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[bookmark: _GoBack]	We propose a method to adapt current action recognition techniques to untrimmed data. Our current system uses a sliding windows technique that allows us to apply action recognition methods developed for trimmed data on untrimmed data. We show that this technique can obtain the same accuracies as when using trimmed data.  

1. Introduction 
	Action recognition methods to this day have been developed for trimmed videos. Trimmed videos only obtain the action within them unlike untrimmed videos that may have multiple actions, noisy backgrounds, and non-actions. Trimmed videos are not true representations of real world videos like the ones seen on YouTube. For this reason it is necessary to take the next step and adapt action recognition for untrimmed videos. 
	Our approach uses sliding windows technique to automatically trim the untrimmed videos by equal frames, obtain the histograms of those windows and then apply them to SVM predict. Each window will be classified to one action. Each video will then be classified based on the classification of its windows. 
	This approach on action recognition has given us very promising results, which will be further explained later in this paper. 

2. Dataset 
	The THUMOS2014 dataset is used for our expansion process. The SVM classifiers were trained on trimmed UCF101 videos and then tested on 14 untrimmed videos, with an approximate length of 26min, from YouTube. For each video the frame#, HOG, HOF, MBH, & TR data is known. 
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Table 1: Existing Dataset information 





3. Action Recognition on Temporally Untrimmed Videos 
	We wish to use Action Recognition methods already devised for trimmed videos on untrimmed videos. Our steps taken are shown in figure 1. 


Figure 1: Block Diagram of Action Recognition on Temporally Untrimmed Videos 

3.1 Extension Procedures
	For the extension procedures we decided on using two forms of sliding windows technique: non-overlapping and overlapping sliding windows. These procedures are to simulate trimmed like windows to pass through the SVM training. 

3.1.1 Non-Overlapping Sliding Window 
	The first extension procedure, non-overlapping sliding window, simulates trimmed like windows by dividing the video into equal parts. To further mimic the UCF101 trimmed data we chose to set the window length to ten seconds long, which is about the average length of the trimmed videos.  
Retrieving the frame rate of the untrimmed videos we were able to determine the start and stop frames for the ten seconds long windows. The meta data of each video contains the frame number of each feature vector. Using this information with the start and stop frames we were able to select the features that corresponded to the ten seconds long windows. Than for each window the histogram of the features were obtained.
	Non-overlapping sliding window technique does not take into consideration the location of the action within the video. Windows may contain the beginning, the end or all of the action. No window contains parts of the previous or next window, for this reason it is non-overlapping. Figure 2 below shows a frame sequence of the action Golf Swing being divided into two non-overlapping windows. As you can see the action is being divided into two windows, window 1 contains the beginning of the action while window 2 contains the end of the action. 
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Figure 2: Non-Overlapping Sliding Window 

3.1.2 Overlapping Sliding Window 
	The second extension procedure, overlapping sliding window, also simulates trimmed like windows; however it does so by sliding the ten seconds long window over by one second creating the overlapping effect. This technique does not take into consideration the location of the action; however, since it slides through the frames there is a high possibility of the action falling within a series of windows. 
	Similar to non-overlapping sliding window technique we obtain the frame rate of the video, the start and stop frames of the window and the corresponding features using the meta data. After each iteration the start and stop frames are increased by one, this corresponds to a one second shift in the sliding window. For each window the histogram of the features are obtained and passed through to SVM predict. Below are a few frames of the action Golf Swing to show how the overlapping occurs. As you can see every two windows have a common frame between them. This commonality/overlapping occurs until the end of the video is reached. 
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Figure 3: Overlapping Sliding Window
3.2 Classification Based on Window 
	When using the sliding window techniques the SVM classifier returns a classification per window therefore each video has many classifications. For this reason we need a classification strategy based on the sliding window results. We use the following strategies: 

3.2.1 Uniform Max Pooling 
	One way to classify the video is to do max pooling of the window classifications. This is where the mode of the classifications is chosen as the video class. 
The advantage of this strategy is accurate classification of the video when there are many correctly classified windows. Many videos focus on the ground truth action even when there may be other actions occurring, for this reason the majority of the windows will be correctly classified and the class will become the mode. 
Disadvantage of this strategy is misclassification of the video in two forms. One misclassification instance maybe that a minority of the windows is of the ground truth action and therefore the random classification of the majority windows will overpower the max pooling. Another misclassification instance is that the video is so short that there is no mode and a random class will be picked. In this case the ground truth weather being one of the classes may or may not be picked. 
The equation used to obtain the video classification is as follows, 



Below is a visual example of uniform max pooling on overlapping sliding window approach. 

