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BaaS resource load balancing scheduling algorithm

based on spectral clustering
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Abstract: As one of the core frameworks of the Hyperledger, Fabric provides users with private transaction
space with its multi-channel design. In order to solve the problem of multi-channel resource load balancing
based on distributed architecture, a Blockchain as a Service (BaaS) load balancing scheduling algorithm SC-
channel based on NJW spectral clustering was proposed. The proposed algorithm took the number of
platform sub-nodes as the basis for classifying the number of clusters. Firstly, based on channel the Jaccard
coefficient between peer was used to construct the similarity matrix. Secondly, the Laplacian matrix was
calculated to obtain the first £ eigenvalues and eigenvectors, and the eigenvectors were unitized. Finally,
the feature clustering was done using the classical weight-based k-means algorithm. The proposed
algorithm was validated on the Kubernetes platform and its resource balance degree was compared with
those of the NJW algorithm using the classic k-means and the default scheduling algorithm. Theoretical

analysis and experimental results show that the BaaS resource load balancing scheduling algorithm based on
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spectral clustering can improve the balance of resource utilization and enhance the usability and reliability of
the platform.

Keywords: Fabric; spectral clustering; blockchain as a service; Kubernetes
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Fig. 1 The basic process of transaction
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Table 1 Two experiments of deploying peers
peer channel expl-node exp2-node
peerl channell 192.168.10.157 192.168.10.157
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peer3 channel2 192.168.10.157 192.168.10.158
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Fig. 2 Resulets of peer in the same channel in different virtual machines
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Fig. 3 Resulets of peer in the same channel in the same virtual machine
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Table 2  Virtual machine configuration details Table 3 Cluster network topology
SR A S/ RA 1P Hb ik TRAA
CPU intel i7-7700HQ 4 ¥ /2 #% 192.168.10.155 Master
a2 DDR4 4GB/2GB 192.168.10.157 Node
BIERS CentOS Linux release 7.3.1611 192.168.10.158 Node
Fabric 1.0 192.168.10.160 Node
Docker 17.06.2-ce 192.168.10.161 Node

x4 BEMNYE

Table 4 Creation of channel-peers

Peer Channel

peer; channel, ;.5
peer, channel, ;
peer; channel,

peer, channel, ;.3
peer; channel, ;
peer; channel,

peer; Channell.z.s
peers channel, ;
peery channel, , ;

W& 4 ffi7n s channel, 5 channel, 8 ZA% AL A 1%, channel, 755 30 s KHEa 5, 55 150 s b 450,
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Fig. 4 Load balance degree under two algorithms when TPS increases
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Table 5 The highest value of s taken in each run of experiments

BRI S

VAR
5TPS 10TPS 15TPS 20TPS 40TPS
NJW 40.13 55.26 88.21 107.24 151.24
LRP 19.24 37.41 76.24 101.69 129.34
SC-channel 26.21 58.10 67.28 72.14 89.23
SSP 27.14 39.64 77.94 91.77 183.20
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DX B AR A 25 s R ARAT AP0 AT R 2 i 4k 23 B 5% RO, LA A A0 AR T L LR B R ik AR S
X e 1 H IE e & AL AFFE I T AT BaaS & L 32 H T 3 NIW 3% 3R 28 19 58 U8 £ 20 0 vk L i Bk ekt
BRINVE B S IE AR R BT peer N B8 15 0 0 B 2% o, SCE0 45 R R W, R RNZ BT peer #E 4T 98 BE S
B T AS [F] 670 280 1 T B 07 2 A B o 2 R v 3G 1O B R M S R AR
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