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Abstract

An automated animal activity recognition (AAR) system allows caretakers to continuously and
remotely monitor animal behavioral variations, thereby providing rich insights into animal
health and welfare and promoting livestock management efficiency. Over the past decades,
advancements in deep learning techniques and wearable sensors have driven the rapid
development of automated and precise AAR systems. However, when we develop an AAR
system based on deep learning and wearable sensors, some technical challenges must be
improved before its practical implementation in commercial animal farming. This thesis mainly
focuses on four practical challenges of building an AAR system, including multi-modal fusion,
class imbalance, data privacy, and energy efficiency. Concretely, (1) Multi-modal fusion.
Typically, multiple sensors of different types are attached to an animal’s body, or sensors of the
same type are attached to different locations on an animal’s body, to record multi-modal data
and obtain rich information. However, integrating multi-modal data poses a challenge for multi-
modal fusion in the development of deep learning-based recognition models, as a model may
struggle to generalize the different modalities of sensor data. A conflicting correlation between
multiple modalities can easily interfere with multi-modal fusion, resulting in limited
recognition performance. (2) Class imbalance. The frequency and duration of different animal
behaviors tend to be inconsistent, owing to animals’ specific physiologies, thereby leading to a
disproportion in the number of samples among behavioral classes and inducing class imbalance.
Deep learning methods trained on imbalanced datasets tend to be biased towards majority
classes and away from minority classes, which often causes poor model generalizability and

high classification error rates for rare categories. (3) Data privacy. Deep learning has dominated
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the tasks in AAR due to the high performance achievable with the help of large-scale training
datasets. However, in reality, constructing a large corpus of centralized datasets across different
sources (e.g., farms) results in data ownership and privacy problems, and poses a significant
risk of commercial information leakage for producers and stockholders. Compared to such a
traditional centralized manner, distributed learning paradigm without exchanging private data
can provide a promising solution in the future privacy-preserving AAR system. (4) Energy
efficiency. Animal activities are generally monitored over a long period (e.g., a few weeks or
several months), which requires sensing devices to continuously collect and transmit data. As
most embedded sensing devices are battery-powered, factors affecting the energy consumption
and battery life of sensing devices must be carefully considered. The literature has proven that
higher sampling rates come at a cost in real-world deployments that rely on long-term
operations. Considering practical benefits, existing works have often lowered the sampling rate
of sensors to reduce energy costs. However, when the sampling rate falls below a threshold, the

AAR performance degrades rapidly due to many relevant signals being missed.

In this thesis, I am devoted to investigating corresponding solutions to above-mentioned
challenges, aiming to enhance the robustness of an automated AAR system. First, to improve
the capability of AAR based on imbalanced multi-modal data, I develop a cross-modality
interaction network (CMI-Net) for multi-modal fusion and adopt class-balanced (CB) focal loss
for alleviating the class imbalance problem. Specifically, the CMI-Net consists of a dual CNN
trunk architecture to extract modality-specific features and a cross-modality interaction module
(CMIM) to achieve deep inter-modality interaction. In particular, the CMIM based on an
attention mechanism adaptively recalibrates each modality’s temporal- and axis-wise features
by leveraging multi-modal information. Thus, it enables the CMI-Net to effectively capture
complementary information and suppress unrelated information from multiple modalities. In
addition, the CB focal loss is employed to supervise the network training, and it can force the
network to pay more attention not only to samples of minority classes, diminishing their
influence from being overwhelmed during optimization, but also to samples that are hard to

distinguish.



Second, I introduce a new distributed learning strategy, i.e., federated learning (FL), to
achieve automated AAR based on decentralized data over different farms while protecting data
privacy and ownership. I adequately consider two challenges (i.e., client-drift during local
training and local gradient conflicts during global aggregation) resulting from data
heterogeneity between multiple farms when directly applying FL to AAR tasks. To tackle these
two challenges, I propose a novel FL framework called FedAAR that comprises a prototype-
guided local update (PLU) module for local optimization and gradient-refinement-based
aggregation (GRA) module for global aggregation. Specifically, the PLU module encourages
all clients to learn consistent feature knowledge by imposing a global prototype guidance
constraint to local optimization, reducing the divergence between client updates. The GRA
module eliminates conflicting components between local gradients during global aggregation,
effectively guaranteeing that all refined local gradients point in a positive direction to improve

the agreement among clients.

Third, I present a novel approach, dubbed teacher-to-student information recovery (T2S-
IR), to achieve energy-efficient AAR at low sampling rates while maintaining desirable
performance. The T2S-IR effectively leverages the knowledge obtained from high-sampling-
rate data, to assist in recovering the missing information in features extracted by the
classification network trained on low-sampling-rate data. Specifically, I first utilize high-
sampling-rate data for training teacher classification and reconstruction networks sequentially.
Then, I train a student classification network using low-sampling-rate data, while promoting its
performance by exploiting the knowledge learned by trained teacher networks via two novel
modules, namely the reconstruction-based information recovery (RIR) module and the
correlation-distillation-based information recovery (CDIR) module. Particularly, the RIR
module exploits the pre-trained teacher reconstruction network to compel the student
classification network to learn complete and descriptive features. The CDIR module enforces
the feature maps of student network to mimic internal correlations within feature maps of pre-
trained teacher classification network along temporal and sensor axes directions. The enhanced

student network can be directly applied to infer different animal activities in practical scenarios
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with low sampling rates.

