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Disentanglement Approach for Video Action Recognition
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1. Introduction increase the overall performance by 44.7% compared to
With a total of 770 millions devices sold in 2019 and a the origina| model. Second’ we show that Combining
constant increasing since 2016 video surveillance  disentangled features and features extracted by a model

cameras have become the main way to ensure safety in pretrained on a simpler video dataset also improves the
public areas. They are used to detect suspicious behaviors, performance by 26.5%.

accidents or persons in danger. However, the manual
inspection of footages takes a lot of time. Thanks to the 2. Related Work
development of deep learning, the automatic processing of Since the development of deep learning , several
the videos is now easier. With a specialized model it is now solutions have been proposed to solve the action
possible not only to detect and track objects and humans in recognition task on videos with various backgrounds. Most
a video[1][2], but also recognize what action the person is of them are based on Convolutional Neural Networks
performing with a high accuracy/[3]. (CNN) to extract visual features from the frames of the
However, one current limitation of such deep learning videos[8]. Some approaches combine those features with
models is that their performance drops when the the optical flow of the video to get the motion information[9].
background changes between training data and test data. The temporal information is captured using three
This is a serious limitation as a new model needs to be dimensional CNN[10] or Long Short Term Memory
built from scratch for each new application even if the task Networks (LSTM)[11]. Eventhough these approaches give
is identical. high perfomances, and are robust to background changes,
Training the models with a larger amount of data they usually require very large datasets with thousands of
including different backgrounds, or using transfer learning videos to work properly[12][13].
to better adapt to new backgrounds are two techniques Disentanglement is another approach to make models
which have been used to tackle this issue. However, they robust to background changes. The idea is to encode
require large and various datasets[4] and/or sharing the separately the background and the foreground information
models between applications. This is a serious limitation in and only feed the foreground information to the network.
business settings as making datasets is costly and it is not Since the background information is not accessible for the
always possible to share models between customers. model, it can only learn features which are independent
The recent “disentanglement” technique is a solution to from the background and therefore it is robust to
overcome these limitations. A disentanglement model has background changes. Xunyu et al. have proposed a

the ability to separatly encode different factors of the input. method to disentangle foreground from background in
It has been used in the image domain to separate writing videos[14]. However their method is based on the manual
style from content[5], and in the video domain to separate labelling of the background and the foreground before

gait from appearance[6]. Using disentanglement, Denton et training the model, which requires intense manual work.
al. have shown that it is possible to separate the Denton et al. have proposed an automatic background
background from the foreground in the video[7]. They have disentanglement method for videos. They have not only
used the disentangled foreground representation as input shown that the method can successfully disentangle
for an action recognition classifier. They have shown that background and foreground, but also that the foreground
the classifier gives better performance when fed with a features can be used by a classifier for activity recognition.

disentangled representation. In this paper we investigate Denton’s disentanglement
In this paper we focus on Denton’s model, and show method, and show that even if it gives some good results
that even if it works fine for simple datasets with small with a simple dataset, the classifier's performance drops

background changes, the classifier's performance drops in with a more complex dataset. We propose two ways of
case of more complex datasets. We propose two new modifying the classifier part of the original method to
methods to improve the performance of the orignial enhance the performance on complex datasets.

classifier on complex datasets. First, we show that by
using convolutional layers we can better grasp the
temporal relationship between the frames and therefore 3.1 DRNet model

3. DRNet model and proposed methods
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The original DRNet model proposed by Denton et al. is a
deep neural netork architecture with two encoders and one
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decoder. The “Content Encoder” is trained to take some
video frames as input and output a representation vector
capturing contents that does not vary over time in the video
(typically the background of the video). Similarly, the “Pose
Encoder” is trained to output a representation vector
capturing contents that varies over time. Finally, the
decoder ensures that the original frames can be
reconstructed from the vectors produced by the encoders.
Details about the training process and the different parts of
the model are described in the original paper[7].

