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Feature Representation Method to Improve Image
Classification Performance in FPGA Embedded Boards
Based on Neuromorphic Architecture
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Abstract

Neuromorphic architecture is drawing attention as a next-generation computing that supports artificial
intelligence technology with low energy. However, FPGA embedded boards based on Neuromorphic
architecturehave limited resources due to size and power. In this paper, we compared and evaluated the
image reduction method using the interpolation method that rescales the size without considering the
feature points and the DCT (Discrete Cosine Transform) method that preserves the feature points as
much as possible based on energy. The scaled images were compared and analyzed for accuracy through
CNN (Convolutional Neural Networks) in a PC environment and in the Nengo framework of an FPGA
embedded board. As a result of the experiment, DCT based classification showed about 1.9% higher
performance than that of interpolation representation in both CNN and FPGA nengo environments. Based
on the experimental results, when the DCT method is used in a limited resource environment such as an
embedded board, a lot of resources are allocated to the expression of neurons used for classification, and
the recognition rate is expected to increase.
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(@) Original Image (b) Log DCT coefficient
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Table 3. Comparison of CNN based image classifications according to feature representation on PC environment

MNIST Original | Nearest | B-Linear Area Bicubic Lanczos DCT
Datasets (%) (%) (%) (%) (%) (%) (%)
Digits 99.44 98.68 99.08 99.19 99.07 99.01 99.25
Fashion 90.07 88.17 88.22 8895 88.26 8797 89.16
Sign Language | 97.29 93.34 94.76 9. 71 9%5.07 92.82 9.91
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Table 4. Performance comparison of DE1-SoC

device
MNIST Original | Area | DCT
Datasets (%) (%) (%)
Digits 33.59 76.52 | 8391
Fashion 44.76 69.10 | 7051
Sign Language | 61.45 %83 | 96.80
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