[image: ]
Figure 4: Uniform Max Pooling on Overlapping Sliding Window 

3.2.2 Weighting Max Pooling
	The second strategy to classify the video is by weighting the confidence values of each windows classification. Each window is given a probability value for each of the 101 models that it is tested against. The model that has the highest probability value is chosen as that windows classification. For each video there are many windows with this form of classification. We thought that if the probability values of these classifications were summed based on class then one class would have the highest sum value and thus be the weighted classification for the video.  
 	The potential advantage of this strategy is that even though the majority of a video’s windows are classified to one class their sum may be weaker than the sum of the ground truth class. Therefore, the video could be correctly classified. 
	The equation used to obtain the video classification is as shown, 

 =  ,  , … ]

Below is a visual example of weighted max pooling on overlapping sliding window approach. The probability values are summed based on the class and then the maximum is taken of the sums. 
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Figure 5: Weighted Max Pooling 	

4. Results 
	In our experiment we used Dense Trajectory Features (DTF) for the training data, UCF101, and the testing data, THUMOS2014 videos. We decided to use Bag of Words framework since most common action recognition methods use this frame work. 
For Bag of Words we used the extracted DTF features and the Codebook from the THUMOS2013 site. The dimensions of the Codebook are 4000 x dimension of the features. Using the extracted DTF features and the Codebook we found the indices of the features. Then information for each video was saved as a structure that contained the indices and meta information of the video. Later in the extension procedures we recall the information from these structures to obtain the histograms per window based on the meta information.
We used a binary, one vs. all; SVM classifier that we trained using the UCF101 extracted DTF features. There are a total of 13320 videos in the UCF101 dataset. For testing the SVM classifiers we used the THUMOS2014 dataset that was modified based on our extension procedures. The final video classification results came from the two classifications strategies that we applied. 

4.1 Overall Results 

In table 2 below there are three rows. First row is the Instance by Instance Accuracy row which shows the average accuracy of the classification to the ground truth of each instance. The second row is the accuracy percentage of the weighted max pooling strategy. The last row is the accuracy percentage of the uniform max pooling strategy. There are five columns each representing a method used for AR. Two baseline categories are Trimmed (full) and Trimmed (10sec). Trimmed (full) category represents videos that were trimmed at different lengths, from 1 to 30 seconds long. The Trimmed (full) not only contain the action but variations of the action some also have sparsity of the action. The category Trimmed (10sec) has the same video clips from the Trimmed (full) category; however, with lengths of ten seconds. In these trimmed clips there are no variations of the actions. The Whole Video category represents the results of the untrimmed videos going through AR without any changes. 
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Table 2: Results 

The accuracy of conventional AR on untrimmed data is 42.85% while the accuracy of our method on untrimmed data is 64.28%. This proves that our extension procedure is affective. Then we see that sliding window with max pooling works as well as AR on temporally trimmed videos.  This further proves that the sliding window method on temporally untrimmed data is equal to existing action recognition methods for temporally trimmed data. We also see that testing on 10sec long trimmed clips instead of full length gives better results because it is closer to the size of the training videos. 

4.2 Analysis 

	Detailed results per procedure per video are shown below with comparative analysis. The procedures shown below are Trimmed (full clip), Trimmed (10sec), Whole Video, Non-Overlapping Sliding Window (10sec), and Overlapping Sliding Window (10sec). Each procedure has information on what video it belongs to, Video # and the ground truth class, GT class. It also has information on Max Pooling Classification, Weighted Classification, Accuracy by Instance/ Window, and # of Instance / Windows. Accuracy by Instance/Window shows the accuracy percentage of correctly classified windows within the whole video. Number of Instances/Windows shows the number of windows the video was divided into. 
	The reason the accuracy of Trimmed (full) has been significantly lower than Trimmed (10sec), as seen in table 2, is because of variation. In video number 4 and 9 there are variations of the ground truth action occurring within the trimmed clip. Variation in the trimmed clip causes a failure in the SVM classifier; however, when the trimmed clip only covers one variation of the action it is correctly classified. Below is a frame sequence of video 9 which shows the variation. 
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Figure 6: Frame sequence of video nine showing variation 
	The remaining unidentified videos were caused by difference in training and testing videos; differences like camera angle. 
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Table 3: Trimmed (full clip) results of uniform and weighted max pooling 
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Table 4: Trimmed (10 sec long) results of uniform and weighted Max Pooling

	Temporally untrimmed videos that were run through existing AR method resulted in 42.85% accuracy. The videos that were correctly classified were a result of video shortness and action consistency. Below is a frame sequence of video 2 that shows action consistency within the video. 
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Table 5: Whole Video results of existing AR 
	
