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RAG-based Hierarchical Classification

Sang-Hoon Lee '

Kyungwon University

Abstract : This study proposes an unsupervised image classification through the dendrogram of
agglomerative clustering as a higher stage of image segmentation in image processing. The proposed
algorithm is a hierarchical clustering which includes searching a set of MCSNP (Mutual Closest
Spectral Neighbor Pairs) based on the data structures of RAG(Regional Adjacency Graph) defined on
spectral space and Min-Heap. It also employes a multi-window system in spectral space to define the
spectral adjacency. RAG is updated for the change due to merging using RNV (Regional Neighbor
Vector). The proposed algorithm provides a dendrogram which is a graphical representation of data.
The hierarchical relationship in clustering can be easily interpreted in the dendrogram. In this study, the
proposed algorithm has been extensively evaluated using simulated images and applied to very large
QuickBird imagery acquired over an area of Korean Peninsula. The results have shown its potentiality
for the application of remotely-sensed imagery.

Key Words : image classification, unsupervised analysis, hierarchical clustering, RAG, heap,
denrogram.
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Fig. 1. Update of Min-Heap due to change of root-node’s value.
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Fig. 2. Update of Min-Heap due to replacement of node.
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Fig. 3. Update of Min-Heap for insertion of new node.
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Fig. 4. Example of S-RAG with spectral window of Svy= 10 for

6 clusters.
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Table 1. Average classification errors in percentage of S-RAG
clustering. for 5 replications of multi-band imagery of
SNR =1 simulated using 3 pattems in Fig. 5.
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Table 2. Average classification errors in percentage of S-RAG
clustering. for 5 replications of 3-band imagery with
various SNRs simulated using 3 pattems in Fig. 5.

Number of Pattern
Bands A B C
1 17.17 39.53 40.12
3 035 0.52 3.06
5 0.11 021 142
10 0.04 0.08 0.52
20 0.01 0.03 0.15

Pattern
SNR A B C
05 468 460 16.03
1.0 035 052 3.06
20 0.03 0.05 032
30 000 [ oo 0.04
60 | 000 | 000 0.00

(Pattern A: 7 Classes) (Pattern B: 5 Classes) (Pattern C: 4 Classes)

Fig. 5. Pattems for simulation.
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Fig. 6. 4-band QuickBird image of 9256 x 12363 acquired over
Kangwon area in Korean Peninsula.
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Fig. 9. Class maps of 220 x 235 sub-image generated by S-
RAG clustering.
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