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Sensor Network Partition Based on the Spatial-Temporal Features for
Structure Safety Monitoring
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Abstract With the rapid development of Internet of Things (IoT) technologies, many various types
of sensor node have been deployed in the huge civil engineering to measure the different physical
quantities and monitor their changes in various regions of the structure, such as formation, stress.,
strain, etc. In the safety monitoring systems of a huge civil engineering, the massive monitoring data
are generated from the deployed sensor nodes. However, it is difficult to process a large amount of
data with the traditional mechanical models, so it is impossible to directly evaluate the safe operation
states of the engineering. In real applications, divide and conquer strategy is adopted. The sensor
network is divided into multiple regions according to the design specifications, simulation data, and
engineering experience. The local results from sub-regions are integrated to achieve overall evaluation.
Due to management specifications, instrument failures, environmental changes, and actual monitoring
requirements, the spatial distribution of sensor nodes will change. Meanwhile, during the operation
period, the measured data and their temporal feature dynamically changes over time. The existing
network partition based on the mechanical models ignored the spatial distribution of sensor nodes and
their variations of time series, which can not reflect the spatial-temporal features of the measured data
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change in a real-time manner, resulting in the low accurate evaluation performance. The monitoring

data in the large civil engineering is high-dimensional and dynamic spatial-temporal data. The network

partitions can timely reflect the dynamic changes of engineering structure, it should consider the

similarity of structure and force in the local area of the engineering, and the correlation among the

monitoring data. In this paper, a time series denoising autoencoder (TSDA) is proposed to represent

the spatial and temporal features of sensor nodes.

Considering the correlation among the spatial

positions of the different sensor nodes and the change law of the time series, the auxiliary distribution

variables are introduced to optimize the objective function of deep clustering. Finally, the Network

Partition Algorithm based on TSDA (NPA) is presented to cluster all sensor nodes and partition the

sensor network into the different regions based on the spatial-temporal features of nodes.

The

clustering results can better reflect the physical laws of the large civil engineering. We compare our

NPA partition algorithm, with several baseline and state-of-the-art algorithms, including K-Means,
AE-+K-Means, GMM, AE+GMM, on the public datasets (MNIST, Fashion-MNIST, STL-10,
and Reuters) and a real data set from an arch dam. The evaluation metrics are Clustering Accuracy
(ACC) , Normalized Mutual Information (NMI) and Adjusted Rand Index (ARD). Experimental
results demonstrate that the proposed network partition algorithm NPA can achieve better partition

performance.

On the public data set (CIFAR-10) , NPA can enhanceACC 49.4% and 59. 1%

higher, NMI 46. 5% and 54. 1% higher, and ARI 47.0% and 41. 3% higher than the AE-+K-Means
and AE+GMM, respectively. On therealdata set, the NPA can improve Silhouette Coefficient
45.1% and 58.4% higher than the TSDA-+K-Means and TSDA+GMM, respectively. In the
Calinski-Harabaz Index. the NPA can increase by 30. 8% and 61. 6%, respectively.
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17T W B R, T 48 0 X B e, TR 2D TR DL

HiEL
(NPA).

S M SAEESE A X = {2 fi=1, -+, n]

fan th o DR R T A K R (pli=1, s =
1eeeym)

1B S AR R AE IS S BRI S 1], @: X — 7

2. FIF—F R AR R B AR50 1 Q

3. WHILE NOT converged:

O . N m
4. 5 H AR min — — >3 > gy logp; B

HEHe
5. FHE 8 T X p, =1 (2, ©), TH P
6. [ 280, TR TR B AR Q
7. END WHILE
8. RETURN{ p,li=1,-,n; j=1,---,m}

R AE B IT @: X —> 7 3 3o I B 1 3 4 ) 4%
TSDA FE 43 2 iR R, R — 4k 3R
A [RVREAE , BIVRE 0 850 05 05 RE AR B 5 28 BRURRAIE 25
) . 38 E R — R R I (U K-Means | & BiR &
RERYSE ) B 45 R4 H bR oA Q, S BEALW) iR Ak
FANER 2, IR St 7 . i T QR R T
DX S8 23R 0 S B AT, A [R) SR 2R3 0 B A X O
S EM 7 3k K, i T HAR 2 A Q29I ih
b, 55 447 T EM J7 3 5 B S 4000 R SR ER 4y
11 P, 4235 [ 8 S48 B AR 434 Q. NPA SR [a1 ] £
J& T 45 X IR B REE S