Non-Overlapping Sliding Window results below, table 6, show that both uniform and weighted max pooling accurately classify the same videos. The videos that are misclassified are a result of the SVM classifier not being able to correctly classify the individual windows of the video. This is shown in the column Accuracy by Window. The videos misclassified have 0% accuracy by window. The reason these windows are not classified is because of difference in testing and training videos. 
For example videos number 1, 5, 6, 12 and 14 are misclassified in both classification strategies. Below is a frame sequence of video 12. You can see by these frames that the action being performed is of jump roping combined with other stunts and tricks. For this reason the classifier was not able to accurately classify any of the windows. 
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Figure 7: Frame sequence of video twelve showing inconsistency of action
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Table 6: Non-Overlapping Sliding Window (10sec long) results of uniform and weighted max pooling

	In the overlapping Sliding Window results below, table 7, you can see that in the column Accuracy by Window two videos, video 5 and 7, have a low accuracy percentage. For these videos it is known that out of the total windows a small percentage was correctly classified, not enough to be picked up in uniform max pooling or in this case weighted max pooling. If however, the few correctly classified windows had a large enough probability sum then weighted max pooling would have resulted in the correct classification. 
	You can see that weighted max pooling does make a difference in the classifications of the videos if you look at video 6 and 12. As a result of a greater probability sum Baseball Pitch was misclassified to Field Hockey Penalty instead of Pole Vault, misclassification of uniform max pooling.  
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Table 7: Overlapping Sliding Window (10sec long) results of uniform and weighted max pooling 

5. Conclusion 

	In conclusion, we can see that overlapping sliding window technique on temporally untrimmed videos can result in the same accuracy as existing AR methods on temporally trimmed videos. This is a huge step forward towards bridging the gap of Action Recognition to real-world data. We can also conclude from our results that if the SVM classifier is trained on more variation of each action including angle variation then better classification would occur. On the topic of weighted max pooling, this strategy of classification may have better results when testing a larger set of untrimmed data. To further experiment on this topic we would decrease the sliding window length and run more untrimmed data. 
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2 Juggling Balls Juggling Balls Juggling Balls 100 2
3 Typing Typing Typing 100 1
4 Body Weight Squats Blow Dry Hair Blow Dry Hair 0 1
5 Rope Climbing Blow Dry Hair Blow Dry Hair 0 3
6 Baseball Pitch Ice Dancing Ice Dancing 0 1
7 Playing Violin Playing Violin Playing Violin 66.6 3
8 Playing Guitar Playing Guitar Playing Guitar 100 1
9 Push Ups Blow Dry Hair Blow Dry Hair 0 1
10 Juggling Balls Juggling Balls Juggling Balls 100 1
11 Clean And Jerk Clean And Jerk Clean And Jerk 100 1
12 Jump Rope Pommel Horse Pommel Horse 0 1
13 Swing Swing Swing 100 1

14 Golf Swing Blow Dry Hair Playing Piano 0 2




image9.png
e Clssnenton Cinazioall [l e
1 Hand Stand Pushups Apply Lipstick Apply Lipstick 0 2
2 Juggling Balls Juggling Balls Juggling Balls 50 2
3 Typing Typing Typing 100 1
4 Body Weight Squats Body Weight Squats Body Weight Squats 100 1
5 Rope Climbing Blow Dry Hair Blow Dry Hair 0 3
6 Baseball Pitch Ice Dancing Ice Dancing 0 1
7 Playing Violin Playing Violin Playing Violin 66.66 3
8 Playing Guitar Playing Guitar Playing Guitar 100 1
9 Push Ups Push Ups Push Ups 100 1
10 Juggling Balls Juggling Balls Juggling Balls 100 1
11 Clean And Jerk Clean And Jerk Clean And Jerk 100 1
12 Jump Rope Trampoline Jumping Trampoline Jumping 0 1
13 Swing Swing Swing 100 1
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2 Juggling Balls Juggling Balls 100
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4 Body Weight Squats Blow Dry Hair 0

5 Rope Climbing Blow Dry Hair 0

6 Baseball Pitch Pole Vault 0

7 Playing Violin Haircut 0

8 Playing Guitar Playing Guitar 100
9 Push Ups Blow Dry Hair 0
10 Juggling Balls Juggling Balls 100
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12 Jump Rope Pommel Horse 0
13 Swing Swing 100
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11 Clean And Jerk Clean And Jerk Clean And Jerk 100 1
12 Jump Rope Pommel Horse Mopping Floor 0 8
13 Swing Swing Swing 100 3

14 Golf Swing Golf Swing Golf Swing 333 9
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