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ABSTRACT: This research focuses on detecting burn severity
using an area of interest detection approach. The burn areas
are categorized into three levels: (i) first-degree burns,
(i) second-degree burns, and (i) third-degree burns, each with
distinct visual characteristics. To detect burn severity, artificial
intelligence (Al) techniques were applied through the development
of two models: U-Net and YOLOv8. A dataset of 2,000 images
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representing all three levels of burns was
used in the experiments. The goal was to
compare the performance of U-Net, a widely
used model for segmenting areas of interest,
with YOLOVS8, a newer model introduced in
2023. Experimental results show that the best
performance of U-Net achieved an accuracy of
79.1% and a loss value of 79.8%. In contrast,
YOLOV8 achieved its best result with an
MAP®@0.5 of 0.657, a segmentation loss of
3.231, and a classification loss of 1.961. These
results represent the optimal performance of
both models in this study.
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Algorithm 1: File Format Transformation

function convertToTIFRecursive(currentFolder):
for each file in listFiles(currentFolder):
if isDirectory(file):
convertToTIFRecursive(file)
else:
fileExtension = getFileExtension(file)
if isimageFile(fileExtension) or
isHTMLDocument(fileExtension):
convertToTIF(file)
endif
endif
end for
end

Algorithm 2: File Name Converter

function FilenamesConverter(currentFolder):
FileNo =1
for each file in listFiles(currentFolder):
if isDirectory(file):
FilenamesConverter(file)
else:
newFilename = genFilename(file, FileNo)
renameFile(file, newFilename)
FileNo = FileNo + 1
endif
end for

end
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