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Human action recognition is a difficult task and topic of discussion in the computer

vision community. There are consistent breakthroughs by large research groups us-

ing sophisticated state-of-the-art computation hardware. These advancements allow

for very accurate predictions on complex action recognition datasets that can be gen-

eralized to tasks outside of these pre-defined datasets. However, a key weakness is

that in order to run these models, the computation requirements are significant.

We explore these models, as well as some models that utilize intermediate repre-

sentations. These representations focus on the movement of the person throughout

the frame, specifically the ’pose’ data and translate this data into an intermediate

representation that can be processed by compact models. We propose a novel inter-

mediate representation utilizing only the angles of the joints of a person from one

frame to another. This allows for the representation constructed to be completely in-

variant to the global position of the person in the frame, providing insights into how

these small and very efficient representations and models can be used with good

effectiveness.
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“Sometimes I’ll start a sentence, and I don’t even know where it’s going. I just hope I find it

along the way.”

Michael Scott
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Chapter 1

Introduction

People interact with their environment in unique and nuanced ways, and through-

out our lives, humans have learned to identify and categorize the different actions

that we perform.

1.1 Action Recognition

For humans, the problem of human action recognition is rather simple. We use past

experiences throughout childhood and adult life to be able to pick out the various

ways a person moves, and translate that into a familiar action that we have seen

before. Combine that with objects that a person may be interacting with, and hu-

mans are remarkably good at discerning what actions other humans are involved in.

However, as is with most things in the domain of computer vision, this ability does

not translate well into the realm of artificial intelligence. The slightly different ways

that people may perform these tasks add a layer of complexity that is difficult for a

model to overcome.

1.2 Applications

Security is perhaps the most obvious example of action recognition usage. Secu-

rity personnel are constantly on the lookout for suspicious individuals that may be

of concern, or who are performing illegal actions. This can be as simple as trying

to find those who are shoplifting in stores, where the CCTV footage can be used

live to find those who are actively stealing from stores. It could also be something

more complex, such as security checkpoints in airports, where screening officers are
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constantly watching for suspicious individuals. In this case, a system capable of an-

alyzing the way every person acts and pointing out those who it sees as suspicious

could greatly assist security personnel.

Health care is a slightly different, but nonetheless very interesting application of

action recognition. A very large part of how action recognition can help those in the

healthcare field is use in monitoring those who need around the clock care, primarily

the elderly. If an elderly person chooses to live at home, the action recognition model

may allow healthcare workers to, at a distance, manage many people and focus their

attention on those who have been flagged by the model. This can often be done by

very lightweight models [1].

Video summarization is not directly related to action recognition, but rather the

study of action recognition is a very useful part of video summarization. If you

must summarize a video where the main subjects tend to be humans, a large part

of figuring out what is going on in the video is figuring out what action the person

is performing. For example, for a summary to be something such as ’The person is

fishing.’, the model must have some understanding of what fishing is. Similarly, if

the main subject of the video is not a person, it may still be useful to know what

those in the background are doing, for example ’A dog is sitting on a bench, there are

people doing yoga in the background’, the model again must have an idea of what yoga

is, and how a person performs said actions.

1.2.1 Ethical Issues

As with most applications of artificial intelligence, computer vision cannot be re-

searched and discussed without taking into account the ethical issues that surround

it. Given the rapid evolution of AI, it is imperative for researchers to remain cog-

nizant of these ethical issues. In this section, we will focus particularly on how it

may affect action recognition, touching on other areas of AI in general to further

illustrate our points.

Privacy can become a concern in many areas, the healthcare example given pre-

viously in this chapter is one of the most obvious. With elderly people, often one

of the draws to staying in their own homes is the privacy that it offers; if the action

recognition model is to be used to ensure that they remain safe, it must come with
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some removal of privacy. There is also a question of what happens to the data of a

person who is using this kind of service. Given that data is likely sent to a server

for processing, it prompts inquiry into the company’s data retention policies, shar-

ing practices, and whether the data will be used for training future models. These

are all issues that often follow AI since the training of models requires such a mas-

sive amount of data, and in action recognition this can contain people who are not

necessarily aware of their data being used in such ways.

Bias is one of the most common ethical issues in AI. In artificial intelligence, and

computing in general, the principle of "garbage in, garbage out", is commonly used

to illustrate that if the inputs into a model are not of high quality, the outputs will

not be of high quality. This can often be the case in datasets where say a group of

people are not accurately represented, and while the model itself is not discrimina-

tory, it will follow the data it has been given. For example, airport security has been

scrutinized in the past for singling out individuals of particular races or who look

a particular way. This may mean that if a model is being constructed that searches

for people who may be flagged later in security, the majority of positive flags that

were screened further would be of this group of people. The resulting dataset that

is constructed would be biased against this group of people, therefore resulting in

a similarly-biased model. This type of issue has been shown in many different ar-

eas, another example being speech recognition models used by voice assistants not

being able to recognize particular accents as they were not represented in the origi-

nal dataset. These kinds of reasons are why it is crucial for researchers to be aware

of and study their datasets when it comes to human data to avoid these biases and

ensure that their data is well balanced.

Transparency is a rather difficult, and often nearly impossible problem to solve

with modern AI models. Given the fact that these models at minimum have millions

of parameters that all contribute to the complex calculations towards the output, de-

ciphering exactly how they work and make their decisions is difficult. These models

are often depicted as black boxes, where the only context we are given is what is in-

put into the model and what the model outputs, and nothing in between. In the cases

of something such as an airport security checkpoint, the model may mark a person

as acting suspicious in a line of passengers. The model is not able to specifically
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express what made the passenger appear suspicious, and it may even be incorrect

in its assumptions. This means that the officer who is reviewing the flags set by the

model has to make a decision that may lead to one of two possible scenarios:

1. The model is correct, but cannot communicate its exact reasoning with the

officer, the officer does not see what the model sees and a potential threat is

ignored

2. The model is incorrect, but the officer thinks that he sees something, and a

person who is not a threat is put through unnecessary security screening, and

other potential threats may not be screened

1.3 Challenges

Human action recognition is a very difficult task that comes with many issues, some

of which continue to be major challenges moving forward with very complex mod-

ern models.

Backgrounds are often not static in videos. Often they contain a lot of data that

is ever changing and can contain other secondary subjects performing actions that

may not be relevant to the subject that we are trying to determine the action of.

While humans are very good at focusing on the person who is performing the ac-

tion and ignoring things occurring in the background enough to not get confused,

AI models do not have this inherent ability and often can get confused from back-

ground changes, and effectively must both identify the person and determine what

action they are performing within the same model. This can be further worsened by

any camera movement, resulting in both the subject moving throughout the frame

as well as the background moving behind the subject.

1.4 Problem Definition

The problem of human action recognition is defined as taking a video of a person

performing a particular action, and passing it through a model to determine the
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specified action the person is performing. Pose-based action recognition is the prob-

lem of performing this detection primarily using the skeleton data of the people in

the frame.

1.5 Contributions

The primary contribution that this thesis provides is a novel intermediate repre-

sentation that can be used in tandem with a simple convolutional neural network

(CNN) for use in the problem of human action recognition. This representation is

designed such that it is invariant to: the global position of the person, the distance

between the camera and the person, and any background information. This repre-

sentation only utilizes the skeleton data of the person, specifically the joint angles of

a person and how they change from one frame to another.

1.6 Thesis Structure

This thesis will begin by exploring the research relevant to action recognition in

chapter 2. Next, a novel representation is proposed in chapter 3, and the experiments

and their results are detailed in chapter 4. Finally, the conclusions and recommen-

dations for future work are presented in chapter 5.
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Chapter 2

Literature Review

2.1 Image Classification

Image classification is one of the precursor problems to action recognition. Without

the ability to classify individual images, the ability to classify videos, which func-

tionally are a list of individual images, would never have been researched as nearly

every technique for action recognition can be tracked from some form of image clas-

sification task.

An example of this task is the CIFAR dataset [2], where the goal is to simply

classify relatively low resolution images into either 10 or 100 classes, depending on

the version of the dataset. Some simple models such as EfficientNet [3] are able

to achieve above 90% accuracy while providing a model that is able to be trained

efficiently and evaluate images quickly. In addition, some sophisticated models are

capable of achieving scores above 95% [4] [5]. The popularization of image classifica-

tion led to the popularization of CNN’s which are also actively used in action recog-

nition, and particularly popular in intermediate representation models that will be

discussed in section 2.9.1.

