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Abstract

Animal activity recognition is a growing field of research, which can help with the monitoring
of wildlife and their habitats. For portability and accuracy, the monitoring can be done using
devices that contain sensors, such as an Inertial Measurement Unit (IMU). To recognize
the activities that the animals are performing from the extracted data from the IMU, a well-
performing algorithm is needed. Thus, the following research question has been researched
in this report: Which animal activity recognition algorithm performs the best on IMU horse
data, and what aspects lead it to outperform other algorithms? To answer this question, a
pipeline was developed with the IMU horse data as input and analyzed using various deep
learning algorithms.

The used dataset comprises labeled data of six horses and six activities (walking with a
rider, walking natural, trotting, grazing, standing and running). The data was collected from
an IMU (including an accelerometer and gyroscope) mounted on the collar of the horses
while they were performing different activities. Before training the deep learning models,
the data was filtered, normalized and windowed. Then, the windows were split into training,
cross-validation and testing sets. Three deep learning algorithms were used: a deep Neural
Network (NN), a Long Short-Term Memory (LSTM) and a Multivariate Long Short-Term
Memory Fully Convolutional Network (MLSTM-FCN), based upon the state of the art.
The hyperparameters (number of layers and cells per layer) of each algorithm were tuned
through a grid search. All testing was performed through leave one subject out validation.
Additionally, each classifier was trained and tested with different combinations of sensor data
and generated features, hereafter referred to as input set, to see which combination yielded
the highest performance. Input set 1 consisted of 2-second windows of 6 signals, which
were raw X, y and z signals of the accelerometer and gyroscope, input set 2 consisted of the
12-norms of the accelerometer and gyroscope and input set 3 consisted of the 12-norms of the
accelerometer and gyroscope, along with the Root Mean Square value of the 12-norms. The
NN yielded the highest performance with input set 1 and 3. The LSTM and MLSTM-FCN,
however, yielded the highest performance with input set 2 and 3. Overall, using input set
3 yielded high performance results among the NN, LSTM and MLSTM-FCN. Afterwards,
the three classifiers were compared with each other, each with input set 2 as their input. In
conclusion, the LSTM (87.8% accuracy, 88.4% F-score) and MLSTM-FCN (88.5% accuracy,
87.6% F-score) yielded a higher performance than the NN (82.8% accuracy, 82.3% F-score)
on all metrics (accuracy, balanced accuracy, F-score and MCC) and are thus recommended

to use in future animal activity recognition projects.
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1 Introduction

Wild animals are threatened by human activities, such as the destruction of their habitats,
illegal hunting and climate change. Worldwide, approximately 50% of all mammal pop-
ulations are declining and 25% are facing extinction [|1]]. To ensure the survival of these
species, biologists need to know more about the background of the issues and the well-being
of these animals. Animal activity recognition is one of the methods that helps biologists to
gather information about the animal’s well-being and social behaviour and to improve their
welfare [2]—[4]. Thankfully, tracking devices for animals have become increasingly better
and more available. These tracking devices can comprise of different kinds of components,
such as a Global Positioning System (GPS) sensor, camera and Inertial Measurement Unit

(IMU), the latter consisting of an accelerometer, gyroscope and magnetometer [3].

1.1 Problem Definition

Tracking devices can deliver biochemical or physiological patterns of an animal to biologists.
However, raw data from, for example, an IMU, will not provide them with any insights since
they lack the knowledge to extract the right information from it. Thus, a system is needed
to transfer this knowledge by an implementation on the data. This can, for example, be a
conversion of the raw data from the IMU into the activities performed by the animals. This
system consists of multiple steps, including an algorithm which can learn to recognize the
right activity from the data. This data consists of animal activity measurements, along with a
label, which specifies the performed activity at the time of the measurement. The algorithm
must be able to accurately classify the activities from offline labeled data, assuming that
the biologists have measured the data beforehand. Achieving a high recognition rate is very
important since wrong predictions could lead to wrong conclusions from the data, which

could cause problems for the animals involved.

1.2 Objective

This study aims to compare multiple activity recognition algorithms to see the impact of each
algorithm on the recognition performance on the IMU data of horses and investigate which
algorithm is the best-performing algorithm. Thus, the main research question is defined as

follows:

Which animal activity recognition algorithm performs the best on IMU horse data, and what

aspects lead it to outperform other algorithms?
To answer the main research question, two sub-questions have to be answered first:

Which animal and human activity recognition algorithms that have been developed in the
last two years are the most promising to utilize for a horse activity recognition algorithm
using IMU data?
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What are the requirements for an animal activity recognition algorithm that can classify

multiple activities with an adequate performance?

1.3 Approach

There are many different algorithms to use for recognizing animal activities and to choose the
best, first a study will be conducted on algorithms used within the field of activity recognition
to define the state of the art algorithms. Since human activity recognition (HAR) algorithms
are generally quite similar to animal activity recognition (AAR) algorithms, and since HAR
is a more evolved field of study, also the HAR studies will be considered within the state of
the art. With this study, the most promising algorithms will be retrieved from the state of the
art algorithms. With this, the subquestion "Which animal and human activity recognition
algorithms that have been developed in the last two years are the most promising to utilize
for a horse activity recognition algorithm using IMU data?" will be answered. Apart from
that, a study will be conducted on the aspects that lead to different performance results. This
study will help in answering the main research question on why an algorithm outperforms
another algorithm. Afterwards, a requirement analysis will be performed, where requirements
are written down, which will answer the subquestion "What are the requirements for an
animal activity recognition pipeline that can classify multiple activities with an adequate
performance?”. Furthermore, an activity recognition pipeline was developed with three
Creative Technology students and one Interaction Technology student. Within this pipeline,
three algorithms, based on the state of the art, were developed. The data used stems from a
dataset measured by an Inertial Measurement Unit (IMU) on the collar of horses. Lastly, the
developed algorithms will be compared based on their performance on the horse data and the
causes for the differences in performance are further elaborated upon to answer the main

research question.

1.4 Organization

First, machine learning definitions in AAR are explained in Chapter[2] Moreover, a number of
machine learning algorithms in AAR and HAR is discussed. Afterwards, a study is presented
on the state of the art activity recognition algorithms using accelerometer data in Chapter 3]
in which a recommendation is given based on the performances of the algorithms in the
studies. Next to that, Chapter [3] also answers the first sub-research question. In Chapter [4]
the methodology for the development of the classifiers is explained, along with the settings
and experiments performed in Chapter 6] Before the classifier is developed, requirements are
set up in Chapter 5| which also answers the second sub-research question. In Chapter[6|an
experiment is performed to see the influence of different input sets on the performance of
each of the developed algorithms. Additionally, the classifiers are compared to each other
in terms of performance. Lastly, conclusions on the research (sub-)questions are drawn in

Chapter[7]and further improvements are discussed in Chapter [§]
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2 Background Research

2.1 Human and animal activity recognition

As mentioned in Chapter [I] apart from animal activity recognition (AAR), also human
activity recognition (HAR) is a rapidly evolving field of study. Since both fields often use
IMU data, the algorithms used are often similar. However, there are some differences to keep
in mind when evaluating AAR and HAR studies.

HAR studies are often restricted to using sensor data from appliances that people already
use, such as smartphones and smartwatches, and cannot simply design a collar as humans
will most likely not buy such a product. Next to that, the placement of the sensors also often
differ. Even though both AAR and HAR studies both often use the leg as sensor location [5]]—
[10], other sensor locations are generally different. Where AAR studies also often use the
neck [[11]]—[13]] as sensor location, HAR studies use the arm [6], [9]], [10], [[14], wrist [[10],
[15]-[18], chest [7]-[9], [14] and/or waist [9], [10]], [18]—[20]. Apart from that, HAR studies
generally use more sensor locations in their studies than AAR studies, which can also be seen
in Table 2] Even though these issues are slightly different between AAR and HAR, often
similar algorithms are applied, making HAR also a relevant field to study. Moreover, more
research has been done in the field of HAR than AAR, thus the most advanced algorithms
might be found in the field of HAR.

2.2 Supervised, Semi-Supervised and Unsupervised Learning

Supervised, semi-supervised and unsupervised learning are types of machine learning al-
gorithm, where each serves a different purpose. Supervised learning is a type of machine
learning that uses fully-labeled data. Thus, all inputs map to a certain output. The goal of a
supervised machine learning approach is to label all unseen inputs correctly. In unsupervised
learning, however, a machine learning algorithm learns from unlabeled data. This is done
by grouping similar inputs together and focusing on patterns instead of predicting a right
output value. One of the goals of an unsupervised learning approach is to find groups of
data that belong together, but it will not be able to assign the right label to it. Another
goal of unsupervised learning, where it is also unable to assign a label, but instead groups
datapoints together, is to recognize outliers in the data. In semi-supervised learning these
two types are combined, where part of the data is labeled and another part is unlabeled.
Semi-supervised learning systems use the unlabeled data to aid the learning process of the
labeled data, making it able to reach the same results as a supervised learning system with
less labeled samples [21]]. In conclusion, supervised learning algorithms learn to classify
from fully-labeled data, unsupervised learning algorithms learn to find patterns in unlabeled
data and semi-supervised learning algorithms learn to find and label patterns in partly labeled
data.
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2.3 Online and offline systems

Machine learning systems can consist of two types: online and offline systems. In an online
system the classifier performs while the activities are performed and then saves the data
locally. On the other hand, for offline systems, the classification performed after data collec-
tion. The downside of offline systems is that all raw data needs to be stored on the tracking
device until the tracking device is retrieved for data processing. This is especially a problem
due to memory constraints. Apart from that, online systems allow the system to adapt to the
activities of the animals. For example, when the animal is sleeping, the system can also go in

a stand-by mode to save resources [[22].

2.4 Online and offline learning

Machine learning can be done either online or offline. In online learning, the classifier learns
from the data while the data is being gathered. On the other hand, in offline learning, the
classifier learns from a dataset that has been gathered previously. While online learning has
to be very time-efficient, offline learning has the advantage that it does not suffer from time
constraints. Apart from that, it can be a challenge to also label the data immediately when
it becomes available in online learning. On the other hand, online learning does allow the

algorithm to adapt to changes in the data [22].

2.5 Opverfitting and underfitting

A problem that often occurs in machine learning algorithms is overfitting and underfitting.
Overfitting occurs when the algorithm has fit overly to the training data, making it unable to
appropriately generalize it to the test data. An example of this can be seen in Figure|l} On
the other hand, underfitting occurs when the algorithm is not complex enough to calculate
an accurate solution for the problem. The result of underfitting is that the algorithm does
not perform well on the training data and on the test data as well [23]]. A method that helps
with preventing overfitting and underfitting is using a validation set, which consists of part
of the dataset. When using a validation set, the hyperparameters in the algorithm can be
tuned with a range in complexity. After that, the performance can be checked on each of
these settings and the best performing algorithm can be chosen. Next to using a validation
set, other methods are available which can prevent overfitting. One method is called "early-
stopping", which is based upon the fact that the algorithm stops learning after some point.
At this point, the algorithm should be stopped, because continuing may lead to overfitting.
However, determining the point of stopping is hard, since stopping too early may lead to
underfitting. Next to that, there are also multiple methods for noise reduction, which may
lead to overfitting. Lastly, other methods are based on the expansion of the training data,
where either more data is acquired, or noise is added to it or new data is produced based on
the training set [24]]. In conclusion, overfitting and underfitting are often-occuring machine

learning problems that can be minimized by various methods.
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o e Class 1
° e Class 2

Figure 1: A solution by an algorithm with and without overfitting. [25]]

2.6 Factors influencing an AAR pipeline’s performance

There are many factors that can influence the performance of an AAR pipeline. In this section,

a couple of these factors will be elaborated upon.

2.6.1 Number of subjects

The number of subjects in a training set can cause a difference in the performance of an
algorithm. This is due to the fact that having a small number of subjects will increase the
bias towards those subjects. For example, when training an algorithm on only one horse,
this will lead to a biased algorithm, which has become very accustomed with how that horse
performs all movements. However, when testing that same algorithm on other horses, it will
probably not perform well, because it is only accustomed to the one training horse. Thus, the

number of subjects in a training set can influence the performance of an algorithm.

2.6.2 Size of the dataset

The size of the dataset can also influence the performance of an algorithm. Multiple stud-
ies [26]]-[30] have shown that the performance of an algorithm can be positively influenced
by using a larger dataset. It is especially important to have a minimal amount of samples,
as a higher number of samples than required will not negatively influence the performance
of the algorithm. However, it may make the algorithm slower due to the overload of data.
Conclusively, having a large dataset will positively influence the performance results of an

algorithm.
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2.6.3 Dataset imbalance

Another issue in the dataset size is class imbalance, where certain classes contain significantly
less samples than other classes. This imbalance often causes a bias towards the classes that
have many samples, resulting in a higher misclassification rate for classes with a low number
of samples [31]]. In conclusion, when the dataset is imbalanced, this may cause a bias towards

certain classes, decreasing the performance of the classifier.

2.6.4 Sensor location and number of sensors

The sensor position influences the performance of an algorithm. For example when measuring
whether a horse is wagging their tail or not, a sensor placed on the leg will not be sufficient
for recognizing this behaviour. Thus, the sensor location, in relation to the activities to be
recognized, is very important for the performance of the algorithm. Apart from that, there is
also a difference between fixed and non-fixed sensors. Fixed sensors stay in place, without
rotating, while non-fixed sensors can rotate and shift around the place they are attached.
Additionally, when sensors are fixed their orientation is known. For example, a horse’s collar
may rotate around the neck, which will make it harder to recognize activities from the data.
Apart from that, the number of sensors (in different locations) may affect the performance of
an algorithm. When using sensors in different locations, this will increase the possibilities of
having sufficient information about activities that are similar to each other. Thus, the location,
number of sensors and whether they are fixed or not can influence the performance of the

algorithm.

2.6.5 Number of activities

Evidently, the number of activities to be separated influences the performance of an algorithm.
When an algorithm is made to recognize a high number of different activities, this is defined
as fine-grained activity recognition, while recognizing a low number of activities is defined
as coarse-grained activity recognition. With fine-grained activity recognition the chance is
greater that there are activities that bring similar results. On the other hand, with coarse-
grained activities, the algorithm can focus specifically on features that can decide upon those
activities well. Thus, fine-grained activity recognition probably result in a lower performance

score than coarse-grained activity recognition.

2.6.6 Train/Test-Split

All algorithms need some data to be trained on and some data to be tested on. The data
from training and testing may not overlap, since that would cause unfair performance
evaluation, called information leakage. When an algorithm is trained on certain data, it
becomes accomplished with that data and it is taught what that data means. If the data
appears in the test phase, leakage occurs. When leakage occurs, the chances are much higher

that the algorithm will recognize this data than when new data is inserted. Therefore, it is
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needed to split up the dataset in order to get a training dataset and test dataset, which do not
overlap. There are multiple methods for splitting up that data, which are described in the
following paragraph.

First, an often-used method is Single Split, in which a certain percentage of the data is
randomly chosen to become the train data and a certain percentage is the test data [[17]], [[18]],
[20], [32[]-[36]. Secondly, in the leave one subject out method one (or multiple) subjects
are chosen to be the test dataset and the others the train dataset [5], [[10], [37[]-[42]. In this
method, the subjects chosen for the test dataset are switched with the subjects that are chosen
for the train dataset, and the evaluation is performed multiple times. This allows the dataset
to be used multiple times, making the performance results more complete. Apart from that,
the Leave One Out method also aids in assessing how well the algorithm generalizes towards
unseen subjects. Thus, the two most-used splitting methods for the train and test data are the
Single Split and Leave One Out methods, where the Leave One Out method gives a more
complete score on how well the algorithm performs on unseen subjects.

2.6.7 Other steps in the pipeline

Apart from the algorithm itself, there are also other steps in the AAR pipeline: the prepro-
cessing and segmenting of the data and the feature extraction and selection. These steps are
crucial in building a AAR pipeline with adequate performance, since they will perform the
operations to feed the data in the right format into the algorithm. Evidently, when feeding
the wrong type of data, the algorithm will also perform poorly. The preprocessing is one of

these steps.

