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Chapter 1

Abstract

Action detection is an attractive area for researchers in computer vision, healthcare, physiotherapy, psychology, and
others. Intensive work has been done in this area due to its wide range of applications such as security surveillance,
video tagging, Human-Computer Interaction (HCI), robotics, medical diagnosis, sports analysis, interactive gaming,
and many others. After the deep learning booming results in computer vision tasks like image classification, many
researchers have tried to extend the success of deep learning models to video classification and activity recognition.
The research question of this thesis is to study the use of the 2D human poses extracted by a DNN-based model from
RGB frames only, for the online activity detection task and comparing it with the state of the art solutions that utilize
the human 3D skeletal data extracted by a depth sensor as an input. At the same time, this work showed the importance
of input pre-processing and filtering on improving the performance of the online human activity detector. Detecting
gym exercises and counting the repetitions in real-time using the human skeletal data versus the 2D poses have been
studied in-depth in this work. The contributions of this work are as follows: 1) generating RGB-D dataset for a set
of gym exercises, 2) proposing a novel real-time skeleton-based Double Representational RNN (DR-RNN) network
architecture for the online action detection, 3) Demonstrating the ability of the proposed model to achieve satisfiable
results using pose estimation models applied on RGB frames, 4) introducing a novel learnable exponential filter for the
online low latency filtering applications.
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Chapter 2

Introduction

Technology is changing our life rapidly. In the next few years, we may have a digitalized gym that can watch, count, and
correct our performance. The backbone for this futuristic dream is activity recognition and detection. Intensive work
has been done in this field, where different input types have been used. Action recognition using RGB frames has been
studied deeply, and the researchers were able to achieve the state of the art results by the usage of DNN-based networks.
On the other hand, the online human action detection is challenging task because of 1) the real-time constraint which
prevents the usage of the valuable computationally expensive features that can be extracted from the RGB images, 2)
the need to predict the ongoing activity when maybe just 10 % of the activity is being perceived. The emerge of the
new depth sensors like the Microsoft Kinect and their abilities to provide human skeleton representation in real-time
facilitates the research in the online human action detection field. The human skeleton representation has proven to be
great and valuable to discriminate between many human activities. Many researchers used the depth sensor skeleton
representation and achieved the state of the art results due to 1) The invariance of skeleton joints to the location of the
camera, 2) Skeleton joints are high-level abstract features, so the number of skeleton features are much less than the
number of features in RGB image (75 features comparing to 97,200 features for an RGB image of size 180× 180), thus
fewer data will be needed to train a deep neural network, 3) Skeleton data immunity to illumination changes, while
the RGB frames severely affected by changes in lighting conditions and 4) the authors in [1] showed that using the
same classifier for pose-based features as an input outperform appearance-based features. Different architectures and
methods have been proposed by the researchers to fulfill the need to capture the spatial features in the RGB, depth, or
skeleton frames and at the same time digesting the temporal dynamics between the video frames. Conventional methods
like dividing long sequences/videos into smaller windows, which have been used to extract hand-crafted features for
each window and use a classifier like SVM to classify the activity. Also, a bag of words techniques have been used for
frame-level prediction and using the major class to be the label for the whole video. After the buzz of deep learning
results using Convolutional Neural Networks (ConvNets) in LSVRC-2012 [2], many researchers started to provide the
new state of the art results towards activity recognition and video tagging tasks. The ConvNet was able to capture the
spatial properties of an image properly. On the other hand, there is a need for a model that can capture the dynamical
temporal properties in video files that contain millions of frames. Many researchers have been working on the offline
activity recognition, which stands for classifying the activity after capturing the whole video frames. Researchers have
been using different types of inputs to recognize the activity like raw RGB, depth, and skeleton frames. Researchers
have been tackling this problem by the use of Recurrent Neural Network (RNN), Long-term Recurrent Convolutional
Networks (LRCN), or 3D convolutions (C3D). At the same time, the work on the challenging online activity detection
task was a bit less. The online activity detection is a challenging task, because of the need to predict the label of the
ongoing activity on a frame-level given the previous frames only, without any knowledge about the frames that will be
received in the future. In parallel, the model should forecast the start and end time for each activity within T frames, so
the system may serve a towel to the user directly when it predicts the end of face washing activity as an example. Other
activity detection tasks worked on predicting the action points as defined in [3]. Recently intensive work has been done
on the task of human 2D pose estimation. Different models have been proposed for single and multiple persons pose
predictions that achieved the state of the art results like Openpose[4] and others. Hence this work focused on studying
the abilities of the extracted 2D human poses from RGB images to compete with the depth sensor skeleton data as an
input for the human activity detector. In this work, detecting a set of gym exercises and counting the repetitions in
real-time using different types of inputs have been studied. The skeleton joints from the Kinect depth sensor and human
2D pose extracted from RGB frames as input types have been investigated. An online gym RGB-D dataset has been
collected to facilitate and accelerate the research in the Online Action Detection (OAD) field. A novel real-time RNN
skeleton-based model has also been proposed, which utilized two ways of joints’ representations inspired by [5] and
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[6]. A novel learnable exponential filter also has been proposed for input and output filtering for real-time low latency
applications. The model’s results have been reported on the collected gym dataset in addition to the OAD [7] dataset.
Figure 2.1a shows samples of the exercises that will be detected in this work. The whole set of exercises that will be
detected are the following: (standing palms in dumbbell press, standing palm in one-arm dumbbell press, biceps curl,
lateral raise, alternate biceps curl, front dumbbell raise, chest fly, dumbbell shrug and standing dumbbell upright row).

(a) Standing palms in dumbbell press (b) Standing one arm dumbbell press (c) Biceps curl

(d) Lateral raise (e) Alternate biceps curl (f) Front dumbbell raise

Figure 2.1: Examples of the exercises that will be detected in this work. Pictures captured from [8].
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Chapter 3

Related Work

3.1 Offline Human Activity Recognition

In [5], the authors investigated the offline human action recognition task using human skeleton joints. The authors
exploited the LSTM [9] to build the Spatio-temporal LSTM (ST-LSTM), which models the spatial and temporal
properties in parallel. The tree-structure based traversal representation and what they called a trust gate have been used
to improve the model results and to improve the model’s immunity to the noisy skeleton joints. The authors mentioned
that in previous work where the RNN has been used, the focus was only on capturing the temporal context between the
frames. At the same time, there is a strong spatial dependency between the human skeleton joints themselves, which
can be quite beneficial to recognize the activity. Supposing that each skeleton frame consists of j joints, where each
joint at the ST-LSTM is being mapped to a LSTM unit and this unit is receiving the state of the previous joint j − 1 in
the same time step t (spatial context mapping) and getting the state of the same joint index j but from the previous time
step t− 1 (mapping the temporal context) as shown in figure 3.1. Feeding the human skeleton joints as a simple chain
will destroy the spatial dependency between the joints in the frame, as mentioned by the authors. A bidirectional tree
structure based skeleton traversal representation has been proposed by the authors to conserve the spatial dependency
between the joints, as shown in figure 3.2. The authors mentioned that the representation power of the model could be
improved by stacking multiple ST-LSTM layers as in the normal LSTM. Depth sensors like the Microsoft Kinect that
have been used to collect many datasets are not reliable enough for some complex articulations, as mentioned by the
authors. The unreliability of skeleton joints limited the performance of the ST-LSTM. Hence the authors proposed the
trust gate inspired by the text generation task where the next word is being predicted based on the previous word/s.
The authors showed that the location of joint j in frame t is predictable given the location of joint j in frame t− 1 and
joint j − 1 in frame t. The estimated error between the predicted joint location and its actual location has been fed
into the trust gate, which will allow the LSTM unit to know when to memorize the skeleton frame and when not. The
authors mentioned that they trained the model using back-propagation through time (BPTT), where they fed the video
label for each spatio-temporal step in that video and finally averaging the predictions of all steps as shown in equation
(3.1), where L is the computed loss, l(ŷj,t, y) is the negative log-likelihood, and it is noticeable how the authors are
averaging the loss overall frames and all joints. The proposed ST-LSTM has been evaluated on four different datasets
(NTU RGB+D, SBU Interaction, UT-Kinect, and Berkeley MHAD). Three variants of the ST-LSTM have been tested,
which are the ST-LSTM using the joint chain as an input, ST-LSTM with the tree-traversal as an input, and finally, the
ST-LSTM using tree-traversal joints and trust gate. The authors used the leave one out cross-validation methodology,
and they divided each video into T sub-sequences of the same length by doing that, they found that for T = 20, the
model performed the best. As expected, the ST-LSTM with the trust gate outperforms other models significantly on
the NTU RGB+D dataset on both evaluation protocols, i.e., the cross-subject and the cross-view as shown in table
3.1. At the same time, it is noticeable that even the ST-LSTM with the joint chain as an input was superior to the
previous models, which shows the importance of modeling the spatio-temporal properties concurrently. The trust gate
was able to improve the results of the ST-LSTM on the side view, especially when the captured joints by the Kinect
device are noisier than when the subject is facing the camera. Figure 3.3 shows some samples from the NTU RGB+D
dataset for subjects from the side view where the noisy joints are noticeable. For the SBU dataset, the authors followed
the five folds cross-validation protocol to evaluate the proposed ST-LSTM was superior compared to other models.
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Figure 3.1: The spatio-temporal mapping between the LSTM units and the skeleton joints. Taken from [5].

Figure 3.2: Depicting the traversal tree-based structure representation. a) the original skeleton joints of the human body,
b) the skeleton joints in (a) after converting to tree representation, and c) the visiting order of the joints to be converted
into a chain that will be used as an input to the proposed model. This figure has been taken from [5].

The same for the UT-Kinect dataset, where two evaluation protocols have been followed, which are the leave one out
cross-validation and the half for training and a half for testing protocols.