2.2 Optical Flow

Optical Flow is often taken for granted in models that utilize it, however it can be

computed in several different ways. An example of a model that leverages optical

flow is the Two-Stream Inflated 3D ConvNets model [6] which will be discussed later

in this chapter in section 2.5.2. The specific details of optical flow are very complex

and ultimately outside the scope of this thesis however the concept that provides
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performance improvements is that optical flow represents the movement of a person

from one frame to another and eliminating background information which does not

move. This idea is demonstrated in figure 2.1.

(a) Frame 1 (b) Frame 2 (c) Optical Flow

FIGURE 2.1: A simple example of the optical flow field (c), resultant
from the first and second frames (a) and (b). The goal being that the
background is not in the optical flow field, only the movement of
subjects in the frames are considered. In this case, the only movement
from frame 1 and frame 2 is a slight upward movement in the bow.

2.3 Convolutional Neural Networks

Convolutional Neural Networks are a key part of both this thesis and the larger do-

main of computer vision. When these models were developed, computer vision took

a large step forward in the domain of image processing, and is still being developed

by modern models in order to extract further performance [8].

2.3.1 Structure

The classic structure of a convolutional neural network can be studied through one

of the first recognizable architectures; LeNet-5 [9], as shown in figure 2.2. This archi-

tecture is broken into a few key layers that are common in classical CNN’s:

• Convolutions

• Subsampling

• Flatten

• Fully Connected

The convolutions are the key part of how convolutional neural networks func-

tion, and they function using a kernel. This kernel is built as an NxN matrix of



Chapter 2. Literature Review 8

FIGURE 2.2: LeNet-5 architecture [9] containing convolutional, sub-
sampling, and fully connected layers.

randomly initialized values. The matrix is then ’slid’ across the entire image, and

the values that the kernel ’sits on top’ of are multiplied by the kernel values and

then summed to produce an output cell in the output image. An example of a 4x4

greyscale image and 2x2 kernel is shown in figure 2.3. In addition to this process,

sometimes the edges of images are ’padded’ with zeroes in order to avoid the reduc-

tion in image size when a kernel reaches the edge of an image. This kernel can also

be expanded to 3 dimensions in order to be utilized on video data rather than image

data. This functionally works the same as 2-dimensional convolutions, sliding in

three directions instead of two, however it results in much larger kernels that take

up significantly larger portions of memory. This is because the back-propogation

data must be then stored for 27 kernel data points rather than 9 (in the case of a 3x3

convolution).

The subsampling (also commonly referred to as pooling) layers work in a sim-

ilar way to convolutions, however instead of being trained, they are simply a stan-

dardized filter designed to down sample the feature maps exported by convolu-

tional layers. This can be done through a few methods, average (as is used in LeNet)

or max pooling are the most implementations. They simply take either the maxi-

mum or average value of the values covered by the subsampling kernel. The flatten

layer simply transformes the outputs of the convolutional layers from shape AxBxC

to a one-dimensional vector of length A ∗ B ∗ C. This can then be passed through

the fully connected layers, which are identical to those used in traditional fully-

connected neural networks.
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FIGURE 2.3: Example of how a kernel functions, being slid across the
image and multiply by the kernel matrix.
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2.3.2 Classic Architectures

AlexNet [10] is another common CNN architecture not dissimilar to the LeNet archi-

tecture [9] shown previously in this chapter. AlexNet provided two main contribu-

tions over the LeNet architecture. First, it provides a new method of training models

on GPU, which involves splitting the parts of the model to be trained separately on

different GPU’s which can then be combined at the end, which allowed more overall

GPU memory to be utilized when training the model. Second, it provides a much

deeper CNN architecture, where the LeNet architecture contains only 2 convolu-

tional layers, the AlexNet architecture contains 5 total convolutional layers, three of

which are stacked one after another after the second max pool layer. When it was in-

troduced, AlexNet was the state-of-the-art CNN for image classification and opened

new doors with efficient multi-gpu trained models.

VGG-16 [11] is another deep convolutional neural network model, again similar

to those described previously in this section, however as AlexNet [10] built complex-

ity on top of LeNet [9], VGG-16 seeks to do the same over AlexNet. The ’16’ part of

VGG-16 refers to the number of convolutional layers, which is much more than the 5

present in AlexNet. While this added complexity is important, VGG-16 also focuses

on keeping the individual parts simple, for each of their convolutional layers, the

kernel is 3x3 with stride 1, and for each of the pooling layers, they utilize a 2x2 filter

with stride 2. These convolutions are split into five different ’blocks’ shown in figure

2.4, which are separated by these pooling layers, ending with the same structure of

dense layers present in AlexNet.

FIGURE 2.4: VGG-16 [11] architecture, with 16 convolutional layers
split into 5 blocks, each block being separated by pooling layers, end-

ing with three dense layers which provide output.

2.3.3 Modern Architectures

ResNet [12] deviates from this base CNN structure, aiming to improve on how these

complex CNN’s process data. With the evolution of CNN’s naturally becoming more
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complex, the simplest approach was to add more convolutional layers (as can be

seen from the transition from simple networks such as AlexNet [10] to more com-

plex networks such as VGG-16 [11]). ResNet takes issue with this strategy, noting

the problems of vanishing/exploding gradients becoming more prevalant and pre-

venting the models from converging on proper solutions even if there is sufficient

complexity present. They aim to mitigate this issue via a simple "Residual block"

shown in figure 2.5.

FIGURE 2.5: The Residual Block utilized by the ResNet [12] model.
The input is added to the output of the convolutional block, resulting
in an output that has both the output of the convolutions as well as

the original input, which can then be fed into further blocks.

The function of the residual block is to make the model fundamentally easier to

train. By separating the input into two parts F(x) and x, the input to the next block

will not have to rely on solely the outputs of the convolutional layer (F(x)), rather

it can use the original input to the previous block x as well. This means that further

convolutional blocks do not need to rely on the accuracy of F(x), meaning that each

block can focus on fitting individual patterns. This results in very complex networks

that can still reliably find simple patterns, contrary to previous models where these

simple details are lost to many stacked convolutions. This same method is employed

in classic feed-forward neural networks as well using "shortcut connections", which

functionally work in a very similar way to the residual blocks and has also proven
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to give performance increases.

Residual Attention Network for Image Classification [13] was another advanced

technique to build off the existing CNN architecture that ResNet provided. This

model aims to utilize attention modules which help the model to highlight points

in the image that are more relevant to the action, and filter out background data

(shown in figure 2.6). Again, building upon previous works, this model utilized the

residual blocks used in ResNet [12], making it so that the model is able to be very

deep and very complex without falling prone to vanishing/exploding gradients as

easily.

(a) Original Frame (b) Frame Attention

FIGURE 2.6: Example of how an attention module will "focus" on the
person performing the action, and filter out background information.

2.4 Recurrent Neural Networks

A Recurrent Neural Network (RNN) is a variation on the classic fully connected

layer structure. These networks through a ’recurrence’ connection that connects the

output layer back into a previous layer. This is shown in detail in figure 2.7. This

recurrence is stored as a ’hidden state’, meaning that we can chain inputs from one

example to another.

The primary application for these kinds of networks is utilizing them for time

series analysis. This is because for each step of the time series, we get a hidden state

that we can then pass to the next step of the time series. This therefore means that

the model is capable of analyzing the time series one step at a time while outputting

at each corresponding step. This ability to process any amount of data also allows
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FIGURE 2.7: The general RNN structure, similar to the fully con-
nected networks, except it contains a recurrence value. This recur-
rence is stored as a ’hidden state’, which can be fed back into the

network at the next time step.

us to utilize it for video analysis because the any number of frames can be processed

one at a time from the video.

A Long Short Term Memory Network (LSTM) is a variation of the RNN model.

This network works in a very similar way, being constructed in a way that there is a

’hidden state’ that can be passed to the next time step, however the previous hidden

state and input data are combined with the recurrence value and create a new hidden

state. The goal of this being that the model does not have a bias towards recent data,

but instead retains some information from very early time steps.