Preprocessing Apart from the algorithm itself, there are also other steps in the AAR
pipeline, of which preprocessing is the first step. Within preprocessing, the data is adjusted
so that it contains only valid values, meaning there are no more out-of-range or missing
values. Apart from that, non-relevant data might also be removed from the dataset. This may
be the case when removing unlabeled data in a study on fully-labeled data only. Apart from
that, outliers may also be removed from the dataset during preprocessing. Lastly, methods
may be performed to tackle imbalanced datasets, where some classes contain significantly
more samples than other classes. Through these methods, preprocessing helps to prepare the

data for the next steps. Without preprocessing the performance of the pipeline may decrease.

Segmenting Segmenting is the process of dividing the data up into segments, where each
segment represents one continuous activity. This means that each window may be of a
different size. Segmenting can be a hard process, because there is often no hard line within
the performance of two activities. This is because activities often transition into one another.
There are multiple methods for segmentation, including using a sliding window, energy-
based segmentation, and using data from external sources. A fixed-width sliding window

is a commonly used approach, where a window with a fixed size is moved over the data to
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divide it up into segments that are all of an equal size. The step size of moving the window
and the window size may differ, which will both influence the performance of the pipeline.
When the step size is small, it will increase the computational load, while a big step size will
decrease the performance of the pipeline. Next to that, a big window size may have a greater
error rate when a transition is included in the window. A small window size may prevent the
pipeline from seeing a full activity when the time of performing the activity is longer than
the window size.

Energy-based segmentation uses the fact that activities often differ in intensity, and thus,
also energy levels in the sensor measurements. This method uses a threshold for which
segments can be defined that are likely part of the same activity. Next to that, segmentation
based on additional data from external sources may be used. This method uses other sensors
to provide the necessary information to segment the data. For example, GPS data may be
incorporated to segment between standing and walking activities in AAR. However, often
this external data is not available, making it unable to be used in a pipeline [43].

Feature Extraction and Selection A feature is "a noticeable or important characteristic
or part" [44]], but in the context of machine learning more specifically: a value extracted from
a piece of data to characterize this piece of data. An example feature would be the mean
value over a certain time frame, which characterizes that time frame. There are three types of
features: features in the time-domain, frequency-domain or a combination of the two. The
advantage of using time-domain features is that it costs less computational power and time.
On the other hand, frequency-domain features can reach a high accuracy, but they are more
computationally heavy [34]]. Multiple studies [13]], [34]], [41]] use a combination of the two
types of features.

The approach for deciding upon the features differs per study. One method is simply
defining many features and then reducing the number of features without losing useful
information with Principal Component Analysis (PCA) [13]. Apart from that, a correlation
coefficient may be calculated for all features. When the feature has a high correlation with a
certain label, but low correlation with all other features, it is considered a useful feature [18]],
[37]. Apart from doing feature selection by hand, there are also possibilities to let algorithms
themselves handle this step. When using a neural network, it can effectively learn from the
raw data, so it will implicitly do feature extraction and selection in itself, without explicitly
doing so. Letting an algorithm decide upon the features may also lead to better results than
calculating the features by hand [10].

2.7 Machine Learning Algorithms

Within the section of activity recognition there are some algorithms that are used often,
although studies generally still apply small changes to these algorithms. The most well-

known algorithms used in the field of activity recognition will be discussed in this section.
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2.7.1 Chaos Theoretic

While the Chaos-Theoretic (CT) is not a well-known approach, one of the surveyed studies
involving animal activity recognition [[37]] used such a dynamical system approach, thus it
is worth evaluating. CT assumes that the data used is chaotic, in this case meaning that the
nature of the animals’ behaviour is chaotic, thus being unpredictable over the long term [45]].
They are based on dynamical systems, which are systems that "display nonlinear behavioral
changes over time" [46]. However, CT assumes these seemingly random movements actually
come from underlying patterns. It is, however, unknown whether animals also perform the

behaviour that is described by chaotic systems.

2.7.2 Naive Bayes

Naive Bayes (NB) is a relatively simple classifier using Bayes’ rule to estimate the probability

of the classification of a certain activity. Bayes’ rule is defined as:

P(y) = P(x]y)

PO = =0

ey

In NB, x stands for an unlabeled data point and y stands for the label. This probability is
calculated for all possible classes, after which the label y with the highest probability is
chosen as classification for x [47]. In NB, Bayes’ rule goes together with the assumption that
all features are conditionally independent given the class. However, often this is actually not
the case, since features are often dependent on each other. Even though this assumption is
often false, the model is generally an easy fit and still works well. One of the advantages of
using NB is that the probabilities can be updated later on if more data becomes available.
Apart from that, it is relatively insensitive to noise [48]]. Thus, NB uses probabilities to

classify the data points, making it relatively insensitive to noise.

2.7.3 Decision Tree

A Decision Tree (DT) is a representation of the outcomes in the form of a tree, where each
leaf represents a possible label and all other nodes represent the decision variables. The DT
is especially based on an If-Then principle, in which the variables are compared to certain
values and if they are high or low enough, a choice is made [49]. A simple example of this
would be: if the mean of the accelerometer data is below a certain value, the horse is either
standing or eating. The advantages of using a DT are that they are quite robust to outliers
and errors in labels, they are easily interpretable and require a small computation time [50].
The disadvantages of the DT are that they are unable to produce multiple outcomes, they are
often unstable, as even slight variations in the training data can already result in different
classifications in the test data [[51]]. Thus, DT is a simple classification method which is quite
robust to outliers, easily interpretable and requires a small computation time, but is also often

unstable.
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Bagged Decision Tree A Bagged Decision Tree is a Decision Tree that uses bagging to
increase the accuracy of the DT algorithm. Bagging is a method through which parts of
the dataset are selected randomly. In a Bagged DT, these random subsets each form their
own DT and predict their results. After each DT has made a prediction, the most-often
chosen prediction from all DTs is chosen as the overall classification of the Bagged DT. The
advantage of this method is that it solves part of the stability problems that the DT suffers
from, making it a more robust solution. The disadvantage is that it removes the property
of easy visualization and interpretation that the DT has [52]. Thus, the Bagged DT is an
adaption to the classic DT, which leads to an improved performance.

Random Forest The Random Forest (RF) algorithm can be seen as an advancement to
the Bagged Decision Tree. RF also creates a collection of decision trees, which will classify
an instance by the majority of votes. However, at each node in the tree a certain amount of
features are selected randomly, after which the feature that provides the best split is chosen
to perform the split on that node. The next node then again chooses a certain amount of
features randomly and so on [53]]. This is different with a Bagged DT in the sense that those
algorithms use all features for each node [50]]. Although each tree is generally classified as a
weak learner, all trees together form a strong learner [54]. The advantage of using RF is that
they intrinsically implement feature extraction, making them more robust to noise. Apart
from that, they are also quite robust to outliers. [[50]. In conclusion, the RF is an adapted
version of DT, where RF is more robust to noise and outliers than DT.

Gradient Boosted Tree The Gradient Boosted Tree (GBT) is an adapted version of the
Decision Tree with an iterative training process. In this training process, each iteration
tries explain the errors from the last iteration. Through this process, the classifier learns
to understand all previously occurred errors, making the classifier perform better each
iteration [55]]. The advantage of the GBT is that it is adaptable, easily interpretable and
produces high-performance results. Next to that, they are less prone to overfitting than
normal Decision Trees. However, the GBT are very computationally expensive and consume
a lot of memory [56]. Conclusively, the Gradient Boosted Tree learns from the errors of
previous iterations, making it produce high-performance results, but also computationally

expensive.

2.7.4 Hidden Markov Model

The Hidden Markov Model (HMM) is based on the Markov chain, which is a chain of states,
in which the next state depends on the current state only [57]]. In the HMM these states are
hidden. The HMM is based upon the fact that the system is always in one of the available
states and on a certain time interval the system switches from that state to another state.
The switching to a new state has a probability p. Apart from switching states, the states can

also predict an outcome at any time. The HMM is especially known for temporal pattern
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recognition, such as speech recognition, handwriting, musical scores, et cetera [54]. Thus,
the HMM is based on a chain of states, which allows it to calculate probabilities for each

possible outcome.

2.7.5 Support Vector Machine

The Support Vector Machine (SVM) is a learning method based on the recognition of patterns.
The SVM first maps all inputs and their class as points in a space, after which it uses the
principle of decision planes that define the boundary between two classes [[58]]. It finds an
optimal hyperplane, which tries to divide the two classes into two groups, with the biggest
distance between the nearest data points of both classes and the hyperplane itself. This
process can also be seen in Figure [2]

Maigin Width
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X

Figure 2: A hyperplane in which the boundary is defined. This boundary creates the biggest
width between the two classifications. Adapted from [58]]

One of the possible ways to extend this model to a multiclass classification model is to
use the one-against-all (OAA) method. In this method, each of the possible classifications is
mapped against all other classifications. For example, a mapping is made for "Walking" and
all other classes, combined into "Not walking". After classification process has been finished
for all classes, the class with the strongest prediction is chosen [54]]. The advantage of using
SVM is that it does not suffer the consequences of possible local minima, since it will always
convert to the same best possible outcome. It can also handle a small set of sample data with
a large number of dimensions [54]. Thus, SVM is generally made for pattern recognition,
but can also be used for classification purposes, where it can handle a small set of samples

with a large number of dimensions.
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2.7.6 K-Nearest Neighbours

The idea of the K-Nearest Neighbours (KNN) algorithm is that it simply finds a certain
number (k) samples that resemble the most to the sample that is being classified. Those
samples are called the neighbours of the sample. The algorithm then counts the amount of
classifications of the neighbours from each class and chooses the class that occurs most often.

KNN is very simple, but the results are usually adequate [|50].

2.7.7 Neural Network

A Neural Network (NN) consists of layers, in which each layer, in turn, consists of neurons
which are connected to each other through specific weights. A graphical representation of
these layers can be found in Figure[3]

Input Layer Hidden Layer

Output Layer

Output

Figure 3: A graphical representation of the CNN structure. [|59]

Convolutional Neural Network A Convolutional Neural Network (CNN) is a well-known
class of the Neural Network. In comparison to other NNs, CNNs are able to handle much
bigger tasks due to their ability to reduce the number of parameters. This also caused the
interest in CNN to grow substantially over the past few years, especially in the field of
pattern recognition. A CNN is comprised of layers of three types: convolutional layers,
pooling layers and fully-connected layers [59]. An input layer will contain the original input,
which is in this case the IMU data. The convolutional layer uses a weight vector, which
slides over the input to generate a feature map. This action extracts the features from the
input [[60]]. The pooling layer is used to reduce the complexity of the information for the next
layers. An example of a pooling layer is the max-pooling layer, which generally compares
the neuron outputs in a layer and takes the maximum value of those numbers. In this way,
the dimensions are reduced to 25% of the original size. However, it is important to note
the window in which the reduction is performed, because a window which is too big could

massively decrease the performance of the algorithm [59]]. In the fully-connected layer, every
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node is connected to every node from the previous and the next layer. The output is calculated
based on the dot product of the weight vector and input vector [60]]. The way in which the
layers are organized differs per algorithm, although definitely not all compositions will work
for any data type [59]]. The disadvantage of using a CNN is the low performance in handling
long-term dependencies [61]]. Apart from that, CNNs require a large amount of labeled
training samples, along with a powerful GPU to handle all of that data quickly enough [62].
Thus, although it has been a popular approach in machine learning, CNNs are generally bad

at handling long-term dependencies and they require a large amount of samples.

Fully Convolutional Network A Fully Convolutional Network (FCN) is a CNN, however,
it replaces the often-used fully connected layers by convolutional layers. The advantage
of this is that the number of model parameters decreases remarkably without decreasing
the recognition rate. This is especially important when the algorithm has to be energy- or
time-efficient and the training data is limited [28]]. Thus, the FCN is a good approach for
time- or energy-efficient systems, although it might cause a slight decrease in performance

in comparison with CNN.

Adversarial Neural Network An Adversarial Neural Network (ANN) is based on the
concept of a minimax [[63]]. In an ANN, two algorithms fight against each other. The first
algorithm tries to generate fake samples, while the second algorithm tries to recognize the
fake samples. Together they become more advanced in the generation and recognition of
samples [64]. An advantage of an ANN is that it can address bias in the dataset and that it
can select features well [63]]. Thus, the ANN generates and recognizes fake samples, and

with this approach becoming better at feature selection and addressing bias.

Recurrent Neural Network A Recurrent Neural Network (RNN) works similarly to the
CNN in terms of that it also consists of a network of layers, consisting of neurons. However,
it is designed to handle long temporal data. In RNNs, the output of neurons is not only passed
forward, but also backwards as feedback for neurons in a previous layer at least once [23]]. In
general, RNNs are especially good at capturing long-dependence relationships [65]]. However,
RNN can have problems when it has long-time lags between the sending of a signal and
receiving its feedback. When an error is returned as feedback to another neuron it then
tends to either blow up or vanish completely. Blown up feedback can lead to unpredictable
behaviour and oscillating weights, which is highly undesirable. On the other hand, when the
feedback tends to vanish completely, the algorithm is unable to learn from the feedback, thus
the training will be slowed down or stopped completely [66]. Thus, the RNN is especially

made for long-term dependencies, but it also suffers from blown up or vanished feedback.
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2.7.8 Long Short-Term Memory

The Long Short-Term Memory (LSTM) algorithm is based on a basic Recurrent Neural
Network (RNN) with the ability to solve the blowing up and vanishing feedback problems.
The LSTM cell, as shown in Figure 4} consists of constant error flow so that the error cannot
vanish. This is done through the Constant Error Carrousal, which also causes the LSTM to
have a short-term memory. Apart from that, there are multiplicative input and output gates to
control the input and output of a cell. The input gate controls when to open and close and
thus deciding whether the memory of that cell is allowed to be changed. The output gate
works in a similar way, controlling when the cell is allowed to output information. These
gates help to protect cells from unnecessary disturbances from other cells. However, the
LSTM cells also need a forget gate, as they would become saturated over time if they did not
have one, which means that the cell would not be able to memorize anything anymore. The
forget gate resets cell states when they are no longer deemed necessary [66]. Thus, LSTM
solves the feedback issues from LSTM, making it able to long-term dependencies well.
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Figure 4: A graphical representation of the LSTM structure. Adapted from [67]]

Bidirectional Long Short-Term Memory A Bidirectional Long Short-Term Memory (Bi-
LSTM) algorithm works the same as a normal LSTM algorithm, except for that the data is
used twice during training. The data is first fed to the algorithm in one way (for example
from left to right) and afterwards fed the other way (for example right to left). According to
Siami-Namini et al., using a Bi-LSTM reduces the error rates in the algorithm [68]]. Thus, the
Bi-LSTM is similar to the LSTM algorithm, although the error rates are lower for Bi-LSTM.

Hierarchical Long Short-Term Memory The Hierarchical Long Short-Term Memory

(H-LSTM) algorithm consists of a network with two hidden layers, which in turn consist
of LSTM neurons. Thus, instead of just one LSTM unit, the structure is a network. The
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advantage of using a H-LSTM is that it is very good at the validation phase [34]. Thus, the
H-LSTM is similar to the LSTM, but performs better in the validation phase than the LSTM.

2.7.9 Convolutional Neural Network with Long Short-Term Memory

The Convolutional Neural Network with Long Short-Term Memory (CNN-LSTM) combines
both the CNN and the LSTM. It uses a Neural Network, of which some layers perform
as CNN layers and some as LSTM layers. The advantage of such a network is that it
can combine the strengths of both algorithms [[17]], [61]]. Thus, the CNN-LSTM is able to

recognize patterns well, as well as handle long-term dependencies.

24



3 State Of The Art

In this section, 28 studies will be compared to answer the sub-research question:

Which animal and human activity recognition algorithms that have been developed in the
last two years are the most promising to utilize for a horse activity recognition algorithm
using IMU data?

