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Tab.1 The Number of Nodes and Edges of

Six Networks
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Fig. 3 Community Detection Result of Two

Modwlarities on a Sample Network
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Tab. 2 Modularities of Two Partition Results

FEIX 4 45 R fEG R s P R
NG-Louvain #t [X 43 &) 4 0.190 0.079
GND-Louvain # [X 43 %1 2% 0.181 0.118
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Community Detection Algorithm Based on Geographical Weighted Central
Node Distance

WAN You'? LIU Yaolin'??

1 School of Resource and Environmental Sciences, Wuhan University, Wuhan 430079, China
2 Key Laboratory of Geographic Information System, Ministry of Education, Wuhan University, Wuhan 430079, China

3 Collaborative Innovation Center of Geospatial Technology, Wuhan 430079, China

Abstract: Community detection is an important topic in spatial network researches. It can discover in-
teresting spatial patterns, which help understand the spatial structures hidden in the networks. How-
ever, community detection in spatial networks is more difficult than traditional networks. Since it has
to consider some other spatial correlations, e. g. , spatial contiguity, geographic distance. This paper
proposes a new spatial community detection algorithm — geographial weighted central node distance
based Louvain method (GND-Louvain). It uses a geographical and network dual-constrain to measure
the distance and to calculate the distances decay effects between spatial nodes and meta-communities.
It also extends the famous fast unfolding community detection algorithm—Louvain, by using the dis-
tance-modularity. In addition, a merge order is defined during the GND-Louvain’ s optimization
process to get high quality and stable community results. Comparative experiments are designed on
five different community detection methods based on five different spatial constraints, which are O no
distance constraint, @) spatial contiguity edge constraint, () geometry median center distance, @ de-
gree center distance, and &) degree weighted geometry median center distance. The experimental data
comes from the Chinese railway lines. And results prove that the newly defined GND-Louvain algo-
rithm can produce more accurate spatial communities than others. And the merge orders also ensure
the high quality and stable results.
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