In a second step, the Pose Encoder is used for the
classification task. As shown in Figure 1, a set of frames is
fed to the encoder. For each of the frames, the encoder
produces a representation vector which encodes only the
foreground information. These vectors are concatenated
and used as input for a linear classifier.

Pose E
-
Encoder

Figure 1: Classification step in the DRNet model. The
Pose Encoder takes a set of frames as input and outputs
a representation vector for each frame. The classifier
uses a concatenation of the vectors as input and outputs
the corresponding activity

3.2 Proposed methods

To improve the classification accuracy, we propose two
different modifications to the classifier. In both cases, we
keep the same Pose Encoder as in the original DRNet
paper.

3.2.1 Convolutional classifier

First we investigate the effect of adding convolutional

layers before the linear classifier as shown in Figure 2.

,  Pose , E _m Linear
Encoder . Classifier

Figure 2: Convolutional classifier. Some convolutional
layers are added before the linear classifier to better
capture the temportal relationship between the
representation vectors

For each frame, the Pose Encoder generates a
representation vector capturing the foreground information.
All the vectors are then concatenated and fed to some
convolutional layers. Then, the output of the convolutional
layers is used by the linear classifier to retrieve the activity.
The idea is to use the convolution to better capture the
temporal relationship between the representation vectors.

3.2.2 Double feature vectors

We also investigate the effect of extracting for each
frame another feature vector using a pretrained network, as
shown in Figure 3.

Pose { =
Encoder

Pretrained
Resnet

Figure 3: Double feature vectors classifier. The Pose
Encoder and the pretrained Resnet take a set of frames
as input and output a representation vector for each
frame. The classifier uses a concatenation of the vectors
as input and outputs the corresponding activity

For each frame, the Pose encoder generates a
representation vector capturing the foreground information.
Also, a pretrained network is used to generates a feature
vector for each frame. Then, we concatenate the
representation vectors from the Pose Encoder and the
feature vectors from the pretrained network, and use the
concatenation as input for the linear classifier. The idea is
that using the knowledge from a pretrained network will
help the classifier to reach a better accuracy. During the
expriment, we use a Resnet model[15] which is a classic
model to extract features from images.

4. Datasets

For our experiment, we use two different datasets. Both
include people performing some simple activities. The
content of each dataset is detailed in this section.

4.1 KTH

The KTH dataset [16] is a dataset of real-world videos of
people performing different actions (walking, jogging,
running, boxing, handwaving, hand-clapping) as shown in
Figure 4.

Figure 4: Two frames of the KTH dataset
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The dataset includes 2391 videos taken with a static Table 1: Classification accuracy of the original model on

camera with a rate of 25 frames per second (fps). The the KTH and MMAct dataset.

spatial resolution of the videos is 160 x 120 pixels and the Dataset Accuracy

average length of a video is four seconds. There are small KTH 87.4%

variations of camera angles between the videos. The MMAct 46.5%

particularity of this dataset is that the different backgrounds

are fairly simple and the videos are in grayscale. From Table 1 we can see that the classifier reaches a very

4.2 MMAct good accuracy with the KTH dataset. The representation

vectors produced by the Pose Encoder contains enough

The MMAct dataset [17] includes 20 participants  information for the classifier to retrieve the activity. This

performing 37 different activities as shown in Figure 5. result confirms the findings of Denton’s original paper.

Each activity is performed 64 times corresponding to four However, we can see a performance drop of 40.9% with
different backgrounds and four different camera angles  the MMAct dataset. In this dataset, the backgrounds are
(four sessions for each). Among the 37 activities, we only  more complex and there are different camera angles which
considered the videos of walking, running and handwaving make the disentanglement more difficult. Therefore, the
in our experiments. The videos have been captured by a  vectors produced by the Pose Encoder cannot be used
high definition camera, at a resolution of 1920 x 1080 efficiently by the classifier. We have two hypotheses to
pixels at 30 fps. With its various backgrounds and camera  explain this result. First, the temporal relationship between
angles, the MMAct dataset is the most challenging of the  the representation vectors is not correctly retrieved by the
two datasets of our experiment. classifier. Second, the features included in the
representation vectors are not informative enough to
retrieve the activity. To verify these hypotheses we test the
approaches described in Sections 3.2.1 and 3.2.2: we use
convolutional layers to better grasp the temporal
relationship between the vectors, and we use a pretrained
network to extract additional relevant features from the
frames. The associated results are shown in Table 2.