Within this research, only studies from 2019 and later are included. The studies have
been acquired with the keywords "activity recognition" along with "IMU", "inertial sensors",
"inertial measurement unit" or "accelerometer”. When specifically searching for studies on
AAR, the keyword "animal" was added to the search. Since the references in the studies are
generally from before 2019, they were not included in the search. The results from these
studies can be seen in Table [Il More information on the dataset these studies used can be
seen in Table

As can be seen from Table [T]and Table [2] the studies made different choices in terms
of the subject type, number of subjects, sensor type, sensor location, number of activities,
algorithms and train/test-split. Of the 28 studies that are evaluated, twelve studies focused
on AAR, while the other sixteen focused on HAR. The amount of subjects from each study
differs from one to 120 subjects. Ten of the surveyed studies [[17]], [33]-[36], [38], [42],
[[69]—-[71] combined multiple datasets of activity data to train and test their algorithm on or
trained and tested their algorithm separately on multiple datasets. Twelve of the surveyed
studies [5], 1101, [13], [201, [32], [37], [39], [40], [[72]—[75]] created their own dataset to
operate on. The studies have been selected based on relevance, which is why all studies
focused on accelerometer data. Studies focusing on other types of data, such as videography
or photography have been excluded because the data type differs vastly from IMU data.
Along with accelerometers, some studies also used gyroscopes, magnetometers, temperature
sensors and heart rate sensors. According to Table [2] the sensors are located in different
places, including the arm, back, chest, ear, foot, head, waist, leg, neck, phone, saddle, tail,
wrist and hip. For the study of Wang and Liu, which used a phone as its sensor [34], it was
unclear whether the phone was held by the participant or placed on the body somewhere
else. Moreover, the amount of activities measured has a minimum of two activities up to a
maximum of 21 activities. Apart from that, the sizes of the datasets differ a lot, ranging from
603 to 43930257 samples. In this study, the number of samples is defined by the amount of
labeled and segmented datapoints, which generally consists of a standard timeframe, normally
a couple of seconds. However, for one study [5]] it was unclear whether the datapoints were
segmented. Another study [40] only mentions the amount of datapoints before segmenting
them. Some of the surveyed studies [[6]—[8]], [76]] do not mention their sample size in their
paper, but the sample size could be found in the UCI Machine Learning database [77].
However, this database mentions only the number of instances, without elaboration on the

meaning of this. Thus, for many of the studies from the UCI Machine Learning database,
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along with some other studies [7], [8]], [15]], [76l], [78] the number of "instances" or "samples"
is denoted without defining whether these are labeled and segmented. Thus, the surveyed
studies differ in terms of the subject type, amount of subjects, dataset, sensor type, the
number of activities and samples.

Activity recognition studies use different methods for splitting the data into a training
and testing set. Thirteen of the surveyed studies [[17]], [18]], [20], [32]-[36], [39], [72], [[74],
[[79] used a Single Split, while eleven other surveyed studies [5], [10], [37], [38], [40]—-[42],
(700, [[73[1, [[75[, [8O] used the Leave One Out method. One study [13]] used the Out-Of-Bag
method, which is similar to the Single Split, where it leaves out a percentage of the samples
as testing data. This method is especially used for evaluating Random Forest algorithms.
Three of the surveyed studies [69]], [81]], [82] did not denote their train/test split, which
makes it difficult for the reader to understand the pipeline and compare it to other studies. In
conclusion, the Simple Split, Leave One Out and Out-Of-Bag methods are being used within

activity recognition studies.
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Table 1: A summary of the surveyed state of the art activity recognition studies and their results, sorted by algorithm.

| Study | Subject type | Dataset used |  Best performing algorithm | Other algorithms | Train/test-split | Accuracy | F-Score |
| Sturm et al. (37 | Calve | Own dataset (Sturm et al.) | CT | - | LOO | 80% | - |
| Kamminga etal. [75] | Horse | Horsing Around | NB | - | LOO | 81% | 73% |
|  Pirinen et al. | Foal | Own dataset (Pirinen et al.) | NB | - | SS | 89-96% | 32-95% |
|  Mojarad et al. | Human | Opportunity | DT | RF. NB,SVM, DRBi-LSTM | - | 9% | 871% |
| Kleanthous etal. [13] | Sheep | Own dataset (Kleanthous et al.) | RF | - | 0OOB | 99% | 91-99% |
|  Aymanetal | Human | Handy, Pamap2 | RF | Bagged DT, SVM | - | 99%.99% | - |
| Priyadarshini etal. [82] | ~ Human | Wrist-worn sensor ADL | GBT | DT | - | 98% | - |
|  Al-Frady et al. | Human | WISDM | GBT | RF, KNN | LOO | 93% | - |
| Ashryetal (36] | Human | EJUST-ADLI, USC-HAD \ HMM \ LSTM, RF \ ss | 92%,84% | 91%,83% |
| Connersetal. [72] | Albatros | Own dataset (Conners et al.) | HMM | - | SS | 92% | - |
| Arabloueietal. [73] | Cattle | Own dataset (Arablouei et al.) | MLP | SVM, DT | LOO | 96% | - |
| Chenetal. | Human | UCI HAR \ SVM \ DT, RF | o | 8% | - |
|  Vanden Berg | Parakeet | Own dataset (Van den Berg) | NB, MLP, DT | KNN, SVM | SS | 89% |  55% |
|  Casellaetal | Horse | Own dataset (Casella et al.) | DT, KNN, MLP, SVM | - | SS | 96% | - |
| Puccietal. | Seal | Seeing it All \ ID-NN, SVM \ - \ ss | 87% | 89% |
|  Eerdekens et al. | Horse | Own dataset (Eerdekens et al.) | CNN | - | LOO | 99% | - |
| Bocaj et al. | Horse, Goat | Horsing Around, Goat Dataset | CNN | - | LOO | 91% | 79% |
| Wan et al. [35] | Human | UCI HAR, Pamap2 | CNN | LSTM, Bi-LSTM, MLP, SVM | SS | 2% | 89% |
| Zhang and Zhang I@ | Human | Own dataset (Zhang et al.) | ANN | CNN | LOO | 9% | - |
| Gil-Martinetal. [42] | Human | Pamap2, Opportunity | CNN, CNN-LSTM | - | LOO | 97%.,67% | 96%, 63% |
|  Karimetal [71] | Human | UCI HAR, DailySports | MLSTM-FCN, MALSTM-FCN | LSTM-FCN, ALSTM-FCN | SS | 97% 100% | - \
| Mutegeki and Han [17] |  Human | UCI HAR, iSPL \ CNN-LSTM \ LSTM \ ss | 92%,99% | - |
| Bragancaetal. [70] | Horse | Multiple Horse Datasets | FCN | SVM,LSTM, Bi-LSTM, DT | LOO | 97% | - |
|  Chungetal. [10] | Human | Own dataset (Chung et al.) | LSTM | - | LOO | 9B% | 67-86% |
| Zhou et al. [33] | Human | UniMiB SHAR, Position-aware dataset | LSTM | N | SS | 96% | 9% |
|  Wangand Liu | Human | UCI HAR, HHAR, DailySports | H-LSTM | DT, RF | SS | 91% | - |
| Qietal. | Human | Own dataset (Qi et al.) | LSTM, Bi-LSTM | FR-CNN | SS | 9% | - |
| Ashryetal. | Human | CHAR-SW* \ Bi-LSTM \ LSTM \ ss | 94% | 94-98% |




Table[l] Data labeled with a dash (-) is unknown data or not applicable.

Algorithm type: ANN = Adversarial Neural Network, Bi- = Bidirectional, (C)NN
= (Convolutional) Neural Network, CT = Chaos-theoretic, DR- = Deep Residual, DT =
Decision Tree, FCN = Fully Connected Network, FR- = Fast and Robust, GBT = Gradient
Boosted Tree, H- = Hierarchical, ID- = Input Delay, HMM = Hidden Markov Model, KNN
= K-Nearest Neighbours, LR = Logistic Regression, LSTM = Long Short-Term Memory,
MLP = Multilayer Perceptron, NB = Naive Bayes, RF = Random Forest, SVM = Support
Vector Machine

Train/Test-split: SS = Single Split, LOO = Leave One (subject) Out, OOB = Out-Of-Bag

* Please note this study used multiple datasets, but only CHAR-SW is considered, since

the other datasets used other sensor types.
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Table 2: A summary of the datasets used by the surveyed state of the art activity recognition studies.

| Dataset | Subject Type | Number of subjects | Sensor type | Sensor location | Number of samples | Number of activities |
|  Own dataset (Conners et al.) |  Albatros | 29 | AM | B | 319409 | 3 |
| Own dataset (Sturm et al.) | Calve | 15 | A | E | 3600 | 9 |
|  Own dataset (Arablouei et al.) | Cattle | 10 | A | N | 6660 | 4 |
\ Goat dataset \ Goat \ 5 | AGM | N \ - \ 6 \
| Own dataset (Pirinen et al.) | Foal | 11 | A | T | 74346 | 3 |
| Own dataset (Casella et al.) [32] | Horse | 2 | A | SW* | 2416 | 3 |
|  Own dataset (Eerdekens et al.) | Horse | 6 | A | L | 959075 | 7 |
| Multiple Horse Datasets [[70], [83], |  Horse | 120 | AGM | BHLS \ - \ 8 \
| Horsing Around** [12] | Horse | 6 | AGM | N | 87621 | 6 |
|  Own dataset (Van den Berg) |  Parakeet | 1 | A | B | 8277 | 6 |
| Seeing it all** | Seal | 7 | A | B | 12692 | 2 |
| Own dataset (Kleanthous et al.) @ | Sheep | 8 | A | N | - | 4 |
| DailySports [6] |  Human | 8 |  AGM | CLW | 9120 | 19 |
| EJUST-ADLI |  Human | 3 | AGR | W | 603 | 14 |
\ Handy |  Human | 30 | AGM | W \ 992976 \ 7 \
\ HHAR |  Human | 9 \ AG \ P \ 43930257 \ 6 \
| iSPL (not public) | Human | 4 | AG | W | 1590 | |
\ Opportunity |  Human | 4 | AGM | CFW \ 2551 \ 21 \
\ Pamap?2 8] | Human | 9 | AGHMT | CLW | 3850505 | 18 |
| Position-aware dataset [9] | Human | 15 | A | ACHIL | - | 8 |
| UCI HAR | Human | 30 | AG | I | 10299 | 6 |
\ UniMiB SHAR [[14] |  Human | 30 \ A \ ACH \ 11771 \ 8 \
\ USC-HAD |  Human | 14 \ AG \ X \ 2311 \ 12 \
| Own dataset (CHAR-SW) | Human | 25 | AGM | w | - | 10 |
| Wrist-worn sensor ADL |  Human | 16 | A | W | 979 | 14 |
\ WISDM ([86] |  Human | 36 \ A \ P \ 5418 \ \
\ Own dataset (Chung et al) |  Human | 5 | AGM | ACILW \ - \ \
| Own dataset (Qi et al) |  Human | 20 | AGM | I | 5088 | 12 |
| Own dataset (Zhang et al) []@ | Human | 8 | AGM | F | 1200000 | 5 |




Annotations to Table 2} Data labeled with a dash (-) is unknown data.

Sensor location: A = Arm, B = Back, C = Chest, E = Ear, F = Foot, H = Head, I = Waist,
L =Leg, N = Neck, P = Phone, S = Saddle, T = Tail, W = Wrist, X = Hip

Sensors: A = Three-axis accelerometer, G = Gyroscope, H = Heart Rate, M = Magne-
tometer, R = Rotation, T = Temperature

* Please note the rider’s wrist is meant in this study.

*¥ Please note that only part of the Horsing Around dataset was used, so only the part

that was used is denoted in this table.

3.1 State of the Art algorithms

3.1.1 Chaotic Theoretic

Sturm et al. [37] used a Chaotic Theoretic (CT) approach. For their study, they first created
their own dataset with data from 15 calves, collecting in total 3600 unique labeled samples
of 1 minute long, which is a relatively low number of samples. Sturm et al. equipped an
algorithm to be used in their CT framework, for which six different classifiers (RF, SVM,
NB, NN, KNN and LR) were compared. However, the paper doesn’t mention which classifier
performed best and was used in the CT framework. The performance denoted by Sturm et
al. is outstandingly low (80% accuracy) in comparison to other studies. This may be caused
by the relatively low number of samples and high number of activities. Since none of the
other surveyed studies used the same method as Sturm et al., it is hard to verify whether the

algorithm itself works well.

3.1.2 Naive Bayes

Naive Bayes is a well-known approach within the field of Machine Learning. For example,
Pirinen et al. [39]], Mojarad et al. [81]], Van den Berg [[74] and Kamminga et al. [75]] used
the Naive Bayes classifier. Pirinen et al. [39] measured the standing, lying and walking
behaviour of eleven foals. The reported accuracies of the different activities were quite high
(89 to 96%). However, the reported F-scores were very low (32%, 53%, 73% and 95%).
These low scores were probably due to the fact that the sensor was attached to the tail, even
though the tail made similar movements for standing and walking. Apart from that, they
reported the selected features were insufficient to distinguish between having one large peak
in the data (when the tail is slashed once while standing) or multiple peaks (when the tail
is continuously slashed while walking). Kamminga et al. [[75] collected activity data from
horses, with which they yielded a relatively low accuracy (81%), but relatively high F-score
(73%). The classifier was mainly developed to demonstrate the possibilities with the dataset.
Mojarad et al. [81]] created a robust framework to recognize activities with multiple labels.
An activity with multiple labels is one that falls within multiple categories. For example,
an activity can be labeled as standing and eating, instead of just standing or eating. This

method can resolve many of the issues that researchers are currently facing within the activity
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recognition sector, as activities can be described in more detail. Apart from a classifier,
Mojarad et al. also included a Classification Error Detection algorithm and accompanying
Correction Module. Mojarad et al. found that the Decision Tree performed better (with
97% accuracy) than the Naive Bayes classifier (with 95% accuracy). Furthermore, Van den
Berg [74] classified activities of parakeets, finding that a Naive Bayes, Neural Network and
Decision Tree performed similarly (with 89% accuracy). A great advantage of using NB
is that it is relatively simple, and thus, fast in comparison to most other algorithms [87].
However, when computational speed is not a restraining factor, NB may not be the best

approach for the highest performance, since the results of the surveyed studies are mixed.

3.1.3 Decision Tree

Next to the Naive Bayes classifier, multiple studies [32], [34], [41], [69], [73[l, [74], [81]
adopted the (Bagged) Decision Tree. Ayman et al. [69] compared RF, Bagged DT and
SVM classifiers, which all achieved surprisingly good results (99% for all algorithms for
the Handy dataset and 99%, 98%, 98% respectively for the PAMAP2 dataset). However, it
is important to note that the method for splitting the data was not elaborated upon in the
study, making the denoted performance incomparable to similar studies. Mojarad et al. [81]]
observed similar results and denotes that the DT (97.3% accuracy) slightly outperforms
the RF (96.7% accuracy), NB (95.2% accuracy), SVM (95.7% accuracy) and DRBi-LSTM
(96.3% accuracy). Next to that, Casella et al. [32] equipped four different algorithms: DT,
KNN, NN and SVM, but all algorithms achieved similarly high results (96% accuracy).
This is, however, probably mostly due to the low number (3) of activities and the fact that
a Single Split has been used as train-test data split, which has caused a bias towards the
two horses it has trained on. Thus, if the algorithm were to be applied to a new horse, this
would most probably lead to a much lower accuracy and might also lead to more evident
differences in performance between the algorithms. On the other hand, Arablouei et al. [73]]
observed that the DT (with 92.7% accuracy) is slightly outperformed by MLP (with 93.4%
accuracy). Along with Arablouei et al., Chen et al. [41] also found that the performance of
the DT (97.9% accuracy) was slightly lower than with another algorithm, namely the SVM
(98.3% accuracy). Lastly, Wang and Liu show a significant outperformance of the DT (86%
accuracy) by an H-LSTM (92% accuracy). As well as Naive Bayes, the Decision Tree is
especially interesting when a small computation time is a restriction [50]. However, when
comparing the algorithm to others in terms of the performance results, the Decision Tree is

probably not the best algorithm to use for AAR.