In conclusion, this thesis outlines four practical challenges associated with the
development of AAR systems based on deep learning and wearable sensors, including multi-
modal fusion, class imbalance, data privacy, and energy efficiency. Correspondingly, I have
presented a series of strategies to address these challenges, including the CMI-Net combined
with CB focal loss to achieve multi-model fusion and mitigate the class imbalance problem, the
FedAAR to perform automated AAR by uniting decentralized data while preserving data
privacy across farms, and the T2S-IR to maintain the favorable performance of AAR at low
sampling rates. Extensive experiments conducted on public datasets acquired for horses or/and
goats using tri-axial accelerometers and tri-axial gyroscopes have verified the effectiveness of
the proposed methods, which exhibit superior performance to the state-of-the-art algorithms on

various tasks.
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Chapter 1

1 Introduction

1.1 Background

The behavior of animals provides rich insights into their mental and physical states and is
among the most crucial indicators of animals’ health, welfare, and subjective states [1, 2].
However, animal behavior monitoring largely relies on manual observations that are time-
consuming, labor-intensive, and involve the subjective judgments of individuals [2]. Therefore,
investigating and developing an automated, quantifiable, and precise measurement system for
animal behavior, particularly for animal health and welfare monitoring, is vital. Such intelligent
animal activity recognition (AAR) systems allow caretakers to continuously and remotely
monitor animal behavioral variations, thereby reducing workloads and costs in veterinary

clinics and promoting livestock management efficiency [3].

Over the past decades, advancements in digital technologies (e.g., computer vision,
wearable sensors, and acoustic analysis systems) have driven the rapid development of
automated and precise AAR systems. In particular, wearable sensors, such as accelerometers,
gyroscopes, magnetometers, pressure sensors, and global navigation satellite systems, have
gained popularity in animal monitoring applications owing to their light weight, compact size,
low power consumption, high reliability, exceptional stability, and effortless integration. The

kinetic characteristics (e.g., acceleration and angular velocity), pressure, and geo-location



Chapter 1 Introduction

information of animals with different behaviors can be accurately measured at a certain
sampling rate (e.g., 10, 25, 50, and 100 Hz) using these sensors, which are generally attached
to specific animal body parts (e.g., ears, necks, halters, or legs). Subsequently, advanced
intelligent computing techniques are used to process and analyze the recorded data to classify
various animal behaviors, such as the walking and rumination of cattle [4], the trotting and

cantering of horses [2], and the eating and petting behaviors of dogs [5].

Deep learning, as one of the most promising data processing and analysis techniques, has
been successfully adopted in diverse fields, including wearable sensor-aided AAR, owing to its
excellent automated feature-extraction ability [6, 7]. Specifically, deep learning involves
multiple layers of neural networks and thus enables the learning of features from raw sensor
data with less preprocessing than other methods and allows for the hierarchical representation
of features from low to high levels [8]. The most common deep learning methods include fully
connected feedforward neural networks, convolutional neural networks (CNNs), recurrent
neural networks, and their variants [§—10]. These methods can be stacked into different layers
to form deep learning models that can enhance system performance, flexibility, and robustness.
Deep learning models combined with wearable sensors have exhibited promising performance

in distinguishing daily animal activities [2, 11-14].

Despite the increased and successful application of deep learning techniques with wearable
sensor data for AAR, some technical challenges associated with deep learning, such as its
performance and cost, need to be improved before its practical implementation in commercial
animal farming. As our primary concern, the recognition performance of deep learning models
is heavily reliant on the availability of high-quality training data [4, 15]. However, external
factors in the data collection process may increase the data complexity, potentially interfering
with the network’s feature learning and thus resulting in limited recognition performance [8].
Meanwhile, some strict data collection conditions or high annotation expenses often lead to
data limitations, which prompts us to construct a centralized dataset across diverse sources [16,

17]. This inevitably raises concerns over data privacy and poses a significant risk of commercial



1.2 Motivations

information leakage for producers and stockholders. In addition, long-term animal monitoring
is necessary for practical wearable sensor-aided AAR systems, making it crucial to develop
energy-efficient behavior detection methods [2, 18]. This directly relates to the economic
benefits of the farming industry. In this thesis, I focus on four practical challenges associated
with the development of AAR systems based on deep learning and wearable sensors, including
multi-modal fusion, class imbalance, data privacy, and energy efficiency, aiming to find feasible

solutions to promote the robustness of automated AAR systems.

1.2 Motivations

In this section, I delve into the motivations behind the above-mentioned challenges, including

multi-modal fusion, class imbalance, privacy, and energy efficiency.

1.2.1 Multi-modal Fusion

In general, using a single wearable sensor may not capture all relevant information and result
in incomplete or noisy data. This easily leads to difficulty in accurately classifying similar
activities and a lack of redundancy, making the AAR system more vulnerable to errors and
failures. To obtain richer information about animal activities, multiple sensors are often
attached to the animal’s body in terms of sensor type or placement location. As a result, multi-
type data exhibiting diverse modality characteristics, known as multi-modal data, can be
recorded during data collection. However, integrating multi-modal data inevitably poses a
challenge of multi-modal fusion when developing deep learning-based recognition models,
because the model may struggle to generalize the different modalities of sensor data [11]. The
conflicting correlation among multiple modalities can easily interfere with the multi-modal
fusion, resulting in limited recognition performance [8]. Thus, there is an urgent need for

favourable methods that can handle well on multi-modal fusion.
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1.2.2 Class Imbalance

The frequency and duration of different animal behaviors tend to be inconsistent, owing to
animals’ specific physiologies, and annotating rare or infrequent behaviors (e.g., the drinking
behavior of grazing cattle) is difficult because they occur occasionally or for short durations
[6]. This leads to a disproportion in the number of samples among behavioral classes and
induces class imbalance [19-21]. Deep learning methods trained on imbalanced datasets tend
to be biased towards majority classes and away from minority classes, which often causes poor
model generalizability and high classification error rates for rare categories [22, 23]. Therefore,
in the context of class imbalance, developing a fair classification model that does not favor one

behavior over another is necessary.