5 “l'il.Q

Table 2: Classification accuracy for the CNN and the
Double Feature Vectors approaches on the MMAct dataset

Figure 5: Two frames of the MMAct dataset Approach Accuracy
CNN 91.2%
5. Experiment Double Feature Vectors 73.0%
In all of our experiments, we kept the original
architectures from Denton et al. for the Pose Encoder, the From Table 2 we can see that using convolutional layers

Content Encoder and the Decoder: Resnet-18, VGG[18] before the linear classifier improves the accuracy
and mirrored VGG respectively. For the original approach significantly by 44.7%. The temporal information in the set
described in Section 3.1, the encoder part has been trained of frames is correctly retrieved by the classifier. The
on the KTH dataset and the recordings of one participant of remaining error can be explained by the similarity between
the MMAct dataset. The classifier part is a three linear the “running” and the “walking” activities. In the MMAct
layers network with ReLU activations pretrained on the dataset, the participants performed the activities inside a
KTH dataset. For the approach described in Section 3.2.1, small room which forced them to run quite shortly and
the CNN is a six layers convolutional network. The encoder slowly. Therefore, a set of frames belonging to the running
part has been trained on the KTH dataset. The classifier activity can be easily confused with a set of frames
part is a three linear layers network pretrained on the KTH belonging to the walking activity.

dataset. For the approach described in Section 3.2.2, the Table 2 also shows that the double feature vectors
pretrained network is a Resnet-18 pretrained on the KTH approach leads to an improvement of 26.5% compared to
dataset. The encoder has been trained on the KTH dataset the basic approach. In that case, the additional information
and one participant of the MMAct dataset. The classifier is included in the feature vectors produced by the pretrained
a three linear network pretrained on the KTH dataset. For Resnet is useful for the classifier to recognize the activity.
all approaches, the number of frames used as input for the As for the CNN approach, the origin of the remaining error

different models is set to 24. can be explained by the strong similarity between the
As a first step, we investigate the performance of the walking and the running activities.
original classifier described in Section 3.1 on the KTH and Considering the results shown in Table 2, the natural
the MMAct datasets. The results are gathered in Table 1. following step would be to combine the CNN and the
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double feature vectors approaches to benefit from the
advantages of both. However, our preliminary experiments
towards this direction have not shown any improvement.
The combination of both approaches will be further studied
in a future work.

6. Conclusion

In this paper we have investigated an action recognition
system based on the disentanglement technique. We have
confirmed that the method proposed by Denton et al. can
efficiently disentangle simple backgrounds and a
disentangled feature vectors can be successfully used by a
linear classifier to perform activity recognition. We have
seen that in case of simple backgrounds the classification
accuracy reaches 87.4%, but this performance drops to
46.5% in case of more complex dataset.

We have proposed two different modifications to the
classifier part of this model to overcome this limitation: a
CNN based approach which allow the system to reach
91.2% accuracy; and a “double feature vector” approach
which reaches 73.0% accuracy for the complex dataset.
However, we have seen that the models tend to confuse
similar activities such as running and walking. We have
seen that distinguishing both activities is difficult because
of the way the videos have been shot in the MMAct dataset.

In a future work, we will focus on the distinction between
similar activities and test our method with a larger number
of activities. We will also explore in more details the
combination of both CNN and double feature vector
approaches. Finally, we will test our approaches on larger
and even more challenging datasets such as the Kinetics
dataset[12] or the UCF101 dataset[13].
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