Random Forest As well as the normal Decision Tree classifier, also the Random Forest
classifier got mixed results from the surveyed studies [[13[], [34], [41], [69]], [81] that used
it. Kleanthous et al. [13]] reported good results (99% accuracy) with their RF classifier.

However, they also focused severely on making the feature selection and extraction very
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good, while this costs a lot of time to do by hand. Ayman et al. [69] reached similar results
(99% accuracy).

Even though Kleanthous et al. and Ayman et al. denoted very high accuracies, some
studies [34], [36], [41]], [81]] show an outperformance of RF by another algorithm. First,
Chen et al. [41]] states that the RF algorithm (98.0% accuracy) is slightly outperformed by
the SVM (98.3% accuracy). Apart from that, Mojarad et al. [81]] denotes a slightly higher
accuracy with another algorithm than with the RF (96.7% accuracy), namely the DT (97.3%
accuracy). Additionally, Wang and Liu [34]] report a higher performance of the H-LSTM
(92% accuracy) than the RF (91% accuracy) classifier. Lastly, Ashry et al. [[36]] also denotes
a clear outperformance of an RF (79% and 82% accuracy) by an HMM (84% and 92%
accuracy) on two datasets. In conclusion, the Random Forest classifier seems to lead to

varying results.

Gradient Boosted Tree Two of the surveyed studies [80]], [82] used the Gradient Boosted
Tree classifier. Al-Frady et al. [80] focussed mainly on the feature selection method, namely
the Sequential Forward Selection method, for their HAR classification. However, they applied
this method to three classifiers, where the GBT (with 93.1% accuracy) slightly outperformed
the RF (with 92.2% accuracy) and KNN (with 92.9% accuracy) classifiers. When comparing
the GBT with other studies using the same dataset, the GBT (slightly) outperforms a DT
(85.4% accuracy), NN (85.7% accuracy), SVM (90.5% accuracy) and CNN (93.0% accuracy).
This outperformance may be attributed to the improved feature selection method or to the
classifiers used. Next to that, Priyadarshini et al. [82]] compared the GBT to a DT, where the
GBT (with 98% accuracy) considerably outperformed the DT (92% accuracy). In conclusion,
in both of the surveyed studies the Gradient Boosted Trees achieved high-performance results.
However, due to the low number of studies in the past two years on this method, it is unclear

whether the method generally works well for other datasets.

3.1.4 Hidden Markov Model

The Hidden Markov Model is adopted by two of the surveyed studies [36], [72]. Even
though Conners et al. [72] built a classifier for only 3 activities, the denoted performance is
relatively low (92% accuracy). Ashry et al. [[36] report a similar performance (84% and 92%
accuracy on two datasets). However, Ashry et al. did also compare the HMM with two other
algorithms, which it outperformed: LSTM (79% and 87% accuracy) and RF (79% and 82%
accuracy). On the other hand, Ashry et al. also denote that the computational complexity of
an HMM may become an issue in other projects. This could, for example, be the case when
using larger datasets than used by Ashry et al. Next to that, Gil-Martin et al. [42] mention
that an HMM is more robust than RF, but has a reduced performance when new subjects
are introduced. Since both Conners et al. and Ashry et al. used the Simple Split method
for splitting the data, their performance did not suffer from this problem. However, when

applying the same algorithm to a new subject, the performance will probably decline. Since
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only two of the surveyed studies adopted this method, it is hard to compare the performance
of the model with other algorithms. Apart from that, it is unclear how much the performance

of an HMM decreases when introducing new subjects.

3.1.5 Support Vector Machine

The SVM has been adopted by many activity recognition studies [32]], [35]], [41]], [[69], [[73l,
[74], [[79], 81]], because it can handle a small set of sample data with a large number of
dimensions [54]. Chen et al. [41] especially focus on the transitions between two activities,
as they are often ignored in HAR research. To achieve this, they mainly focussed on selecting
the best features for the data. Possibly due to this extensive research on feature selection, the
three classifiers used by Chen et al. all perform very well. The SVM (98.3% accuracy) scores
only slightly higher than the DT (97.9% accuracy) and RF (98.0% accuracy). Casella et
al. [[32] also used an SVM, DT, but also KNN and NN, which all denoted similar results (96%
accuracy). Next to that, Pucci et al. [79]] also found similar results among their algorithms,
which were ID-NN and SVM, although the results were quite low for both algorithms (87%
accuracy). On the other hand, many studies [35][], [69], [[73]l, [81]] have also equipped SVM
but reached better results with another algorithm. Mojarad et al. [[81]] reached slightly better
results with a DT (97% accuracy) over an SVM (96% accuracy), Ayman et al. [[69] did this
with an RF (99% accuracy) over an SVM (98% accuracy), Arablouei et al. [[73]] with an
MLP (93.4% accuracy) over an SVM (92.8% accuracy) and Wan et al. [35] with a CNN
(93% accuracy) over an SVM (91% accuracy). In conclusion, the SVM seems to work just as
well as some other algorithms (DT, RF, KNN, NN, ID-NN) in some of the surveyed studies,
although others report an outperformance of SVM by other algorithms (DT, RF, MLP, CNN).

3.1.6 K-Nearest Neighbours

The K-Nearest Neighbours classifier is equipped by two of the surveyed studies [32]], [[74].
Casella et al. [32]] denote the performance of KNN to be similar to a DT, NN and SVM
(96% accuracy). Moreover, Van den Berg [[74]] denotes a higher performance with an NB,
NN and DT than with KNN. One of the limitations of KNN is that the value of k affects
the performance greatly, as a small k may lead to overfitting and a large k may lead to
misclassifications because another activity is included in the subset [88]]. Since this method is
only used by two of the surveyed studies and reached varying results, KNN is not advisable
for AAR.

3.1.7 Neural Network

The Multilayer Perceptron generally yield high performance results. Van den Berg [[74],
Casella et al. [32], Arablouei et al. [73] and Wan et al. [35] adopted the Multilayer Perceptron
(MLP) in their study. Casella et al. [74] equipped the DT, KNN, SVM and MLP, which all
performed similarly (96% accuracy). Additionally, Van den Berg [74]] found that the NB, DT
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and MLP performed similarly (with 89% accuracy), but outperformed the KNN and SVM.
Arablouei et al. [73]] measured cattle activities, reaching an accuracy of 93.4% with MLP,
slightly outperforming SVM (92.8% accuracy) and DT (92.7% accuracy). On the other hand,
Wan et al. [35] also adopted this method, but did not reach a great performance with MLP. In
their study, MLP performed the worst (87% accuracy) compared to CNN, LSTM, Bi-LSTM
and SVM (89 to 93% accuracy). Thus, the MLP seems to outperform the generally simpler
algorithms (DT, NB, KNN), but may be outperformed by the more complex deep learning
algorithms (CNN, LSTM, Bi-LSTM).

The Convolutional Neural Network (CNN) is a very popular approach in the field of
HAR and AAR. Eerdekens et al. [[5]] used a CNN with two convolutional layers, max-pooling
layers, two fully connected layers and lastly a softmax layer. With the best settings in the
network, the algorithm reached an accuracy of 99%. They did not use any other algorithm to
compare the CNN with. Bocaj et al. [38]] compared different settings on CNNs to see which
performs best, concluding that a high number of filters does not necessarily increase the
accuracy of the algorithm due to overfitting. Their best CNN achieved an accuracy of 91%
and an F-score of 79%. Next to that, Wan et al. [35]] compared multiple algorithms, reaching
higher results with CNN (93% accuracy) than with LSTM (89% accuracy), Bi-LSTM (89%
accuracy), MLP (87% accuracy) and SVM (91% accuracy). Gil-Martin et al. [42] compared
a CNN with a CNN-LSTM, reaching varying results with both algorithms, where the CNN
scored better on the Pamap2 dataset and CNN-LSTM scored better on the Opportunity
dataset. Interestingly, the performance on the Pamap?2 dataset is much better (97% accuracy)
than on the Opportunity dataset (67% accuracy). This is probably due to a combination of a
having more samples, slightly less activities, more subjects and more sensor locations in the
Pamap?2 dataset. In conclusion, in general the results of Convolutional Neural Networks are
very satisfactory, making it a promising method for AAR.

Even though these studies got quite good results with a CNN, two other neural networks
have been proposed which might outperform the CNN. Zhang and Zhang [40] achieved better
results with an Adversarial Neural Network (ANN) (98% accuracy) than with a CNN (94%
accuracy). The study also focuses on adversarial training to reduce the effect of new subjects
being unrecognized by the algorithm, which is done with unlabeled data. Braganca et al. [[70]
classified horse activities with multiple classifiers, where the Fully Connected Network
(FCN) (97% accuracy) resulted in a better performance than SVM (96% accuracy), LSTM
(96% accuracy), Bi-LSTM (96% accuracy) and DT (79% accuracy). The FCN consists of
only an input layer, one hidden layer and an output layer. The ANN and the FCN yielded a
great performance, although only one study has been conducted on each of those algorithms,
making it hard to assume the algorithm will work well for other datasets.

Two other methods that have adapted CNN are FR-CNN and ID-NN. Qi et al. [20]
adapted the CNN to become faster rather than adjust it for a better performance. Afterwards,
the Fast and Robust CNN (FR-CNN) was compared to an LSTM and Bi-LSTM (both
96% accuracy), where the FR-CNN slightly underperformed (95% accuracy). This lower
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performance result may be attributed to the focus on a more time-efficient classifier, over
a higher performance classifier. Lastly, Pucci et al. [79] adopted an ID-NN, which reached
similar results to an SVM. However, the performance of both algorithms was quite low, with
only 87% accuracy. The FR-CNN and ID-NN did not yield outstandingly great performances
and only one study has been performed on each algorithm, making it hard to assume these
methods will work well in AAR.

3.1.8 Long Short-Term Memory

Multiple studies [[10], [[17], [18]], [20[, (3336, [70], [81]] adopted an LSTM in some form,
whether a normal LSTM, Bi-LSTM or H-LSTM. Chung et al. [10] not only focused on
achieving the highest accuracy, but also on a low execution time. The algorithm used is an
LSTM with an RF as meta-learner, as this resulted in a high F-score and low execution time.
The algorithm performs at an accuracy of 94%, although this could probably be improved
with settings that are more time-consuming. Zhou et al. [33]] used an LSTM classifier on
partly labeled data. This method reached an accuracy of 96% and an F-score of 79%. These
scores may have been improved if they had used fully-labeled data. In the study of Mutegeki
and Han, the LSTM (96% and 91% accuracy) performed less than a CNN-LSTM (99% and
92% accuracy) in two datasets. Ashry et al. reported a higher performance with an HMM
(84% and 92%) than LSTM (79% and 87%). In conclusion, the LSTM generally seems to
yield good performance results, making it a promising technique in the field of AAR.

Multiple studies [18]], [20], [341], [35], [70], [81]] developed an adapted version of the
LSTM (Bi-LSTM, H-LSTM and DRBi-LSTM), although the results are mixed. Qi et al. [20]]
equipped an LSTM and Bi-LSTM, which reached similar results (96% accuracy) and out-
performed an FR-CNN (95% accuracy). However, it must be noted that this FR-CNN was
an adapted version of a CNN, with a low execution-time as its goal, which may have led to
a slightly decreased performance score. Next to Qi et al., also Ashry et al. [18]] compared
an LSTM with a Bi-LSTM, although the results did differ in this study, since the Bi-LSTM
algorithm (96% accuracy) outperforms the LSTM algorithm (90% accuracy). In the study of
both Braganca et al. [70] and Wan et al. [35] the LSTM and the Bi-LSTM classifiers perform
similarly. However, they are outperformed by another algorithm in both studies (FCN in the
study of Braganca et al. and CNN in the study of Wan et al.). Next to that, Mojarad et al. [81]
developed a Deep Residual Bi-LSTM, although this algorithm did not perform as well as
the, much simpler, DT. Lastly, Wang and Liu [34] equipped an H-LSTM and compared this
algorithm to a DT and RF, performing better with their H-LSTM algorithm (91% accuracy)
than with a DT (86% accuracy) or RF (90% accuracy). Conclusively, the added value of a
Bi-LSTM, H-LSTM or DRBi-LSTM over a normal LSTM has not been shown.
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3.1.9 Convolutional Neural Network with Long Short-Term Memory

The CNN-LSTM has been equipped by two of the surveyed studies, where it performed very
well in both studies. As mentioned above, Gil-Martin et al. [42]] compared a CNN with a
CNN-LSTM, where the algorithms reached similar results (97% accuracy on Pamap2 and
67% accuracy on Opportunity). Secondly, Mutegeki and Han [17]] compared a CNN-LSTM
with a normal LSTM. The CNN-LSTM consists of a convolutional layer, a maxpooling
layer, the LSTM network and a fully connected output layer. The CNN-LSTM (99% and
92% accuracy) outperformed the LSTM (96% and 91% accuracy) classifier in both datasets
used. Next to those two studies, Karim et al. [71]] equipped a Multivariate Long Short-Term
Memory Fully Convolutional Network (MLSTM-FCN), which reached outstanding results
as well. Next to combining the LSTM and FCN, they also added a squeeze-and-excitation
block, which can map the interdependencies between channels and with this, increases the
performance of the classifier. They also made an adapted version to this classifier, adding
an attention mechanism to the LSTM block (named MALSTM-FCN), which is most often
used within text-based machine learning, and yielded similar results to the MLSTM-FCN.
The classifier yielded outstanding results (96.7% and 99.7%) on two HAR datasets. Another
advantage of this state of the art algorithm is that the code has been publicly published. To
conclude, even though not many of the surveyed studies have used this approach, the results

have been very promising.

3.2 Comparison between HAR datasets

Some studies have used standard HAR datasets, which allows for an easier comparison
based on their performance. The datasets that have been used by multiple of the surveyed
studies are the Pamap?2 [[§], UCI HAR [19], Opportunity [89]] and DailySports [6] datasets. A
summary of these datasets, along with the best performance score from the surveyed studies,

can be seen in Table[3]

3.2.1 Pamap2

Three of the surveyed studies [35]], [42], [69] have used the Pamap2 dataset [8]] for their
activity recognition algorithm. Among the three studies, Ayman et al. denote the highest
performance with an accuracy of 99% with their RF algorithm [69], scoring higher than Wan
et al. (92% accuracy) with a CNN [35]] and Gil-Martin et al. (97% accuracy) with a CNN
and CNN-LSTM [42]]. However, Ayman et al. did not denote their train/test-split method,
making it harder to compare the performance score with the other studies. Thus, Ayman
et al. denote the highest performance score among the surveyed studies using the Pamap2
dataset, although this score is hard to compare with the other studies due to an unknown

train/test-split method.
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Table 3: A summary of the datasets that have been used by multiple studies with their best

per formance scores.

