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INTRODUCTION

In sports broadcasting, locating all appearances of a specific player within a game remains largely a manual, time-consuming process. Broadcasters such as ELTA TV
must scrub through hours of footage to find relevant segments, identify when a player was mentioned or appeared on screen, and assemble highlight reels. This
manual workflow Is slow, error-prone, and difficult to scale—particularly across large multi-game datasets. The goal is therefore to automatically detect and timestamp
each player’s appearances in sports videos using reliable multi-modal cues.
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The system takes several videos and a target player name, checks a cache for
existing results, and returns them if available. Otherwise, it runs the missing
modules—audio-based recognition and/or visual face matching—to locate all
player appearances. These candidate clips are then passed to a highlight
classifier, which identifies which segments qualify as highlights.
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RESULTS
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USER INTERFACE CONCLUSION
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can be further improved, and the highlight detection
model still lacks sufficient training data. Future work will
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algorithms for better robustness and accuracy.
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