1.2.3 Data Privacy

In recent years, deep learning models have dominated AAR tasks due to the high performance
achievable with the help of large-scale training datasets [4, 15]. However, in reality, building a
big dataset for one farm or institution is difficult, and limited training data easily cause model
overfitting, resulting in unsatisfactory classification performance [24, 25]. As shown in Fig. 1.1,
training models based on data within a single site always have low accuracies due to data
limitations. In contrast, the accuracy significantly increases when using centralized data from
both sites. Thus, data collaboration across diverse sources (e.g., farms) is increasingly desired
for learning a global model [16, 17]. However, constructing a large corpus of centralized
datasets across different farms inevitably brings data ownership and privacy issues. Compared
to such a traditional centralized manner, distributed learning paradigm without exchanging

private data can provide a promising solution in the future privacy-preserving AAR system.
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Fig. 1.1 Test accuracies based on data within a single site and centralized data.

1.2.4 Energy Efficiency

Energy efficiency is a non-negligible challenge in the practical deployment of automated
wearable sensor-aided AAR systems. In general, animal activities are monitored over a long
period (e.g., a few weeks or even several months), which requires sensing devices to collect
and transmit data continuously [18]. As most embedded sensing devices are battery-powered,
factors affecting the energy consumption and battery life of sensing devices must be carefully
considered, such as sampling rate, transmit rate, and routing methods [26-29]. Amongst, the
literature has proven that higher sampling rates come at a cost in real-world deployments that
rely on long-term operations [30]. Considering practical benefits, existing works have often
lowered the sampling rate to reduce energy costs and extend the battery life [28, 31, 32].
However, when the sampling rate falls below a threshold, the AAR performance degrades
rapidly due to many relevant signals being missed. Hence, finding an effective method for
improving the performance of AAR at low sampling rates is necessary and will significantly

benefit the development of energy-efficient sensor-aided AAR systems.
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1.3 List of Contributions

This thesis has presented and validated the solutions to tackle the above-mentioned challenges,

i.e., multi-modal fusion, class imbalance, data privacy, and energy efficiency. The main

contributions of this thesis are summarized as follows:

To improve the capability of AAR based on imbalanced multi-modal data, I develop
a cross-modality interaction network (CMI-Net) for multi-modal fusion and adopt a
class-balanced (CB) focal loss for alleviating the class imbalance problem. In
particular, the attention mechanism is introduced into the CMI-Net, enabling the
network to effectively capture complementary information and suppress unrelated
information from multiple modalities. The CB focal loss is employed to supervise the
network training, which forces the model to pay more attention not only to samples

of minority classes but also to samples that are hard to distinguish.

To achieve automated AAR based on decentralized data while protecting data privacy
and ownership, I introduce a new distributed learning strategy, i.e., federated learning
(FL). I sufficiently take into account two challenges (i.e., client-drift during local
training and local gradient conflicts during global aggregation) resulting from data
heterogeneity between multiple farms when directly applying FL to AAR tasks. To
tackle these two issues, I put forward a novel FL framework called FedAAR that
comprises a prototype-guided local update (PLU) module and gradient-refinement-
based aggregation (GRA) module. Specifically, the PLU module encourages all
clients to learn consistent feature knowledge by imposing a global prototype guidance
constraint to local optimization. The GRA module eliminates conflicting components
between local gradients during global aggregation.

To achieve energy-efficient AAR at low sampling rates while maintaining desirable
performance, I propose a novel approach, dubbed teacher-to-student information

recovery (T2S-IR). The T2S-IR effectively leverages the knowledge obtained from
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high-sampling-rate data, to assist in recovering the missing information in features
extracted by the classification network trained on low-sampling-rate data. Specifically,
I first utilize high-sampling-rate data to train a teacher classification network and a
reconstruction network sequentially. Then, I train a student classification network
using low-sampling-rate data, while promoting its performance by exploiting the
knowledge learned by trained teacher networks via two novel modules, namely the
reconstruction-based information recovery module and the correlation-distillation-
based information recovery module. In practice, the trained student network can be

directly applied to infer different animal activities using low-sampling-rate data.

1.4 Thesis Organization

The rest of this thesis is organized as follows. A detailed literature review is given in Chapter
2. Chapter 3 presents the CMI-Net combined with CB focal loss to achieve multi-modal fusion
and alleviate the class imbalance problem for AAR tasks based on imbalanced multi-modal
data. In Chapter 4, I develop the FedAAR to achieve automated AAR using decentralized data
from multiple farms and to address, in particular, two major challenges resulting from data
heterogeneity when directly applying FL in AAR tasks. Chapter 5 proposes the T2S-IR method
to achieve energy-efficient AAR at low sampling rates while maintaining desirable
performance. Finally, I summarize this thesis and draw a conclusion in Chapter 6. In addition,
some limitations and potential future works are also presented for advancing robust AAR

systems.