‘ Pamap2 ‘ UCI Har ‘ Opportunity ‘ DailySports

| |
‘ Number of subjects ‘ 9 ‘ 30 ‘ 4 ‘ 8 ‘
‘ Number of sensors ‘ 3 (CLW) ‘ 1(D) ‘ 6 (CFW) ‘ 5 (CLW) ‘
| Numberof samples | 3850505 | 10299 | 2551 | 9120 |
| Number of activities | 18 | 6 | 21 | 19 |
| Best performance accuracy | 100% | 98% |  96% | 9% |
| Bestperformance F-score | - | - | 87% | . |

Annotation to Table 3t
Sensor location: C = Chest, F = Foot, [ = Waist, L = Leg, W = Wrist

3.2.2 UCI Har

Five of the surveyed studies [[17], [34], [35], [41], [[71] equip the UCI Har dataset [|19] for
their activity data. Among these four studies, Karim et al. denote the highest performance
(99.7% accuracy) with an MLSTM-FCN [71]. Next to that, Chen et al. also yield a very
high performance (98% accuracy) with an SVM [41]]. The other studies using this dataset
score significantly lower, including Wang and Lui (91% accuracy) with an H-LSTM [34],
Wan et al. (92% accuracy) with a CNN [35]] and Mutegeki and Han (92% accuracy) with
a CNN-LSTM [17]. The lower performance of Wang and Liu and Wan et al. could be
attributed to the fact that they combined multiple datasets and reported the accuracy based on
an average of all datasets. This means the other datasets have also affected the performance.
For example, for Wang and Liu, their algorithm was also tested on the DailySports dataset [6]],
which includes a quite low number of samples, but a high number of activities. On the other
hand, Karim et al. [[71]] also yield a higher performance on the DailySports dataset than Wang
and Liu. In conclusion, Karim et al. yield the highest performance score among the surveyed
studies using the UCI Har dataset.

3.2.3 Opportunity

The Opportunity dataset [89]] is used by two of the surveyed studies [42], [81]]. From the
two studies, Mojarad et al. score significantly higher (with 96% accuracy and 87% F-score)
with their DT [[81] than Gil-Martin et al. (with 67% accuracy and 63% F-score) with their
CNN and CNN-LSTM [42]. This is interesting, because DT is a much simpler algorithm
than CNN/CNN-LSTM. However, it must be mentioned that Mojarad et al. do not denote
their method for splitting the data, making it harder to compare the performance score with

the score of Gil-Martin et al. Thus, Mojarad et al. yield the highest performance with their
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DT algorithm, although the comparison with Gil-Martin is hard, since Mojarad et al. do not

mention their train/test split.

3.2.4 DailySports

The DailySports dataset [6] is used by two of the surveyed studies [34], [71]]. From the two
studies, Karim et al. yield significantly the highest performance with 97% accuracy with an
MLSTM-FCN. Wang and Liu, on the other hand, score a lower performance score with 91%
accuracy with an H-LSTM. However, it must be noted that Wang and Liu combined multiple
datasets, so this accuracy score may be affected by other datasets having less samples,
more activities or more complex data overall. Conclusively, Karim et al. yield the highest
performance score with an MLSTM-FCN.

3.3 Limitations

The limitations of many studies may be interesting to study, since they can show improve-
ments for other studies as well. Denoted improvements are an increased number of subjects,
samples and sensors. Four of the surveyed studies [5], [10], [32]], [39] denote that their
algorithm can be improved, especially in terms of robustness, with an increased number of
subjects. Van den Berg [[74] and Bocaj et al. [38]], however, mention that the focus should
be on increasing the number of samples to improve the performance of the pipeline. Apart
from that, Bocaj et al. [38]], Casella et al. [32] and Zhang and Zhang [40] mention that
their pipeline may be improved by the exploration of different sensors. Thus, an activity
recognition pipeline may be improved with an increased number of subjects, samples or the
usage of different sensors.

Data preparation is an important step in an activity recognition pipeline, where unpre-
pared and unbalanced data can lead to a poor performance of the classifier. Eerdekens et
al. [5]] extracts the features for their algorithm by hand. However, they recommends auto-
matically extracting the features, instead of by hand, to improve the performance of their
algorithm. Sturm et al. [37]] point out that their framework could be improved by further data
preparation, in order to filter it and cluster outliers. Apart from that, Sturm et al. [37/] note
that their dataset is very unbalanced, with one of the activities only occurring rarely (0.5%
of the data). This makes the algorithm biased towards the other activities, making it hard to
classify this rarely-occuring activity well. Conclusively, extracting features automatically,
improving data preparation and having a balanced dataset may improve the performance of
an activity recognition algorithm.

Combined factors, such as the sensor location in combination with the features used,
can play a role in reaching great performance results. Pirinen et al. [39] claims that their
sensor location is not optimal. They used the tail as their sensor location, but the tail
shows almost no difference between standing and walking, making it hard to recognize the
differentiate between them from tail activity alone. Apart from that, Pirinen et al. mentions
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the feature selection process should be improved upon. The features used (mean, maximum
and minimum) were not sufficient to distinguish between one large peak in the data (when
the tail is slashed once while standing) and multiple peaks (when the tail is continuously
slashed while walking). Using a different sensor location or selecting different features could
resolve this issue.

Multiple studies [10], [13]], [18]], [34], 38, [72]1-[74], 78], [80] denote the issue of
activities being very similar. One of the examples for this is that resting and standing provide
similar acceleration results, making them hard to distinguish from each other with accelerom-
eter data only. Arabluoei et al. [73] and Van den Berg [74]], both using an "other" category,
show that this category is especially hard to classify accurately, since this category consists
of many different activities. Thus, classifying activities that result in similar acceleration data,
or having a very broad category, such as "other", may lead to a decrease in the performance

score of an activity recognition algorithm.

3.4 Conclusion

26 studies have been compared based on the performance of their activity recognition

algorithm to answer the question:

Which animal and human activity recognition algorithms that have been developed in the
last two years are the most promising to utilize for a horse activity recognition algorithm
using IMU data?

From the state of the art it seems that most recent studies use either a CNN or LSTM
classifier. These classifiers also seem to be the most well-performing algorithms, along with
the CNN-LSTM. CNNs have shown to have a great performance in large datasets. Apart from
that, it is known for good generalization, which is an important feature in AAR [90]. Next
to that, the LSTM is especially known for being temporally deep, which is important when
processing long-time data, which is done in AAR [17]]. Lastly, although the CNN-LSTM
has not been equipped by many studies, it yielded very high results and has code available
to equip this classifier. Thus, the CNN, LSTM and CNN-LSTM seem to be very promising
algorithms within AAR, each with its own advantages. Some of the other algorithms (NB,
DT, RF, HMM, SVM, KNN) reached varying results, in some studies performing very well,
but are outperformed by other classifiers in other studies. Apart from that, some classifiers
(CT, GBT, HMM, KNN) were not used very often, making it hard to evaluate the usefulness
and robustness for an AAR application. In conclusion, the CNN, LSTM and CNN-LSTM
classifiers are the most promising algorithms to use for an AAR pipeline using IMU data.
This is why two out of these three classifiers were developed and tested in Chapter|[6] The
LSTM was chosen due to the high number of studies using it (10 out of 28) and its relatively
high performances in each of these studies. Next to that, code was available to develop the
LSTM easily. Moreover, the MLSTM-FCN, a variation of the CNN-LSTM, was chosen,
which yielded high performances on different datasets and had clear code available online. It
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was chosen not to develop the CNN due to time constraints. Apart from that, the CNN was
used less often than the LSTM by the surveyed studies and it yielded lower results than the
MLSTM-ECN. Thus, it was concluded that the LSTM and MLSTM-FCN were developed,
due to these classifiers being the most promising algorithms to use, along with their code

being available.
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4 Methodology

4.1 Organization

In this chapter, the methodology of the experiments performed in this study will be explained.
First, the dataset and its usage, is described. Next to that, the developed classifiers and
their settings are described. Moreover, the full pipeline is explained, including the filtering,
splitting, scaling, windowing, feature selection, shuffling, reshaping and encoding of the data.
Afterwards, the evaluation methods are explained and the hyperparameters are decided upon.
Lastly, the use of a database and other tools discussed. The evaluation of these experiments

is discussed in Chapter[6]

4.2 Dataset

The data used in this Graduation Project has been gathered by Kamminga et al. [[12]. This
dataset consists of data gathered from 18 different horses and ponies across a period of
seven days, during which the horses participated in both riding and free roaming activities
throughout their pasture. The animals wore an inertial measurement unit (IMU), containing
an accelerometer, gyroscope and magnetometer, in a collar. These IMUs made use of a 100
Hz sampling rate, recording a total of 1.2 million data samples of 2 seconds long. As the collar
containing the IMU could still slightly move and rotate around the animal’s neck, the dataset
also includes 12-norm values for each of the sensors, which are orientation-independent.
The dataset consists of labeled and unlabeled data. The used data as a whole is not equally
labeled; only data from 11 subjects were labeled, of which six subjects and six activities
were labeled more extensively, which can be seen in Figure[5|and [6] This was done so that

leave one subject out validation can be done between those six subjects.
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16 Training Samples by Activity Type
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The data is contained in CSV files, describing the x, y and z values of the accelerometer,

gyroscope and magnetometer. Next to that, the subject, segment, label and date and time

are denoted. In Figure [7] an example can be found of a sample for the activities eating,

running-natural and shaking.
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4.3 Dataset usage

From the full dataset, only the labeled data was used. More specifically, only the six most
extensively labeled subjects and activities were used for this project. The activities trotting
rider and trotting natural were combined into one trotting activity. Next to that, the running
rider and running natural were combined into one running activity. This was done because
these activities are observationally similar and not both of the activities contained enough
samples to be used as a separate activity to recognize. Thus, only data from the horses
Galoway, Patron, Happy, Driekus, Zafir and Bacardi was used for the activities walking rider,
walking natural, trotting (rider and natural combined), grazing, standing and running (rider
and natural combined). The dataset containing these six horses and six activities contains
10022709 labeled (unwindowed) rows or 100227 seconds of data, since the sampling rate is
100Hz.

Sensor selection The dataset also contained three columns describing the magnetometer
axes, which were dropped, as this data was found to be too prone to alterations as a result
external disturbances, such as magnetic fields, and thus unreliable as a whole. The other two
sensors, the accelerometer and gyroscope, were included, and measure the acceleration and

angular velocity.

4.4 Classifier

As described in Chapter 3] a vanilla Long-Short Term Memory (LSTM) and Multivariate
Long Short Term Memory Fully Convolutional Network (MLSTM-FCN) were chosen to
be used in this study. Next to that, the pipeline was developed with a deep Neural Network
(NN), thus also this classifier was compared with the LSTM and MLSTM-FCN. In Chapter 6]

the performance of these classifiers will be reported and compared.

4.4.1 Deep Neural Network

A deep neural network was used as a standard for the AAR pipeline and is based upon a
HAR tutorial on time-series data that uses a Sequential model from keras [91]]. The optimal
number of layers, either 1 or 2, was tested, which is described in Chapter@ The structure of

the model can be seen in Figure[§] This network consists of the following layers:

* Reshape layer, reshaping the data from an array in the shape of My, in which M is
the matrix, N the number of samples and WI the window size and number of inputs
multiplied by each other, into the format My,w,;, in which M is the matrix, N the
number of samples, W the window size and I the number of inputs.

* A number of Dense layers (1 or 2) consisting of a number cells with a ReLu activation
function. In Chapter [6]the optimal number of layers has been tested. This layer has

been repeated either once or twice to see which configuration performs best. Next to
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that, the number of cells (100 or 200) in the Dense layer has been tested, which is
further explained in Chapter|[6]

* Flatten layer, used to flatten the data.

* Dense layer with a softmax activation function, serving as an output layer.

InputLayer

*I

[mpuuayer] [ Reshape ]
¥ ¥

[ Reshape ] [ Dense ]
¥ v
¥ v

[ Flatten ] [ Flatten ]
L] v

[ Softmax ] [ Softmax ]
(a) (b)

Figure 8: The structure of an NN with (a) one Dense layer and (b) two Dense layers.

4.4.2 Vanilla Long Short-Term Memory

The vanilla Long Short-Term Memory (LSTM) model consists of multiple layers, added in a
Sequential model from keras. Since none of the LSTMs from the state of the art had clear
and implementable code available, the model has been based upon a vanilla LSTM from
a recent study of Elsworth and Giittel [92] on time-series data. This model consists of the
following layers:

* LSTM layer, with either 100 or 200 cells in its layer. The optimal number of cells has
been tested and is further explained in Chapter [6]

* Dropout layer, which ensures that part of the input is set to zero to prevent overfitting.
Srivastava et al. [93]] show that the optimal dropout parameter is set between 0.4 and
0.8, where the exact value does not yield a significant difference in performance. Thus,
the parameter was set at 0.5, which is between those values and equal to the dropout

parameter of another study on LSTMs [20]].
* Dense layer with a softmax activation function, serving as an output layer.

Next to the number of cells per layer, also the optimal number of layers has been tested in
Chapter|6] For a 1-layer LSTM network the LSTM and Dropout layers appears once and for a
2-layer LSTM network the LSTM and Dropout layers appear twice, thus the network consists
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of the layers: LSTM, Dropout, LSTM, Dropout, Dense. The structure of these models can be
seen in Figure [0

InputLayer

LSTM

[\nputLayer] [ Dropout ]
¥ v

[ LST™M ] [ LSTM ]
¥ (]

[ Dropout ] [ Dropout ]
¥ v

[ Softmax ] [ Softmax ]
(a) (b)

Figure 9: The structure of an LSTM with (a) one LSTM and dropout layer and (b) two LSTM
and dropout layers.

4.4.3 Multivariate Long Short-Term Memory Fully Convolutional Network

The Multivariate Long Short-Term Memory Fully Convolutional Network (MLSTM-FCN)
model consists of many layers and is based upon a state of the art model by Karim et al. [[71].

The full model structure can be seen in Figure [I0]
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| BatchNormalization

| Dropout |

Figure 10: The structure of the MLSTM-FCN.
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A brief description of each layer type can be seen below.
* Input layer, which simply instantiates a tensor from the input.

* LSTM layer, with either 100 or 200 cells in its layer. The optimal number of cells has
been tested and is further explained in Chapter [6]

* Dropout layer, which ensures that part of the input is set to zero to prevent overfitting.
The percentage of input that has been dropped depends on the dropout parameter,

which is set at the same rate as the original study used, which is 0.8 [71]].
* Permute layer, which permutes the inputted shape to the inputted pattern.
* Conv1D layer, which is a 1-dimensional convolutional layer.
* BatchNormalization layer, which normalizes the batch input.
* Activation layer with the Rectified Linear Unit activation function.
* GlobalAveragePooling1D layer, which performs global average pooling on the input.
* Reshape, which reshapes the input into a new format
* Dense layer with a ReLu activation function and he_normal’ kernel initializer.

* Dense layer, with a softmax activation function serving as an output layer.

4.5 Horse activity recognition pipeline

The pipeline is split up into three classes: preprocessing of the data, the database interactions,
and the main class, which also contains the classifier. The full pipeline can be seen in

Figure|l1] In the next subsections, each of the steps in the pipeline will be explained.

Loading
the data
Input set 3:
slens_or Input set 1: Input set 2: |2-r?0rms and
selection raw signals 12-norms of RMS values of
from IMU IMU signals IMU signals [ NN ] [ LST™M ] [ MLSTM-FCN ]
Filtering AL ______ * ______ _ﬁ A____ _*, _____ E)
the data I
Training data Input Feature : idati ini
L I scaling Windowingfe] - /oo Shuffling Reshaping || Encoding
Splitting
the data

Validation Training
split the
P algorithm Model
> Input Wlndowmg Feature Reshaplng Encoding Evaluation
Testing data scaling selection o

¥ V
Input set 1: Input set 2: Input set 3:
raw signals 12-norms of 12-norms and
from IMU IMU signals RMS values of
IMU signals

Figure 11: The steps performed in the pipeline.
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4.5.1 Preprocessing data

The data sets from the six horses were combined into a single dataframe and the rows with
missing values (appearing as NaN in the database instead of an actual value) were removed

from the dataframe.

Data filtering The accelerometer and gyroscope measurements are inherently noisy. Thus,
it is important to filter out high-frequency noise from the measurements. This is done with a
low-pass Butterworth filter with a cut-off frequency of 30 Hz. Arablouei et al. [[73]] show that
the most power in the signals ranges from 0 to 25 Hz, making 30 Hz a reasonable cut-off
frequency for high-frequency noise. Next to that, Bosch et al. [83]] also used this cutoff
frequency, because the frequency of head movements and stride frequencies for horses are
generally in the range of 0 to 4 Hz, making 30 Hz well-above the frequency signals coming
from the the horses [94], [95]].