2.5 CNN Based Action Recognition Models

Naturally, the first approach to feeding video data into models is to process the

raw RGB frames. This technique is derived from image classification tasks, where

lightweight and relatively simple CNN’s have been shown to have good perfor-

mance when classifying single images. The logic would then follow that these types

of models may be able to classify videos with fair accuracy, however they must be

modified, which will be described further in this chapter.



Chapter 2. Literature Review 14

2.5.1 CNN + LSTM Models

In very classic models, utilizing existing CNN architectures is a very simple process.

The individual frames are passed through the CNN, producing a feature map for

each frame. These feature maps are then flattened and passed into a RNN which

produces an output.

Figure 2.8 shows the typical modern structure for this solution. After the features

are extracted from each of the 2 dimensional CNN, they are passed through a LSTM.

The goal of this LSTM module is to carry features from one frame to another and

add some temporal element.

FIGURE 2.8: An example structure of a simple CNN-LSTM based
model, each individual frame being individually fed into the CNN,

and then passed to a LSTM.

The advantages of this model are that is is very lightweight and all of the individ-

ual parts are already well studied and efficient. This also means that the models are

very lightweight, and relatively simple in comparison to more complex techniques.

The disadvantages of the model are also rooted in it’s simplicity. The result of

processing each image independently means that the interactions between frames is

not very well represented. While the model is able to represent individual frame

features very well, due to the fact that the feature maps are passed through the
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LSTM, classes that require specific movement from one frame to another are diffi-

cult to learn using this structure. Constructing these individual feature maps can

also fall victim to background interference, meaning that a movement in the camera,

or change in background could impact in a way that detracts from the main subject

of the action more with this model than the other approaches discussed later in this

chapter.

FIGURE 2.9: Action recognition structure for the LRCN model. [14]

Long-term Recurrent Convolutional Networks (LRCN) [14], is a model con-

structed using this methodology. In the paper, they use the notation that each frame,

xi, is fed into the CNN in order to construct a fixed-length feature representation,

ϕv(xi). This is then passed into the recurrent sequence learning model. This is where

the model differs from the previous example provided. In the LRCN model, the

LSTM outputs at each frame are averaged to get the output class, rather than taking

the last output. This removes any bias the model may have towards the later frames

in long videos. In addition to RGB frames, this model uses the optical flow feature,

which easily adapts to this structure, replacing the RGB frames in figure 2.9. The
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LSTM structure is taken from Learning to Execute [15], which is a structure devised

from the original LSTM model. The CNN, represented in the paper as ϕ, is described

as a hybrid of the CaffeNet [16] (a variant of the AlexNet [10] model discussed in sec-

tion 2.3.2) and the Zeiler and Fergus [17] models, which has been pre-trained on a

large dataset.

FIGURE 2.10: Beyond Short Snippets: Deep Networks for Video Clas-
sification model [18], utilizing basic CNN’s as well as a Deep LSTM

Model shown in more detail in figure 2.11.

Beyond Short Snippets: Deep Networks for Video Classification [18], is an-

other approach to this structure, which explores a more complex deep-LSTM based

module, as well as more classical feature pooling. The block diagram of this model

shown in figure 2.10. Similarly to the previously discussed model, Long-term Re-

current Convolutional Networks [14], the model utilizes a combination of two pop-

ular CNN models, AlexNet [10] and GoogLeNet [19]. The paper did explore many

more classical feature pooling architectures, and were proven to have good results,

however these techniques were outperformed by the deep LSTM module shown in

figure 2.11. The paper utilized a deep LSTM architecture for the feature aggrega-

tion step which further adds to it’s complexity, moving it above the CNN-LSTM

architectures described previously. In this deep LSTM module, the outputs of each

frame are passed into a LSTM module as in the previous model, but the ouputs are
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then passed through 4 more stacked layers of LSTM’s, after reaching softmax layers

which are averaged to get an output. These 4 additional layers of LSTM’s mean it is

more able to infer data moving from one frame to another. This model additionally

explored the uses of optical flow and found that it adds a great deal to the accuracy

of the model.

FIGURE 2.11: Deep LSTM module used in Beyond Short Snippets:
Deep Networks for Video Classification [18]. The module consists of
five separate LSTM models chained together which take the outputs

of the CNN as input to the first LSTM layer.
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2.5.2 3D CNN Models

When considering how to handle videos without the LSTM component, the one of

the first approaches that was developed is to utilize 3 dimensional CNN kernels.

The function of these kernels when it relates to action recognition is that they allow

for the model to easily encode local temporal data using the third kernel dimension.

The primary issue with these models is that they contain many more parameters

over the 2 dimensional CNN models, meaning that they take longer to train and

require more computing power as compared to the lightweight counterparts.

3D Convolutional Neural Networks for Human Action Recognition [20] was

one of the original papers that proposed this model for the purposes of action recog-

nition, and the greater topic of 3 dimensional convolutions. The general architecture

of the model is shown in figure 2.12, and is extremely similar to that of 2 dimensional

CNNs, with convolutional layers which are followed by subsampling layers.

FIGURE 2.12: A portion of the original 3D-CNN action recogni-
tion model architecture proposed by 3D Convolutional Neural Net-
works for Human Action Recognition [20], containing a 3D convo-
lution layer and 2x2 subsampling layer. The full architecture contains
three convolutional layers, two subsampling layers and one fully con-

nected layer.

The primary difference with this original architecture compared to 2D CNN’s as

we know them today is that it used rather large 7x7x3 convolutions, as compared

to the typical 3x3 convolutions used in classical 2D CNN’s. Learning Spatiotem-

poral Features with 3D Convolutional Networks [21] is a slightly more modern

architecture that was proposed. They explore in great detail the effects of these sizes

of convolutions and find that this size of convolutions are more effective than the

previous methods and sizes.

Two-Stream Inflated 3D ConvNets, commonly referred to as I3D [6], is a modern

variation on 3D CNN based networks. Similar to the previously discussed model

[20], this model explores the viability of taking techniques used in 2D CNN models
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and applying them to 3D. However it takes a much more direct approach, stating

that they take the square filters of size NxN and convert them simply to 3D filters

with dimensions NxNxN, a process they describe as inflating the convolutions. In

addition to this, they utilize a repeated inception submodule shown in figure 2.13.

This inflation of convolutions allows for I3D to replicate successful 2D CNN’s in

their structure and apply them to video with little modifications.

FIGURE 2.13: The detailed inception submodule used in the I3D
model [6].

2.6 Model Evolution

Transformers for Image Recognition at Scale [22], extends beyond CNN’s to ex-

plore transformer networks. While transformer networks are very easily applied to

natural language processing tasks, it is not as easily applied to video and in partic-

ular action recognition. As depicted in figure 2.14, the model utilizes a transformer

encoder architecture in order to learn features that are useful for action recognition.

The goal of this being to leverage previously well studied NLP studies that indicate
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FIGURE 2.14: The transformer encoder module utilized by the model
proposed in An Image is Worth 16x16 Words: Transformers for Im-

age Recognition at Scale [22].

the attention features of transformers are useful for focusing on the relevant data.

Figure 2.15 shows this effect, the goal of this being to mitigate the challenges of han-

dling background data interference as previously described in section 1.3. This logic

is then further expanded upon in many future models to extend this functionality,

such as Multiview Transformers for Video Recognition [23] which explores using

multiple separate encoders to explore multiple views.
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FIGURE 2.15: Example feature outputs of how a transformer utilizes
attention to focus on the main subject of a video in order to greater

identify actions as shown in [22]

2.7 Datasets

There are many action recognition datasets, some of which fit more specific use

cases, and others which are more general and tailor to more in-the-wild data (an

uncontrolled environment outside of pre-defined datasets, this data often has many

challenges not encountered in pre-defined datasets). For example the Charades

dataset [24] focuses more on actions of people indoors and their interactions, whereas

other datasets such as THUMOS [25] focus on many in-the-wild videos, where the

location of the person can be different.

The Kinetics Human Action Video Dataset [26] is one of the primary in-the-wild

action recognition datasets that are reported on by modern models. The primary ad-

vantage of this dataset over others that were published around the same time such as

the UCF-101 dataset [27] is that as opposed to UCF’s 101 classes and approximately

13,000 clips, the original kinetics dataset contained 400 classes and approximately

300,000 total clips which is magnitudes greater than other datasets of this type. This

dataset was also updated in 2020 to include 700 classes and over 600,000 clips. The

extremely large amount of these clips, as well as containing all of; singular person

actions (eg. headbanging, stretching), person-person actions (eg. handshake, tick-

ling), and person-object actions (eg. riding a bike) among others creates a dataset

that is difficult for a model to determine what action is being performed.

