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A ConvNets-Based Method for Computational Intensity Prediction
and Spatial Domain Decomposition

GAO Fan' LUWei! GAN Linlu?

1 College of Communication Engineering, Army Engineering University of PLA, Nanjing 210007, China
Abstract: Objectives: The evaluation of heterogeneity is essential for domain decomposition in parallel geocompu-
tation. According to the theory of spatial domain, the assessment of heterogeneity can be transformed to the compu-
tational intensity (CI) modelling, thus the key of domain decomposition is feature extraction and computational in-
tensity prediction. However, the existing methods rely too much on expert knowledge for feature extraction and CI
modelling of spatial domain, suffering from poor applicability of features, complex modelling process and low mod-
el accuracy. In order to relieve the dependence on expert knowledge and achieve accurate computational intensity
prediction, a computational intensity prediction and decomposition method for spatial domain based on artificial in-
telligence (Al) deep learning is proposed. Methods: We use Convolutional Neural Networks (ConvNets) to capture

the features of spatial domain automatically, and a fully connected layer is used to predict the computational intensi-
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ty. A component was developed to match the spatial domain and the input of ConvNets. Results: Spatial intersection
on vector data was implemented to compare the proposed method and traditional methods. The results demonstrated
the advantages of the proposed method in terms of the usability and parallel performance. Conclusions: The pro-
posed method optimizes computational intensity prediction and domain decomposition from data science perspec-

tive, which provides a reference on how Al deep learning can be used in high-performance geocomputation.

Key words: parallel geocomputation, spatial domain, load balance, computational intensity, deep learning
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Fig. 1 Using ConvNets to predict the computational intensity of spatial domain



111 T g A A A 220 X 245 1) b B 2 [ S A 2

87 FH A R A 22 D00 2% S H I P52 22 [ Re A1 DA R T3 b A e e E SRR, 5 S b 3 4 [ 3
NBERMZ W8 NTE A, AEAEAE R AN AR 1) 3 B Bm 280 . BB 28 0 2% £ % N 9 1A S
AT L TT 447 A 35 7 o B 4 B R T D B R I B AR AR o SR, X % b 3 s )3
VUL DARE) 1 R A REAR A I 23 NFE A 2) BRSNS s AR 22 I 2% i N\ R/ INad 3 A [ 7 KD,
U 227 X 227X 3, {H BT 25 ()45 43 iRt BTG (0 R /NI 22 SRy N (o — B 4 25 TR K 22 R B N A 7
K2 PLRisims (n3ET R MR A R RS H) %,

St R IR, A SRR AR AR BRI S S AN [i) R [ 3 43 A 4 S AR AT b 4 ) IR A 1
THTREARMIE SR . W 1 o, For o3 2 (R 3 3 A 20 70 8 BB S AN 285 18 2 ) 0% R B4R 4 26 A
XTGP HIH . HE TR0 RS K1 53 AR B 25 TR A e JE T2 IR 51 R AR B &R 51 B 2R T TR E
K53 A i) 75 (B SRS, B 22 [ 4l SR AR DAt 2 U A (R M O S i S A O o o S 2R
R IEE, B R TIE AR . R G RIS

D HET R AT I, v BRSNS A BRI N 255 N I K X Y, PATI R 5
BHEEREY, REFEEIEE EEE, RERMHE o oo i B2 B E S RIS N B A MR
{5/ -

2) HET R G BEREAFERI 30, 2 fF T RTR— BN, FTd s SRR AR 7R 4R R 7
it B TC R B R A N ZE BN AC X YRGBT BT, JF R R85 52 ) A e B R A R DL T A5 A
PREE W 285 N LR Y o

BEXT R BB A (I, S B R TT R AR T A IR R SN BRI SRS, AEPAT B BT T
T B R B ) R R T T A AR A, A AL I T R 18 7 HE R S HON BRI A W 25 5 N IR < X 7}
[ B WA AR AR 2 BT R S A X, ARG RIS T HES BRI W] . AR, REIR AL 54 AT il i
TZEZEHYE, i RS IR B AL, WS AR R A [ L 2 T JE A A R T e S AR
22X 25 1) R B URE A R A PR S

D REERESS TR — MR EREENRN (N2 , SxhZ2ioir, miziEE
1 HRARE Y WAL EIZHEBIRAE, [RGB N AFEA,

2) ZERESNHUZANRERZE AN (RESEMAZ) , EIXFZIET, MR
APAEFANEZMER. WE 1R, 5% 2 HERERFEIITERES (Union) #1E, WRERE)S
MEZE RS a8, W4kl s B E AR S 7 A AR R TT . R A R E R as
TAE, 2R EEHENEREE)E, EPATIHS AR B 2 o 7 o0 i EZ A2 B ZE AT s
GRS, Horm B2 M AL 5 85 AR R 2 WML EE R, AR EMHE A S 1025 R LR
T ZIATEHIALGAE R, X0 G S8 % S AN B 2 R ) 25 (o R B A HE R .



K2 mEEMKL () MELEEMEL D

Fig. 2 Rasterization on polygon and polyline
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Fig. 3 The ConvNets used in computational intensity prediction modelling
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Fig. 4 The PBSM method and feature analysis of spatial domain
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Fig. 5 The optimized PBSM method based on ConvNets
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Fig. 6 The performance of the ResNet and AlexNet model
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Fig. 8 The load balance performance of different methods
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Fig. 10 The speedup ratio and parallel efficiency of different methods
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Fig. 11 The speedup ratio and parallel efficiency of different methods
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Fig. 12 The time cost of each stage in different methods
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