Splitting the data The dataset has been split into a training and testing subset using the
leave one subject out cross validation method. This method was also used by Kamminga
et al. [96] for the same dataset, to make sure that the algorithm performs well on different
subjects, and not just on one subject. Thus, one of the six horses was selected as the testing
subject and the other five horses were included in the training subset. Next to that, the
validation set was splitted from the training set, where 20% of the training data was used as

validation data.

Input scaling Since some of the values were of a much larger size than others, it was
important to scale them so that they are easily comparable. To do so, the accelerometer and
gyroscope samples were divided by the highest value within the corresponding axis to obtain
normalized values between 0 and 1. This scaling was performed separately for the train and

test set, thus the training data was also not used to scale the test data.

Windowing The data has been segmented during the data acquisition. These segments
contain data only about one activity. These segments were again split up into windows, each
with a fixed size. The window size was set to 2 seconds, which is the same window size as
Kamminga et al. [[75] used with this dataset. A commonly used approach is to use a step size
so that the windows following each other have 50% overlap [22], [34], [41]], [74], [79]. Thus,
the step size was set at 1 second.

Feature selection The 12-norms of the accelerometer and gyroscope were used as a stan-
dard input set, since they were also used by Kamminga et al. [[75]] on the same dataset. The
main advantage of using the 12-norms is that it is orientation-independent. The 12-norms of

the measurements from multiple axes can be calculated with:

12(6) = \fax(1)? + ay(0)? + ac(0)? @)
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Here, 12 denotes the 12-norm, t the timestep, a the respective sensor (accelerometer or
gyroscope) and x, y and z the axes of the sensor. Next to that, a test has been performed with
using the 3 sensor axes from the accelerometer and gyroscope as input instead to evaluate
whether this input produced better results for the classifier. Moreover, another test has been
performed with the 12-norms of the sensors and the Root Mean Square (RMS) value of those
12-norms, which are more often used in HAR and AAR [16], [34], [41]. The RMS value
shows the magnitude of the values, without taking the sign of the values into account. With
taking the RMS value of the 12-norms, the classifier can compare the current 12-norm to the

average magnitude of the 12-norms. The RMS value can be calculated with:

2
Y

n

RMS =

3)

Here, x; denotes each value in the window and n is the number of measurements. Thus, three
input sets were tested in this experiment, which can be seen below in Tables [ [5|and [6] The

setup of these experiments will be described in Chapter [6]

Table 4: An overview of input set 1. Adapted from [[12} p.4]

Feature  Description

Ax Raw data from the accelerometer x-axis
Ay Raw data from the accelerometer y-axis
Az Raw data from the accelerometer z-axis
Gx Raw data from the gyroscope x-axis

Gy Raw data from the gyroscope y-axis

Gz Raw data from the gyroscope z-axis
label Label that belongs to each row’s data

segment  Each activity has been segmented with a maximum length of
10s. Data within one segment is continuous. Segments have been
numbered incrementally.

subject Subject identifier
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Table 5: An overview of input set 2. Adapted from [[12} p.4]

Feature  Description

A3D 12-norm (3D vector) of accelerometer axes
G3D 12-norm (3D vector) of gyroscope axes
label Label that belongs to each row’s data

segment  Each activity has been segmented with a maximum length of
10s. Data within one segment is continuous. Segments have been
numbered incrementally.

subject Subject identifier

Table 6: An overview of input set 3. Adapted from [[12} p.4]

Feature Description
A3D 12-norm (3D vector) of accelerometer axes
G3D 12-norm (3D vector) of gyroscope axes

RMS of A3D Root Mean Square value of the A3D signal

RMS of G3D Root Mean Square value of the G3D signal

label Label that belongs to each row’s data

segment Each activity has been segmented with a maximum length of
10s. Data within one segment is continuous. Segments have been
numbered incrementally.

subject Subject identifier

Shuffling and Reshaping After windowing and feature selection, the resulting windows
were used as data instances for training and testing. Next to that, for two models (the LSTM
and MLSTM-FCN) the number of windows has to be divisible by the batch size. Thus, for
these models, the (training, testing and validation) data sets were all cropped to the maximum
number of windows that is divisible by the batch size. This means that the last few samples
in the dataframe were dropped. However, before performing this step, all windows from
the datasets were shuffled, to ensure that those last few samples, that were removed, were
random samples. For the NN no windows had to be removed, so only the windows in the
training data were shuffled. All shuffling operations were performed with the shuffle()
method from sklearn. For all classifiers the training data was shaped as My w,s, in which M
is the matrix, N the number of samples, W the window size and I the number of inputs. To fit
the data into the NN, the data had to be reshaped into My, in which M is the matrix, N
the number of samples and WI the window size and number of inputs multiplied by each
other. For the LSTM and FCNLSTM this operation was not needed, thus the data remained
in its original shape.

50



Encoding labels In order to make the dataset more suited for most machine learning
algorithms, the categorical labels had to be converted into numerical ones. However, as there
is no ordinal relationship between the original categorical labels, one-hot encoding had to
be applied to any numerical label representation to avoid the algorithm potentially trying
to make use of any non-existent ordinal relationship. To do so, the various activity labels
were first converted into numerical labels using the LabelEncoder () function provided
within scikit-learn’s preprocessing library. Following this, one-hot encoding was applied to
the integer representation of the labels. The resulting encoded labels were added as an extra

column to the dataframe.

4.6 Evaluation

As mentioned before, the testing phase was through leave one subject out validation. Next
to that, the model was tested with the keras predict () method. Per horse, the experiment

performance was saved in the database with the metrics explained in Chapter 4.6.1]

4.6.1 Evaluation methods

There are different evaluation methods for evaluating an algorithm. In this section, each of
these methods will be discussed. First off, all results were gathered in a confusion matrix,
where comparisons were made between the amount of right and wrong classifications. An
example of a confusion matrix can be found in Table[7] In this confusion matrix, Positive
represents an activity, for example "Walking". This means that Negative would represent all
other classes, or "Not Walking". Thus, Predicted Positive would mean that the algorithm has
predicted that the horse is performing the activity that corresponds with the Positive label.
When the actual activity performed by the horse matches this prediction, this is called a
True Positive (TP). When the algorithm predicts that the horse is not performing the activity
(Predicted Negative), while the horse was actually performing the activity (Actual Positive),
it is called a False Negative (FN). When the algorithm predicts that the horse is performing
the activity (Predicted Positive), while the horse was actually not performing the activity
(Actual Negative), it is called a False Positive (FP). Lastly, when the algorithm predicts that
the horse is not performing the activity (Predicted Negative), and this prediction is correct
(Actual Negative), it is called a True Negative (TN). The amount of correctly identified
predictions can be found with TP+TN, while the amount of incorrectly identified predictions
can be found with FN+FP.

H Predicted Positive Predicted Negative
Actual Positive True Positive (TP) False Negative (FN)
Actual Negative False Positive (FP) True Negative (TN)

Table 7: A confusion matrix showing the difference between classifications.
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When evaluating the algorithm, these values (TP, FP, FN and TN) were used to calculate a
performance score. Often-used performance scores are recall, precision, specificity, accuracy,

balanced accuracy, F-score and MCC.

Recall The recall of an algorithm can be calculated with:

TP
Recall = ————— 4)
TP+FN

When the recall of an algorithm is high, many of the Actual Positive values have been
classified correctly.

Precision The precision of an algorithm can be calculated with:

. Tp
Precision = ——— %)
TP+FP

When the precision of an algorithm is high, many of the positive predictions were predicted

correctly.

Specificity The specificity of an algorithm can be calculated with:

TN

When the specificity of an algorithm is high, many of Actual Negative values have been

classified correctly.

Accuracy The accuracy of an algorithm can be calculated with:

| TP+TN -
ccuracy =
YT TPITN+FP+FN

The accuracy per experiment is calculated by taking the average of the accuracy of all

activities. With a high accuracy, much more predictions are done correctly than incorrectly.

Balanced accuracy The balanced accuracy is an average of the recall of each activity. With
a high balanced accuracy, much more predictions are done correctly than incorrectly for each
class. The balanced accuracy score avoids a biased score towards the biggest classes. Thus,
the balanced accuracy score gives a more complete view of the performance in imbalanced
datasets [97]).

F-score The F-score is an average of the precision and recall of an algorithm and can be

calculated with:

Precision x Recall
F —score =2 x% — (8)
Precision + Recall

With a high F-score, many of the actual values have been classified correctly and many of
the predictions were done correctly.
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MCC The Matthews Correlation Coefficient (MCC) can be calculated with:

c*s—Zkak*tk
V2K g (2 - 2K )

Here, K = number of classes, #; = number of times class k truly occurred, p; = number of

MCC = ©)

times class k was predicted, ¢ = sum of all correctly predicted samples and s = total number
of samples. The minimum value of the MCC score is between -1 and 0 and the maximum
value is +1. Thus, it is scaled differently than the aforementioned metrics. When the MCC
is at its minimum value (between -1 and 0), all predictions were done incorrectly. On the
other hand, when the MCC is at its maximum value (+1), all predictions were done correctly.
The MCC score is able to give a complete view of the performance on unbalanced data sets,
unlike the accuracy and F-score [98]].

4.7 Hyperparameters

Batch size The reviewed state of the art papers differ from 20 to 1500 as the batch
size [[10], [34[]-[36], [42], [71]], although they are generally in the range 20 to 150. When
using Tensorflow, it is best to use a batch size which is a power of two [99]]. Due to time

constraints, not multiple batch sizes were tested. Instead, the batch size was set at 256.

Number of epochs A training cycle consists of multiple epochs, which can differ a lot.
From the reviewed state of the art, one study [87]] only used two epochs, while another [[79]]
trained for 1000 epochs. Each model was run for a maximum of 300 epochs, but to make sure
the model does not overfit, an early stopping point has been implemented. The early stopping
point was used to stop training at the point where the model was using the best weights,
based on the validation set. This means that the validation performance score was the highest
at the early stopping point. When continuing training, this point may be surpassed and the
validation performance may decrease again. Thus, an early stopping point was introduced
when the accuracy did not improve for ten epochs for the NN and the MLSTM-FCN, because
these networks improved significantly at the start and soon reached its early stopping point,
as can be seen in Figures[I2a] and The early stopping point for the LSTM was set at 35
epochs, because the LSTM often needed ten to thirty epochs to vastly improve its learning,

as can be seen in Figure [[2b]
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Figure 12: An example of a training cyclus for an (a) NN, (b) LSTM and (c) MLSTM-FCN.

Optimizer and learning rate The optimizer used in all models was Adam, which is
efficient and a good fit for problems that have a lot of parameters or data [[100]. The learning
rate within this optimizer was set at 0.001 for the NN and LSTM, similar to Pucci et al. [79]]
and Elsworth and Giittel [92]] and 0.0001 for the MLSTM-FCN, similar to Karim et al. [[71]].

4.8 Database

By the use of the Python package Peewee, a database was created to easily store experi-
mental data. This database is connected to a virtual server. There are two tables, one for the
experiment results per horse and one for the experiment results for a specific activity per
horse. The experiment table consists of several columns, containing a summary of the results
from all activities:

* Key: a unique key was generated per experiment with the uuid Python package.

* Username: The name of the person who performed this experiment.

Horse: The name of the horse which was in the test dataset.

Date: The date on which the experiment was conducted.

Accuracy: The overall accuracy of this experiment.
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ment:

4.9

Balanced accuracy: The overall accuracy of this experiment, balanced on the amount
of samples per class.

F-score: The overall weighted F-score of this experiment.
MCC: The overall MCC of this experiment.
Confusion matrix: The confusion matrix of this experiment.

Parameters: The parameters used for this experiment, including sliding window size,
step distance, batch size, number of epochs, number of layers, number of cells per

layer, dropout rate and learning rate.

Description: A description of the specific settings used for this experiment. This
can, for example, entail of the structure of the classifier. The description is added in

text-format.

The activity table also has several columns, focusing on each activity within an experi-

Key: A unique key, corresponding to the experiment.

Horse: The name of the horse which was in the test dataset for this activity.
Activity: The name of this activity.

Accuracy_activity: The accuracy of this activity.

Recall_activity: The recall of this activity.

Specificity: The specificity of this activity.

Precision: The precision of this activity.

TP: The number of times the system predicted Positive and the actual value was also

Positive (True Positive).

TN: The number of times the system predicted Negative and the actual value was also

Negative (True Negative).

FP: The number of times the system predicted Positive and the actual value was

Negative (False Positive).

FN: The number of times the system predicted Negative and the actual value was

Positive (False Negative).

Tools

In this Graduation Project multiple tools were used, which will be described below.
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4.9.1 ITC Geospatial Computing Portal

The ITC Geospatial Computing Portal from the University of Twente was used to run the
code on [101]]. This portal allows, among other programming languages, Python 3 code
through the JupyterLab environment [[102]. Apart from running the code, the CSV files

containing the raw IMU data could also be stored on this server.

4.9.2 Programming language and packages

For this project Python 3 was used with a couple of packages.

pandas The Pandas package supports data analysis and data manipulation, allowing the

user to retrieve and shape the data [[103].
numpy The Numpy package allows mathematical calculations [[104]]. In this case, these
calculations were used for conversions between number types (integer, float, etc.), retrieving

maximum values and shaping arrays.

scikit-learn The scikit-learn (or sk-learn) library is made for predictive data analysis [97].

In this project, it was used to define the metrics and for preprocessing.

keras The keras package focuses on Deep Learning, including methods for implementing
a Deep Learning algorithm [[105]].

peewee The peewee package was used to implement a database to store and retrieve the
results of experiments [[106].

seaborn Seaborn was used for data visualization [[107]]. In this case, seaborn was used to

plot a confusion matrix.

Other packages Other packages used are scipy, glob, matplotlib, uuid, IPython, datetime,
re and ast.
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5 Specification

5.1 Requirements

In this section, requirements will be set for the AAR algorithms to answer the following

sub-research question:

What are the requirements for an animal activity recognition algorithm that can classify

multiple activities with an adequate performance?

A full overview of the requirements can be seen in Table[5.1] Since the pipeline is developed
with other students, a requirement has been set on the use of Python as a programming
language (requirement 1) so that each program uses the same language. Apart from that,
Python is often used within data analysis, making it a very suitable language choice [108]].
The data that will be used as an input into the algorithm is fully-labeled time-series data that
has already been gathered. Thus, it is important that the algorithm is able to handle fully-
labeled, time-series and offline data (requirements 2, 3 and 4). Next to that, the algorithm
must be able to perform in a reasonable timeframe, in order to be able to run it multiple
times and use it reasonably in the future (requirement 5). After performing the test and train
phase, the algorithm must be able to be evaluated through a confusion matrix, and an overall
accuracy, F-score and MCC (requirement 6). Out of the three (Leave One Out, Simple Split
and Out-Of-Bag) most occuring evaluation methods, Leave One Out is most applicable and
fair. Thus, the algorithm must be able to evaluate itself through the Leave One Out method
(requirement 7).

It is of importance that there are at least a few different activities that can be recognized,
because otherwise the data would still not be useful enough to analyze general behavior from
the animals. The same dataset has previously been used in a study by Kamminga et al. [[75]]
to classify activities with a simple classifier, where the denoted accuracy is 81% and the
F-score 73%. Kamminga et al. used only data of the most annotated six horses performing
six activities. Thus, a more advanced classifier should at least achieve an accuracy of 81%
and an F-score of 73% on the classification of six activities by six horses (requirement 8).

5.2 Challenges

In Chapter [3.3] the limitations within the state of the art were discussed, of which some
limitations are also challenges within this project. First, the imbalance of the dataset can
be a challenge, because this can lead to a bias towards the bigger classes. Moreover, the
classification of some of the activities is also a challenge when the activities are very similar.
This may lead to misclassifications between the similar activities. Apart from that, some of
the activities might also be performed at the same time, making it hard to label them under
just one activity. Thus, the imbalance of the dataset, along with the similarities between

activities are challenges for this project.
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H Requirements H

1. The program must be written in Python.
2. The system must be able to handle fully-labeled data.
3. The system must be able to handle time-series data.
4. The system must be able to handle offline data.
5. The system must be able to classify the data in a reasonable timespan.