L =

J∑
j=1

T∑
t=1

l(ŷj,t, y) (3.1)

In [10], the authors focused on the offline human action recognition and starting from the promising performance
of the deep convolutional neural networks in a task like image classification. The authors proposed a new skeleton

Method Cross subject Cross view

Lie Group 50.1% 52.8%
Skeletal Quads 38.6% 41.4%
Dynamic Skeletons 60.2% 65.2%
HBRNN 59.1% 64.0%
Part-aware LSTM 62.9% 70.3%
Deep RNN 56.3% 64.1%
Deep LSTM 60.7% 67.3%
ST-LSTM (Joint Chain) 61.7% 75.5%
ST-LSTM (Tree Traversal) 65.2% 76.1%
ST-LSTM (Tree Traversal) + Trust Gate 69.2% 77.7%

Table 3.1: The performance of the ST-LSTM variants and comparison with other models on the NTU RGB+D dataset.
Taken from [5].
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Figure 3.3: Samples of the side view of different subjects from the NTU RGB+D dataset showing the noisy joints.
Taken from [5].

representation method and a fusing scoring function, which achieved the state-of-art results at that time. The authors
used the skeleton data that has been recorded by a depth sensor like the Microsoft Kinect to build the Joint Distance
Map (JDM) representation. The JDM representation, as mentioned by the authors, will encode the pair-wise distances
of the human skeleton joints of single or multiple humans into textural images. By encoding multiple frames into
textures and packing them into one image which has an appropriate size to be fed into a ConvNet for classification
to recognize the performed human activity. The authors mentioned that they were inspired by a similar approach,
where the joint coordinates x, y and z have been organized in a red, green and blue respectively in the conventional
RGB image, but because of the small resultant image sizes, it was impossible to fine-tune an existing ConvNet on the
new images. 4 JDMs have been fed to 4 ConvNets in parallel as shown in figure 3.4 those 4 branches then have been
fused by a scoring function, where the first 3 JDMs are the 2D projections of the skeleton joints pair-wise distances on
the xy, xz and yz planes, which are complementary to each other. The fourth JDM contains the 3D joints pair-wise
distances, which improved the robustness of the model, as mentioned by the authors. For a sequence of t frames and
m joints, the generated JDM will be a matrix of the size (m∗(m−1)2 × t) where each joint pair-wise distance will be
encoded into HSV color. Because of the variations in sequences’ lengths, the bilinear interpolation has been exploited
to squash the JDM columns from t frames to t′. The euclidian distance between every 2 joints has been calculated
as shown in equation 3.2 where Di

jk is the euclidian distance between joint j and k in frame i. For a sequence of
t frames, the generated JDM will be arranged in the frames temporal order, as shown in equation (3.2), where each
column represents the pair-wise distances of a specific frame. The authors used HSV coloring system to encode the
joints pair-wise distances into a jet-color map as shown in equation (3.3), where hmax is the upper threshold of the hue,
hmin is the minimum threshold of hue, Di

jk
′ is the euclidian distance between the joint j and joint k in the frame i,

max(BLjk) is the maximum pair-wise distance after the bilinear interpolation and finally H(j, k, i) is the hue color
value for the pair-wise distance between joints j and k in the frame i. The authors mentioned that they used the color
normalization technique to get rid off the variations in the heights of different people. The authors fixed the image
width to t′ = 200 for all sequences and evaluated their work on the NTU RGB+D and UTD-MHAD datasets. AlexNet,
which has been trained on the ILSVRC-2012 (Large Scale Visual Recognition Challenge 2012), has been used in the
proposed model and fine-tuned on a smaller dataset. The authors mentioned that fine-tuning the model outperforms
the other model, which has been trained from scratch on the UTD-MHAD dataset because of its small size. Different
fusion score functions have been tested and the authors showed that the usage of multiplication as a scoring function is
better than the average or max fusing. At the same time, training the model from scratch on the NTU dataset was better
than fine tunning due to the sufficient size of the dataset. A comparison with other models has been shown in table 3.2
using the NTU RGB+D dataset, where the proposed model outperforms other models significantly for the cross-subject
and cross-view evaluations.

Di
jk = ||pij − pik|| (3.2)

H(j, k, i) = floor(
Di
jk
′

max(BLjk)
× (hmax − hmin)), i ∈ t′ (3.3)

In [11], the authors also tackled the offline action recognition task, but this time using RGB images only without
having the depth frames. By the great success of the deep neural network in human pose estimation, the authors
utilized a DNN-based network called Openpose [4] to extract the 2D skeleton joints from RGB images that have been
employed by the authors to recognize human activities. The output of the Openpose, i.e., the 2D joints and the joints
confidences, have been embedded into an RGB image, as shown in figure 3.5. The authors tried different tests for
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Method Cross subject Cross view

Lie Group 50.1% 52.8%
Dynamic Skeletons 60.2% 65.2%
HBRNN 59.1% 64.0%
Part-aware LSTM 62.9% 70.3%
Deep LSTM 60.7% 67.3%
ST-LSTM (Joint Chain) 65.2% 76.1%
ST-LSTM (Tree Traversal) + Trust Gate 69.2% 77.7%
JTM 73.4% 75.2%
Proposed Method 76.2% 82.3%

Table 3.2: A comparison of the proposed model with JDM representation with other models using the NTU RGB+D
dataset. Taken from [10].

Figure 3.4: The structure of the 4 JDMs fed into the four ConvNets. Taken from [10].

joints encoding, and joints orders and they used SqueezNet [12] and DenseNet [13] for image classification. Table 3.3
shows different tests properties, where (X,Y ), c corresponds to map the joints x, y and the confidence to R,G and
B, while (X,Y ),mean corresponds to mapping the joint x, y and mean between x and y into R,G and B. Table 3.3
also shows different orders and numbers of the joints that have been used to evaluate the model where an example of
the eyes and ears have been dropped for the 14 joints experiment. After finding the best encoding schema and joints
order, the authors tried to classify the generated RGB images, which embed the performed activities using different
popular models and reported their results in table 3.4. From table 3.4 it is noticeable that for test3 the DenseNet169
[13] performed better. On the other hand, for test1, the ResNet152 [14] was better. At the same time, the differences
between ResNet152 and DenseNet169 in model size and evaluation time were significant, where the DenseNet169 was
faster by 1.3 times comparing to ResNet152 and 4.5 times smaller than the ResNet152.

3.2 Online Human Activity Detection

In [7], the online human action detection has been explored and investigated. The authors showed the difference
between the online and the offline action detection. A dataset of 10 continuous actions has been recorded in this work
due to the scarcity of the online/continuous human action datasets. The authors used the recurrent neural networks,
the LSTM [5] units, especially to capture the temporal properties between video frames. The authors’ goal was to
classify the on-going human activity and to forecast the start and end time frame for each activity within T frames.
Forecasting the beginning and the end of each activity will be helpful for some applications like passing a towel for
a person when he/she finishes washing hands, as the authors mentioned. The authors used human skeleton data for
action detection because of the robustness of the skeleton data to illumination and clustered background comparing
to RGB frames. The authors mentioned that by the usage of the LSTM, there was no need to use the sliding window
design. The sliding window, which stands for slicing the long sequence into smaller overlapped sequences, has a
low computational efficiency because of the need to apply the action detection method on each slice (window). A
joint classification-regression RNN has been proposed by the authors, as shown in figure 3.7, which consists of two
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Figure 3.5: Embedding the 2D joints of multiple frames into one RGB image. The 2D joints have been extracted from
RGB frames using Openpose. Taken from [11].

test RGB conversion number of nodes nodes order

1 (X,Y),c 18 order1
2 (X,Y),mean 18 order1
3 (X,Y),c 14 order2
4 (X,Y),mean 14 order2
5 (X,Y),c 14 order3
6 (X,Y),mean 14 order3

legend

order1 = (14,15,16,17,0,1,2,3,4,5,6,7,8,9,10,11,12,13)
order2 = (0,1,2,3,4,5,6,7,8,9,10,11,12,13)
order3 = (0,4,3,2,1,5,6,7,10,9,8,11,12,13)

Table 3.3: Different data representations configurations. Taken from [11].

Model

Memory
size
(MB)

Parameters
count

Accuracy
for test
1(%)

Accuracy
for test
3(%)

Training
time
(min)

Evaluation
time
(s)

SqueezeNet 3 747633 75.788 75.803 22.541 29.263
AlexNet 228.8 57204593 74.545 74.051 22.730 27.619
Inception v3 98.2 24481346 81.985 81.528 87.567 63.738
DenseNet169 51.1 12566065 81.940 82.651 74.683 55.322
ResNet34 85.4 21309809 82.591 81.365 40.366 36.053
ResNet152 233.8 58244209 83.347 81.693 117.074 74.771
VGG13 516.6 129151601 79.096 78.871 77.244 52.718
VGG 19 559.8 139770993 78.497 78.984 109.260 66.915

Table 3.4: Test1 and test3 configurations evaluation using different models. Taken from [11].
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Action Category SVM-SW RNN-SW CA-RNN JCR-RNN

Fighting 0.486 0.613 0.700 0.735
Golf 0.680 0.745 0.900 0.967

Table 3.5: Performance evaluation of different baseline models on G3D dataset. Taken from [7].

sub-networks, one for classifying the on-going action and the other for regressing the start and end of each activity.
The classification sub-network consists of 3 LSTM units followed by fully connected layers to empower the learning
capabilities of the suggested model and coupled with dropout layers to improve models’ generalization, as mentioned by
the authors. The objective function of the classification sub-network focusing on minimizing the cross-entropy between
the classes, as shown in the equation (3.4). The authors in the classification sub-network were maximizing the posterior
probability for the current frame given the previous frames only. The authors trained the network with Back Propagation
Through Time (BPTT), and they used stochastic gradient descent with momentum to optimize the loss function. On the
other hand, for the activity start/end regression sub-network, the authors fine-tuned the activity classification model to
help the regression part to forecast the activity start and end values. The authors used a Gaussian-like curve to express
confidence in the activity start/end. Those Gaussian-like curves have been centralized at the actual start/endpoint of
each activity, as shown in figure 3.8. The start point confidence as an example has been shown in equation (3.8), where
the value of the confidence will increase more and more when the point is moving towards the center of the Gaussian
curve. The authors set confidence thresholds to control the tradeoff between a delayed response versus an accurate
forecast. By having the final network architecture, the final loss function has been mentioned in equation (3.7). The
authors said that they were using the output of the softmax layer to nominate and select the relevant features from the
FC2 layer through an element-wise multiplication to help the regressor to perform better, as shown in figure 3.6. The
authors mentioned that they used the overlapping ratio α between the ground truth and the predicted activity as in object
detection task to calculate the precision and the recall to get the F1 score as shown in equations (3.5) and (3.6). For
evaluating the new architecture authors built different base-line models to compare with, like the SVM with sliding
window (SVM-SW), RNN based on LSTM with sliding window (RNN-SW), the classification part of their model
only (the CA-RNN). Table 3.6 shows the performance of each model for different actions on the OAD dataset. Table
3.6 shows that the JCR-RNN outperforms other methods for most of the activities, but on the other hand, for some
actions like writing and throwing trash, the RNN with the sliding window technique performed significantly better. The
JCR-RNN was superior also when the authors tested it on the G3D dataset [15], as shown in table 3.5. In the online
action detection task, the performance of the proposed model is essential. The authors mentioned that the fastest model
was the SVM-SW because of its lightweight properties. On the other hand, the proposed JCR-RNN was able to perform
at the speed of 1230 frames per second, and that is due to the short input vector of the human skeleton comparing to the
RGB frames.