Joint-annotated Human Motion DataBase (JHMDB) [28] is the primary dataset

that will be used in this thesis. The JHMDB paper does not actually propose an

entirely new dataset, rather it proposes a subset of the Human Motion DataBase

(HMDB) dataset [29], with the addition of several features, primarily annotated
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poses (hence the Joint-annotated addition to the original dataset name). While the

dataset does offer more than only annotated poses, the main appeal of the dataset

when considering the method used in this thesis is that they are manually anno-

tated and adjusted poses to ensure that they are correct, meaning that the model can

be independently be evaluated without having to consider the accuracy of the pose

estimation model. Additionally, the dataset has been pruned such that the actions

within the dataset only contain single person interactions, that lends itself very well

to pose-based models, as generally only pose can be considered and the model can

provide accurate results. Both of these features result in the dataset being highly

popular with 2D-pose based models, and in particular models that create intermedi-

ate representations with these poses, as the data that is extracted from pose is both

accurate and relevant to the action. An example of the joint representation is shown

in figure 2.16, and an example of the joints overlayed on a frame of a person is shown

in figure 2.17.

FIGURE 2.16: Simplified representation of the JHMDB pose that will
be used later in this thesis. Notably the foot joints are missing as they
are not reliably labelled and are not used by the model. The indexes
correspond to JHMDB joint indexes as if the subject were facing the

camera.
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FIGURE 2.17: Example JHMDB [28] joint indices overlayed on a frame
of the ’catch’ action.

The JHMDB dataset contains a total of 928 video clips separated into 21 classes.

The breakdown of class examples is shown in table 2.1. These examples are split into

3 different splits, one of which is used for testing and the other two for testing, this

is further explored in section 4. Each of these videos is approximately 40 frames in

length. Typically most of the person is in the frame in these videos, and one person

is the focus of the action. Some examples of frames in videos are shown in figure

2.18.

2.8 Pose Detection

Throughout the majority of this thesis, and in some pose-based papers, the concept

that there is some form of extracted pose from any given RGB frame is assumed to

be accurate and complete. However the extracting of these pose features, especially

in the wild, is a difficult task in and of itself. This means that when considering

pose-based action recognition models (as will be done further in section 2.9) the

accuracy of these techniques must be taken into account. Without an accurate pose
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Class Number of Examples

brushhair 41
catch 48
clap 44

climbstairs 40
gol f 42
jump 39

kickball 36
pick 40
pour 55

pullup 55
push 42
run 40

shootball 40
shootbow 53
shootgun 55

sit 39
stand 36

swingbaseball 54
throw 46
walk 41
wave 42

TABLE 2.1: Class counts for each class in the JHMDB dataset [28].

model, it is impossible for these pose-based action recognition models to perform

with any level of accuracy. It is also worth noting is that some training data can have

manually annotated pose data, an example being the previously discussed JHMDB

dataset [28]. A very common model utilized by pose-based models is OpenPose

[30] which is capable of detecting the poses of many people within the frame. Some

models utilize the heatmaps of potential joint positions instead of the standard pose

information, which can also be easily generated by OpenPose. This is done through

a modern technique using large CNN’s and leveraging Part Affinity Fields, it also

allows for very fast real-time pose estimation.

There are many other pose estimation models, as it is in itself a problem in the

domain of computer vision that is constantly evolving and is ultimately outside the

scope of this thesis. These can range from transformer based models such as ViTPose

[31] designed to maximize dataset metrics, to the very lightweight models such as

MoveNet developed by TensorFlow [32], developed for the purposes of real-time

pose detection through mobile devices.
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(a) Sit

(b) Golf

(c) Jump

(d) Pick

FIGURE 2.18: Examples from several JHMDB [28] classes with frames
sampled throughout each video.

2.9 Pose-Based Action Recognition

Pose-based action recognition models have been well studied, and have been one of

the popular forms of action recognition model as people typically determine actions

by examining how a person is moving. This is because by focusing on the pose

(sometimes referred to as the skeleton) of the person, you are able to effectively

mitigate the background effects that were discussed in section 1.3. This means that

typically more lightweight models can be used as they are able to be pointed more

towards the main subject rather than filtering out background data. Of course this

method also comes with challenges, notably that in testing in the wild, there must be

effectively two models, one to extract the pose from the person(s) in the frame, and

one to process this pose data and export an action. This can introduce another point
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of failure, but as discussed in section 2.8, 2D pose detection has been consistently

improving to the point that high quality pose data from fast models is becoming the

norm.

Pose-Based CNN Features for Action Recognition (P-CNN) [33] is a model that

utilizes this pose. They use patches of the RGB frames centered on the various joints

that have been detected, this is shown more in detail in figure 2.19. While this model

does improve on typical models by using pose data, it does still struggle from the

fact that it uses the raw RGB frame data, resulting in a model that is larger than

would be desired.

FIGURE 2.19: Illustration of P-CNN [33] feature construction. RGB &
Optical Flow "Patches" are extracted around each joint, and some-
times containing multiple joints. These features are then passed
through their respective CNN’s. Note that in this figure only the RGB

patches are shown.

Fusion-based architectures have had success in combining techniques used by

basic 3D-CNN’s, as seen in the I3D model [6], which as previously discussed in

section 2.5.2 utilizes the RGB Frames & Optical Flow in order to predict actions.

Pose can be added to this architecture as shown in figure 2.20, where the pose data

is added using some additional representation, the simple being the joint heatmaps

exported from a previous model, and becoming more complex with intermediate

representations that will be further discussed in section 2.9.1. Chained Multi-stream

Networks Exploiting Pose, Motion, and Appearance for Action Classification and

Detection [34] is an addition to this type of model, where instead of the classic fused

architecture, the model has individual loss functions added to each of the outputs,

increasing performance while not adding significant additional complexity to the
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FIGURE 2.20: A typical fused architecture. Each of the Pose, Optical
Flow, and RGB Frames are passed through individual 3D-CNN’s, the

outputs are then concatenated to achieve a final output.

model, the block diagram of this model is shown in figure 2.21.

2.9.1 Intermediate Representations

Intermediate representations are the basis for what will be discussed in later sections

of this thesis. Intermediate representations aim to reduce the pose data that has been

extracted into simpler and more processable formats. This is generally done with the

aim of using a more lightweight model (typically a 2D CNN rather than 3D) that re-

quires significantly less computing power. Of course, this kind of pre-processing

comes with issues, notably that by converting the model into an intermediate rep-

resentation, some data will inevitably be lost during the transition, so the problem

definition shifts slightly to creating an intermediate representation that both allows

for a lightweight model to be effectively trained on it and for the smallest amount of

data to be lost in the transition.
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FIGURE 2.21: The chained architecture as shown in Chained Multi-
stream Networks [34]. The model differentiates in that it has separate
loss functions for each of Pose, Optical Flow, and RGB, which are
chained together in a way that they can be individually optimized.

Pose MoTion Representation for Action Recognition (PoTion) [35] proposed

one of these intermediate representations, however they did it in a way that was

unique in that they only considered the joint positions rather than the skeletons

themselves. Namely, the model utilizes the joint positions of a person throughout

each frame of video to construct 2 dimensional images that reflect the movement of

each of these joints. This is done by stacking each joint heatmap onto one image,

and colorize them according to the point in time the frame is extracted. The overall

representation construction is shown in figure 2.22, after this shown colourization is

performed, the heatmap images are then stacked together. These stacked images can

then be passed into a simple 2D CNN, which can be quickly and efficiently trained

and performs rather well. In the paper they also explore adding this implemen-

tation as another input to the I3D [6] model in conjunction with the optical flow

and rgb frames, which it showed to offer an increase in performance to the existing

model. Pose and Joint-Aware Action Recognition [36] is a slight improvement on

this model structure, they utilize a similar colorization scheme. Instead of feeding

all of the joints into the model, they developed a joint-motion re-weighting network
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FIGURE 2.22: The illustration of the PoTion intermediate representa-
tion [35]. The input joint heatmaps are colored based on their time
in the frame, and the frames are then concatenated to form the final
movement of the joint throughout the video (the figure shows only
one joint heatmap, the same process is followed for all other detected

joints).