6. The system must be able to show and save the performance results of an experiment
in a database, including the confusion matrix, overall accuracy, F-score and MCC.
7. The system must be able to evaluate itself with the Leave One Out evaluation
method.

8. The pipeline must perform with a minimum accuracy of 81% and F-score of 73%

on the classification of six activities by six horses.

Table 8: The requirements for a horse activity recognition algorithm.

The data used is orientation dependent, which adds an additional challenge for the
classifier. Moreover, the heterogeneity of the animals is also relevant, since each animal
generates different measurement results for each activity. This can be a challenge because
the classifier needs to be able to generalize its results towards unseen subjects. In conclusion,
the orientation dependence of the data, along with the heterogeneity of the subjects are
challenges for this project.

There are many steps in an animal activity recognition pipeline which can be challenge
for this project. First, choosing the right classifier for the data can be a challenge, since
there are many different classifiers and each has its own advantages and disadvantages.
Additionally, each classifier has its own hyperparameters which need to be tuned correctly
for the classifier to perform optimally. Both choosing the classifier and its hyperparameters
can be a challenge because of the variety of options available and its significant influence on
the performance of the pipeline. Apart from that, there are different methods for splitting the
data, windowing and feature selection. For example, the dataset needs to be split up between
the training and testing data, for which a single split or a leave one subject out validation split
method can be used. These choices can lead to different performances, where some methods
give a more complete image of the performance of the classifiers than others. Thus, it can be
a challenge to find the most optimal method for each of these steps in the pipeline. Last, the
last step in the pipeline is the evaluation, for which different metrics can be used. Each metric
has its disadvantages and none of these metrics can give a complete view of how well the
classifier performed, which can be a challenge while evaluating the classifiers. Conclusively,

many methods used in the pipeline can be considered a challenge in this project.
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6 Evaluation

In this section, the evaluation of the NN, LSTM and MLSTM-FCN will be presented. First,
an experiment is discussed, in which different input sets were inputted to the NN, LSTM and
MLSTM-FCN to see whether a different input set has a positive influence on the performance
of the classifier. The order of the experiments is explained in Figure[I3] First, the batch size,
window size, number of epochs and learning rate were set, as described in Chapter #.5.Thnd
Chapter 4.7} These are described as the fixed parameters in Figure [I3] Afterwards, a grid
search was performed for each of the input sets, which were described in Chapter #.3] The
hyperparameters used for each classifier can be seen in Table[10] Lastly, the performance of
the three classifiers is compared, each run with its own optimal set of hyperparameters but

with the same input set. With this, the main research question will be answered:

Which animal activity recognition algorithm performs the best on IMU horse data, and what

aspects lead it to outperform other algorithms?
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Table 9: A brief overview of the experiments performed in Chapter@

Classifier ‘ Hyperparameters

NN Number of layers (1, 2)
Number of cells per layer (100, 200)

LSTM Number of layers (1, 2)
Number of cells per layer (50, 200)

MLSTM-FCN | Number of cells in the LSTM layer (8, 50)
Number of cells in the 1st & 3rd convolutional layer (128, 256)
Number of cells in the 2nd convolutional layer (128, 256)

6.1 Feature engineering

In this subsection, the effect of the different input sets is shown, based on the performance
of the NN, LSTM and MLSTM-FCN. The classifiers were trained on the three input sets
described in Table d] 5] and [6]

6.1.1 Neural Network

First, the hyperparameters were tuned for each model with a different input set. Generally,
one or two hidden layers were used in a neural network according to the reviewed state-of-
the-art studies [35]], [70l, [73]. Therefore, also networks with one and two layers were tested
in this experiment. Moreover, the number of cells in those layers differs from 5 to 256 within
the reviewed state of the art [35]], [79]. Therefore, 100 and 200 cells per layer were tested.
First, the hyperparameters were tuned for the NN with input set 1 as input. Figure [T4]
shows that the models with 100 cells per layer yielded higher performance scores among all
metrics than the models with 200 cells per layer. The performance scores for the networks
with 100 cells per layer yielded similar performance scores and similar standard deviation.
The configuration of 1 layer containing 100 cells was chosen as the configuration which was

used to compare input set 1 with input set 2 and 3.
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Figure 14: The performance score of an NN with input set 1 with different structures.
The error bars denote the standard deviation over the folds through leave one subject out

validation.

Next, the hyperparameters were tuned for the NN with input set 2. Figure [T5] shows
that generally, the model seemed to yield similar results for all hyperparameters. However,
the models with 100 cells per layer had a significantly higher standard deviation, where
the reported accuracy differed between 55.4% and 87.6%. The performance scores for the
networks with 200 cells per layer yielded similar performance scores and similar standard
deviation. The configuration of 2 layers, with both layers containing 200 cells, was chosen
as the configuration which was used to compare input set 2 with input set 1 and 3.
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Figure 15: The performance score of an NN with input set 2 with different structures.
The error bars denote the standard deviation over the folds through leave one subject out

validation.

Lastly, the hyperparameters were tuned for the NN with input set 3. Figure [I6]shows that
the NN with 200 cells per layer yielded higher performances than the models with 100 cells
per layer. Moreover, the configuration with only 1 layer yielded slightly higher performance
scores than the configuration with 2 layers. Thus, the configuration with 1 layer containing
200 cells was chosen as the configuration that was used to compare input set 3 with input set
1 and 2.
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The performance score of an NN with input set 3
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Figure 16: The performance score of an NN with input set 3 with different structures.
The error bars denote the standard deviation over the folds through leave one subject out

validation.

The performances from the best configurations were compared with each other, which
can be seen in Figure [[7} The NN with input set 3 yielded the highest accuracy (85.3%), F-
score (84.9%) and MCC (0.806). However, the NN with input set 1 yielded a higher balanced
accuracy score (75.7%) than the NN with input set 2 (72.3%) and input set 3 (74.5%). On the
other hand, the NN with input set 2 yielded lower performance scores than the NN with input
set 3 among all metrics. The NN with input set 1 yielded significantly lower performance
scores than the NN with input set 3 on accuracy (80.2% against 85.3%), F-score (81.6%
against 84.9%) and MCC (0.74 against 0.81). However, the NN with input set 1 yielded a
higher performance score based on the balanced accuracy (75.7% against 74.5%). This can
be explained with Figure [I8] where the NN with input set 1 yielded significantly less False
Negative misclassifications (2724 FN, 6407 FP) than the NN with input set 2 (3913 FN, 1870
FP) and 3 (3843 FN, 1246 FP) in the hardest class to classify (walking natural), which is also
the class with the least amount of samples. On the other hand, the NN with input set 2 and
3 yielded significantly less False Positive misclassifications (1870 and 1246 respectively)
than the NN with input set 1 (6407). Thus, the NN with input set 1 generally classified more
samples as walking natural, and with this, decreased its accuracy, but increased its balanced

accuracy. Overall, it seems that the NN with input set 3 scored the best performance results.
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Figure 17: The performance score of an NN with different input sets. The error bars denote
the standard deviation over the folds through leave one subject out validation.
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Figure 18: The confusion matrix of an NN with input set (a) 1, (b) 2 and (c) 3.
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6.1.2 Long Short-Term Memory

First, the hyperparameters were tuned for each model with a different input set. Generally,
one or two LSTM layers are used in an LSTM network by the reviewed state-of-the-art [[10]],
[34], [[70], which was also the number of layers that was tested in this experiment. Moreover,
for the state of the art LSTM models, often 32 to 50 cells per layer were used [[10]], [20], [34]],
[92]. Thus, 50 cells per layer were chosen. However, also more cells per layer were tested to
see if this improves the performance. Therefore, 50 and 200 cells per layer were tested.
First, the hyperparameters were tuned for the LSTM with input set 1 as input. Figure[T9]
shows that the models with only 1 layer yielded the highest performance scores. Especially
the model with 2 layers, containing 200 cells yielded low performance scores (62.8%
accuracy, 56.4% balanced accuracy, 58.1% F-score and 0.487 MCC) with a high standard
deviation. Overall, the model with 1 layer, containing 200 cells per layer, yielded the highest
performance scores (79.7% accuracy, 79.2% balanced accuracy, 81.3% F-score and 0.763
MCC). Thus, the model with 1 layer, containing 200 cells per layer, was chosen as the

configuration which was used to compare input set 1 with input set 2 and 3.

The performance score of an LSTM with
input set 1 with different structures
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Figure 19: The performance score of an LSTM with input set 1 with different structures.
The error bars denote the standard deviation over the folds through leave one subject out

validation.

Next, the hyperparameters were tuned for the LSTM with input set 2. Figure 20| shows
that the configurations with 200 cells per layer yielded a better performance than the con-
figurations with 100 cells per layer. Moreover, the LSTM with only one layer containing
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50 cells had a significantly higher standard deviation than the other models. Both models
containing 200 cells per layer yielded similar results with similar standard deviation rates.
The configuration of 2 layers, with both layers containing 200 cells, was chosen as the

configuration which was used to compare input set 2 with input set 1 and 3.
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Figure 20: The performance score of an LSTM with input set 2 with different structures.
The error bars denote the standard deviation over the folds through leave one subject out

validation.

Lastly, the hyperparameters were tuned for the LSTM with input set 3. Figure [21] shows
that the LSTM with 2 layers, containing 50 cells, yielded a higher performance than the other
models, based upon the accuracy, F-score and MCC. On the other hand, the model with 1
layer, containing 200 cells, yielded the highest performance based on the balanced accuracy
score. However, these performances yielded quite similar scores based upon the balanced
accuracy (79.2% against 80.0%). Thus, the configuration with 2 layers containing 50 cells

was chosen as the configuration that was used to compare input set 3 with input set 1 and 2.
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Figure 21: The performance score of an LSTM with input set 3 with different structures.
The error bars denote the standard deviation over the folds through leave one subject out

validation.

The performances from the best configurations are compared with each other, which can
be seen in Figure 22] The LSTM with input set 2 and 3 yielded the highest accuracy (87.7%
and 88.2% respectively), F-score (88.4% and 88.0% respectively) and MCC (0.837 and 0.843
respectively). The LSTM yielded a significantly lower accuracy (79.7%), F-score (81.3%)
and MCC (0.763) with input set 1. Interestingly, the LSTM yielded a similar performance for
input set 1 (79.2%), 2 (80.3%) and 3 (79.2%) when measuring the balanced accuracy. This
difference can be explained with Figure 23] which shows that the LSTM could generally not
classify the walking natural class well, yielding many misclassifications for all input sets
(1957, 2795 and 3755). The LSTM with input set 1 had the least misclassifications in this
class, although it had significantly more misclassifications among the classes grazing (7093)
and walking rider (31578). This gave the LSTM with input set 1 a relatively low accuracy
(79.7%), but a relatively high balanced accuracy (79.2%). Overall, it seems that the LSTM

was best at accurately classifying all classes with input set 2 or 3.
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Figure 22: The performance score of an LSTM with different input sets. The error bars
denote the standard deviation over the folds through leave one subject out validation.
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Figure 23: The confusion matrix of an LSTM with input set (a) 1, (b) 2 and (c) 3.
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6.1.3 Multivariate Long Short-Term Memory Fully Convolutional Network

The number of cells per LSTM layer were used from the study of Karim et al. [[71]], which
was eight cells per LSTM layer. Next to that, a higher number (50) cells per LSTM layer was
tested to see if this causes an increase in performance. Moreover, the number of cells in the
convolutional layers was tested to see if this improved the performance. The first and third
layer originally consisted of 128 cells. In this study, the model was tested once with 128 and
again with 256 cells in the first and third layers. The second layer originally consisted of 256
cells and also for this layer, 128 and 256 cells were tested. All configurations that were tested
can be found in Table

First, the hyperparameters were tuned for the MLSTM-FCN with input set 1 as input.
Figure [24] shows that the model with 8 cells in the LSTM layer and 128 cells in the convolu-
tional layer and the model with 50 cells in the LSTM layer and 256 cells in the convolutional
layers yielded higher performance scores among all metrics than the other models. Among
those two best-performing models, the performance scores are similar. The configuration
of 8 cells in the LSTM layer and 128 cells in the convolutional layers was chosen as the

configuration which was used to compare input set 1 with input set 2 and 3.
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Figure 24: The performance score of an MLSTM-FCN with input set 1 with different
structures. The error bars denote the standard deviation over the folds through leave one

subject out validation.

Next, the hyperparameters were tuned for the MLSTM-FCN with input set 2. Figure 25]
shows that the configuration with 50 cells in the LSTM layer and 256 cells in the convolutional
layers yielded the highest performance results. Additionally, the standard deviation was much
higher (16 to 18%) for some of the other models than for the model with 50 cells in the
LSTM layer and 256 cells in the convolutional layers (7%). The configuration of 50 cells in
the LSTM layer and 256 cells in the convolutional layers was chosen as the configuration

which was used to compare input set 2 with input set 1 and 3.
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Figure 25: The performance score of an MLSTM-FCN with input set 2 with different
structures. The error bars denote the standard deviation over the folds through leave one

subject out validation.

Lastly, the hyperparameters were tuned for the MLSTM-FCN with input set 3. Figure [26]
shows that the models all yielded quite similar performance results. Overall, the MLSTM-
FCN with 50 cells in the LSTM layer and 256 cells in the convolutional layers, along with
the model with 50 cells in the LSTM layer, 128 cells in the first and third convolutional
layers and 256 cells in the second layer yielded the highest performance, with similar results.
The configuration with 50 cells in the LSTM layer and 256 cells in the convolutional layers
was chosen as the configuration that was used to compare input set 3 with input set 1 and 2.
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Figure 26: The performance score of an MLSTM-FCN with input set 3 with different
structures. The error bars denote the standard deviation over the folds through leave one
subject out validation.

The performances from the best configurations were compared with each other, which
can be seen in Figure 27] The MLSTM-FCN with input set 1 yielded significantly lower
performance scores than the MLSTM-FCN with input set 2 and 3. Next to that, the MLSTM-
FCN with input set 2 and 3 yielded similar results, with input set 3 yielding a slightly higher
standard deviation for the balanced accuracy (13.3%) than the MLSTM-FCN with input set
2 (8.8%). Conclusively, the MLSTM-FCN scored significantly higher performance scores
when using input set 2 or 3 than using input set 1.
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Figure 27: The performance score of an MLSTM-FCN with different input sets. The error

bars denote the standard deviation over the folds through leave one subject out validation.

6.1.4 Conclusion

The influence of three input sets (1, 2 and 3) were tested with three classifiers (NN, LSTM
and MLSTM-FCN). For the NN, input set 1 and input set 3 seemed to be the best input sets,
where input set 3 yielded the highest performances when measuring the accuracy (80.2%,
82.8% and 85.3% for input sets 1, 2 and 3), F-score (81.6%, 82.3% and 84.9% for input
sets 1, 2 and 3) and MCC (0.743, 0.773 and 0.806 for input sets 1, 2 and 3) and input set 1
yielding a higher performance score when measuring the balanced accuracy (75.7%, 72.3%
and 74.5% for input sets 1, 2 and 3). For the LSTM, both input set 2 and 3 yielded higher
performance results than input set 1 on all metrics. Among input set 2 and 3, the classifier
yielded similar performances. The MLSTM-FCN yielded similar results as the LSTM, also
yielding the highest results with input set 2 and 3. Overall, input set 1 generally yielded quite
a low accuracy, F-score and MCC for all classifiers, but yielded a relatively high balanced
accuracy score. However, for the LSTM and MLSTM-FCN, input sets 2 and 3 still yielded
higher balanced accuracy scores.