BE T A3 R AR A X8R R oy Bk
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6.1 XWHER
6.1.1 Huite

(1) S 4 42

SR SR PR T HEM 2017451 A 1 H &= 2017
12 A 31 H A TR A B , X AT b B

F)24 35 5 25 5 B 5, B AR T s HR A s s i)
BB s RS [ AR AE GO 2 () AR A5 B AR
TR, RIS 964 AN A5, LI ) 4y B
BHERL S RS iR TFABE DIREB T RS .

(2) N TG4

S AT A JF R0 450K H Keras FEZ2YS T UCT
BLERF T Bs ™. PR L

&1 ZBRATAAFHESE

AEIE S B i/ 4% Ja /A~ Fl/ 2% i
MNIST 70000 28 28 10 T5H7 By i 4R
Fashion-MNIST 70000 2828 10 s 3 9 ot L Al
CIFAR-10 60000 32X 32X 3 10 R R B AR
Reuters 11228 \ 46 B SO A
6.1.2 Ay Information, NMI) Fl1 94 %% 2% 78 2 %4 ( Adjusted Rand

X K )8 2 25 (K-Means) il 5 # 18 A 4 A&l
(Gaussian Mixture Model) il A A 8l 4 t5 25 (AE) it
17 B AE b 58 T B 23 R AE 0 DX R 43 55 ik
(NPA) B FEMETT I - TR A TFER SR L Se g, i
AE-+K-Means . AE+GMM, DL K 34 58 ¥ i 5 2 %)
& (Deep Clustering Network, DCN){E % e, [a] i
AR B K-Means DL K& GMM ) 256 45 5 5 78 K352
ML HELE b SCaG T, i T7E NPA iR B PR
g% a8 (TSDA) # HURHIE , i — 2% K-Means il
GMM & K & TSDA+K-Means #l TSDA+GMM
YERXTLHE .

6.1.3 SLESIFHrEAR

FeT BRI AT S

(1) 2 JF %4 4 505 R R K &
(Accuracy, ACC) A4rifE H 15 B (Normalized Mutual

Index, ARD Al AR .

B2 E By R ACC AR 1 B A5 S BU(E Vi
[0, 1], B RN SRS R B 5y . IR 2 T R U
BEAEE—1, 1], AR R R E, 1 FonmtE
RHEMERE .

(2) S R 3 4R 52 5 - 16 4% TSDA+K-Means,
TSDA+GMM FI NPA 75 RIS K 4 b 47552
K % B 250 (Silhouette Coefficient, SC) .CH¥&
#r(Calinski-Harabaz Index, CH)PEA X885 1ERE .

KR R AL SC =AM S i i, SCe[ —1,0)
FoR DX o PEREEE A AT 152, O AR A A R i R AL
i, SC (0, 1T B 8y 2 BN A5 70 A B JHR
Y5y CH 48 i DX 0N SRR L, BUE R R I Y
R

SE N IR 2 PR .

®2 ZRAAER

SRR HlidE Ty vk A A
MNIST
Fashion-MNIST AE-+K-Means NCC
ashion~
SN € T SRy AE+GMM NMI
CIFAR-10
DCN ARI
Reuters
. e FEHEI 2017 4F A 4E TR 4 TSDA+K-Means e
sllpeim Soat -
W TSDA+GMM CH

6.2 NHEIREXHRLER

% H A J7 1 K-Means, AE+K - Means .
GMM ,AE+GMM FIA 37 7k NPA R4 TR
MNIST ,Fashion-MNIST ,CIFAR-10,Reuters [
TP . WP H8 4 o RESUE R ACC Wi E(E B

