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The Robust Weight Conversion Learning
for Classification of Occlusion Images

AAE AP GY A

Jeonghoon Kim', Jeh-Kwang Ryu?, Seongsik Park '

Abstract: An unexpected occlusion in a real life, not in a laboratory, can be more fatal to neural
networks than expected. In addition, it is virtually impossible to create a network that learns all the
environmental changes as well as occlusions. Therefore, we propose an alternative approach in which the
architecture and number of parameters remain unchanged while adapting to occlusion circumstances.
Learning method with the term Conversion Learning classifies them more robustly by converting the
weights from various occlusion situations. The experiments on MNIST dataset showed a 3.07 [Y%op]
performance improvement over the baseline CNN model in a situation where most objects are occluded
and unknowing what occlusion will appear in advance. The experimental results suggest that Conversion
Learning is an efficient method to respond to environmental changes such as occluded images.

Keywords: Occlusion Images, Weight Conversion, Dataset Shift
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[Fig. 1] Conceptual diagram of the proposed Conversion
Learning method
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Algorithm 1 Conversion Learning pseudocode

A designated model M., trained weights W, occluded
model, weights M,,,, W, respectively.

Input: M, M., W,, W,

Acel, Ace? = M,.eval(X],), M;.eval(X]))

for C(N,i) do L ﬁ
M; + M [Wy, + W]
Accy,, Ace}, = My.eval(X],), Mi.eval(X{,)

end for

if Ace] + Acef > Aeccl + Acc? then
Acey = E(Acef + Aecf)
i* = argmax(Acc,)
M, M [W,,-]
return M, ‘
else
return M,
end if

[Fig. 2] Algorithm of the proposed Conversion Learning
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4.1 The Datasets and settings
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4.2 Having the prior knowledge of occlusion in MNIST
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occlusions
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