Interestingly, it was expected that input set 1 would yield a lower performance on the NN,
since this data is quite complex, and the model is quite simple. It is important to note that the
NN yielded a lower accuracy with input set 1 than with the other input sets, it just yielded a
higher balanced accuracy than with the other input sets. This is mainly because the NN with
input set 1 yielded a significantly lower FN rate in standing (396) and walking natural (2724)
but a significantly higher FN rate in grazing (4360) than the NN with input set 2 (standing:
1406, walking natural: 3913, grazing: 3424) and 3 (standing: 1905, walking natural: 3843,
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grazing: 801). This difference might be because the standing and walking natural activities
suffer less from being rotation dependent, which input set 1 is. On the other hand, the grazing
activity might benefit from having orientation independent signals, as in input set 2 and 3.
This is confirmed by the fact that the LSTM also yielded a higher FN rate from the grazing
activity with input set 1 (7095) than 2 (3368) and 3 (1206) and a lower FN rate from the
standing and walking natural activities with input set 1 (456 and 1957 respectively) than 2
(841 and 2759 respectively) and 3 (586 and 3755 respectively).

When evaluating input set 2 and 3, it was clear that the NN yielded a higher performance
with input set 3 than with input set 2, thus benefiting from the added RMS values in this
input set. This might be because the NN is not able to grasp the long-term dependencies
of the data, such as the overall magnitude, very well. On the other hand, the LSTM and
MLSTM-FCN might be able to calculate a feature, such as the RMS, by themselves, thus not
yielding a significant difference in performance. Since input set 3 yielded high performance
results for all classifiers, this input set is recommended to use for further AAR projects.

6.2 Comparison between classifiers

In this subsection, the performance results of the NN, LSTM and MLSTM-FCN are presented.
Since input set 2 was used by Kamminga et al. [[75]] with the same dataset, input set 2 was
also used in this experiment, so the results can be compared with the results of Kamminga et
al. This input set is described in Table[5] The hyperparameter tuning for the three classifiers
with input set 2 can be found in Chapter[6.1.1}[6.1.2]and [6.1.3] The optimal hyperparameters
for each classifier, with input set 2, can be found in Table [T0}

Table 10: The hyperparameters for which the highest performance is yielded with input set 2
by the NN, LSTM and MLSTM-FCN.

| NN | LSTM | MLSTM-FCN

Number of layers H 2 ‘ 2

200 (LSTM) | 8 (LSTM)

128 (Convolutional)

Cells per layer 200 (Dense)

Please note: a dash (-) means this setting was not tested.

The performance results of the three classifiers with input set 2, along with the per-
formance from the Naive Bayes (NB) classifier from Kamminga et al. [75]] are shown in
Figure The balanced accuracy and the MCC score of the NB from Kamminga et al.
are unknown. First, the NN, LSTM and MLSTM-FCN all outperformed the NB classifier
Additionally, the NN was outperformed by the LSTM and MLSTM-FCN on all metrics.
Moreover, the standard deviation was also bigger for the NN (11% to 17%) than for the
LSTM (5% to 9%) and MLSTM-FCN (7% to 9%) for all metrics. Next to that, the LSTM and
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MLSTM-FCN yielded similar performance results, where the MLSTM-FCN outperformed
the LSTM based on accuracy (88.5% to 87.7%) and MCC (0.843 to 0.837), but the LSTM
outperformed the MLSTM-FCN based on balanced accuracy (80.3% to 76.9%) and F-score
(88.4% to 87.6%). As shown in Figure 29] the MLSTM-FCN had a lower False Negative
misclassification rate for the walking with a rider (3322) and grazing (2166) activities than
the LSTM for walking with a rider (4906) and grazing (3368). Since these two activities are
also among two of the three biggest classes, this increased the accuracy of the MLSTM-FCN.
On the other hand, the LSTM especially outperformed the MLSTM-FCN in terms of running
(143 FN against 265 FN), walking natural (2759 FN against 3712 FN) and standing (841 FN
against 1424 FN), which are the three smallest classes. Overall, it can be seen in Figure [30}
that all classifiers yielded a bad performance in the walking natural activity. This is probably
due to the fact that the walking natural activity is the smallest class, therefore the classifiers
are biased towards the other classes. Apart from that, the activity is also very similar to the
grazing and walking rider activities. Even though all classifiers performed poorly on the
walking natural activity, the LSTM performed slightly better than the other classifiers on this
class, yielding a recall of 25.7% on the walking natural activity, as opposed to 8.8% for the
MLSTM-FCN and 9.0% for the NN.

The performances of an NN, LSTM,
MLSTM-FCN and NB
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Figure 28: The performances of the NN, LSTM, MLSTM-FCN and NB classifiers trained on
input set 2. The error bars denote the standard deviation over the folds through leave one

subject out validation.
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Figure 29: The confusion matrix of an (a) NN, (b) LSTM and (c) MLSTM-FCN trained on

input set 2.
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FCN trained on input set 2. The error bars denote the standard deviation over the folds
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Even though the LSTM yielded a higher performance than the MLSTM-FCN and NN
based on its balanced accuracy and F-score, it is important to note that the LSTM took
much more time to train, since it needed around 150 epochs to convert towards its highest
performance and each training epoch took around 20 seconds. The NN and MLSTM-FCN,
however, only needed around 40 epochs to convert towards its highest performance and
each training epoch took around 10 seconds. Thus, overall, the NN and MLSTM-FCN
trained 7 to 8 times faster than the LSTM. Even though this evaluation is not based upon the
time-restraints, a classifier with a lower training time will be easier to experiment with and

to eventually implement in an AAR system.

6.2.1 Possible causes for the difference in performance of the classifiers

Both the LSTM and MLSTM-FCN yielded higher performance scores than the NN. This
might be due to the fact that the NN might have not been complex enough to grasp every
aspect of the data, therefore yielding a lower performance than both the LSTM and MLSTM-
FCN. The LSTM and MLSTM-FCN yielded similar results on the accuracy (88.5% to
87.7%), F-score (87.6% to 88.4%) and MCC (0.843 to 0.837) metrics, where the LSTM
yielded higher scores on the smaller classes (walking natural and standing) and the MLSTM
on the bigger classes (walking rider and grazing). The fact that the MLSTM-FCN was less
able to classify the smaller classes might be attributed to the fact that it is a very complex
model, which needs a lot of data. Therefore, there might have not been enough data for it to
learn to its full extend. Moreover, since the accuracy was used as the metric during training,
the model might have also simply focused more on yielding a higher accuracy, which might
have caused a decrease in its balanced accuracy. On all models the validation accuracy was
similar to the training accuracy and the testing accuracy was not significantly lower than the

training accuracy, which shows that none of the models suffered from overfitting.

6.3 Requirement Evaluation

In Chapter [5] the requirements for the classifiers were stated, which will now be revisited.
Firstly, the program is written in Python and is able to handle fully-labeled, offline time-
series data, so requirements 1, 2, 3 and 4 are fulfilled. Next to that, it was possible to run the
classifiers multiple times for different hyperparameters and input sets within the time span
of this project. Therefore, also requirement 5 is fulfilled. However, it is important to note
that the LSTM took much more time to train than the NN and MLSTM-FCN. Apart from
that, as described in Chapter [} the results, including a confusion matrix, accuracy, F-score
and MCC, for each experiment are saved in a database, therefore fulfilling requirement
6. All experiments were performed with the Leave One Out evaluation method, thus also
requirement 7 is fulfilled. Lastly, the performance goal of the classifier was to reach at least
an accuracy of 81% and an F-score of 73% on the classification of six activities by six horses.
This requirement was met by all models, with the NN (82.8% accuracy, 82.3% F-score)
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slightly outperforming the classifier based on accuracy, but yielding a significantly higher
F-score. Moreover, both the MLSTM-FCN and LSTM yielded significantly higher scores
on both the accuracy, with 87.7% and 88.5% respectively, and the F-score, with 88.4% and

87.6% respectively. In conclusion, all requirements set in Chapter [5| were met.

6.4 Conclusion

Three input sets, which can be found in Table ] [5|and [6] were used to see which input set
yields the highest performance score from the classifiers. For each of the classifiers, with
each input set, a grid search was performed to tune the hyperparameters. Since input set 1
is in a more complex data format than input set 2 and 3, it would be logical for the more
complex models (LSTM and MLSTM-FCN) to perform better with input set 1 and the less
complex model (NN) to perform better with input set 2 or 3. However, this was not the
case, since the NN yielded the highest performance with input set 1 and 3 and the LSTM
and MLSTM-FCN yielded the highest performance with input set 2 and 3. The LSTM and
MLSTM-FCN probably yielded similar performances with input set 2 and 3 because they
were able to extract the RMS feature by themselves. The NN, on the other hand, benefited
from the added RMS values in input set 3. Overall, input set 3 yielded a high performance
for all classifiers.

The main research question poses:

Which animal activity recognition algorithm performs the best on IMU horse data, and what

aspects lead it to outperform other algorithms?

To answer this question, three classifiers (NN, LSTM and MLSTM-FCN) were compared
based on their performance with input set 2. The LSTM and MLSTM-FCN yielded higher
performance scores than the NN on all metrics. Among the LSTM and MLSTM-FCN, the
LSTM yielded higher performance scores based upon the balanced accuracy (80.3% to
76.9%) and F-score (88.4% to 87.6%) and the MLSTM-FCN yielded higher performance
scores based upon the accuracy (88.5% to 87.7%) and MCC (0.843 to 0.837). Moreover,
it took the LSTM around 7 to 8 times longer to train than the MLSTM-FCN. The most
confusion among activities, for all classifiers, comes from the grazing (high FP rate) and
walking natural (high FN rate) activities. This confusion can mostly be attributed to the fact
that the grazing, walking natural and walking rider activities are very similar. Next to that, the
grazing activity is also the smallest class, which has caused a bias in all classifiers towards
the other classes. Overall, both the LSTM and MLSTM-FCN yielded good performance

results and are recommended to use in further AAR projects.
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7 Conclusion

Within this report the performance of three classifiers have been evaluated on horse IMU

data to answer the main research question:

Which animal activity recognition algorithm performs the best on IMU horse data, and what

aspects lead it to outperform other algorithms?

However, before the main research question can be answered, the two sub-research questions

will be answered. Firstly, the first sub-research question has been answered in Chapter [3}

Which animal and human activity recognition algorithms that have been developed in the
last two years are the most promising to utilize for a horse activity recognition algorithm
using IMU data?

From the state of the art it was concluded that the most recent studies most often use a CNN
or LSTM, which have shown to be well-performing classifiers in these studies as well. Next
to that, the CNN-LSTM has yielded a great performance in multiple studies, although it
has not been used as often in the surveyed studies as the CNN and LSTM. Especially the
MLSTM-FCN, a variation on the CNN-LSTM, yielded an outstanding performance. Next
to that, the code of the MLSTM-FCN was published online, making it a suitable algorithm
to use in this project. Other classifiers, such as NB, RF, HMM, SVM and KNN yielded
varying results, with a high performance in some studies and lower performance in others.
Next to that, some classifiers, such as CT, GBT, HMM and KNN, were not used by many
of the surveyed studies, making it hard to evaluate their usefulness for this project. From
this research it was concluded that the CNN, LSTM and MLSTM-FCN would be the most
promising algorithms to use for a horse activity recognition algorithm. Eventually, an NN,
LSTM and MLSTM-FCN were developed in Chapter [6] The second sub-research question
has been answered in Chapter [5}

What are the requirements for an animal activity recognition algorithm that can classify

multiple activities with an adequate performance?

The requirements that have been set up can be found in Table[5] which describe the required
language, data structure, time constraints, functionality and performance. Next to that, the
requirements have been revisited in Chapter|[6] where it was concluded that all requirements
were met. It is important to note that the LSTM needed a significantly longer training time
than the NN and the MLSTM-FCN. Next to that, all classifiers improved upon the accuracy
and F-score goals that were set in the requirements. Lastly, the main research question has

been answered in Chapter [6}

Which animal activity recognition algorithms perform the best on IMU horse data, and what

aspects lead it to outperform other algorithms?
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As mentioned above, a NN, LSTM and MLSTM-FCN have been compared based on their
performance on the horse IMU data set. This evaluation was performed through leave one
subject out validation. From these tests, it was concluded that the LSTM (87.8% accuracy,
88.4% F-score) and MLSTM-FCN (88.5% accuracy, 87.6% F-score) yield a higher perfor-
mance than the NN (82.8% accuracy, 82.3% F-score) on all metrics (accuracy, balanced
accuracy, F-score and MCC). The LSTM and MLSTM-FCN probably outperform the NN
because they are more complex and can thus understand the complex data better.

The MLSTM-FCN yielded higher a accuracy (88.5%) and MCC (0.843) than the LSTM
(87.7% accuracy, 0.837 MCC), although the LSTM yielded a higher balanced accuracy score
(80.3%) and F-score (88.4%) than the MLSTM-FCN (76.9% balanced accuracy, 87.6%
F-score). This difference is mainly attributed to the fact that the MLSTM-FCN is better
at classifying the classes with the most samples, therefore yielding a higher accuracy than
the LSTM. On the other hand, the MLSTM-FCN is not as good at classifying the smallest
classes, therefore yielding a lower balanced accuracy score than the LSTM. Thus, the LSTM
is especially recommended when the classification of all classes is important, while the
MLSTM-FCN is especially recommended when a high classification rate in general is more
important. Moreover, the MLSTM-FCN is also recommended to use when there is limited
training time, since it is 7 to 8 times quicker than the LSTM. Overall, it can be concluded
that the LSTM and MLSTM-FCN performed best on the IMU horse dataset and are both

recommended algorithms to use in future AAR projects.
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8 Future Work

This study has shown the performances of an NN, LSTM and MLSTM-FCN, but the research
on these classifiers could still be expanded upon. First, the CNN was not included in this
study, despite being one of the most well-performing algorithms from the surveyed studies
in the state of the art. Second, the validation data is now split from the training data with
a Simple Split. However, the performance of the classifiers might increase if the Leave
One Subject Out validation method was used here as well, since the model needs to be
able to handle heterogeneity well during training. Next to that, the hyperparameter tuning
could be performed with a smoother and faster optimization method, such as the Bayesian
optimization method. This would also allow for different hyperparameters per fold of the
leave one subject out validation, which could increase the performance of the classifiers.
Moreover, the scaling of the test data was now performed with only information from the
test dataset itself. However, in a future study, the information from the training data should
be included to scale the test data.

Since the dataset that was used is now only labeled extensively enough on six activities,
more data acquisition could give more information on the performance of the classifiers.
For example, it would be useful to gather more data from the less-labeled activities to see
how well the classifiers perform when they have to classify more classes, including classes
that may yield quite similar data. Next to that, having more data could also increase the
performance of more complex models, such as the MLSTM-FCN. Furthermore, the dataset
is also quite imbalanced, which may decrease the performance of all classifiers. Thus, if
more data was gathered, this could also solve the problems caused by the imbalance of the
dataset. Moreover, in a future study, all other activities, which were not labeled extensively,
should be added in the category "other", to see how well the classifier is able to recognize
the difference between the six extensively labeled activities and the other activities.

Many different topics are still to be researched before the AAR pipeline can be used to
monitor wildlife. First, the pipeline will need to be expanded, so that it can use unsupervised
and active learning, which is currently being researched by other students. Moreover, since
the AAR pipeline could be used for other animals as well in the future, it is important to test
the classifier on other animals to see if it standardizes well over different types of animals.
Next to that, since the classifier will run on a collar, the resource restrictions need to be
evaluated in a future study. Even though the LSTM yields a high performance, it also requires
high computational time and power. Despite the MLSTM-FCN being almost 7 to 8 times
quicker than the LSTM, the MLSTM-FCN might require more memory than the LSTM.
Thus, it is probably not able to operate with a low memory and low impact on the battery of
the tracking device. Therefore, in a future study it should be investigated whether an LSTM
and MLSTM-FCN would be able to run based with a low memory and low impact on the
battery of a tracking device. If this is not possible, solutions should be offered to use the
LSTM or the MLSTM-FCN in a new pipeline. For example, this state of the art classifier

84



can be used to label a large amount of data, which can then be used as input into a classifier

which requires less resources.
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