NMI A1 B 22 18 28 %00 ART, 730 A 2 38 28 IR ff
FE CRAEEL S HE B MRS A . S sh
MK 3 PR .
6.2.1 HABhgmh it REERER 0

K-Means 7E MNIST ,Fashion-MNIST .CIFAR-
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g/ S L7 K-Means AE+K-Means GMM AE+GMM DCN NPA
ACC 0.732 0. 887 0.716 0. 863 0.813 0.910
MNIST NMI 0. 627 0.812 0. 637 0.827 0.729 0.876
ARI 0.541 0.791 0.537 0.762 0.614 0. 837
ACC 0.587 0.613 0. 495 0. 601 0.590 0. 635
Fashion-MNIST NMI 0. 567 0. 607 0. 494 0. 582 0.576 0. 652
ARI 0. 405 0.524 0.321 0.478 0. 453 0.563
ACC 0. 489 0. 557 0.472 0.523 0.521 0.832
CIFAR-10 NMI 0.432 0.531 0. 462 0. 505 0.492 0.778
ARI 0.378 0. 470 0.417 0. 489 0. 436 0.691
ACC 0.521 0.762 0.534 0.638 0. 607 0.782
Reuters NMI 0.312 0.537 0.371 0. 482 0. 446 0.674
ARI 0.218 0.438 0. 339 0. 443 0. 386 0.591

10, Reuters [ 1943 ZS UE A K 43 731 A 0. 732.0. 587 .
0.489.0. 521, AE+K-Means i ACC B 43 %1
0.887.0.613.0.557.0. 762. H&h%h% s (AE)¥ K-
Means [ 5 25 E 8 2 53 5 38 & 21,200, 4. 4%,
13.9% .46.3%. WHIK I F , K-Means # T AE+K
-Means.

GMM 7 P4 A~ B 4 T B 0 28 e 6 43 31 R
0.716.0.495.0.472.0. 534, AE+GMM ] ACC Ht
{43514 0. 863.0. 601.0. 523.0. 638, AE ¥ GMM
WER R 52 20. 5% .21. 4% ,10. 8% .19. 5%.

30 VR B B 4% DCN 50 ] [ 3h 4 2% 1
AE-+K-Means . AE+GMM H L #5 , # &M i DCN
<AE+GMM<AE+K-Means. DCN {{ £ Fashion-
MNIST (ACC 2 0.590 i1 0. 601, NMI 2 0. 576 FlI
0.582) Fl CIFAR-10(ACC 24 0. 521 #10.523) 5
AE+GMM F 353 , (HA5#h T AE+GMM.

H 3l 4 fith 4 fiE fnk 2 44 = K-Means Fl GMM 7E /4
ANEEAE B R HERG 5 X T IR 48 b5 NMI AN
ARIL, AEARSBESE T REFEAREUE . MNIST Fashion-
MNIST CIFAR-10 & & /%4 , Reuters i SCAS
i ] O | P R SO AR AT 2 = 4R 5 . AE K
RE A SO 40 2 AR 1E 5000 | 388 G0 i i ves 4 5 i
FETTEE I R v R B 5 Fh i 2% | (W] 2 B 1 4
T REAE IR RIS ST
6.2.2 NPA RZENVERESHT

LI MNIST 4 il , AE+K-Means., AE+GMM
FINPA 15 2 fiE 7 5 ACC 4351 4 0. 887.,0. 863,
0.910, #r #E H {75 B NMI 43 51 4 0.812, 0. 827,
0. 876, I B = FEF5 % 537 24 0. 791.0. 762, 0. 837.
AE-+K-Means . AE+GMM H1 NPA #% i H 3 %

TS VAT R IR R 40 2 | IR RE 8 ) A5 B0 4 (1 SR 2
PERE . % 4 % 1 NPA 5 AE+K-Means. NPA 5
AE+GMM By TR L .

#&4 NPA 5 AE+K-Means #1 AE+GMM £ 8E LL 4

4 NPA vs AE+K- NPA vs

K 4 S o )

Means AE+GMM

ACC 2.6% 5.4%
MNIST NMI 7.9% 5.9%
ARI 5.8% 9.8%
ACC 3.6% 5.7%
Fashion-MNIST NMI 7.4% 12.0%
ARI 7.4% 17.8%
ACC 49.4% 59. 1%
CIFAR-10 NMI 46.5% 54.1%
ARI 47.0% 41.3%
ACC 2.6% 22.6%
Reuters NMI 25.5% 39.8%
ARI 34.9% 33.4%