(denoted in the paper as JMRN), which allowed for the model to easily find the de-

pendencies between joints. This joint selection procedure allowed for the model to

offer improved performance over the original PoTion model.

Pose-Action 3D Machine for Video Recognition (PA3D) [37] takes a similar ap-

proach to the PoTion model, but flavours it slightly differently. Similar to PoTion

model, it leverages joint heatmaps similar to that exported from the OpenPose pose

detection model, however it does not colorize the joints and aim to insert them into

one image. A part of the model known as the Temporal Pose Convolution, shown

in figure 2.23 is a core part of how the model functions. This is done through 1x1xN

convolutions, which are run stacks of the joint heatmap images.

Simple yet efficient real-time pose-based action recognition [38] was largely

the inspiration for work done on this thesis. The goal of this paper was to provide

a very lightweight and simple to understand intermediate representation that could

be used by a very simple CNN to perform real-time action recognition. They do this
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FIGURE 2.23: The main PA3D [37] model architecture, demonstrating
the 1x1 convolutions used in order to construct the temporal cube, in

this case on the right wrist highlighted in red.

by converting the skeletons into their unique Encoded Human Pose Image (EHPI),

which is a 2 dimensional grid where the x-axis is frame index, and the y axis is the

joint index, this is shown in figure 2.24. This EHPI representation can then be used

with a very simple CNN to provide very fast and good results in order to process ac-

tions in real time. There is one notable disadvantage in that it relies so heavily on the

global positioning of the person in the frame. This means that the representation is

very sensitive to things such as camera movement, where a slight movement results

in the representation interpreting as the whole person sliding throughout the frame,

however this could be mitigated via person detection to keep the person centered in

the frame, however this introduces another point of failure.

Make Skeleton-based Action Recognition Model Smaller, Faster and Better

[39] is yet another improvement on this intermediate representations, but with the

particular focus on making the representations more resistant to both rotation &

shifting of a person throughout the frame. As shown in figure 2.25, this is done

through two features, the cartesian coordinate feature which was used in previous

models in a similar way [38], and the Joint Collection Distances (JCD) feature. The

JCD feature is indifferent to shifting since all of the representation is aware of is
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FIGURE 2.24: The EHPI representation used in the Simple yet effi-
cient real-time pose-based action recognition [38]. The x, y coordi-
nates of each joint are mapped to the red & green values of a pixel, all
joints are then stacked to form a column of joint positions in a frame.
Each frame is then placed next to each other to form the 2D represen-
tation. In the case of this representation the ’B’ value of RGB is always

0 since we only have x and y values.

the distance between any two given joints. This allows for easier generalization,

however in the final model, both the cartesian coordinate and JCD features are used,

as the authors determined that both were key in achieving high performance.
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FIGURE 2.25: The representation used by the Smaller, Faster, Better
model [39], this is split into two representations. The cartesian coor-
dinates of each joint are encoded into a 2 dimensional representation,
not dissimilar to previously discussed models [38]. The JCD feature
is a similar representation, but instead of x, y, and z coordinates, uses

the distance between two joints.
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Chapter 3

Methodology

3.1 Dataset Selection

As has been stated previously in this thesis, the dataset that is used in the analy-

sis of this model is JHMDB [28]. This dataset was selected for one primary reason,

consistency when comparing one model to another. As was discussed in section

2.8, typical pose-based action recognition models utilize a two-step approach which

involves first extracting pose data, then using that pose data in order to build in-

termediate representations. Usage of this dataset standardizes this first step since

the pose data is included, rather than needing to be generated by a separate model.

This means that a more direct comparison can be drawn from other models since

the input data is all the same. It is an understood fact throughout the remainder of

this thesis that small gains may be able to be made through the addition of a more

accurate pose model, however the scope of this thesis specifically focuses on the

intermediate representation and corresponding models that process this representa-

tion.

3.2 Pose

The methodology throughout this section is dependent on pose information output

from models that were described in section 2.8. These pose models have several

outputs used by similar models such as joint heatmaps, however the main focus of

this paper is the positions of the joints. These joints can be connected by lines to form

"bones" which are then all connected together to form a "skeleton". This skeleton is
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shown in figure 3.1, where each of the joints are connected to form a human-like

figure that can easily be created form the x & y coordinates of the joints.

FIGURE 3.1: Example of how joints are connected through bones in a
typical pose representations.

Using the JHMDB dataset, we simply take the existing pose implementation, the

representation and indexes being shown in figure 2.16, with 15 total joints. Specif-

ically in this thesis, we are concerned with bone-joint-bone connections, effectively

representing the angle of the middle joint and how the bones around it move.

3.2.1 Joint Angles

The core of how the new representation will represent actions and movement has to

do with the angle between two bones at any one given joint.

The first step in calculating the directional angle between the two vectors is to

center one of the joints at the origin. Throughout this chapter, we will be referring

to these two vectors as a and b. In figure 3.2, "a" would be denoting the vector

B → A and "b" the vector B → C. In this example, "B" will be the origin. This

origin centering is simple and is done by the following equation 3.1, with each point

representation as it was in figure 3.2 using the B → A bone as an example.

a(x, y) = (A.x − B.x, A.y − B.y) (3.1)
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FIGURE 3.2: Two examples of three joints interconnected with two
bones, and how the angle can change from one frame to another.

After processing both bones through this equation, it produces two vectors be-

ginning at the origin. The goal then becomes calculating the angle between two of

these vectors. This can be easily done by leveraging arctan. Calculating the angle

of a given vector ’a’ to the x-axis is simply done by using arctan(a.y/a.x). Once we

have the angle of this vector to the x-axis, we can convert it to a positive value to

ensure that the angle is being measured from a clockwise direction. Afterwards, we

simply take the difference of the two vectors to determine the clockwise directional

angle between two given vectors as denoted in equation 3.2.

arctan(a.y/a.x)− arctan(b.y/b.x) (3.2)

The angle is calculated in a particular direction because if it were simply to be cal-

culated agnostic of direction, it would be impossible to determine what angle a joint

moves if it were to cross the 180◦ boundary. Table 3.1 demonstrates this issue, where

a 180◦ rotation is observed from one right angle to another, but if non-directional an-

gle is used, no change is represented. This prevents us from using a simpler solution

such as the dot product to calculate these angles.

a(x,y) b(x,y) Directional Non-Directional

(1, 0) (0, 1) 90◦ 90◦

(1, 0) (0,−1) 270◦ 90◦

TABLE 3.1: Example of how non-directional angle can result in incor-
rect rotation changes from one frame to another.
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The resulting method means that some angles will be measured from the "out-

side" of the person and some will be measured from the "inside" as shown in figure

3.3. In practice, this does not have a large effect on the representation as the primary

factor in this method is the change of an angle from one frame to another which is

indifferent to how the angle is measured as long as the distance is consistent.

FIGURE 3.3: An example skeleton with JHMDB indices in each of
the joints. In addition, angles have been shown as if they are being
calculated in a clockwise direction, resulting in connections such as

5-4-8 having the angle on the "outside" of the person.

3.2.2 Joint Velocities

Once the joint angles for each frame have been extracted, the next step before imple-

mentation into our representation is to determine the change of a joint angle from

one frame to another to determine the "velocity" of said joint angle. Generally this

is simply done by calculating angle2 − angle1, however there is one exception where

the angle change crosses over the positive x-axis. This would be an example such as

the difference between angle1 = 5 and angle2 = 350. The correct description would

be that the angle moved −15◦, however using that simple calculation would mean

that the model would interpret this as a 345◦ change. This is most likely incorrect, as

the more likely scenario is that the person moved −15◦ rather than almost a complete

rotation in the other direction. So we add logic such that if the difference between

two angles is greater than 180◦ or lower than −180◦, the most likely scenario is that

it moved in the opposite direction for a shorter distance. So a change such as 270◦

would become −90◦ and similarly a change of −270◦ would become 90◦.
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3.3 Novel Intermediate Representation

We can now construct the indermediate representation that will be used as input

to our model. The model representation is very similar to that in the Simple yet

efficient real-time pose-based action recognition [38] as described in section 2.9.1,

which involves constructing a 2 dimensional image that is easily fed into a simple

model. This is represented in figure 3.4, where one joint angle is taken from one

frame of the video, and added to a column. This column consists of all of the data

for one frame of the video, which is then added to the rest of the representation,

eventually constructing the joint angles for each frame of the video.

