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GLSL based Additional Learning Nearest Neighbor Algorithm
suitable for Locating Unpaved Road

Bon Woo Ku*, Jun kyum Kim* and Eun Joo Rhee**
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Abstract Unmanned Autonomous Vehicle's driving road in the national defense includes not only
paved roads, but also unpaved roads which have rough and unexpected changes. This Unmanned
Autonomous Vehicles monitor and recon rugged or remote areas, and defend own position, they
frequently encounter environments roads of various and unpredictable. Thus, they need additional
learning to drive in this environment, we propose a Additional Learning Nearest Neighbor (ALNN)
which is modified from Approximate Nearest Neighbor to allow for quick learning while avoiding the
'Forgetting' problem. In addition, since the Execution speed of the ALNN algorithm decreases as the
learning data accumulates, we also propose a solution to this problem using GPU parallel processing
based on OpenGL Shader Language. The ALNN based on GPU algorithm can be used in the field of
national defense and other similar fields, which require frequent and quick application of additional
learning in real-time without affecting the existing learning data.

Key Words : Approximate Nearest Neighbor, Additional Learning, GPU Parallel Processing, Unmanned
Autonomous Vehicle
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3.1 GPU Parallel Process Using GLSL
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Table 1. Result of ALNN Additional Learning Table 2. Result of ANN Additional Learning
Additional learning Training Matching Additional learning Training Matching
count image count rate (%) count image count rate (%)
1 100 85.53 1 100 84.86
2 200 86.41 2 200 74.66
3 300 87.83 3 300 74.86
4 400 87.86 4 400 86.68
5 500 88.88 5 500 80.54
6 600 89.58 6 600 88.04
7 700 89.76 7 700 86.94
8 800 91.51 8 800 90.59
9 900 92.49 9 900 88.34
10 1000 93.49 10 1000 75.81
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Table 3. Comparison of computing speed.

Type Computing Speed
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