M4 TRl F AR A B 4E L NPA
1) 43 HERR 3 ACC Ar e B A5 B NMI FJH 2% fl
ZHCARI A B e . ACC ik Bk 1 i ) 43 21
AH N 2 9B B, NPA #E#f R 4 5 T AE+K-
Means Fll AE-+GMM. NMI {2 83k gt ff &
BB LE (5 B NPA BEEE R H AP
TS E L RIAG . ARTR E R BRI M
B P 28 P 4l 3B 2, NIPA A I T T[] R A T 4
Fb . SRR UL, NPA FE R B AERM I R ETAFE
T FINR 2 ali i 45 = AN I T AL T AE+K-Means Fl
AE-+GMM.
6.3 ZMHIBELWER

NI 5525 (8] 3 A7 1E AL 4n 1 8 Jr 7, S0 [
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SEARTEI A ST i R A 2, S B 2 A
SR I R R i, RSP 1L A 52 ) A [] 5 2
PR SOLJ 0 853 A1 AN X . e e R R R O 30
B, DN 5 0 OB SR A . AT LT 1), 0 s AR
PRI H a] 0 23 22 . AN T R e ]
PG A R el e % 5N K VR AN S AN A e 7B
A AR DG . SUREI SRR 5 2, R
TR RT3 B U AF W) B A . SUUE DA %2 v ], 0
JAL 3 AT P R A D R A 3R S T ORI ] JEE S
A2 3158 DU ST A 45 4y 22 A ke SCRREAE T, Wy
M i oA g

8 R = 18] 731 ]

R e 4 W I 5 H R, [R)— 3B (B ZR) |
UK AU ()0 A 5% B R, 22 50 A Tl AR DG M v, T
00 B9 DX PR SR A I S A vy LT 7 A 30 0 e
SYH0, TR 43 1 DX LA W L A, B 8 Rk
IS AR L RG22 4 W 00 ) 246 K] 4 245 R A 7 2 R
X FRESR .

NPA % H TSDA $2 B 5 55 57 F: 1F , 2k H &
M5 B9 TSDA+K-Means 1 TSDA+GMM #4174}
b SC 56 . NPA J& T W B R 2, IO s IX Bl gk i
m. TSDA+K-Means Fl TSDA+GMM 75 % 1 55 %
E R 43 X 3 8 8, Rl A Canopy %35 Al Affinity
Propagation H & vk S 474 71 51 F1 53, K HAH
KN GATEH N 48, B = th AL B E m = 51.

FET ORI 2017 4F 52 £ 4 , NPA L TSDA+K-
Means Fll TSDA-+GMM X 964 4~ st 47 X 38 il
o3, SR EE R NE 9 P

P9 Hh il e K B 4 2R AN TR X8, | T IRl —
DI A I S A R . VB IR 7, TSDA+NPA
JIT A0 43 45 DX 38k DA K O X R L TRl — 3B 313
0B A DX R PN 2R 5 TR 0 A X 1
JIT R 4 18 DX 3k 3 LA, 0 e 53 A A B . TSDA+K-
Means Al TSDA+GMM ff %] 43 [X 38 4 {& | R %)

(a)NPA X 534557
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% o T3 TSN Ny
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oc.“
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Q‘l-po. ut
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(b) TSDA-+K-Means %1445

(¢)TSDA+GMM %4345

B9 BEEIIUCR T = ik i 4 2% ) 73 45 2R

PR [ — 300 B 300 00 o5 R 3 8 A X, Y
RAREE 22 . TR B rp (9 DX AR AE 58 S, T A 4
MG

PLFS B 22 50 SC 2 AL A5 /A i L , CH 48 4 iy
i DX P SRR B O A (AR K D A N i R
115 NPA . TSDA+K-Means il TSDA+GMM Y
P34 SCH CHAE R, 4136 5

%5 TSDA+K-Means,TSDA+GMM #1 NPA SZillj 2 R
#55  TSDA-+K-Means TSDA+GMM NPA
e 0. 502 0.548 0.795
CH 580.7 717.1 938.3




43

B A T 5 2 R A TR 22 4 W P 2 4 4 U v 641

W25 AR ,NPA 9 SC Fl CH I8 bR t4 & T
TSDA+K-Means Fl TSDA+GMM. =Fh )5 =46
J3E 22 B4 (0, 11X A N, NPA () SC 4 TSDA+K-
Means #l TSDA+GMM 4> 5 # 5 45.1% A
58. 4% , F W NPA 1y X 808 73 45 R 4. 78 CH 45
Fr b, NPA L 30. 8% F161. 6% (M B 45 4% , 6 B H:
K153 B4 DR 55 P SRR R v, P P ) R S i, B
[ AH DG MR . RS PrRINAI 45 5 & 9 rs — 3L,
NPA [ X 8 1] 43235 A8 DX 8 P4 3R R o5 40 A 1 34
i F TSDA+K-Means il TSDA+GMM.