Lc(V ) =
−1
N

N−1∑
t=0

M∑
k=0

zt,klnP (yt,k|v0, ..., vt) (3.4)

α =
|I ∩ I∗|
|I ∪ I∗|

(3.5)

F1 = 2
Precision ∗Recall
Precision+Recall

(3.6)

L(V ) = Lc(V ) + λLr(V )L(V ) =
−1
N

N−1∑
t=0

[

M∑
k=0

zt,klnP (yt,k|v0, ..., vt) + λ.(l(cst , p
s
t ) + l(cet , p

e
t ))] (3.7)

cst = e
−(t−sj)

2

2σ2 (3.8)

In [16], the authors worked on the online action detection task also by proposing a model that is based on the random
forest. The authors defined the online action detection task as localizing the action first and classify the localized
action then. This task was a challenging task before due to the computationally expensive features needed to detect the
action which was hard to obtain in real-time. The authors mentioned the success and robustness of the new CNN based
models, which utilizes the RGB and depth data for activity recognition. On the other hand, using CNN based models
for the OAD task was not practical due to the real-time constraints. The proposed RF based model has been a good
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Actions SVM-SW RNN-SW CA-RNN JCR-RNN

drinking 0.146 0.441 0.584 0.574
eating 0.465 0.550 0.558 0.523
writing 0.645 0.859 0.749 0.822
opening cupboard 0.308 0.321 0.490 0.495
washing hands 0.562 0.668 0.672 0.718
opening microwave 0.607 0.665 0.468 0.703
sweeping 0.461 0.590 0.597 0.643
gargling 0.437 0.550 0.579 0.623
throwing trash 0.554 0.674 0.430 0.459
wiping 0.857 0.747 0.761 0.780
average 0.540 0.600 0.596 0.653

Table 3.6: Performance evaluation of different baseline models on ther OAD dataset. Taken from [7].

Figure 3.6: Nominating features from FC2 by the softmax to help the regressor to predict better values for the start and
end time points of each activity. Taken from [7].

Figure 3.7: JCR-RNN model architecture taken from [7].

10



A PREPRINT - JANUARY 25, 2020

Figure 3.8: Adding the gaussian like curve over each activity start/end. Taken from [7].

solution for the OAD task as mentioned by the authors due to the computational efficiency of each tree in the RF and
the high flexibility of the RF to digest different features like CNN-based features, skeleton, etc., The authors utilized
the spatial and temporal contexts in the proposed model. For the spatial context they used the skeleton features for
the spatial context as a feature vector x where x = [pT , p′(t)T , p′′T ] of size n× 3× 3, where p is the joints vector, p′
is the first derivative of the joint vector and p′′ is the second derivative. Motivated by the offline action recognition
where the valuable CNN-based spatial computational expensive features have been used for activity classification,
the authors used those features while training the proposed model only, to define a context feature space Z = Zs, Zt
which consists of spatial and temporal contexts. VGG-s has been used to extract the spatial context from RGB frames,
and another CNN-based model has been used to extract the spatial context from the depth frames. Concatenating the
feature responses from the VGG-s and the depth model will produce 8192 dimensional spatial context vector Zs. The
temporal context has been defined as the location of the frame of interest relative to the whole sequence as shown in
equation (3.10) where locA(I) is the location of the frame I in time domain and length(A) is the length of the whole
sequence A. The temporal context definition, as mentioned by the authors, will help the model to differentiate between
similar frames that may be involved in different activities, but at different times. As mentioned before, the proposed
RF-based model is utilizing the spatial skeleton features for training and testing and the spatio-temporal features only
for training because it is computationally expensive to extract and because it is embedded in the future frames. The
proposed RF-based model is ensembles of binary decision trees, where each tree consists of split nodes and leaf nodes.
The split nodes are responsible for making the binary decision by simply comparing the feature vector values with
learnable thresholds. The split function defined as shown in equation (3.9), where hγ(I) is the corresponding feature
representation value, t is a threshold and sgn is the sign function. When a new subset D arrives, random splits will be
generated, and the split which maximizes the objective function O will be selected. The authors mentioned the high
discriminative capabilities of the spatio-temporal context. That is why the authors used the spatio-temporal features in
the training process for the proposed RF-based model to refine the ambiguity that may be caused by similar frames
included in different classes. This has been achieved by defining a custom objective function. The authors evaluated
the proposed RF-based model on 3 challenging datasets, which are MSRAction3D, G3D, and OAD datasets. Table
3.7 shows a comparison between the proposed model and other models on the OAD dataset. RF, RF with temporal
context only, and RF with spatio temporal contexts have been evaluated. From table 3.7, it is noticeable that RF with
spatio-temporal context outperforms other models like the JCR-RNN. Moreover, the test time ratio of the RF-ST was
less than the test time ratio for the JCR-RNN because of the computational efficiency of the random forest trees. At the
same time, the RF model performance was the same as the SVM with a sliding window. At the same time for both
MSR and G3D datasets, the RF-ST was doing better than other models, and its performance was much better where
each frame for the MSR dataset takes 1.1ms, while the moving pose is slower by nine times.

ψ(hγ(I)− t) (3.9)

zT (I) =
locA(I)

length(A)
(3.10)

In [17], the authors worked on the online action prediction task and proposed the scale selection network (SSNet). The
authors showed the importance of the human skeleton representation to recognize the on-going activity without the
need for the RGB image and the immuning of the skeleton joints to illumination, clothes colors, etc., The goal of the
authors was to predict the on-going human activity through the perceived frames only on streamed video/sequences,
i.e., not trimmed sequences. The authors used the sliding window technique differently, where they proposed a novel
scalable/dynamic window, as shown in figure 3.9. The proposed scalable window was behaving differently comparing to
the traditional sliding window approaches like adopting one fixed scale window or combine multi-scale multi-pass scans
on the targeted sequences. The authors used a dilated ConvNets, which at the same time, predict the on-going activity
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Actions SVM-SW RNN-SW CA-RNN JCR-RNN RF RF+T RF+ST

drinking 0.146 0.441 0.584 0.574 0.253 0.298 0.517
eating 0.465 0.550 0.558 0.523 0.661 0.662 0.645
writing 0.645 0.859 0.749 0.822 0.761 0.858 0.803
opening cupboard 0.308 0.321 0.490 0.495 0.427 0.478 0.555
washing hands 0.562 0.668 0.672 0.718 0.678 0.860 0.860
opening microwave 0.607 0.665 0.468 0.703 0.561 0.567 0.610
sweeping 0.461 0.590 0.597 0.643 0.224 0.273 0.437
gargling 0.437 0.550 0.579 0.623 0.383 0.368 0.722
throwing trash 0.554 0.674 0.430 0.459 0.626 0.671 0.688
wiping 0.857 0.747 0.761 0.780 0.916 0.948 0.977
Overall F-score 0.540 0.600 0.596 0.653 0.548 0.592 0.672

Table 3.7: Comparison of different RF variants with other models for different activities on the OAD dataset. Taken
from [16].

label and regress the beginning of the activity to extend the window size for the next frame prediction. Extending the
window size means to select the ConvNet level, which will cover most of the performed activity and at the same time,
suppress the noise from the previous one. The authors mentioned that the proposed SSNet was computationally efficient
because of the dynamic window size comparing to the traditional overlapping windows, which require multi passes
over the data. At the same time, the authors proposed activation sharing over multiple temporal steps, which improved
the computational performance of the proposed model i.e., the SSNet. The proposed SSNet consists of a hierarchal
of 1D convolutional layers, as shown in figure 3.10, to model the activities over frames, i.e., over the temporal axis.
The authors mentioned previous work where the convolutional networks have been leveraged like the WaveNet[18]
for audio signal generation. The authors mentioned that they utilized the 1D dilated causal convolution to build the
SSNet. This convolution building block called causal cause it depends on the previous and the current frames to make
the activity prediction, and it was dilated because of its receptive field, which was larger than the convolutional filter
length to cover the long-running activities. Figure 3.10 shows multiple layers of the 1D dilated convolutional layers
where the dilation d is increasing exponentially, so for the layers #1, #2, #3 and #4 the dilations were 1, 2, 4 and 8
respectively. As an example and from figure 3.10, the dilation can be noticeable from the activation output of C(t, 3),
which is covering the frames between the range [t− 7, t]. For the scale selection, at each time step t, the network was
regressing the start point of the on-going activity to be used to select the proper layer of the 1D dilated convolution to
cover as much as possible from the perceived activity frames and avoiding the frames from the previous activity. So for
each time step, the network will regress s, which is the timesteps to the beginning of the on-going activity, in order to
use a window of size [t − s, t] for the next frame prediction. selecting the proper window means to find the dilated
convolutional layer, which covers the frames in the range [on-going activity start timestamp, t]. Equation (3.12) shows
how to generate a comprehensive representation for the selected window, where lpt denotes the selected convolutional
layer at step t and C(t, l) is the activation function. From equation (3.12) it can be seen that all previous levels were
enrolled in generating the final representation for the selected window at timestep t. The authors mentioned that using
the previous layers will allow the model to have multiple scales from the current on-going action, which will improve
the representational power of the proposed model. Then the proposed network will use the generated representation Gct
for activity class prediction by feeding Gct to a fully connected layer followed by a softmax, as shown in figure 3.11. At
the same time, generating a representation for the regression task Gst , as shown in equation (3.13), where all the layers
have been used from top to bottom. Using all levels of scales will not affect the regression task to regress the start point
of the on-going activity, as mentioned by the authors. Equation (3.11) shows the loss function that has been used, where
the loss for the prediction and the regression have been added. The authors evaluated their proposed model on the OAD
and the PKU-MMD datasets. Different versions of the proposed model have been evaluated such as 1) SSNet: which
is the proposed model with dynamical window size, 2) FSNet: using a fixed window size 3) FSNet-MultiNet: uses a
multiple fixed window sizes network with fusing, 4) SSNet-GT: using the proposed dynamical window but with the
ground truth of the starting points of each activity instead of being regressed. Table 3.8 shows the evaluation of the
proposed models on the 2 datasets. From table 3.8, it has been noticeable that the SSNet-GT was the best because of its
usage for the ground truth. At the same time, the SSNet performance was quite comparable to the SSNet-GT, which
reveals the good quality of the regressed values st. On the other hand, the SSNet outperforms the FSNets and even the
multi FSNet, which reveals the usefulness of using a dynamical window size over the fixed/multi-fixed windows even
when just 10% of the on-going activity is being perceived.

l = lc(ct′, ct) + γls(st′, st) (3.11)
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Figure 3.9: (a). shows a continues video/sequence, where multiple actions have been performed, and the purpose is to
detect each action when just part of has been perceived (like 10% only). (b). Depicts the prediction at time t, where
just part of the waving hand activity has been perceived. That is why layer #2 has been selected instead of layer #3,
wherein layer #3 many frames of the previous activity, which is the standing up, have been involved in the window for
the prediction of frame t. Taken from [17].