Chapter 2

2 Literature Review

In this chapter, I first briefly overview the application of wearable sensors with deep learning
techniques for animal activity recognition (AAR). Then, I comprehensively present some
potential grand challenges associated with developing AAR systems based on deep learning
and wearable sensors. In addition, I review the related techniques or works related to the four

challenges concerned in this thesis.

2.1 AAR Using Wearable Sensors and Deep Learning

2.1.1 Wearable Sensors for AAR

Advancements in wearable sensors and communication technologies have significantly
enhanced the effectiveness of remote tracking of individual animal behaviors in various
environments, and such behaviors can be tracked on a larger scale than was previously
achievable [33]. Herein, I introduce five types of wearable sensors commonly used in AAR-
related research: accelerometer, gyroscope, magnetometer, global navigation satellite system
(GNSS), and ultra-wideband (UWB). The studies on these wearable sensors are also presented
in Table 2.1.

Accelerometer

The tri-axial accelerometer is the most commonly used sensor in animal behavior monitoring
tasks [31, 33, 34]. It can measure acceleration values along three perpendicular spatial axes,
enabling the capture of animal motion dynamics. The measurement unit of acceleration is

meters per second squared (m/s?). Attaching multiple accelerometer devices to different parts
9
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of an animal is an effective approach for expanding the spectrum of well-predicted behaviors

[31], and it has been demonstrated to enhance recognition performance [13, 35].

Gyroscope

A tri-axial gyroscope measures orientation and angular velocity along three orthogonal spatial
axes. The unit of angular velocity is degrees per second (°/s). Gyroscopes are usually integrated
with accelerometers and attached to the same location as an accelerometer on animal bodies,
such as the neck [36], halter [37], back [38], tail [39], or leg [40], and operate at the same
sampling rate as an accelerometer, typically ranging from a few Hz to several hundred Hz [31,
34]. Gyroscopes can provide information that complements that captured by accelerometers,
thereby improving the prediction of some behaviors that are difficult to predict using only

accelerometers [28].

Magnetometer

The tri-axial magnetometer is another commonly used sensor in AAR tasks. It allows for the
detection of changes in the magnetic field at a particular location and the measurement of
rotation angle values (pitch, roll, and yaw). The measurement unit is Tesla (T). A magnetometer
is typically assembled with an accelerometer and a gyroscope into an inertial measurement unit
(IMU), which can simultaneously capture linear acceleration, angular velocity, and rotation
angle. IMUs have been used to obtain a deep understanding of animal behaviors [12, 41-44].
For example, Hosseininoorbin et al. obtained superior results by using an IMU compared with
using an accelerometer, gyroscope, or magnetometer alone or a combination of any two of these

devices [41].

GNSS

The GNSS is a satellite-based navigation system that provides location and time information to
users worldwide. It has been combined with motion sensors to track the geo-location and
movement patterns of various animals, particularly those that graze on pastures, to obtain a
higher behavioral prediction accuracy than is possible with other methods [45—47]. For example,
a recent study examined the use of data from both accelerometers and GNSSs for classifying
cattle behaviors [48]. Using a combination of data from both sensors resulted in considerably
higher prediction accuracy than using data from only one sensor, particularly for infrequent but
important behaviors such as walking and drinking. Furthermore, the incorporation of the GNSS

helps to distinguish between distinct behaviors with similar movement patterns, as these

10
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behaviors tend to occur in different functional areas, such as feeding in designated feeding areas

and drinking at water troughs [45].

UWB

The UWB is a radio technology that can use a very low energy level for short-range, high-
bandwidth communications over a large portion of the radio spectrum. Real-time location
systems based on UWB technology are typically utilized as indoor positioning systems to
identify and locate groups of animals in free-stall barns [49—-51]. A recent study incorporated
the UWB-based indoor location data with accelerometer data to enhance cattle behavior
monitoring systems in a free-stall barn [49]. The novelty of their approach lies in restricting the
number of behaviors considered by the accelerometer based on the functional area in which the
cow is located (feeding, lying, drinking), effectively reducing the confusion between behaviors
(e.g., eating concentrate vs. drinking) with close patterns. In addition, combining these two data
sources enables the tracking of social interactions among cows, which play a vital role in their

health and welfare [49].

Table 2.1 Existing animal activity recognition (AAR)-related studies involving different

wearable sensors.

Sensor” Reference

Accelerometer [2,4,5,11,13, 14, 26, 35, 52-58]
Accelerometer and gyroscope [6, 3640, 59-62]

IMU (accelerometer, gyroscope, [12, 41-44]

and magnetometer)

Accelerometer and GNSS [48, 63]

Accelerometer and UWB [49]

* GNSS: Global navigation satellite system; IMU: Inertial measurement unit; UWB: Ultra-

wideband.

2.1.2 Deep Learning-based Methods for Wearable Sensor-aided AAR

Deep learning, known for its excellent capability in automated feature extraction [7], is
becoming the mainstream data analysis technique in the field of AAR in recent years. Existing
works have demonstrated that deep learning-based methods own promising performance in

distinguishing daily animal activities [2, 11, 12, 14]. This section presents an extensive
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overview of deep learning-based methods for wearable sensor-aided AAR (Table 2.2), in terms
of the taxonomy of deep learning algorithms, i.e., fully connected feedforward neural network
(FFNN), convolutional neural network (CNN), recurrent neural network (RNN), and hybrid

model.

Table 2.2 Deep learning techniques for AAR tasks with wearable sensors.