FIGURE 3.4: Example of how the intermediate representation is con-
structed. At each frame, the angles of each joint are taken and added
to a column, each column is then stacked next to one another to form

a 2 dimensional image.

As described previously in section 3.2.2, a key point of our representation is the

joint velocities portion. These values can simply be "stacked" on top of the angles

to form the full intermediate representation. The logic is that for any given frame i,

the column contains both the joint angles for the frame i, as well as their differences

between frame i and i + 1, the completed representation shown in figure 3.5.

The specific joints that are represented in our intermediate representation are

shown in table 3.2. These joints were chosen as they are major joints that form the

typical "skeleton" visualization similar to that shown in figure 3.1 and 3.3.
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FIGURE 3.5: The completed intermediate representation, the top half
contains the changes in joint angle from one frame to another (also
referred to as "velocity"), and the bottom half contains the joint angles
themselves. This is referred to as the "stacked" representation. In the
representation, positive values are shown as red and negative values

are shown as blue, with the higher values having more saturation.

3.3.1 Representation Features

The way the representation is constructed results in a representation that is 2-D ro-

tation invariant, scale invariant, and global position invariant, providing us with

advantages over other models.

Rotation does not affect the representation since the angle of a joint from one

frame to another only relies on the two bones, the two bones can rotate globally,

what matters is only the angle between the two given bones. This effect is shown in

figure 3.6, where the angle of interest does not change when another joint next to it

is rotated, this can be generalized to any global rotation with the same logic.

FIGURE 3.6: Example of the rotation invariance of our representation.
The angle represented is A − B − C, and is unaffected by a rotation

around C − D − E, remaining at 45◦

.
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Joint A Joint B Joint C JHMDB Indices

Face Neck Right Shoulder (3, 1, 4)
Face Neck Left Shoulder (3, 1, 4)

Right Elbow Right Shoulder Left Shoulder (8, 4, 5)
Left Elbow Left Shoulder Right Shoulder (9, 5, 4)

Right Elbow Right Shoulder Right Hip (8, 4, 6)
Left Elbow Left Shoulder Left Hip (9, 5, 7)
Right Wrist Right Elbow Right Shoulder (12, 8, 4)
Left Wrist Left Elbow Left Shoulder (13, 9, 5)

Right Shoulder Right Hip Right Knee (4, 6, 10)
Left Shoulder Left Hip Left Knee (5, 7, 11)

Right Hip Right Knee Right Ankle (6, 10, 14)
Left Hip Left Knee Left Ankle (7, 11, 15)

TABLE 3.2: All Joint connections used in our intermediate represen-
tations. The joint angle that is focused on is centered on the B joint,
with the two vectors B → A and B → C forming the angle used in

the representation.

Scale is avoided entirely as we do not take into account the length of the bones,

rather only the angle of the joints. As was stated previously in this chapter, the bones

are converted to vectors prior to computing the angle between them. This involves

normalizing both bones to be length one, and this length data is not held for any

part of the representation. Therefore, the person can move closer or farther from the

camera during the action, and it will have no effect on the representation.

Global Position is the final feature that the representation is invariant to. Similar

to the previous features, the representation only cares about the angle of the specified

joint, meaning that we can translate the person from one side of the frame to another

with no change in the representation.

These three features of the model aim to mitigate background interference that

has been previously discussed in the model. Specifically, they aim to reduce inter-

ference from movement of the camera. A person can move to either side, closer or

farther away, and rotate the camera and there will be no effect on the representation.

3.3.2 Representation Comparison

Comparing our representation to other intermediate representations, there are many

similarities that can be observed.

The overall structure of the representation was largely inspired by Simple yet

efficient real-time pose-based action recognition [38], as shown in figure 3.7. While
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the construction of this 2 dimensional grid was a very efficient way to construct the

representation, their representation relied on the cartesian coordinates, resulting in

a representation more susceptible to background interference. However, the general

structure of the image was adapted for our use, simply using a different data source

(joint angles + velocities).

(a)

(b)

FIGURE 3.7: Comparison of our representation (b) compared to Sim-
ple yet efficient real-time pose-based action recognition [38] (a),

showing a similar representation construction.

Make Skeleton-based Action Recognition Model Smaller, Faster and Better

[39] also contains a similar representation to ours. Their representation is broken

into two parts: a cartesian coordinate feature and a JCD (Joint Collection Distances)

feature. The cartesian coordinate feature is no different to that proposed in other

representations [38], suffering from the same background interference. Their JCD

feature is similar to ours in that it is only using the pose data, and resistant to back-

ground interference. Our representation differs in that rather than using both global

and pose data, we restrict to only the pose data to completely eliminate background

interference.
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(a) N=0

(b) N=1

(c) N=2

(d) N=3

FIGURE 3.8: An example of the temporal adjustment on the golf ac-
tion, skipping N frames between each image. As can be seen in (a),
the movement is not as pronounced and the model may have diffi-
culty determining the action because the velocity of the person is not
very pronounced. When observing examples (c) and (d), the full ac-
tion from one frame to another is much more clear and the decipher-
ing of the intermediate representation would be easier as the move-

ment is more pronounced.

3.3.3 Temporal Adjustments

It is not unreasonable to assume that moving from only one frame to the next would

result in some actions not being represented as well as other actions (this is shown in

figure 3.8). Due to this issue, we add a temporal adjustment to our representation in

order to better represent some of these actions. This is done by adding more chan-

nels to the data, with each of the channels "skipping" frames. This would mean

that rather than having the angle difference representation moving from frames

1 → 2 → 3, in the first additional channel it would move from frames 1 → 3 → 5.

The representation is then padded out to fit the same shape and added as another



Chapter 3. Methodology 42

channel to the data. This is more clearly shown in figure 3.9 where the actions be-

come more "compressed" and movements over longer periods of time become easier

to visualize and process.

(a) N=1 (b) N=2

FIGURE 3.9: Two examples of temporal adjustment to the stacked
representation. In both cases, the representation skips N frames in
each step, meaning with a N = 1 the representation will ignore every
other frame, N = 2 every two frames, etc. As can be seen from the
joint velocities, with example (b), the joint velocities are more intense

and concentrated.

3.3.4 Model Architecture

The goal of this intermediate representation is to be able to use a simple 2-dimensional

CNN which is able to run on simpler and less expensive hardware. The simplified

architecture diagram in figure 3.10 shows the simple CNN architecture that is to be

used. The model consists of 3 convolutional layer groups, followed by global av-

erage pooling and the final classification layer. Each individual layer and a more

detailed breakdown is shown in table 3.3.

FIGURE 3.10: The basic model architecture used, very similar to that
used in other models such as Potion [35], it is a simple 2 dimensional
CNN that contains one fully connected layer at the end for classifica-

tion.

This network is similar to the VGG-16 model previously discussed in section 2.3

and seen in figure 2.4, which is a proven image classification model. Because of
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the nature of the created intermediate representation, the task can be shifted from

processing video to a more classical task of image classification.

2D Convolution @ 512 Channels
2D Batch Normalization

ReLU
2D Convolution @ 512 Channels

2D Batch Normalization
ReLU

2D Max Pooling
50% Dropout

2D Convolution @ 1024 Channels
2D Batch Normalization

ReLU
2D Convolution @ 1024 Channels

2D Batch Normalization
ReLU

2D Max Pooling
50% Dropout

2D Convolution @ 2048 Channels
2D Batch Normalization

ReLU
2D Convolution @ 2048 Channels

2D Batch Normalization
ReLU

2D Max Pooling
Global Average Pooling

Flatten
21 Class Softmax Layer

TABLE 3.3: The detailed breakdown of the model architecture, split
into 3 convolutional blocks and one dense layer used for classifica-
tion. All convolutional layers utilize 3x3 convolutions, including a 1
pixel padding across all sides. The 2D max pooling utilized a 2x2 ker-

nel, halving the size of the images after each convolutional block.

Figure 3.11 shows the overview of the model from RGB frames to output. This

diagram demonstrates the full pipeline and the overall simplicity of our approach.

As has been stated previously in this thesis, the pose estimation model is not fully

explored in combination with our model, however when considering an in-the-wild

approach it is an important part of the pipeline. This could be similar to the previ-

ously discussed OpenPose [30] model as discussed in section 2.8, or a much lighter

model that can be run on less modern or mobile hardware.
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FIGURE 3.11: Block diagram showing our intermediate representa-
tion from start to finish, including the pose estimation model that was

not explored in this thesis.