Figure 3.10: The schema of SSNet over temporal axis. 3 Layers only have been depicted for clarity. Taken from [17].

Gct =
1

lpt

lpt∑
l=1

C(t, l) (3.12)

Gst =
1

L

L∑
t=1

C(t, l) (3.13)

3.3 Pose Estimation In Action Recognition

Recently many researchers were investigating the abilities of the DNNs to predict 2D human poses from RGB images.
The first big success with an easy to use library was the Openpose [19], which is able to detect the 2D human poses
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Figure 3.11: Showing the final representation for classification part Gct and the regression part Gst . When the regression
part of the network at time t regresses the value three as the proper convolutional layer to be used at time step t+ 1,
then just the activations from the layer three and down will be used for the classification task as depicted in the figure.
On the other hand, all layers’ activations have been activated and involved when calculating Gst . Taken from [17].

Observation
Ratio

ST-
LSTM

Attention
Net

JCR-
RNN

FSNet
(15)

FSNet
(31)

FSNet
(63)

FSNet
(127)

FSNet
(255)

FSNet-
MultiNet SSNet

SSNet-
GT

10% 60.0% 59.0% 62.0% 57.7% 62.0% 61.7% 61.2% 57.1% 59.3% 65.6% 65.8%
50% 75.3% 75.8% 77.3% 74.6% 74.0% 75.9% 77.1% 69.9% 77.2% 79.2% 79.5%
90% 77.5% 78.3% 78.8% 75.9% 74.3% 78.6% 78.5% 70.2% 79.7% 81.6% 82.9%
10% 22.9% 19.8% 25.3% 25.6% 24.6% 21.8% 17.1% 17.1% 22.4% 30.0% 31.4%
50% 63.0% 62.9% 64.0% 61.6% 63.8% 63.6% 54.7% 42.7% 66.4% 68.5% 69.3%
90% 74.5% 74.9% 73.4% 72.8% 72.8% 71.3% 65.4% 55.2% 75.5% 78.6% 79.4%

Table 3.8: The evaluation of different SSNet versions on the OAD (upper part of the table) and PKU-MMD (lower part
of the table) datasets, when different percentages of the on-going activity have been perceived. Taken from [17].

of multiple people in a single RGB frame. The authors used a non-parametric representation called it Part Affinity
Field (PAF), which was responsible for associating the parts of the bodies to each person. Pose estimation for multiple
people considered as challenging task as mentioned by the authors because of 1) the unknown number of people that
may be presented in an image in different scales, 2) the social interactions between people produce spatial occlusions,
3) the processing time tends to increase when the number of people in the RGB frame increase which is something
problematic for applications needs realtime performance. The authors mentioned the popular approach at that time,
which is the top-down approach, where a person detector has been utilized to detect people in the RGB image, afterward
a single person pose estimator has been leveraged to estimate the pose of each detected person. The problem of this
approach, as mentioned by the authors, is that 1) it is sacrificing the error of miss detecting people in the RGB frame, 2)
the processing time is increasing when the number of people in the image increasing. On the other hand, the authors
mentioned that previous work focused on the bottom-up approach to decouple the processing time from the number
of people in the image by jointly detect parts and associate them with individuals. At the same time, part association
techniques proposed by different work were computationally expensive to compute, which prevented the chance to
use this approach for realtime applications. In [19], the authors proposed the first bottom-up approach for solving
limbs assigning to individuals through the part affinity fields (PAFs). PAF is a set of 2D vector fields encoding limbs’
locations and orientations over the image, and then a greedy parse has been utilized to use the PAFs to achieve great
results. Figure 6.5 shows the process of predicting the 2D poses for RGB image. From figure 6.5 when an input RGB
frame of size w × h being received, a feed-forward neural network will predict a set of 2D confidence maps S one per
body part and a set of 2D vector fields of part affinities L one per limb jointly. Then a greedy inference will parse both
S and L to predict the key points. Figure 3.13 shows the structure of the proposed model, where two branches have
been used to predict the confidence maps S and the part affinity field vectors L. When a new RGB frame is being fed
to the network first, a set of feature maps F is being generated by a custom CNN (the first ten layers of VGG19), as
mentioned by the authors. The generated feature maps F is being consumed by multi-stages of the two branches model.
Equation (3.14) and (3.15) show how the confidence map and the part affinity fields are being calculated at each stage,
where ρt and φt are the CNNs for inference at stage t. Figure 3.12 shows the improvements that have been gained over
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Figure 3.12: The gained refinement is happening after each stage. The first row shows the confidence maps, while the
second row shows the PAFs. It is noticeable how the model is getting better and better in differentiating between left
and right limbs after each stage. Taken from [19].

Figure 3.13: The architecture of openpose consists of two branches the pink one responsible for predicting confidence
maps S and the blue one predicting the affinity part vectors. Taken from [19].

each stage. The loss function of the proposed model consists of two loss functions, one for the confidence maps branch
and the other one for the PAFs branch.

St = ρt(F, St−1, Lt−1)∀t ≤ 2 (3.14)

Lt = φt(F, St−1, Lt−1)∀t ≤ 2 (3.15)

3.4 Our Contribution

Skeleton joints quality is important for any action detection or recognition model. The depth sensors or the pose
estimation models are prone to joints locations errors, and inaccurate skeleton joints locations. As a result of this work,
the contribution has been on checking the improvements that can be gained by applying different filtering mechanisms
such as skeleton rotation invariance, mooving coordinates system. At the same time, a learnable exponential smoothing
filter has been introduced, which aims to filter the noisy skeleton joints in the input and smoothing the model’s prediction
in the output to be consistent. The emerge of the DNN based pose estimation models pushed up the question if they can
be used instead of the depth sensor. A comparison between the usage of the two approaches has been investigated in the
work for the task of real-time activity detection. As shown previously different works used different skeleton joints
representation, where some representations may have some advances over other, So inspired by previous works the
double representational model has been introduced in this work, where two different skeleton joints representations
have been employed to check if that can improve the model results.
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Chapter 4

Theory

4.1 RNN overview

ConvNet is doing well to find a good representation that conserves the spatial properties in an image. At the same time,
the ConvNets designed to be stateless, so each image is being consumed and processed independently from the previous
or next images. On the other hand, there are many applications which require to conserve the state of the model based
on the previous inputs. An application like image captioning an image in the input and variable length of keywords in
the outputs, while An application like text translation needs to have a variable input and output lengths that can’t be met
by ConvNet. That is why the Recurrent Neural Network (RNN) has been proposed as a solution for the need to conserve
the memory state and the variable input/output lengths as shown in figure 4.1 for different input/output configurations
that will be needed by different applications. The RNN networks are like the feed-forward neural networks, but with
internal connections as shown in figure 4.2 that can produce new outputs based on the previous time steps. By unfolding
figure 4.2 over time steps figure 4.3 will emerge as a result. As an example at time t the model will receive a input
vector x(t) and also the previous hidden state h(t−1). The output y(t) at each time t is calculated given the current input
xt and the previous hidden state h(t−1). The following 2 equations show the computations needed to have a simple
RNN model.

ht = g(Wxhx
t +Whhht−1 + bh) (4.1)

yt = g(Whyht + by) (4.2)

From equation 4.1 it’s noticable how the new hidden state ht for time step t is being calculated based on the Wxh which
are the weights between the input layer neurons and the hidden ones, xt is the current input vector, Whh are the weights
between the hidden neurons them selves, ht−1 is the previous hidden state, bh is the bias for the hidden neurons and g
is the activation function such as tanh. The equation 4.2 is calculating the output yt for the time step t based on ht that

Figure 4.1: RNN different input/output schemas.
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Figure 4.2: The simple RNN unfolded structure, taken from [20].

Figure 4.3: The simple RNN structure after unfolding on the time domain, taken from [20].

(a) A diagram of a basic RNN cell. Captured from [21]

(b) LSTM unit structure

(c) LSTM unit structure

Figure 4.4: RNN units’ structure.
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has been calculated in equation 4.1, Why which are the weights between hidden neurons and the neuorons at the output
layer, by is the bias of the output neurons and here the softmax has been used as the activation function.

4.2 The gradients vanishing and exploding issue

The vanilla RNN is suffering from the vanishing/exploding gradient problem. Not only RNNs have this problem,
but also all deep neural networks in general. This problem emerges during the training process of the deep neural
network when the gradients are propagating back from the deep layers to the initial layers. Because of the chain rule,
the propagated gradients from the deeper layers will pass through multiple matrix multiplications; thus, if the gradients
are less than 1, then the propagated gradients will decay exponentially. Then the weights will be updated by multiplying
the propagated vanished gradients with the learning rate, which is < 1 commonly, so the updated weights will be almost
unchanged, which means stopping the training process. The exploding gradients are the same as vanishing gradients, but
when the gradients are > 1. Gradients clipping is usually being used as a workaround to solve the exploding gradients
problem. This has been done by clipping the gradients when they are over a specific threshold. The vanilla version of
RNN is bad at learning long term dependencies between time steps. As an example of a text generation task for the
sentence: "I grew up in France, that is why I speak French fluently.", the model should memorize the word "France" to
generate the word "French". When the gap between the two words is going wider and wider, which means more chain
rule multiplications, the vanilla RNN will be much worse in memorizing these long term dependencies because of the
described vanishing/exploding gradients problem.