Model” Description Reference

FFNN  Fully connected, feedforward, multi-layer [14, 41, 42,48, 52, 53, 58]
neural network
CNN Convolutional, hierarchical, shared-weight [2, 4, 6, 11, 13, 14, 35, 36, 38,

neural network 39, 54, 55, 59, 62]
RNN Recurrent, feedback, temporal neural network  [12, 26, 43, 44, 60]
Hybrid Combination of some deep models [5,37, 40,57, 61]

# CNN: Convolutional neural network; FFNN: Fully connected feedforward neural network;

RNN: Recurrent neural network.

FFNN

An FFNN, also known as multi-layer perceptron (MLP), is a type of artificial neural network.
The FFNN typically consists of an input layer, multiple hidden layers, and an output layer, with
each layer composed of many interconnected neurons. The output of each neuron in one layer
is input to every neuron in the subsequent layer, allowing the network to learn complex non-
linear relationships between inputs and outputs. In addition, an FFNN can handle large datasets
and high-dimensional input spaces because it can be easily scaled up by adding more hidden

layers and neurons.

Table 2.3 presents studies in which FFNNs have been used for wearable sensor-aided AAR.
Coclho et al. [53] compared an FFNN with a generalized linear model and a random forest
model in terms of cattle grazing behavior detection based on accelerometer data. The random
forest model yielded the highest accuracy (76%), followed by the FFNN and the generalized
linear model (74% and 59%, respectively). The lower accuracy of the FFNN than the random
forest model is attributable to overfitting caused by the large number of parameters used in the
FFNN. Hosseininoorbin et al. [41] and Dominguez-Morales et al. [42] have examined the
performance of FFNNs based on nine-axis motion data from neck-attached IMU sensors, and
obtained a favorable F1-score of 89.3% and a high accuracy of 97.96% in recognizing different

activities of horses and cattle, respectively. Arablouei et al. [52] compared an MLP with several

12
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machine-learning algorithms (e.g., linear regression, support-vector machine, and decision tree)
for identifying cattle behaviors, based on a cattle dataset acquired using neck-attached tri-axial
accelerometers. The results demonstrated that the MLP performed the best, with a 93.4%
overall accuracy in classifying behaviors, including grazing, ruminating, and resting. According
to these findings, Arablouei et al. selected the MLP as the classification model to distinguish
more specific cattle behaviors (e.g., walking and drinking) in their subsequent two papers [48,
58]. Arablouei et al. [58] developed an end-to-end deep learning model, which consists of
infinite-impulse-response and finite-impulse-response filters for feature extraction together
with an MLP for classification. This model yielded a high accuracy (95.68%) on the same
dataset used in [52]. Arablouei et al. [48] devised an MLP-based multi-modal fusion approach
that combines both accelerometer and GNSS data to achieve accurate cattle behavior
classification. Experiments were conducted on two new real-world datasets collected using
smart cattle collar tags and ear tags, and the method obtained a higher accuracy (88.47%) on

the collar-based dataset.

CNN

CNNs, one of the most researched deep learning algorithms, have been used successfully in a
wide range of applications, such as natural language processing, image classification, speech
recognition, and time series analysis [8, 64]. A CNN is generally designed to automatically
learn and extract hierarchical features from raw input data (e.g., sensor values) using multiple
layers of convolutional and pooling operations. The convolutional layers apply a set of filters
with different kernel sizes and strides to capture local temporal dependencies between
neighboring input values. The pooling layers operate by sliding a window over the input feature
map and computing a summary statistic (e.g., maximum and average values) within each
window to generate a downsampled output feature map, which makes the network translation
invariant to changes and variations. Then, the features learned from sensor data are fed into
several fully connected layers for final activity classification. In addition, CNNs use weight
sharing to reduce the number of parameters in a network, which helps to prevent overfitting
and improve model generalization. Owing to these remarkable benefits, CNNs have been
increasingly adopted and are the most-used type of deep learning model in the field of wearable

sensor-aided AAR [1,3,38,39,52,53,58,62].

Table 2.4 summarizes studies on the use of CNNs for wearable sensor-aided AAR. CNN-
based approaches exhibit excellent performance in the classification of animal behaviors, with

