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Abstract The computer can simulate the human visual environment to identify and measure things in the field of vi-
sion. With the increase of accuracy,computer vision can replace the function of human’s eyes to achieve simple and re-
petitive manual operations. The introduction of computer vision into logs can increase the yield of logs, reduce wood
loss, maxmize the utilization rate of logs with high-efficiency and accurate performance of the computer, minimize the
production of raw materials that generate square waste,and increase the output rate of logs. This algorithm is applied to
automated band saw log cutting systems. The basic process includes eliminating image noise through image preproces-
sing,removing the background through color segmentation, giving the contour of the region of interest by edge detec-
tion, filling the misprocessed contour edges through morphological operations,and calculating the largest area of the fit-

ted ellipse. The experimental results show that the arithmetic can meet the requests of actual production,and the accura-

cy reaches 95%.
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