4.3 The Long Short Term Memory (LSTM)

The vanilla RNN as mentioned previously is suffering from the exploding and vanishing gradients issue, so it could not
memorize long sequences. Hence, in [9], the authors proposed the Long Short Term Memory (LSTM) as a solution to
memorize long sequences by the usage of the gating mechanism, which acts as a highway for the gradients to pass
through time steps when updating the weights using the back propagation through time (BPTT). Figure 4.4b shows the
LSTM unit structure which has been described by the following mathematical equations:
ft = σ(Wf [ht−1|xt] + bf )
Where ft is the forget gate, σ is the sigmoid activation function, Wf is the forget gate trainable weights, ht−1 is the
previous hidden state, xt is the current input and bf is the bias of the forget gate. The forget gate is responsible for what
to remove (forget) from the previous cell state ct−1, which has been done using the sigmoid activation function which
has an output that varies between 0 (forget at all), and 1 (keep it all). The forget gate is deciding what to forget based on
the current input xt and the previous hidden state ht−1.

it = σ(Wi[ht−1|xt] + bi)
Where it is the input gate, σ is the sigmoid activation function, Wi is the input gate trainable weights, ht−1 is the
previous hidden state, xt is the current input and bi is the bias of the input gate. The input gate is responsible for
deciding which values to update based on the previous hidden state ht−1 and the current input xt.

c∼t = tanh(Wc[ht−1|xt] + bc)
c∼t are the candidates who use a tanh function ranging from -1 to 1 to decide what are the candidates that should pass
to the cell state from the input gate.

ct = ft ⊗ ct−1 + it ⊗ c∼t
The new cell state ct is being calculated by having pointwise multiplication between the forget gate ft and the previous
cell state ct−1 + the input gate it multiplied by the input candidates c∼t that should be selected to pass.

ot = σ(Wo[ht−1|xt] + bo)
ot is the output gate, σ is the sigmoid activation function, Wo is the output gate trainable weights, ht−1 is the previous
hidden state, xt is the current input and bo is the bias of the output gate. It’s the same also for the output gate, where the
sigmoid activation function is selecting what to expose from the hidden state.

ht = ot ⊗ tanh(ct)
ht the new hidden state is being calculated by having pointwise multiplication between the output gate ot and the tanh
of the current cell state ct. The strengthen point of LSTM is the cell state, which is going along the whole chain, as
shown in figure 4.4b, allowing the data to flow through unchanged easily. The gating concept that has been proposed in
LSTM was quite efficient, the gate, which is a composition of sigmoid neural net and pointwise multiplication.
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Chapter 5

Methods

5.1 Depth Sensor As An Input

The emerge of the new depth sensors was beneficial for researchers working in the action recognition and detection
fields because of their ability to provide an informative skeleton representation, which is sufficient enough to recognize
the performed actions. The ability of the depth sensors to provide a human skeletal representation was a great feature,
but what makes them more popular is their ability to provide RGB, depth, and skeleton frames in real-time, which was
quite important for action detection investigations. A depth sensor like the Microsoft Kinect, which has been produced
for gaming purposes only has been utilized intensively by researchers to record and produce new datasets like the OAD
[7], G3D [15] and others. Each human skeleton frame provided by the depth sensor contains J joints where each joint
is a point pj in 3D world coordinate, where pj = (x, y, z). At the same time, each joint j accompanied with joint
confidence c, which measures the reliability of the joint location. In this section, the human skeleton representation
which has been utilized to be the input for testing different models.

5.1.1 Baseline Model

An RNN based simple model has been proposed and tested on the gym dataset to be a baseline model to compare
the newly developed models with. Figure 5.1 shows the structure of this model. The baseline model consists of an
LSTM of 100 units that have been employed to capture the spatial and temporal properties concurrently and a fully
connected layer of 128 hidden neurons has been used with another fully connected layer of (number-of-classes) outputs
to predict the class of the on-going activity on frame level. The skeleton joints data input as a chain, which is a vector
of length of 75, where each skeleton frame consists of 25 joints without any pre-processing to the LSTM unit. The
LSTM unit has been responsible for capturing the temporal context between the frames in each sequence to predict the
on-going activity. At the same time, the LSTM unit in this baseline model has been responsible for capturing the spatial
properties between the joints in each frame. The output of the LSTM unit has been fed to a fully connected layer, which
aims to improve the representational power of the model. Finally, a softmax layer has been leveraged to predict the
class of the on-going activity by representing the output probabilities of each class. Equation (5.1) shows the softmax
calculation where yi is the logit of the class being normalized by the sum of all classes’ exponential logits.

S(yi) =
eyi∑J
j e

yj
(5.1)

5.1.2 Input Preprocessing

After receiving the skeleton frame from the depth sensor and before feeding it to the model to predict the on-going
activity, an input preparation and filtering have been performed. Different input preparation steps have been used by
different works. Input preparation has been able to help the proposed model to learn and converge better. The input
preparation is a way of enrolling our knowledge to help the neural network to focus on the features that we really need
it to focus on without the need for a lot of data.
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Figure 5.1: The baseline LSTM model structure.

Moving Coordinates

The preparation process of the skeleton’s joints is vital to improve model convergence and achieve better results. Moving
joints coordinates from camera coordinates to local joint coordinates can be quite helpful. By moving the coordinates to
any joint, the joints will be independent of the camera capturing point, so recording people with different distances
to the camera will not be an issue then. Equation (5.2) depicts the movement of the coordinate, where ′pj is the new
location of joint j after moving the coordinates to joint k, pj is the original location of joint j, i.e., before moving
coordinates and pk is the location of joint that we are going to move the coordinates to.

pj ′ = pj − pk (5.2)

Rotation Invariance

Detecting an activity like drinking is independent of the rotation of the recorded person. At the same time, the
information regarding person rotation is embedded within the skeleton frame joints, and it will be something distracting
for the neural network to look at, especially when data is rare. Getting rid of the rotation should be helpful for the
network to focus more on the right features. This has been done by rotating the skeleton joints on the z axis to face the
camera.

Input Learnable Filter

While testing the Kinect v2, skeleton joint jittering was a noticeable phenomenon, especially when some limbs are
being hidden by others for some articulations. Joints’ jittering is a noise that will affect the classifier’s results, so this
noise should be handled. In [5], as an example, the authors proposed the trust gate to handle the noisy joints in the
skeleton frame by preventing the memory state from being updated when the skeleton frame doesn’t have a great quality.
Different types of filters can be used to reduce the amount of noise in the data, like the simple averaging where the new
value is the average of all previous values with equal weights as depicted in equation (5.3), where pj is the new filtered
joint location, j is the joint index (joints count until this joint) and pt is the location of the previous joints. The problem
of this simple filter is that the importance of the old received joints locations is the same as the direct previous joint
location. This is a drawback, which is not the case in real situations where the last few frames should have more impact
compared to the older frames.

pj =
1

j

j∑
k=1

pk (5.3)

Another type of smoothing is the exponential smoothing. Different types of exponential smoothing are available like
the simple, holt, and winter filters. The exponential smoothing is a weighted average smoothing for all previous values
in a series, where the latest values are weighted more than the older values in a series. The exponential smoothing filter
has been used in this work to reduce the amount of noise and smoothing joints’ movements. The simple version has
been used in this work for simplicity which has been depicted in equation (5.4), where pj ′ is the new filtered location of
the joint, α is parameter which determines how much weight should be considered for the current location compared to
the previous ones and pj−1′ is the previous filtered joint location.

pj ′ = αpj + (1− α)pj−1′ (5.4)
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Figure 5.2: Activity and repetitions prediction CNN-LSTM network using RGB data as an input.

The smoothing constant α determines how much weight is given to the paste time steps. When α = 1, the past values
will be ignored, while for α = 0, the current value will be ignored, and the past values will have an equal influence on
the new smoothed value. By substituting the previous level values in equation (5.4) then we will get:
pj ′ = αpj + α(1− α)pj−1′+ α(1− α)2pj−2′+ ...
It is noticeable how the weights for the past values are decreasing exponentially; that is why it has been called the
exponential smoothing. Then the next crucial step is to choose the correct value for α that will perform better, and this
is a time-consuming task, especially when training a deep learning model. That is why the novel learnable exponential
filter has been proposed in this work. The proposed filter allows the model to learn the best α value in an end to end
trainable model, which will excel in the performance of the trained model. Those types of filters are quite useful for
online/real-time applications because of its computational efficiency and ability to use the information from the previous
frames internally.

Output Learnable Filter

The same exponential filter that has been used to filter the skeleton frames for input has been used this time for output
prediction filtering. Equation (5.5) shows how the output filtering is being done, where Ot′ is the filtered classification
output, which is a vector of size (classes-count), β is a parameter which determines how much the old predictions
influence the newly filtered prediction. The same procedure has been followed here to make the β to be a learnable
parameter in the model, so the best β value will be learned while training the model to achieve the best results.

Ot′ = βOt + (1− β)Ot−1′ (5.5)

5.1.3 Skeleton data representations

Traversal Tree-based Representation

Skeleton joints representation is an important step to be considered for achieving better results. Different representations
have been suggested by various works like the tree structure based traversal in [5], Joint Distance Map (JDM) in [10],
and others. Some representations maintain the temporal properties in addition to the spatial one, like in [6]. Inspired by
[5] and [10], the proposed model utilized the tree traversal and JDM representations in a two branches model. The
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bidirectional tree structure based traversal representation, as shown in figure 3.2, benefits from the inner spatial relation
between the joints. The relationship between the joints themselves is essential features that will allow the classifier
to recognize the performed activity. Representing the joints in a tree structure will consider the spatial dependency
between the joints based on their adjacency in reality. It is noticeable that the spine base joint (joint number 10) is more
informative for the left leg (joints 11, 12, 13) than for the left foot (joint number 13).

Joint Distance Map Representation

On the other hand, in [10], the authors encoded the inner pairwise distances between skeleton joints in one frame as
a hue color value and encapsulated the JDMs of t frames within an image. By doing that, the authors were able to
model the spatial and temporal properties in one image. Having an image allowed them to utilize the power of the
2D CNNs to recognize the activity. By having t skeleton frames in a sequence where each frame consists of m joints,
there will be (m×m−1)

2 × t pairwise distances in each sequence. The calculation of the JDM done as the following: let
jk = (jx, jy, jz) be the coordinates of the kth joint in a frame and k ∈ [1,m], where m is the number of joints then the
euclidean pairwise distance between the joints in a frame i will be as: Di

kl =| jik − jil |2: k, l ∈ m; k 6= l., so the JDMs
for t frames will be: Hkl = (D1

kl, D
2
kl, ..., D

t
kl). By calculating the inner distances between the joints, then it is the time

to encode distances into hue values using the following mapping equation: H(k, l, i) = floor(Di
kl × (hmax − hmin)).

Figure 5.3 explains how to calculate and encode frames’ joints into JDMs. In this work, and because of focusing on the
OAD task, the JDM will be for five frames only.