accuracies exceeding 90% in most cases. Eerdekens et al. [2, 13, 54, 55] have conducted several
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studies on the use of CNNs in combination with accelerometer data to recognize the behaviors
of horses and dogs. These studies have consistently demonstrated the excellent performance of
CNNs, with prediction accuracies exceeding 97%. In particular, Eerdekens et al. [2, 13] have
validated the superior performance of hybrid CNNs with statistical features as input compared
with techniques based on raw sensor data, consistent with the findings in [11]. Kleanthous et
al. [11] devised three CNN models with distinct architectures to classify sheep activities,
including grazing, active behavior, and inactive behavior. Instead of directly inputting raw
sensor data into a network, the authors employed a feature engineering approach to extract
hand-crafted features from the raw data for network training. This approach effectively
improved model generalization, resulting in higher classification accuracy (98.55%) than the
approach based on raw sensor data. In Chapter 3, I developed a new CNN architecture to
identify various horse activities. I evaluated the resulting CNN model using a publicly available
dataset obtained using accelerometers and gyroscopes fixed to the horse’s neck and obtained a
high classification accuracy (90.68%) [6]. This model was subsequently utilized as the baseline
model in my recent studies with different application objectives [59, 65], as presented in
Chapter 4 and Chapter 5. Pavlovic et al. [62] designed a CNN architecture to accurately
categorize cattle behaviors using data generated from neck-mounted accelerometer collars.
Their CNN architecture underwent a rigorous hyperparameter search process, and the optimal
model achieved an impressive overall F1 score of 82%. Their CNN architecture was also
applied in a recent study [35], in which it was validated for cattle behavior classification using
data collected from both neck- and leg-attached accelerometers, and achieved a high F1 score
(93.9%). Li et al. [4] investigated the use of CNNs with various data-augmentation techniques
to detect cattle behaviors using motion data collected using neck-mounted tri-axial
accelerometers. Their CNN model achieved a high classification accuracy (94.43%) for cattle
behaviors. Minati et al. utilized the same dataset to develop a CNN with two convolutional
layers and obtained a higher classification accuracy (96%) [14]. Kasnesis et al. [38] and Hussain
et al. [39] have investigated the use of CNNs for recognizing dog activities based on motion
data obtained from accelerometers and gyroscopes attached to various body parts, such as the
back, neck, and tail. In [38], a deep late-fusion CNN was designed and yielded a high accuracy
(93.68%) in classifying dog activities. In [39], a CNN model with one-dimensional convolution
was devised, with features extracted from raw sensor data used as input. This method obtained
a high accuracy (96.85%) in recognizing dog behaviors. Recently, CNNs have also been
utilized to distinguish behaviors in chickens [66] and lactating sows [36]. In [66], the CNN
model achieved an average accuracy of nearly 100% in classifying activities of individual hens
using motion data from body-worn IMU sensors. The high classification accuracy in this study
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can be attributed to its focus on coarsely categorizing different activity levels in chickens rather
than classifying specific behaviors. In [36], an accuracy of 87.33% was obtained in detecting
static behaviors (i.e., nursing, lying, and sleeping) and active behaviors (i.e., eating, drinking,

and moving) of lactating sows.

RNN

An RNN is designed to model sequential data, such as natural language text and time series
(e.g., sensor data). Unlike feedforward neural networks, RNNs have a feedback loop in their
hidden unit, which allows them to maintain a memory (i.e., hidden state) of previous inputs and
use it to inform the processing of current inputs. At each time step, an RNN takes an input
vector and combines it with the previous hidden state to produce a new hidden state, which is
then used in the next time step. This recurrent connection enables the network to capture the
temporal dependencies in the input data. However, RNNs are difficult to train and suffer from
the problem of vanishing or exploding gradients, which limits their applicability in modeling
long-term activity sequences and temporal dependencies in sensor data. Several variants of
RNN have been devised to solve these problems, such as long short-term memorys (LSTMs)
[67] and gated recurrent units (GRUs) [68]. An LSTM and a GRU introduce memory cells that
can maintain information over long periods and varieties of gates that can control information
flow in and out of cells. Compared with an LSTM, a GRU has a simpler structure with fewer

parameters, resulting in a simpler training procedure and faster execution speed.

Table 2.5 summarizes recent studies on RNNs for wearable sensor-aided AAR. Peng et al.
[12, 43, 44] have utilized LTSMs for three cattle-behavior recognition studies based on distinct
datasets and targeting different applications. These datasets included nine-axial-motion data
acquired from collar-attached IMU sensors. Peng et al. [44] conducted the pioneering research
on utilizing LSTMs in wearable sensor-aided AAR tasks. They developed an LSTM model that
attained an accuracy of 88.7% in distinguishing eight cattle behaviors, such as feeding, licking
salt, and headbutting; thus, the model can be used to assess the health and welfare of cattle. In
[43], the LSTM-based methods achieved an accuracy of 79.7% in identifying seven behaviors
prior to calving, such as feeding, lying normally (collected during 72—24 h before calving), and
standing normally (collected during 72—24 h before calving). Wu et al. [12] developed a novel
LSTM model called deep residual bi-directional LSTM to classify cattle behavioral patterns for
the early identification of bovine dermatomycosis. Their deep residual bi-directional LSTM
exhibited a significantly higher classification accuracy (94.9%) than a basic LSTM. Among
these three studies, Peng et al. [43, 44] compared LSTM models with CNN models and revealed
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that the former could achieve superior cattle behavior classification performance, consistent
with the findings in [26]. Wang et al. [26] designed multiple LSTM and GRU architectures with
varying depths and widths and compared their performances in classifying cattle behaviors with
those of two state-of-the-art CNN-based classification models. The experiments were
conducted on collar-attached and ear-attached accelerometer data reported in [48]. The
considered RNN models achieved comparable or superior accuracy to the CNN models while
requiring less computational and memory resources. A two-layer bi-directional GRU model
with 128 hidden units exhibited the best performance, with the highest accuracy of 89.5% and
80% on the collar- and ear-based datasets, respectively. The accuracy values were significantly
higher than those obtained using MLP models in [48]. Hussain et al. [60] employed an LSTM-
based method to detect dog activities based on motion data from accelerometers and gyroscopes,
which were mounted on the necks and tails of dogs. Their model achieved a good test accuracy

(94.25%) in classifying activities of dogs.

Hybrid model

A hybrid model is a combination of several deep learning models, with the models being

combined to improve performance or eliminate the shortcomings of individual models.