This model architecture is very similar to that used in similar papers that con-

struct these intermediate representations. These models have near identical struc-

tures to both each other and our proposed end model, with several convolutional

layers, followed by a global average pooling, and finally dense layers. As has been

stated before, this structure is a classical image classification architecture similar to

that of VGG-16 [11], which is a proven effective model in the image classification

task. Our model differs slightly in that it contains more filters than the similar mod-

els. While we explored models similar to that used in similar approaches, it was

found that using significantly more filters in the convolutions lead to a very large

increase in performance, so lower amounts of filters were abandoned in favour of

the more complex model.

The model was trained using the stochastic gradient descent (SGD) optimizer,

with an initial learning rate of 0.01, momentum of 0.9, batch size 16, and weight

decay 0.005. After each epoch, the learning rate was multiplied by 0.999, reducing

the learning rate gradually over the training period. As the dataset was well bal-

anced with the training and testing datasets and the classes had an even number of

examples, the only augmentation was a shuffle operation before each epoch.



45

Chapter 4

Experimentation

4.1 Compute Resources

The model was mainly trained on a single NVIDIA GeForce 3090 GPU, which as of

writing is one of the highest end graphics cards. However, this GPU is significantly

more compute power than is needed in order to train the model. The GPU used to

train this model has 24 GB memory, whereas the model typically only utilizes 3.5

GB GPU memory maximum at train time. This would in theory mean the model

could be trained on less modern, cheaper hardware such as the NVIDIA GeForce

GTX-1660. The model is also almost certainly compact enough to be trained without

GPU acceleration, however this would result in large training time increases, so for

the purposes of this thesis it was not explored.

4.2 JHMDB Results

The dataset that the model will be evaluated on will be the JHMDB dataset. As

previously stated in section 2.7, JHMDB is a good dataset to evaluate performance

on pose-based models. The dataset contains 3 splits, each of which have a training

and testing pair. Three independent models will be trained, one on each of the splits,

without any previous pre-training, and with randomly initialized weights that will

be seeded such that they’re consistent from one run to another.

Table 4.1 contains the accuracy results of the previously discussed model and

representation on the JHMDB dataset. As can be seen the model obtains on average

a 58% testing accuracy using only the novel approach presented. This accuracy alone
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Split Accuracy

1 58.209%
2 58.889%
3 58.113%

Average 58.404%

TABLE 4.1: Results on all 3 splits of the JHMDB dataset utilizing only
our novel approach.

is not quite sufficient to show that the model is capable of action recognition, how-

ever as will be shown further in this chapter, the model is much more capable when

predicting some actions, showing some potential with this compact representation.

FIGURE 4.1: Detailed F1 score results on the JHMDB dataset, aver-
aged over the 3 testing splits. Black bars show the corresponding

maximum & minimum values attained in one of the splits.

These accurate results do not tell the complete story. As can be seen from the in-

dividual class F1 scores in figure 4.1 (the equation for calculating F1 score is shown

in equation 4.1, where precision is the percentage of predicted examples that are cor-

rect, and recall is the percentage of examples for any given class that are correctly

predicted), the model is fairly good at predicting classes that have very clear move-

ments associated with them such as gol f , pullup, or swing_baseball. The significance

of these classes is that the variance of the movement from one person to another is

not very significant, so the model is able to learn the joint movements and apply
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that logic to other examples. Meaning the model is very good at recognizing these

actions in any given environment.

F1 = 2 · precision · recall
precision + recall

(4.1)

The opposite factor is also something to consider. Figure 4.2 shows an example

of three different sets of frames from the jump class, which had an average F1 score

of approximately 0.3. As can be seen from the frames, there are many different ways

that a person may perform the jump action. A good example is the final two frames

from figure 4.2(a), where the person simply moves throughout the global position

of the frame, rather than actually moving any of their joints. Comparing to figures

4.2(b) or 4.2(c), where there are many joint movements throughout the frames, makes

it difficult for the model to interpret them as the same and generalize to other exam-

ples of the same class. Figures 4.2(b) and 4.2(c) also demonstrate the variability in

how these actions can be performed, where 4.2(b) shows more of a twisting motion,

4.2(c) is a more typical "straight on" jump.

(a)

(b)

(c)

FIGURE 4.2: Three examples of the Jump class from the JHMDB
dataset. The frames selected were four frames roughly evenly spaced

out through the video.
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This low variability in the gol f class can also be demonstrated in a similar fash-

ion to this. Figure 4.3 demonstrates this behaviour, where the action is nearly always

performed in the same way where a person is standing, reaches back, twists and

pulls the club forwards. Figures 4.3(a) and 4.3(c) are perhaps the best examples as

they are swinging similar clubs, so the way that they move is almost identical, there-

fore meaning that the intermediate representation will also be similar. Figure 4.3(b)

is again a very similar movement, however it is a slightly different club meaning the

movement is not as pronounced.

(a)

(b)

(c)

FIGURE 4.3: Three examples of the Gol f class from the JHMDB
dataset. The frames selected were four frames roughly evenly spaced

out through the video.

The detailed precision and recall values broken down by class are shown in fig-

ure 4.4, and in general reflect the same results as the F1 scores. The only notable

difference is the model tends to have more volatile recall whereas precision tends to

be closer from one class to another. This can be seen more clearly in classes such as

golf, pour, pullup, and push which have a very high recall compared to some other

classes, but the precision is closer when compared to the other classes.
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(a) Precision

(b) Recall

FIGURE 4.4: Detailed precision and recall results on the JHMDB
dataset, averaged over the 3 testing splits. Black bars show the corre-
sponding maximum & minimum values attained in one of the splits.
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(a) Split 1

(b) Split 2

(c) Split 3

FIGURE 4.5: Confusion matrices for each of the 3 JHMDB splits.
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We can further explore the confusion matrices for each split as shown in figure

4.5. These matrices for each split demonstrate that overall, the model predicts the

correct class quite well. However it does tend to get confused in particular cases

when the actions are similar, this will be further explained in when we study the

failure cases in the next section.

4.3 Failure Cases

There are some specific failure cases that are worth observing, similar to the exam-

ple shown in figure 4.2. These failure cases are important to understanding how

the model uses the representation and further examining the types of actions that

the model has difficulty with outside of the previously discussed high variability in

some actions.

Figure 4.6 shows an example of the catch action. The primary issue is that

throughout the four frames, there is very little movement by the main person who

is performing the action of catching the ball. Due to the fact that the representation

relies heavily on movement from one frame to another, this means that about 50% of

the representation is not used effectively because there is not very much movement.

The underlying issue is that the model cannot see any person-object interactions.

Other models that process the RGB frames or optical flow are able to pick up on

the ball moving from one person to another, whereas our model cannot detect this

object.

FIGURE 4.6: An example of the catch action from the JHMDB dataset
[28].

Another problem class is the sit action shown in figure 4.7. Our representation is

designed in a way such that global position is not considered, which is an intentional

decision in order to add some more ability for the model to generalize. This however

also has some other consequences, as can be seen by the given example. The person

does not have very much movement in their upper body, only pivoting at the hip.
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The crucial note that they are performing a "sit" rather than another action is their

movement down through the frame. This global position change is not detectable

by our representation and results in the model performing poorly for this class.

FIGURE 4.7: An example of the sit action from the JHMDB dataset
[28].

While the variability of actions is generally considered good for accuracy, this can

also be detrimental to the performance of the model if two actions have very similar

movements. This is shown in figure 4.8, where the actions shown (walk and climb

stairs) have very similar movements. They differ only in two aspects. First, the climb

stairs action generally moves the person vertically through the frame throughout.

Second is that there are context clues in the background such as a lack of staircase

in the run action, whereas the climb stairs action always has a staircase. In both

of these cases, our model is not able to take this information in, resulting in the run

and climb stairs actions looking similar in our representation, and making it difficult

to distinguish between the two, resulting in the poor performance for both classes.

As stated previously, this effect can be seen more in detail in figure 4.5, where it is

shown that the model quite often confuses climb stairs and walk.

