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Video Classification System Based on Similarity Representation
Among Sequential Data
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ABSTRACT

It is not easy to learn simple expressions of moving picture data since it contains noise and a lot of information in addition to
time-based information. In this study, we propose a similarity representation method and a deep learning method between sequential
data which can express such video data abstractly and simpler. This is to learn and obtain a function that allow them to have
maximum information when interpreting the degree of similarity between image data vectors constituting a moving picture. Through
the actual data, it is confirmed that the proposed method shows better classification performance than the existing moving image

classification methods.
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Table 1. Statistics of YLI-MED Dataset

Event ID Event Name Count
Ev101 Birthday Party 237
Ev102 Flash Mob 150
Ev103 Getting a Vehicle Unstuck 141
Ev104 Parade 230
Ev105 Person Attempting a Board Trick 194
Ev106 Person Grooming an Animal 139
Ev107 Person Hand-Feeding an Animal 220
Ev103 Person Landing a Fish 143
Ev109 Wedding Ceremony 219
Ev110 Working on a Woodworking Project 150

Total 1823
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Table 3. Results of Image Modality Experiments
on YLI-MED Dataset

Event ID Vote Avg GRU snet—u snet-t
EvIOl | 8540% | 82.48% | 81.02% | 8613% | 87.59%
EvI02 | 70.00% | 6400% | 4800% | 7400% | 62.00%
EvI03 | 7561% | 80.49% | 7073% | 7317% | 80.49%
EviO4 | 80.00% | 73.08% | 80.77% | 67.69% | 73.08%
EvI05 | 8191% | 8404% | 8298% | 8298% | 84.04%
EvIO6 | 7949% | 7179% | 79.49% | 7692% | 82.05%
EvIO7 | 60.83% | 70.00% | 55.00% | 59.17% | 61.67%
EvI08 | 79.07% | 81.40% | 8140% | 86.05% | 83.72%
EvI09 | 8487% | 8571% | 8403% | 7899% | 86.55%
Ev10 | 90.00% | 74.00% | 6200% | 7800% | 90.00%

Acff/rf‘cy T874% | TI52% | 7412% | 7582% | 78.74%

0
MAP | 7871% | 7670% | 7254% | 7631% | 79.129%

Table 4. Results of Audio Modality Experiments on
YLI-MED Dataset

Event ID | Vote Avg GRU snet-u snet-t
EvIOl | 2409% | 1081% | 1679% | 5401% | 64.96%
EvI02 | 2600% | 1600% | 2200% | 2600% | 16.00%
EvI03 | 488% | 1951% | 7.32% | 976% | 2683%
EvIO4 | 1000% | 7.69% | 1154% | 1846% | 20.00%
Evi05 | 213% | 1383% | 2021% | 7.45% | 1277%
EvIO6 | 1026% | 769% | 1538% | 2051% | 2564%
EvIO7 | 1250% | 917% | 1833% | 2000% | 27.50%
EvI08 | 930% | 930% | 1395% | 1628% | 16.28%
EvI09 | 2605% | 10.08% | 1176% | 32.77% | 31.09%
EvI0 | 1600% | 10.00% | 800% | 2400% | 24.00%

Acff/rf‘cy 1519% | 1081% | 1495% | 2576% | 29.77%

0
MAP | 1412% | 1140% | 1453% | 2292% | 2651%
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Table 5. Results of Image Modality Experiments on

Youtube Dataset

Event ID Vote Avg GRU snet—u snet-t
EvIOl | 9091% | 90.91% | 69.70% | 7879% | 93.94%
Ev102 | 7333% | 80.00% | 53.33% | 8667% | 73.33%
Ev03 | 1000% | 1000% | 80.00% | 100.0% | 100.0%
Evio4 | 1000% | 1000% | 93.94% | 100.0% | 100.0%
EvI05 | 9375% | 96.88% | 81.25% | 93.75% | 93.75%
EvI06 | 3636% | 3636% | 18.18% | 5455% | 45.45%
EvI07 | 7931% | 8621% | 2759% | 8621% | 79.31%
EvI08 | 96.88% | 96.88% | 90.63% | 100.0% | 93.75%
EvI09 | 9394% | 87.88% | 72.73% | 81.82% | 90.91%
EvII0 | 94.12% | 94.12% | 8529% | 97.06% | 97.06%
Evill | 7273% | 69.70% | 69.70% | 69.70% | 72.73%
Evi12 | 97.06% | 97.06% | 91.18% | 97.06% | 94.12%
Evil3 | 97.06% | 94.12% | 91.18% | 91.18% | 94.12%
Evild | 9697% | 9697% | 93.94% | 93.94% | 100.0%
Evils | 1000% | 1000% | 8824% | 97.06% | 100.0%
Evlil6 | 1000% | 1000% | 84.85% | 100.0% | 100.0%

Acflf/jfcy 9158% | 9158% | 78.19% | 90.50% | 91.58%
MAP | 890% | 89.19% | 74.48% | 89.24% | 89.28%

Table 6. Results of Audio Modality
Youtube Dataset

Experiments on

Event ID Vote Avg GRU snet—u snet—t
EvIOl | 2727% | 3.03% | 909% | 27.27% | 24.24%
Ev102 000% | 667% | 000% | 000% | 0.00%
Ev103 0.00% | 000% | 000% | 2000% | 0.00%
Ev104 303% | 9.09% | 1818% | 30.30% | 30.30%
EvI05 | 1563% | 1250% | 21.88% | 40.63% | 34.38%
Ev106 0.00% | 000% | 000% | 909% | 000%
EvIO7 | 1724% | 690% | 17.24% | 17.24% | 24.14%
Ev108 313% | 1875% | 625% | 37.50% | 43.75%
EvI09 | 39.39% | 12.12% | 2121% | 27.271% | 4848%
Ev10 | 1176% | 2353% | 1471% | 588% | 14.71%
Evill | 2424% | 909% | 6.06% | 3636% | 39.39%
Ev112 204% | 882% | 11.76% | 32.35% | 41.18%
Evil3 | 4118% | 1471% | 1471% | 50.00% | 50.00%
Evll4 000% | 21.21% | 1818% | 36.36% | 36.36%
Evll5 000% | 000% | 1765% | 1765% | 2353%
Evil6 | 1212% | 1515% | 9.09% | 42.42% | 30.30%

Acf;jfcy 14.04% | 11.23% | 1317% | 29.16% | 31.32%
MAP 12.37% | 1010% | 11.63% | 2690% | 2755%
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