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Key Frame Detection Using Contrastive Learning
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Abstract

Research for video key frame detection has been actively conducted in the fields of computer vision. Recently with the
advances on deep learning techniques, performance of key frame detection has been improved, but the various type of video
content and complicated background are still a problem for efficient learning. In this paper, we propose a novel method for key
frame detection, witch utilizes contrastive learning and memory bank module. The proposed method trains the feature extracting
network based on the difference between neighboring frames and frames from separate videos. Founded on the contrastive learning,
the method saves and updates key frames in the memory bank, witch efficiently reduce redundancy from the video. Experimental
results on video dataset show the effectiveness of the proposed method for key frame detection.
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Table 1. Quantitative evaluations on the VSUMM dataset!'?
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Method Recall Precision F-measure
Mundur et al. @ 0.53 0.64 0.57
Furini et al. 0.72 0.55 0.62
Almeida et al. ! 0.77 0.56 0.65
Kuanar et al. ® 0.57 0.60 0.43
Proposed Method 0.61 0.75 0.67
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Table 3. Quantitative evaluations of different redundant evaluating
methods on the VSUMM dataset™

VSUMM dataset
Method F-measure
Cosine Distance 0.53
Triplet Loss 0.68
Proposed method 0.67
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Table 4. Quantitative evaluations of Different Memory Bank Size on
the VSUMM dataset!™

VSUMM dataset
Method F-measure
Proposed Method with Memory Size of 2*K 0.67
Proposed Method with Memory Size of 3*K 0.69
Proposed Method with Memory Size of 4*K 0.69
Proposed Method with Memory Size of 5*K 0.69

npR| ko 2 v KHe] Wae] 37] Wale] - 2
H5 F 40 eRTE B Sugs2 w2 Wae] A7
of whet K-+ #33 daelFol A AE
3L olol met F2 = AW Aee] Wtk ® 45 Fl
wRe] Wae] 277 AAY Aol &

5 2=
g g9l



(Kyoungtae Park et al.: Key Frame Detection Using

2 Al 0fAl. (a): SYBHL

HAE 9 49 B2 Sd 28% F2 Zdy 42 P 903
Contrastive Learning)

Fig. 4. Examples of fail key frame detection of the proposed method. (a): Frames with identical context (b): ground truth. (c):

detected key frames of the proposed method
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