6.4 IGLL

7E /N FF %% 4 4 MNIST. Fashion - MNIST .,
CIFAR—10.Reuters I #173286 560, NPA R A H
SN i 7 AR B A B PR A, AT LA A kE S Ak
T 2 P B 5 R iR 2 . S 4 SRR B Bh 4D
8 (AE) X 28 1 5 25 )5 7 K-Means 1 GMM () 2
HERR R N R FIREA A LA 5T . [FIET,
NPA £ £ PEREFE AR #5401 5 AE+K-Means \AE+
GMM F1 DCN.

XoF T RIS I E A A, AT T ) 4% DX 3 4] 43
SEHG . NPA MGG OB RAAE 34, F 2l B Xl
TSDA+K-Means #l TSDA+GMM Il 75 E 45 &
T AT, B X, AN B — ek
PLAG B 22 40 SC A CH 458 b5 43 i) 4 £ & AR ) 73 38051
AIX 3 P9 3, NPA B3k 9 SC Fil CH 3 it F
TSDA-+K-Means il TSDA+GMM,, H: Wi 9 44 [X.
R A3 RO A
7 B %

R T TR 4 W I £ R 3 RE A K I s et
Fa Ay Bt ) A5 A AR | B X 285 4 TR Jm 0 X 3
SEFFNEZ 7 (AR AR 00 AV 500 =2 T 18 A D
ARSCHE B P R B s gt 2% (TSDA) | F 4 = 2
AV B A A ) A5 B B A A L A R R
FH D0 55 Bof 23 R A1 %) 10 T ) 46 ] 433353 (NPA)
I Bl B AR S B 04k DX 43 B b eR AR, il
) £ K] o34t L I e T AR A7 ) BB, K & SR e 4
PEANRLEU G B 24 R Al | . Sege g SRR 0],
2 M B LTI s RE 2 R A 14 e X 3R] B33 T L
A B B 1 TR 2 4 W ) X 45400 3 25 R S R i
SERI R PR AE AR AL .
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Background

There are more large-scale civil buildings all over the
world, such as bridges, signal towers, dams, tunnels, etc.
It” s necessary to evaluate the global safety of the civil
structures. Many various types of sensors have been deployed
to monitor the deformation, stress, and stain in the huge civil
engineering. It is difficult to directly evaluate the operation
status of the engineering based on the massive monitoring
data. In real applications, divide and conquer strategy is
adopted. The sensor network is divided into multiple regions
according to the design specifications, simulation data, and
engineering experience. The local results from sub-regions are
integrated to achieve overall evaluation. However, it ignores
the spatial distribution of sensors and the variation of time
series, which cannot meet the real-time evaluation for the
engineering safety monitoring. In order to the network
of

engineering structure, it should consider the similarity of

partitions can timely reflect the dynamic changes
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CHENG Yang - Kun, M. S. candidate. His research
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structure and force in the local area of the engineering, and the
correlation among the monitoring data. A Time Series
Denoising Autoencoder (TSDA) is proposed to represent the
of the by

compressing high-dimensional monitoring data. Then, a

spatial and temporal characteristics node
Network Partitioning Algorithm based on Spatiotemporal
Features (NPA) based on TSDA is presented. NPA ensures
that the partition results can reflect the physical change laws
by introducing the auxiliary objective variable to optimize the
network partition objective function. Experimental results on
the open data sets and a real data set from an arch dam
demonstrate that the proposed network partition algorithm
NPA can achieve better partition performance. The NPA can
improve Silhouette Coefficient 45.1% and 58.4% higher than
the TSDA+K-Means and TSDA+GMM, respectively. In
the Calinski-Harabaz Index, the NPA can increase by 30.8%

and 61.6%, respectively.