5.1.4 The Double Representational Model: DR-RNN

Inspired by [5] and [10], where offline action recognition methods achieved state of the art on some datasets, a decision
for utilizing both representations has been taken with the goal of developing a model that can do better than both. The
Joint Distance Maps (JDMs) have been used with a hypothesis in mind that it will be beneficial when the model is
trained on a small dataset. The pre-calculation of the JDMs is a type of feature extraction to facilitate the work of
the deep model to find informative features for each activity. On the other hand, the tree traversal representation is
approximately the raw joints data sorted to emphasize the spatial context between the skeleton’s joints. Theoretically,
having enough data will allow the deep recurrent model to learn interesting features and relations between the joints to
classify the on-going activity. The structure of the proposed model has been depicted in figure 5.4. The two branches
utilized the learnable input filter, which is going to smoothen the skeleton frames by learning a proper α value for each
branch separately. In the first branch by the use of the tree traversal structure that conserves the spatial dependency as
mentioned in the previous section, 2 LSTM layers of 100 hidden neurons have been coupled and utilized to capture the
temporal properties between the sequence of frames and the spatial context in each frame at the same time. For the
second branch, which contains the JDM representation, the same components have been applied. It is important to
mention that in this work, the four planes (xy, xz, yz and xyz) have been stacked to each other on the channel axes to
be consumed as an image by the 2D convolutions. Three 2D convolutions have the number of filters of 4, 8 and 16
respectively have been leveraged to extract the proper spatio temporal properties from each JDM and then utilize the
two layers of LSTMs of 100 hidden neurons to conserve the extracted features. Then the two main branches have also
been concatenated and fed to a dropout layer to improve the generalization of the model. Different merging methods
have been tried like addition, multiplication, and concatenation. Then the output has been fed into two fully connected
layers of 128 and (classescount) hidden neurons respectively to improve the discriminative power of the proposed
model. A dropout of 0.4 has been used also after the concatenation of the two branches. The proposed model has ended
up with a learnable output filter, which is responsible for filtering the miss classified sections, as mentioned before.

5.2 Human Poses As An Input

In this work, and because of the success of the newly developed 2D human pose estimators, the human 2D poses as an
input to the action detection model has been investigated.
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Figure 5.3: Calculating and mapping pairwise joints’ distances into JDMs. This figure has been taken from [10].
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Figure 5.4: The structure of the proposed double representational RNN based model.
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Chapter 6

Experiments

In this work, the action detection task has been tackled once by the use of skeleton joints captured from a depth sensor
and another time by the 2D human poses extracted by Openpose. Keras framework with TensorFlow backend has been
used to build the proposed models. Each experiment has been repeated 8 times, and the average of the 8 experiments
results have been taken to consider different weight initializations. The proposed models have been reported on two
datasets: the collected gym dataset and the OAD dataset [7]. Then Openpose [19] has been utilized to extract the
2D human poses from the RGB frames, which have been used as an input to the proposed models. A TensorFlow
implementation of the openpose has been used in this work called tf-pose [4], which extracts 18 joints for each skeleton
(human) represented in the RGB frames. The joints are the following: Nose, Neck, ShoulderRight, ElbowRight, WristRight,
ShoulderLeft, ElbowLeft, WristLeft, HipRight, KneeRight, AnkleRight, HipLeft, KneeLeft, AnkleLeft, EyeRight, EyeLeft, EarRight
and EarLeft. Only the first 14 joints have been used, while the EyeRight, EyeLeft, EarRight, and EarLeft have been
ignored since it will not be informative features for the investigated task. The stochastic gradient descent with a learning
rate of 0.001 has been used throughout all experiments. It has been noticeable that changing the learning rate in some
experiments can achieve better results. However, the same learning rate and optimization method have been applied to
all experiments for the sake of comparison. The training process of all experiments has been done on GeForce GTX
1080 Ti GPU. On the other hand, the reported FPS of each method (except the pose-based input) has been done on a
Macbook-Pro 2013 machine with 2.4 GHz dual-core Intel core I5 processor (turbo boost up to 2.9GHz) with 3MB
shared L3 cache. The device equipped with 8GB of RAM and Ubuntu operating system has been used on the machine.

6.1 Evaluation

6.1.1 Activity Level F1 Score

The same activity level F1 score that has been used in [7] has been utilized in this work to evaluate the proposed models.
The same IOU ratio that has been utilized for the action detection task has been used for the activity detection task, but
this time for 1D time series instead of 2D bounding boxes. The model’s prediction considered as a correct prediction if
the ratio α that has been depicted in equation (6.1) is higher than a specific threshold like 60%. From equation (6.1)
where |I ∩ I∗| is the intersection between the ground truth activity and the predicted activity and |I ∪ I∗| is the union
of the ground truth activity and the predicted activity. Figure 6.1 depicts an example how the correct predictions have
been considered. By Calculating the true positive, false positive, and false negative, then the F1 score can be calculated
as shown in equation (6.2).

α =
|I ∩ I∗|
|I ∪ I∗|

(6.1)

F1 = 2
Precision×Recall
Precision+Recall

(6.2)
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Figure 6.1: An example of activity level F1 score calculation. The first prediction’ 0 0’ considered as false positive
because of the IOU was less than the threshold. The opposite happened for the second prediction, where the IOU was
higher than the threshold. On the other hand, the false-negative has been considered when the IOU is higher than the
threshold, but the predicted class is not equal to the ground truth.

6.2 Stateless versus stateful LSTM

It is necessary to differentiate between the stateless and stateful LSTM implementation in Keras. Both types need an
input of shape (sequences, time steps, features). The stateless LSTM will reset its state and memory after finishing each
sequence so that it can be used when the sequences are not related to each other. On the other hand, the stateful LSTM
will maintain the state and memory for the next sequences. The stateful LSTM can have a dynamic number of time
steps, which increases the training time, while the stateless LSTM needs a fixed number of time steps in each sequence.
Due to the dynamic time steps, the stateful LSTM requires a preliminary batch shape to be known before starting the
training process. At the same time, the reset of the stateful LSTM should be handled manually.

6.3 The Datasets

6.3.1 Gym dataset

Recorded data properties

The emergence of cheap motion and depth sensors like Microsoft Kinect, Asus Xtion, and others was good facilitation
for researchers to collect new datasets. The surveys in [22] and [23] showed the available datasets for action/gesture
recognition as well as the research results by the use of a deep learning approach. In this work, a gym workout
dataset has been collected, because of the scarcity of continuous/online datasets in general and the non-existence of
similar actions dataset. RGB, depth, and skeleton joints have been collected using Microsoft Kinect 2 depth sensor
using its windows SDK with a frame rate of 10 FPS. Twenty-eight subjects have been enrolled in the experiment
to perform nine exercises. The data has been captured in an indoor environment with various backgrounds. Each
folder contains a subject performing a continuous set or subset of exercises in random order. At the same time,
each exercise has been performed for a random number of repetitions. The data has been captured in a way to be
as realistic as possible. Therefore, the trainee may use different dumbbells, open a discussion, or use the phone
while having a rest between the exercises. Men and women within different age groups and body shapes have been
enrolled in the process for diversity purposes. The dataset contains 33 folders, which include around 105,600 RGB,
depth, and skeleton frames. The collected data was not synced properly; that is why each type of collected data has
been annotated separately. In [3], the authors mentioned different types of annotation for activity recognition and
detection datasets as shown in figure 6.2 . In the collected gym dataset, a frame-level annotation has been used with
the following format: <ExerciseClass>,<ActivityStarted>,<ActivityEnded>,<NewRepetition>,<WrongExecution>.
Samples from the dataset have been shown in figure 6.3. The recorded RGB and depth frames sizes are 653 × 367
pixels and 512 × 424 pixels respectively. On the other hand, the skeleton representation of each frame has been
represented by 25 joints in a text file. Each line in the file represents a joint in 3D space with the following format:
<X>,<Y>,<Z>,<JointType>,<TrackingStatus>. The 25 captured skeleton joints are the following: SpineBase, SpineMid,
Neck, Head, ShoulderLeft, ElbowLeft, WristLeft, HandLeft, ShoulderRight, ElbowRight, WristRight, HandRight, HipLeft, KneeLeft,
AnkleLeft, FootLeft, HipRight, KneeRight, AnkleRight, SpineShoulder, HandTipLeft, ThumbLeft, HandTipRight and ThumbRight.
A C# .NET application has been developed to facilitate the annotation process of the dataset, as shown in figure 6.4.
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Figure 6.2: Depict different types of dataset action recognition annotations. Annotations are the following: 1) frame
range annotation annotates activities on frame level, 2) sequence-level annotation shows that each sequence is an
instance of a specific activity 3) action point annotation is the proposed annotation which is a unique pose that identifies
an activity. The figure is taken from [3].

Figure 6.3: Samples from the collected dataset. Columns a, b, and c are RGB, depth, and skeleton, respectively.

Data preparation

Because of the Kinect’s wide lens angle and the location of subjects in the middle of the scene, it was better to crop the
left and right parts of each frame to decrease the size of the dataset. 143 pixels have been cropped from the left and
right parts of the RGB frames to be 367× 367 pixels and then resized to 256× 256 pixels to reduce dimensionality.

6.3.2 The OAD dataset

Because of the scarcity of the online action datasets, the authors in [7] collected a new RGB-D dataset called OAD.
They used Kinect v2 to capture long sequences of different subjects while performing 10 actions randomly. The dataset

27



A PREPRINT - JANUARY 25, 2020

Figure 6.4: A screenshot for the used annotation application.

has been recorded in a daily life indoor environment with a frame rate of 8 frames per second. The start and end frames
of each activity have been annotated. The dataset contains 700 action instances divided into 59 sequences. In this work,
we followed the evaluation protocol that has been mentioned in [7]. Randomly 30 sequences have been chosen for
training and another 20 sequences for testing. Frame level F1 and activity level F1 metrics have been used to report the
results. The 10 actions of the OAD dataset are: drinking, eating, writing, opening cupboard, opening microwave oven,
washing hands, sweeping, gargling, throwing trash, and wiping. The ’no-action’ class has been added to the predefined
actions to be 11 actions in total.

6.4 Depth Sensor As An Input

6.4.1 Input Preprocessing

The baseline model that has been described previously has been used and developed to show the importance of different
steps on input pre-processing on the final results of the proposed models.

Prediction over a batch

The previous baseline model was predicting the on-going activity class on a frame level. In this step, the prediction has
been made on the batch level, where each batch contains five frames. Making the prediction for five frames at once is
still acceptable from the online action detection task perspective were for many cameras working on a frame rate of 30
frames per second, which means six predictions for each second. At the same time, predicting the class of the on-going
activity for every five frames at once will allow the final model to gain from the usage of the JDM representation,
where the spatial and temporal contexts in parallel will be encapsulated within one image to be consumed by the 2D
convolutions. Predicting the class of the activity on a batch level performed better than the frame-level prediction, as
shown in table 6.1 using the gym dataset.
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Moving Coordinates

The camera coordinates system has been moved to the spine base joint, so all the new joints locations are going to
be relative to the spine base. The spine base joint has been chosen to move the coordinates to because of its central
location in the human body. Equation (6.3) shows how the movement has been done, where p′j is the new joint location,
pj is the current joint location and pspinebase is the location of the spine base. By moving the coordinates to the spine
base, different distances of the recorded subjects on the z axis will be removed, which is not useful for recognizing the
on-going activity. Table 6.1 shows the improvement that has been gained by the coordinates movement process on the
gym dataset.

p′j = pj − pspinebase (6.3)

Data Augmentation

Data Augmentation techniques have been used as a step in the input preprocessing to improve the results of the baseline
model. Comparing to the data augmentation techniques that can be done on RGB images, which are quite many than
data augmentations that can be done on skeleton data because of its simplicity. Flipping on x-axis only has been used to
double the size of the dataset. Table 6.1 shows the improvement by flipping the skeleton frames on the x-axis.

