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Abstract In the operation of intelligent pharmacies, it is crucial for robots to accurately identify and retrieve drugs in order to
achieve efficient and precise drug selection tasks. This study focuses on drug name recognition methods and proposes a CRAFT-
OCR algorithm that integrates CRAFT algorithm and OCR technology to achieve efficient recognition of drug names. Among
them, the CRAFT algorithm is used to detect the text area of the medicine box. To improve recognition accuracy,a drug name
area localization method based on sorting rules is designed to determine the drug name area,and advanced OCR technology is fi-
nally used to complete text recognition. The drug name recognition experiments conduct on the collected dataset of medicine box
images show that the accuracy of the CRAFT-OCR method in detecting drug name areas is 96. 43 % ,and the accuracy of text re-

cognition is 96. 00%. The performance is better than existing algorithms in the literature, providing an effective solution for intel-

ligent drug name recognition.
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Fig. 1 Drug name recognition process of CRAFT-OCR algorithm
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Fig. 2 Image grayscale processing result
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Fig.5 Comparison before and after tilt correction
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