Table 2.6 presents various hybrid deep learning models for AAR tasks. One emerging
hybrid deep-learning model is the combination of CNN and LSTM, i.e., CNN-LSTM model.
Liseune et al. [40] provided a good example of combining CNN and LSTM in cattle-behavior
classification tasks, based on motion data from accelerometers and gyroscopes. It was revealed
that the CNN-LSTM model outperformed pure CNN and LSTM models. Similar results were
also reported in a recent study [61], in which the CNN-LSTM model exhibited a 93.4%
accuracy in identifying dog behaviors. Chambers et al. [5] applied FilterNet, a CNN-LSTM
model devised in [69], to detect daily dog behaviors using neck-mounted accelerometer data.
FilterNet displayed high classification accuracies (> 94%) for all considered behaviors, such as
drinking (99%), eating (94.8%), and object licking (98%). Arablouei et al. [57] devised a new
hybrid deep learning method called GRU-MLP to classify cattle behaviors and validated it
using previously adopted collar-attached [26] and ear-attached [48] accelerometer data.
Classification accuracies of 88.1% and 80.6% were obtained on collar-based and ear-based
datasets, respectively. This GRU-MLP model exhibited performance comparable with that of
the pure GRU model devised in [26] while requiring significantly smaller numbers of
parameters (0.026 vs. 0.496 M) and fewer computational operations (6.4 vs. 101.2 M). The

model exhibited this performance mainly because the authors adopted the knowledge
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distillation technique, in which the residual neural network was taken as the teacher model to

improve the performance of the student model, that is, the GRU-MLP model.

2.2 Public Datasets for Wearable Sensor-aided AAR

Herein, I provide a comprehensive list of publicly available datasets collected via wearable
sensor-aided AAR over the past five years (Table 2.7). Table 2.7 presents several attributes of
the datasets: the species and number of animals; the types, placements, and sampling rates of
sensors; considered activities; and the recording duration or number size of annotated samples.
To the best of our knowledge, before 2018, only one dataset had been made public by
Kamminga et al. [70]. We can observe from Table 2.7 that the number of publicly released
datasets increases over time, and cattle are the most extensively studied species. For all of the
datasets, an accelerometer is the adopted wearable sensor and the neck is the sensor location
for data collection, which are consistent with the statement that most studies have focused on
using collar-borne accelerometers [34]. This list can serve as a valuable resource for readers

who wish to further explore the field of AAR.
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Table 2.3 Studies on FFNN-based methods for wearable sensor-aided AAR.

Sensor Placement Species Activities Accuracy (%) Reference
Accelerometer Halter Cattle Grazing, non-grazing 74 [53]

IMU Neck Cattle Grazing, walking, ruminating (standing), ruminating (lying), 89.3 (Fl-score) [41]

standing, lying, drinking, grooming, and others

IMU Neck Horse Motionless, walking, and trotting 97.96 [42]
Accelerometer Neck Cattle Grazing, ruminating, resting, and others 93.40 [52]
Accelerometer Neck Cattle Grazing, walking, ruminating/resting, drinking, and others 95.68 [58]
Accelerometer Neck | ear Cattle 88.47 (neck) | [48]

and GNSS 75.32 (ear)
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Table 2.4 Studies on CNN-based methods for wearable sensor-aided AAR.

Sensor Placement Species  Activities Accuracy (%) Reference

Accelerometer Leg Horse Standing, walking, trotting, cantering, rolling, pawing, and flank 99 [54]

Accelerometer Leg Horse watching 99.93 [55]

Accelerometer Leg Horse 99.59 [2]

Accelerometer Neck and Dog Lying, sitting, standing, walking, running, sprinting, eating, and 97.87 [13]
chest drinking

Accelerometer Neck Sheep Grazing, active, and inactive 98.55 [11]

Accelerometer Neck Horse Eating, standing, trotting, galloping, walking with a rider, and natural 90.68 [6]

and gyroscope walking

Accelerometer Neck Horse - [59]

and gyroscope

Accelerometer Neck Horse - [65]

and gyroscope

Accelerometer Neck Cattle Eating, ruminating, and others 82 (Fl-score)  [62]

Accelerometer Neck Cattle Feeding, ruminating, and others 93.9 (F1-score) [35]

Accelerometer Neck Cattle Feeding, walking, salting, ruminating, and resting 94.43 4]

Accelerometer Neck Cattle Grazing, moving, resting, ruminating, and salting 96 [14]

Accelerometer Back Dog Standing, walking, trotting, and running 91.26 [38]

and gyroscope

Accelerometer Neck and tail Dog Walking, sitting, down, staying, feeding, sideways, leaping, running, 96.85 [39]

and gyroscope shaking, and nose work

IMU body Chicken Low-, medium-, and high-intensity behaviors >99 [66]

Accelerometer Neck Pig Moving, drinking, eating, nursing, sleeping, and lying 87.33 [36]

and gyroscope
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Table 2.5 Studies on RNN-based methods for wearable sensor-aided AAR.

Sensor Placement Species Activities Accuracy (%) Reference
IMU Neck Cattle Feeding, lying, ruminating (lying), ruminating (standing), licking 88.7 [44]
salt, moving, social licking, and headbutting
IMU Neck Cattle Feeding, ruminating (lying), ruminating (standing), lying normal, 79.7 [43]

lying final, standing normal, and standing final
IMU Neck Cattle Feeding, lying, ruminating (lying), itch rubbing (leg), social licking, 94.9 [12]
and itch rubbing (neck)
Accelerometer Neck | ear Cattle Grazing, walking, ruminating/resting, drinking, and others 89.5 (neck) | 80 [26]
(ear)
Accelerometer Neck and Dog Walking, sitting, down, staying, feeding, sideways, leaping, running, 94.25 [60]
and gyroscope tail shaking, and nose work
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Table 2.6 Studies on hybrid methods for wearable sensor-aided AAR.