(a)

(b)

FIGURE 4.8: Comparison between the walk (a) and climb stairs (b)
actions from the JHMDB dataset [28] showing similar movements.
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4.4 Model Ablation Study

This section will present both different intermediate representation formats, as well

as different model architectures. The natural first step to determining how effective

the chosen architecture compared to others is to isolate each of the two halves (angle

velocities & angles themselves). These results are presented in tables 4.2 and 4.3.

Split Stacked Only Angle Velocity

1 58.209% 48.888%
2 58.889% 44.444%
3 58.113% 41.132%

Average 58.404% 44.821%

TABLE 4.2: Comparison of results using only angle velocities vs the
stacked representation.

FIGURE 4.9: Detailed F1 score results on the JHMDB dataset using
only the angle velocities from one frame to another.

The only angle velocity results show an average decrease in performance over

all three splits of approximately 14% over the combination of the two. This is a very

large decrease in accuracy, but is far from a negative result. What this result shows

is that for some classes, the actual movement of the joint can be used in place of the

joint angles and it is not necessarily required to have both in the representation. This



Chapter 4. Experimentation 54

is shown in figure 4.9, where we see that classes such as golf & pullup still have a

relatively high F1-Score of 0.7 on average.

Split Stacked Only Angles

1 58.209% 56.343%
2 58.889% 58.889%
3 58.113% 56.604%

Average 58.404% 57.279%

TABLE 4.3: Comparison of results using only angles vs the stacked
representation.

Similarly, the representation that uses only angles and ignores the angle veloc-

ities shows a decrease in performance, as seen in table 4.3. This is much less pro-

nounced, and is only around 1%. This suggests that while the angle velocities do

add value, it is not uniformly a large positive. However when considering how

small the added data is in the stacked representation the small increase in accuracy

is justified.

Another intermediate representation was also explored as is shown in figure 4.10,

where rather than "stacking" the angles and velocities on top of one another, we "in-

terlace" the joint angles and their corresponding velocities. The idea behind this

representation being that the initial CNN filters would overlap between each indi-

vidual joint angle and their corresponding velocity, meaning that the model may be

able to learn these relationships a bit better.

FIGURE 4.10: Alternative intermediate representation format where
angles and velocities are interlaced rather than stacked.

The results of this interlaced representation are shown in table 4.4. The results

show on average a 4% decrease in performance when compared to the stacked
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model. This is almost certainly because the model benefits more from the convo-

lutions being run on the angles and velocities independently and combining later in

the model after pooling layers rather than on both the angles and velocities initially.

Split Stacked Interlacing

1 58.209% 54.850%
2 58.889% 55.556%
3 58.113% 52.830%

Average 58.404% 54.412%

TABLE 4.4: Comparison of results using the interlacing vs stacked
representation.

With this knowledge that the model typically performs better with the different

features being stacked on top of each other and somewhat isolated, the next step was

to see if further isolating the angles and velocities from one another would result in

more performance gain. This resultant architecture is shown in figure 4.11, where we

split the angles and velocities completely, mimicking the fusion-based architectures

as were shown previously in figure 2.20, where these models tended to split RGB,

Optical Flow & Pose data we similarly split our two pose joint features.

FIGURE 4.11: The split model architecture inspired by fusion models
where the two different pose features are split and utilize indepen-

dent CNN’s.

As can be seen from the results in table 4.5, once again this change to the model

results in a decrease in performance by approximately 10%. This reduction in per-

formance is most likely because of the increase in complexity to the model, it overfit

the relatively small dataset much more easily, meaning that it was less easily able to
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generalize. It may also be due to the fact that in the stacked representation, the com-

bination of angles and velocities can be "learned" as the convolutions combine them

at each step, whereas the split model isolates them until the very end, potentially

losing data in the process.

Split Stacked Split Representation

1 58.209% 46.269%
2 58.889% 48.889%
3 58.113% 49.811%

Average 58.404% 48.323%

TABLE 4.5: Comparison of results using the split model and repre-
sentation against the single CNN stacked representation.

We can also examine utilizing deeper and shallower networks with this represen-

tation. A shallower model would allow us to further reduction in memory needed to

both rain the model as well as a reduction in the hardware required to run the model

in production scenarios. A larger model could potentially allow for an increase in

performance while sacrificing some of the advantages described previously. Table

4.6 shows these results, the results from both shallow & deep models are outper-

formed by our proposed model. An exception is split 3 of the shallow model which

outperforms our proposed model, however the average between the three splits is

significantly lower. This is most likely due to the smaller model having slightly more

volatility when it comes to each of the splits and results therefore varying more than

our proposed model from one split to another.

Split Standard Model Shallow Model Deep Model

1 58.209% 55.597% 55.970%
2 58.889% 57.407% 58.519%
3 58.113% 59.245% 53.585%

Average 58.404% 57.416% 56.025%

TABLE 4.6: Comparison of results using the final model compared
to a shallower model using one less convoultional layer group, as
well as a deeper model containing one additional convolutional layer

group.
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4.5 Model Comparison

When comparing our model and representation to others that are similar, it is im-

portant to note the difference in expected performance of our model vs. complex

state of the art models. For this purposes of this thesis, we compare our model to

other pose-based models, not taking into account those complex models that take

very large GPU’s to train, as this would be an unfair comparison.

Model Average JHMDB Accuracy
Chained [34] 56.8%
Potion [35] 57.0%

DynaMotion [40] 60.2%
EHPI [38] 60.5%

P-CNN [33] 61.1%
SIP-Net [41] 62.4%

STAR-Net [42] 64.3%
Pose & Joint Aware [36] 68.55%

PA3D* [37] 69.5%
Smaller, Faster, Better [39] 77.2%

Ours 58.404%

TABLE 4.7: Model comparisons that do not contain very complex
models and utilize mainly pose data. * - PA3D uses additional data in

it’s representation as well.

As can be seen from the results in table 4.7, our model is not aiming to be the

current state-of-the-art in it’s category, however the performance is similar to some

of the other models that approach the problem in a similar pose-based way. It is

also notable, that our model is one of the only models that is both global position-

invariant and scale-invariant, which is a large advantage of our model, and is by

design as stated previously in this thesis.
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Chapter 5

Conclusion & Future Work

In this thesis, we have provided a novel representation for use in action recognition.

This novel representation is unique to many other models in that it is invariant to:

• Scale

• Global Position

• 2-D Rotation

We explore many different variations of this representation, concluding that the

best representation contains both joint angle data and joint angle velocity data, how-

ever, only angle data also provides good results. It was also found that this data

functions the best as a single image, with one data source stacked on top of another.

This means that the combining of the angles and velocities can be learned by the con-

volutions slowly over the entire model, rather than typical fusion-like architectures

that concatenate the different sources at the end.

With this representation, we were able to leverage a simple CNN model that is

trainable on lightweight GPU’s and is able to be tested on even lighter hardware.

Despite the model being relatively lightweight, the model is able to provide 58.404%

average accuracy over the 3 splits of the JHMDB dataset. This shows that despite

the model not having been fed any data about how the person is moving globally,

any data regarding the objects the person is interacting with, or any data about the

environment it is able to fairly predict what action the person is performing with

some level of accuracy (whereas random guessing would yield an accuracy of ap-

proximately 5%).
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After further analyzing the results, the accuracy was shown to be slightly more

nuanced than simply 58% accurate overall. The model was able to predict classes

that had more consistent movements that varied less from person to person such as

golf or pullups, and tended to struggle with movements that can vary from person

to person much more such as jump or catch.

5.0.1 Future Work

There is significant room for future work in this specific domain. Utilizing the skele-

ton data of a person to assist with action recognition is constantly evolving, and has

continually been proved to help existing models improve on their results. However,

a perhaps more interesting area of research that is not quite as popular is interme-

diate representations, which is where the "low hanging fruit" are. The first place of

improvement would be to make the representation truly rotationally invariant, this

would have to be done through 3-dimensional pose detection, and modifications of

how changes in rotations are represented in the end image.

Another path forward is to more fully examine how real-time pose detection al-

gorithms can be integrated with this simple model in order to obtain very fast and

real-time results. This real-time computation is becoming more and more relevant

in the world of smartphones, and examining how the model is able to be used on

smartphones is crucial to determine the industrial applications. It is also worth not-

ing that implementing this representation into existing complex models may be of

interest in some applications, however the appeal of the representation being very

lightweight and mobile applications not being as relevant cannot be ignored.
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