Rotation Invariance

A rotation matrix has been calculated to rotate the skeleton on the Z axes to face the camera. This has been done by
calculating the angle θ between the left hip and the right hip joints. Then the rotation matrix will be calculated as shown
in (6.4). From table 6.1, a slight improvement has been gained when applying the rotation invariance.[

cos(θ) 0 sin(θ)
0 1 0

− sin(θ) 0 cos(θ)

]
(6.4)

Input Learnable Filter

The exponential filter has been used to smoothen the skeleton joints between the frames. For each batch, the gradients
are propagating back, so the α parameter is going to be updated a little bit for every batch. Table 6.1 shows the
performance of the baseline model after adding the learnable exponential filter to the input.

6.4.2 Skeleton data representations

Traversal tree-based representation

The baseline model has been used with the previous pre-processing steps, but this time using skeleton joints represented
in a bidirectional traversal tree structure, as shown in figure 3.2 instead of a simple chain. This model, with 2 LSTM
layers instead of one, will be used as the first branch of the DR-RNN proposed model. From table 6.1, the performance
of this model using the traversal tree-based representation has been evaluated on the gym dataset. The same branch has
been evaluated on the OAD dataset, as shown in table 6.3.

Joint distance map representation

This is the second branch of the proposed DR-RNN model. The Joint Distance Map (JDM) representation that has been
mentioned previously has been used to represent the skeleton frames within one image. Representing multiple skeleton
frames within one image will allow the 2D convolutions to capture the spatial and temporal properties between skeleton
frames. Making the predictions for every five frames at once will increase the size of the JDM, which will allow the
proposed DR-RNN model to utilize the success of the 2D convolutions. The results of using the JDM representation
has been mentioned in table 6.1 for the gym dataset. The JDM branch has also been evaluated on the OAD dataset, as
depicted in table 6.3.

6.5 Human poses As An Input

In this section, the Openpose has been used to extract the 2D human poses from the RGB frames of the Gym and the
OAD datasets. The obtained 2D human poses have been used as an input for the first and second branches and for the
DR-RNN model as a final step. The purpose of this step is to compare the capabilities of the proposed model to detect
the on-going activity without the need to use a depth sensor to provide the 3D skeleton frames. When using the 2D
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A1 A2 A3 A4 A5 A6 A7 A8

Avg
F1
score FPS

model 1 0.6667 0.678 0.5714 0.7451 0.1765 0.4407 0.9275 0.5714 0.6026 7174
model 2 0.9394 0.8621 0.9333 0.8627 0.0 0.1538 0.9552 1.0 0.7129 7908
model 3 0.9667 0.9032 0.7925 0.7778 0.4 0.4651 0.8219 0.9524 0.7739 7900
model 4 0.9254 0.9333 0.6667 0.8519 0.3704 0.619 0.9143 0.8667 0.7605 7880
model 5 0.9655 0.9778 0.8571 0.8679 0.3667 0.6512 0.9412 0.8205 0.8045 7880
model 6 0.9697 0.973 0.7937 0.8364 0.5 0.619 0.9538 0.8 0.8046 7878
model 7 0.8732 0.9643 0.8302 0.8727 0.6792 0.619 0.7324 0.9189 0.8139 7532
model 8 0.8986 0.9333 0.8387 0.8333 0.6102 0.6667 0.8889 0.9091 0.8203 6901
model 9 0.8986 0.9333 0.8387 0.8333 0.6102 0.6667 0.8889 0.9091 0.8203 6850
model 10 1.0 0.9714 0.807 0.7451 0.2545 0.5714 0.9412 0.95 0.7808 6082
model 11 0.913 0.9474 0.7119 0.8462 0.4412 0.6047 0.9811 0.8571 0.7817 6070
model 12 0.7606 0.9756 0.7797 0.8462 0.5075 0.65 0.9275 0.9268 0.7912 6055
model 13 0.8387 0.8 0.8 0.8519 0.3824 0.6383 0.9697 0.9231 0.7718 6055
model 14 0.9206 0.9643 0.7541 0.7547 0.5806 0.6512 0.9091 0.8636 0.7995 4932
model 15 0.9208 0.9643 0.7539 0.7540 0.5815 0.6512 0.9095 0.8636 0.8026 4801
model 16 0.9778 0.96 0.7458 0.8205 0.5306 0.7179 0.9552 0.8824 0.8237 2500

model 1 the baseline model with a frame level predection
model 2 model 1 but with one output foreach 5 frames (batch level predection)
model 3 model 2 + moving coordinates
model 4 model 3 + rotation invariance
model 5 model 3 + data augmentation (flipping on x-axis)
model 6 model 4 + learnable input filter
model 7 model 6 + tree-representation
model 8 model 7 + 2 LSTM layers instead of 1 (branch 1)
model 9 model 8 + output learnable filter

model 10 model 1 + JDM representation as an input + moving coordinates
model 11 model 10 + rotation invariance
model 12 model 11 + learnable input filter
model 13 model 12 + data augmentation (flipping on x-axis)
model 14 model 12 + 2 LSTM layers instead of 1 (branch 2)
model 15 model 14 + output learnable filter
model 16 The DR-RNN model

Table 6.1: The reported Activity level F1 scores for different models and input pre-processing steps on the collected
gym dataset. The abbreviations are as the following: A1: Standing Palms in Dumbbell Press, A2: Standing Palm in
One Arm Dumbbell Press, A3: Biceps Curl, A4: Lateral Raise, A5: Alternate Biceps Curl, A6: Front Dumbbell Raise,
A7: Chest Fly, A8: Standing Dumbbell Upright Row, Avg: Average and FPS: Frame Per Second.

human poses, a pre-processing step like the rotation invariance will not be possible to be applied for 2D joints so that it
will be ignored. On the other hand for the Joint distance map representation where we have four channels corresponds
to 4 planes, i.e., xy, xz, yz, and xyz, but when the 2D human poses have been used then just one channel is available to
be used which is the xy. Tables 6.2 and 6.4 show the activity level F1 scores of the branch1, branch2, and the DR-RNN
model using the 2D human poses as an input for the gym and OAD datasets.

6.6 Discussion

Starting from the tests which have been performed on the gym dataset. Model1, which is the baseline model, achieved
60.26% activity level F1 score, where only 1 LSTM layer has been used, and the input is the skeleton frame joints as a
chain without any preparation or filtering. Around 11% of improvement in model2 has been gained when the prediction
of the on-going activity has been made for every five frames in one shoot. In the gym dataset, the average length of
activity is 14 frames, so five frames are around 35% of the perceived activity. That is why the model2 was able to do
better than model1 cause it is already perceived 35% of the activity frames before predicting the class of the on-going
activity. On the other hand, for the OAD dataset where the average length of each activity is 34 frames, so predicting the
class of the on-going activity on every 5 frames means that predicting the activity class when just 14% of the activity is
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A1 A2 A3 A4 A5 A6 A7 A8

Avg
F1
score FPS

branch 1 0.7273 0.9492 0.9474 0.6667 0.6349 0.8085 0.8923 0.9524 0.8204 22
branch 2 0.7778 0.9474 0.8571 0.8148 0.4615 0.4898 0.9508 0.963 0.7812 21
DR-RNN 0.6173 0.9804 0.931 0.8627 0.6296 0.6667 0.8 1.0 0.8109 19

Table 6.2: The reported Activity level F1 scores for different models and input pre-processing steps on the extracted 2D
human poses, which have been extracted from the gym dataset. The abbreviations are as the following: A1: Standing
Palms in Dumbbell Press, A2: Standing Palm in One Arm Dumbbell Press, A3: Biceps Curl, A4: Lateral Raise, A5:
Alternate Biceps Curl, A6: Front Dumbbell Raise, A7: Chest Fly, A8: Standing Dumbbell Upright Row, Avg: Average
and FPS: Frame Per Second.

A1 A2 A3 A4 A5 A6 A7 A8 A9 A10

Avg
F1
score

SVM-SW[7] 0.146 0.465 0.645 0.308 0.562 0.607 0.461 0.437 0.554 0.857 0.540
RNN-SW[7] 0.441 0.550 0.859 0.321 0.668 0.665 0.590 0.550 0.674 0.747 0.600
CA-RNN[7] 0.584 0.558 0.749 0.490 0.672 0.468 0.597 0.579 0.430 0.761 0.596
JCR-RNN[7] 0.584 0.558 0.749 0.490 0.672 0.468 0.597 0.579 0.430 0.761 0.653
RF+ST[16] 0.517 0.645 0.803 0.555 0.860 0.610 0.437 0.722 0.688 0.977 0.672
branch1 0.8571 0.6667 0.4 0.5 1.0 0.5 0.7143 0.6667 1.0 0.75 0.7013
branch2 0.6667 0.5714 0.8 0.5714 0.625 1.0 0.6154 1.0 0.6667 0.6667 0.7201
DR-RNN 0.6669 0.5725 0.801 0.5720 0.628 1.0 0.6154 1.0 0.6667 0.6667 0.7288

Table 6.3: The reported Activity level F1 scores for different models and input pre-processing steps on the OAD dataset.
The abbreviations are as the following: A1: drinking, A2: eating, A3: writing, A4: opening cupboard, A5: opening
microwave oven, A6: washing hands, A7: sweeping, A8: gargling, A9: throwing trash, A10: wiping, Avg: Average and
FPS: Frame Per Second.

