe HE At o) 2 B X B A2 i A 7
K5y, WIE 80%HR A INZRAE , TiJE Hify 20%:H
PR INASE. = A EAREN S ITHE B %R 1 R,

<1 DBMSHE&EZKIHER

B4R JSDB GSDB GSDB2
i ] Bt Sep.-Nov. 2018 Dec.2018-Jan.2019 Sep.-Nov. 2018
55257 Data Analysis Web Data Analysis
B RS 15 2 2
B 28638 12956 14452
PERE A [64,96] [0,98] [0,100]
PERESMEIME 92.8 87.3 96.6
PERE S BbrifE 22 2.42 6.76 13.1
KPI %k 70 70 70

« KBAREX R4 Solar-Energy”
B SE A 2006 4F Alabama JH e 70 GLR
FH 3l SR YR PH B, AP Rl E] S A 10 434, [RlRE

@ https://www.nrel.gov/grid/solar-power-data.html

Hiu, 5 B0HE A 4 BE S () 4 B R4 73043, AT TAT 80% 1)

BARENE INGREE, 258 20% ) K5 24 Al

AR, SR G X B 4 0 B SEAR H il i Bdle 2R AT

min-max H—{bAb3, {75504 1Y (E me g 20[0,1],

H—4b =0

_ X—min, (8)
" max, —min,

o, ming o x W /ME,  max, i x T B R (A.

42 FEEFEZ5IFMER

A Y SEPNets 257k 5 R 5154 vk 04T
L

* Autoregression(AR)* . — /> LA it B
[P B AR TNARE AR, EA A B Bl LA
T, HOBE T 20 A AR e A5OSR ) B AR
LR ISR EA 7 3 5

« Vector Autoregression (VAR)™; — A~ HL70 f1) 55
TR A m A P TR, el 2 AR T E]F
GIEVEZYERENLT RS, 7Es AR5 AR AAY Ay LAl I
Xof AR F AR OC R AT L A

e LSTMU . —ANJEA (i TR 55 12 7 S 8, 2
i LSTM JLA Fpoc s s 240 ) 8] J37 51 O 3 F &2
i B0 A [y st 50 204 T

« CNN-GRU-Input(AID-Attlt, — 5544 F
2 M2 CNN(Ld)F1 GRU Sl 22 4k i} a] 1 51 3047 15
DU 7 % B P B AR O R R A 3 1 BLHD ( Soft
Attention ) Sk42 & IIPERE, SCEEE K R FR
CGIA;

 LSTNets!™®. —AaiAERFZ M4 (CNN)
Ak M M2 (RNN) BRI R SRR, BEAS 4R
B As 1 2 8] ) 0 R AR G &R, R 2 AR
THMAT: 55 o 42 2% 1 B P Ml X

AN, FRATKEE 3.3 A4 SE() ISE LA
2 EAR WAL ABIXS LA, JF DL S AL Y
TOUMRS BEAE Ry 45 A8 d20RG B PEA i .

PPAL Z2 A0 B TR B B, X PR o 81 T
DA RSP X i iR 25 55 1 78 o ) P I 4 iR 2
10 MAED 5 I A5 725 fi ST 44 4 o] 157 25 1) 7 R
YIEIC A MAE, P

1< (M
MAE :NZ:;MAE
R TR R — B 20T 22 AR A ) S A S
(B 1) 5 PO ARLARLBE , FRATTSR FH 1) & (B A9 A 5% B S
10N Corr. PN u Al v AT X IR B 1A A 2
mr.

(9)



34 7 JREE BT A AT 2R Y 228 I ) 400 T vk 521

(u-u)-(v-v)
1- — —
||(u—u)||2||(v—v)||2
HP o unEMWE, x-y=m&E x fly s
§. Corr e[0,2] , OB/, T (1A Bt ELSE
{6 1) 2 A RFARL R R s N ARRLBE R, Sy T A
AR A8 ) AR, IROTRA T AR E
HRER2, AXWMTFHIR:

Corr = (10)

> 5w ()

Hodr g S (e, y, M ESAE, VO Y, BYIME,
R2 fH IR, Fn TN RE ) i dy.

T A 45 AR S A TREINDRG B 5% R LAY A
Y TIOIRS BEAH L2 5 AR 25, |, IRATIHE
1938025 AR S FOMEL ) -7 R 22 , 56 | AR
R H A sV ={sEM, 0D, EMV ;54
o, SeE LR SEO RS AE B R AL H, %
AT x~X2Q) (NP IRERIRZENFE T,
FH— o ir 2 N IES 6 ); e, JETFi
BEREE, MrEgeiTa, X AR E IR RS
Xof 07 B g ARE R ) TN B A L AR 257 R AT i 2
PERZES. A AR B TN R 2% b AR R R R 2
BEREITECEB (“27), FRLEITHECE A

(“ft7), HB+A=NF/RIrAZELE. N T
Aili Z2 78 5 PO 50k 5 B AR S AR AR L TR B A
PETHE O, BATRAIA A & L AR 2ZRRICR,
it 4 Ratio, HATHE AT .
(MAE(Se'i) - MAE(i))

1+ MAE®D
o MAE®®D Sy 5 i A 75 - B 21 B A8 %) 00 5%
#; Ratio AT B IUE A SCEL, BB R 55 X 1
P4 T AGG R
43 ZIBWINERSHEE

SCECHPRHLEC S N . CPU #%.0x i5, NAF 32G FiI
GPU GTX1070Ti, %&F TensorFlow Jf{fi [ Keras i&
JE2F S HESR A T 2.

G 3.3 15 3.4 PRI BSH A, A8
1t Keras #5# T SEPNets (RS RIY, 36 2 JE/R T H2E
AR . A9 S 4K

Ak, FATAEIIZRB BRI T EarlyStopping 4L
i, BRFEREARIYIad B rp, AR ARLE B AR P i —
B B RIIFAE T RERT, WS RIS, Dkt G gk

x100% (12)

Ratio = Nzi'\il

@D https://github.com/weanl/SEPNets

el i A S HOT WA R B G. UIZRad R b A
Adam ffifeeds, FFukHE T4 IRE ( MAE ) fE
R R R BHEA TR R A 2.
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Operation Parameters Inputs Output
Self Evolution
Dense units:1 X
Dense units:1 X se_pred
CNN-LSTM
ConvlD filters:1; kernel_size:1 X cl
ConvlD filters:1; kernel_size:3 X c3
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Multiply units:num_var se pred se
Multiply units:num_var res_pred res
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forecasting algorithm SEPNets based on self-evolution
pre-training is designed and implemented. Inspired by the
pre-trained model, SEPNets first constructs and trains a
univariate time series model as a benchmark for subsequent
modeling; then expands the complex temporal dependence
between the time-series convolutional network (1-dimensional
convolution) and the long and short memory (LSTM) unit
modeling variables Relationship; using the former as the
latter pre-training model for fusion and retraining, SEPNets
solves the problem of local variable forecasting accuracy for
multivariate time series forecasting. The experimental
results show that the SEPNets algorithm proposed in this
paper ensures the forecasting accuracy of local variables to a
certain extent while obtaining the relatively highest
forecasting accuracy.



