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Abstract

Durian is an economically important fruit in Thailand. It is widely consumed, both domestically
and internationally. As a result, durians play a significant role in stimulating the economy, both nationally
and internationally. Among the various varieties, the Monthong durian stands out as the most popular.
Durian can be consumed in either fresh or processed forms. For fresh consumption or purchasing durian
for processing purposes, the ripeness level of the durian is a critical factor to consider. However, without
skilled classification, rip or unrip durians may lead to the acquisition of that does not meet their own
needs. Currently, artificial intelligence techniques have been applied to fruit maturity classification to
help consumers choose suitable fruits by using fruit images, sometimes having a background image
attached to them. When processing these images, it is necessary to remove the background to improve
the efficiency of data classification. In some cases, using existing knowledge in image processing to
remove the backeround of an image using a single backeround removal algorithm may not be sufficient
for certain types of data. Therefore, this research presents the enhancement of deep learning efficiency
in classifying the ripeness of durians with hybrid background removal, edge detection with Sobel
algorithms and Grab Cut algorithms for clipping image backeround then create model with 4 deep
learning algorithms to compare the classification performance between using the original image data
and image background clipping, the result shown that the proposed techniques can improve the

classification performances with average the 4 algorithms at 8%.

Keywords : Image Processing; Background Clipping; Deep Learning; Convolution Neural Network;
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