A1 A2 A3 A4 A5 A6 A7 A8 A9 A10

Avg
F1
score

branch1 1.0 1.0 0.8 0.25 0.0 0.3333 0.3846 0.8 0.6667 0.8889 0.6095
branch2 0.4 0.6667 0.4706 0.2857 0.0 0.0 0.2069 1.0 0.0 0.6667 0.4179
DR-RNN 0.8 0.8 0.7273 0.2 0.6667 0.0 0.4348 0.6667 1.0 0.7273 0.6022

Table 6.4: The reported Activity level F1 scores for different models and input pre-processing steps on the extracted 2D
human poses from the OAD dataset. The abbreviations are as the following: A1: drinking, A2: eating, A3: writing, A4:
opening cupboard, A5: opening microwave oven, A6: washing hands, A7: sweeping, A8: gargling, A9: throwing trash,
A10: wiping, Avg: Average and FPS: Frame Per Second.
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being received. At the same time, for an application like detecting trainee exercises and counting repetitions using a
camera that can feed the system with 30 frames per second, the real-time constraint is still applicable when applying the
prediction on every 5 frames. Predicting the on-going action for every 5 frames using a camera with a frame rate of 30
frames/second corresponds to making 6 predictions per second, which will give the user the feeling of the real-time
responses. Model3 has been improved by 6% by moving the camera coordinates to the spine base joint. Moving the
coordinates allowed the model to focus on the relation between the spine base joint and other joints in each skeleton
frame, where all the new joints locations after the movement step are relative to the spine base joint. Moving the joints
coordinates to the spine base joint will ignore the variations in the distance from the camera for the different recorded
objects, which is useless for detecting the current activity. By removing the feature of the distance of the recorded
object from the camera, model3 can focus more on the other features to detect the on-going activity. In model4, the
rotation invariance procedure has been applied by rotating each skeleton to face the camera, which should improve the
model’s results. Model4 achieves approximately the same as model3 because of the recorded dataset properties, i.e., all
the subjects that have been recorded in the gym dataset were facing the camera all the time, so rotating the skeletons to
face the camera will not be beneficial for the developed model using the gym dataset. On the other hand, from table 6.3,
where the OAD dataset has been used, the rotation invariance step improved the results of the developed model by 2%.
In model5, the detection results improved by 3% by training the model on the original skeleton frames in addition to
the flipped skeleton frames on the x axis. Flipping the data on the x axis will double the size of the training dataset,
which will help the model to do better. As mentioned earlier, having skeleton frames as an input to the model narrower
the available choices for data-augmentation techniques in comparison to RGB frames. In model6, by applying the
learnable exponential filter on the input layer improved the model results by a small fraction only. This is because of
the gym dataset and the Kinect properties, i.e., the Kinect camera usually provides decent skeleton frames, which is
precise enough when the recorded subject is facing the camera, which is the situation always in the gym dataset. That
is why applying the exponential learnable filter on the input layer will be useless for the gym dataset. On the other
hand, the Kinect skeleton frames are noisy when the subject is being recorded from the side view, which is the case
for the OAD dataset, as shown in table 6.3. In model7, by applying the tree-representation on the input data to create
a spatial relation between relevant joints, the model results improved by 1.5%. Representing the skeleton joints in a
traversal tree is like putting relevant pixels in RGB image within a region to be near to each other. Emphasizing the
spatial relations between the skeleton joints will help the proposed model to do better. Model8, which is model7 after
adding another LSTM layer and dropout to improve the model generalization power, has been improved by 1%. In
model 9, which is the branch1 in the DR-RNN model, the learnable output filter has been used to filter the output, but it
was not helpful to improve the model’s results. In model10, the joint distance map representation has been used to
represent the skeleton joints for every 5 frames to predict the on-going activity. Model10 was able to achieve 78.08%
on the gym dataset, which is less than Model9 by 4%. The drop in F1 score between Model 10 and model 9 is due to
the loss in the information that being represented by the JDM comparing to the traversal tree representation. The JDM
representation is representing each joint by its pairwise distances to other joints, this representation leads to some loss
in the location of each joint. The pairwise distance can be described as a vector starting from the joint it self with a scale
equal to the distance, so it is scanning a circle with a radius equal to the distance between the 2 joints. Applying rotation
invariance for the JDM model also was not helpful because of the gym dataset properties, as mentioned before. The
JDM branch, after applying the same input preparation steps, achieves 80%, which is less than the tree-representation
branch by 2%. The fall back of the JDM branch behind the tree branch is because of the loss in information in the JDM
branch when calculating the euclidian distances between the pairwise joints. Calculating the pairwise distance between
the joints will, as an example, lose the angle information between multiple joints, which will reflect negatively on the
final result of the JDM branch. Finally, in model16, where the tree and JDM representations have been used at the same
time to build the final model. The DR-RNN model has been able to select the branch, which achieves higher results. An
expectation of having a model that can perform better than both by merging the 2 representations was in mind while
developing the DR-RNN model. The amount of information that has been encapsulated in the tree representation was
enough for the model to predict the on-going action. At the same time, the ability of the DR-RNN model to select
the best representation is great. In table 6.3, when evaluating the 2 branches on the OAD dataset, the JDM was better
than the tree representation branch, so the DR-RNN was able to achieve as high as the JDM branch by training the
model in an end to end manner. From table 6.3 for the OAD dataset using the 3D skeleton joints, the branch1 of the
proposed DR-RNN model outperforms other models like the CA-RNN. Even though the branch1 has the same structure
approximately like the CA-RNN, but the branch1 outperforms the CA-RNN significantly, which shows the importance
of the skeleton input preparations and filtering. At the same time, the branch1 outperforms the RF-based model, which
reveals the effectiveness of the LSTM to detect the proper window size instead of having a fixed window size. The
branch2 on the OAD dataset is superior comparing to branch1, which is the opposite situation in comparison with the
performance of those branches on the gym dataset. The branch2 on the OAD dataset outperforms the branch1 because
of the properties of the dataset itself, where the number of classes in the OAD dataset is more than the number of classes
in the gym dataset. On the other hand, the articulations of the skeleton frames for the OAD dataset are complicated
compared to the simple ones in the gym dataset. From table 6.2 when the 2D poses extracted by the Openpose have
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Figure 6.5: The pipeline of the Openpose model to extract human poses. a) is the input RGB image, b) is the confidence
maps prediction of the first branch, c) is the part affinity fields prediction of the second branch, d) the usage of bipartite
matching to associate body parts to individuals. This figure is taken from [19].

been used as an input to the proposed model using the gym dataset, the performance for the branch1, branch2, and the
DR-RNN using the 2D human poses on the gym dataset is comparable to the performance of the 3D skeleton joints,
which is quite impressive and shows the abilities of the CNN-based pose estimation to be utilized for activity detection
tasks. On the other hand, from table 6.4 for the OAD dataset, when the extracted 2D human poses have been used,
there was around 12% drop in the F1 score, and that is because of the complication of the performed activities in the
OAD dataset comparing to the activities in the gym dataset. The drop in the F1 score when the 2D poses used in the
OAD dataset shows the importance of the information of the z axis to detect the on-going activity like the sweeping or
gargling. On the other side, from a performance perspective, all models that use the skeleton joints frames provided by
the depth sensor are working quite fast, around 2500 frames per second. On the other hand, when the Openpose has
been used to extract the 2D human poses, the frame rate drops significantly to around 20 frames per second, where
the bottleneck is the Openpose. Even though the proposed DR-RNN model still able to meet the requirement of the
real-time application by its ability to serve 20 frames per second.

The extracted human poses as an input

In this work, tf-pose [4] which is a TensorFlow implementation of openpose [19] has been used to extract human
poses 2D joints. The model that has been trained on the Coco dataset has been used. This model can predict 18 2D
joints for each human represented in the RGB frame, as shown in figure6.6. The importance of this section is to check
the performance of the proposed model using the 2D extracted poses and the possibilities of getting rid of the depth
sensor and just using a cheap RGB web-cam. Many single/multi persons pose estimation models have been suggested,
and great work has been done in this area. Both top-down and bottom-up approaches have been proposed to solve
the pose estimation problem. In [19], the bottom-up approach, heat maps, and part affinity fields have been used to
assign limbs to the people in the scene. In this work, openpose has been used because of its simple library usage and
documentation. Table 6.2 shows the results that have been achieved using the proposed DR-RNN model and every
model’s computational performance. The results show the contribution of using the extracted poses compared to the
usage of the raw RGB frames. At the same time, by looking at table 6.1, it is quite interesting to see the ability of
the proposed model to achieve comparable results to the skeleton’s joints input, but this time using raw RGB frames
+ deep pose extraction model like [4]. Thanks to researchers’ efforts to develop the deep pose estimation models. A
deep pose estimation model can be feasible a cost-efficient solution, especially for recognizing activities which are
discriminative using only x and y axes without the need to know the depth of the joint. On the other hand, table 6.2
shows the computational time tax that should be paid for extracting human poses from RGB frames. The low FPS of
the pose extraction model will prevent the model from working in real-time on a CPU. GPU can be used to run [19] in
real-time. By comparing the FPS of the proposed DR-RNN model between table 6.2 and table 6.1 it is noticeable that
the FPS of the proposed model using depth sensor’s skeleton joints is lower than its FPS using the extracted poses. The
difference in FPS is because of the less number of joints and having 2D joints instead of 3D joints.

6.7 Future work

Future work would be to explore the improvements that can be utilized by the usage of the learnable Holt or Winter
exponential filters instead of the simple exponential one. Adding other joints representation methods, like [6] that can
conserve more informative data about the performed activity to the proposed model. Evaluating the SSNet model after
adding the proposed input preparations and filtering. Exploring other pose extraction deep models that can be more
computationally efficient on CPU comparing to [19]. Benchmarking the proposed model on other online datasets.
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Figure 6.6: Samples of the extracted poses from the gym dataset RGB frames using [4].

Figure 6.7: Samples of applying [4] on the OAD dataset.

6.8 Limitations

The proposed DR-RNN model has a massive number of parameters (around 2 million) because of doubling the
components in two branches. Thus the model needs a quite big dataset to converge and learn the properties of each
action. Changing the depth sensor may change the index of the joints, which requires to rebuild the traversal tree
structure manually to conserve the spatial context between the joints. On the other hand, it is important to keep an eye
on the learnable α value that has been learned during the training process to check if the filter is working in one of the
two extremes like α = 0 or α = 1.

6.9 Conclusion

In this work, the online action detection problem has been tackled by proposing a skeleton-based novel real-time double
representational model based on the recurrent neural networks (RNN) as a core. A novel learnable exponential filter also
has been suggested that can be used for input/output smoothing, which improved our proposed model’s results. At the
same time, an online RGB-D dataset for gym exercises has been collected and annotated using frame-level annotation
to push and accelerate the work in the OAD approach. The proposed models’ performances have been evaluated using
the 2D human poses extracted from the gym and the OAD datasets versus the performances of the same models but
using the depth sensor’s skeleton data. Based on the results of this work, we found that the proposed DR-RNN can
achieve comparable results when the 2D human poses is being used compared to the depth sensor skeleton data. At the
same time the importance of skeleton data filtering has been shown by reporting each model performance on different
skeleton filtering steps.
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