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Abstract

There are many dairy farmers in Thailand due to the suitability of the terrain and
weather in Thailand. In addition, the dairy market is continuously expanding which
results in increased demand for consumption every year. However, producing the dairy
product meeting to the need of consumers depends on essential factors, e.g., quality
of dairy cows that can produce a lot of milk and can produce milk for a long age. The
quality of dairy cows in each generation is mainly due to the quality of the cows in the
previous generation. Therefore, an inspection of semen quality on bulls prior to the
process of artificial insemination is surely an important process. There are several
methods to inspect the semen quality in which one of them is to assay how sperm
motility in the semen. In fact, the good quality of the semen should contain a lot of
sperms moving in straight lines or progressive motility. In this research, we proposed the
novel method of sperm detection and classification. The sperm detection was used
computer vision and deep learning techniques to locate the apparent sperms in an
observed area in a microscope. Moreover, we utilized support vector machines (SVM) to
classify the different types of sperm motility. A training and testing dataset were
collected from a biology laboratory by an expert, in a total of 45 video clips. As the
experimental results, we found that the system could correctly detect the sperm in the
observed area, up to 91%, and the accuracy of the sperm motility classification reached
77%. Consequently, use of deep learning in sperm detection with real data have proved

this application in biotechnology.
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