Hybrid model”  Sensor Placement Species  Activities Accuracy(%) Reference
CNN-LSTM Accelerometer Neck and Cattle Ruminating, eating, lying, standing up, walking, and - [40]

and gyroscope leg inactive behavior
CNN-LSTM Accelerometer Neck Dog Standing, sitting, lying with head raised, lying without 93.4 [61]

and gyroscope head raised, walking, sniffing, and running
CNN-LSTM Accelerometer Neck Dog Drinking, eating, object licking, self-licking, petting, > 90 [5]

rubbing, scratching, shaking, sniffing, and others
GRU-MLP Accelerometer Neck | ear  Cattle Grazing, resting, and others 88.1 (neck) | [57]
80.6 (ear)

* GRU: Gate recurrent unit; LSTM: Long short-term memory; MLP: Multi-layer perceptron.
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Table 2.7 Public datasets' on AAR with wearable sensors.

ID  Species Sensor type Placement Sampling Activities Duration Reference
rate (Hz) /mumber
01  Goat Accelerometer Neck 100 Stationary behavior, walking, trotting, running, 143.7 (h) [71]
%) and gyroscope eating, fighting, shaking, climbing up, climbing
down, rubbing, and food fight
02  Horse  Accelerometer Neck 100 Walking (naturally or with a rider), trotting 93,303 (2-s) [72]
(6) and gyroscope (naturally or with a rider), grazing, standing,
galloping (naturally or with a rider), head shake,
scratch biting, rolling, eating, fighting, shaking,
jumping, rubbing, and scaredness
03  Cattle  Accelerometer Neck 59.5 (A) Grazing, ruminating (while lying or standing), - [63]
(26) (A) and GNSS and 1 resting (lying or standing), and walking
(GNSS)
04  Cattle  Accelerometer Neck 25 Feeding, drinking, grazing, ruminating (standing), 3.28 (h) 4]
(6) salt licking, licking, resting (lying or standing),
moving, urinating, attacking, escaping, and being
mounted
05 Cattle  Accelerometer Neck 10 Eating, ruminating, and others 3,460 (h) [62]
(18)

' List of links: https://github.com/Max-1234-hub/List-of-public-datasets
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ID  Species Sensor type Placement Sampling Activities Duration Reference
rate (Hz) /mumber
06  Dog Accelerometer Neck and 100 Galloping, lying on chest, sitting, sniffing, 29.48 (h) [73]
(45) and gyroscope back standing, trotting, and walking
07  Sheep  Accelerometer Neck 12.5 Grazing, active behavior (walking and scratching), > 65 (h) [11]
©) and inactive behavior (standing and resting)
08  Sheep  Accelerometer Neck 0.1 Standing, eating, moving, running, and others 1,685,974 (rows) [74]
(18)
09  Cattle  Accelerometer Neck and 50 (neck) Grazing, drinking, resting, walking, and others 11962 (5.12-s; neck) [48]
() and GNSS ear and 62.5 and 10879 (4.1-s;
(ear) ear)
10  Cattle  Accelerometer Neck and 25 Feeding, ruminating, and others 809 (h) [35]
(21) leg
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2.3 Potential Challenges

In this section, I broadly discuss potential challenges associated with the three main stages (i.e.,
data acquisition, model development, and activity inference) of AAR tasks; these challenges
are related to annotation scarcity, data privacy, energy efficiency, multi-modal fusion, class

imbalance, inter-activity similarity, domain generalization, and open-set recognition (Fig. 2.1).

AAR using deep learning and wearable sensors

Data acquisition Model development Activity inference
— Annotation scarcity — Multi-modal fusion —  Energy efficiency
— Data privacy — Class imbalance — Domain generalization
—  Energy efficiency — Inter-activity similarity — Open-set recognition

Fig. 2.1 Challenges associated with the data acquisition, model development, and activity

inference stages of AAR.

2.3.1 Annotation Scarcity

The development of deep learning models is heavily reliant on the availability of large,
annotated training datasets. However, in practice, such datasets are often scarce owing to the
laborious and time-consuming process of data labeling. Additionally, data labeling requires
experienced staff with a certain level of knowledge, making it highly challenging to obtain large,
annotated datasets. This annotation scarcity often results in the model’s overfitting and poor

generalizability problem, limiting the applicability of models in real-world AAR scenarios.

2.3.2 Data Privacy

AAR-related studies tend to perform model development on a dataset within a single site, and
the high performances of their deep learning models are highly dependent on massive training
datasets [14, 35, 36, 38]. However, in reality, building a large dataset for one farm or institution
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is difficult, and limited training data can easily cause model overfitting, resulting in
unsatisfactory performance [24, 59]. Thus, data collaboration across diverse sources (e.g.,
farms) is increasingly desired for learning a global model [16, 17]. However, constructing a
large corpus of centralized datasets across different farms results in data ownership and privacy
problems, and poses a significant risk of commercial information leakage for producers and
stockholders. As for this challenge, I will introduce a federated learning technique to solve it,

as presented in Chapter 4.

2.3.3 Energy Efficiency

Energy efficiency as a non-negligible challenge has been widely investigated in many AAR-
related works [2, 57, 62, 65]. This challenge is typically considered from two perspectives, i.e.,
the power usage of wearable sensors during data acquisition and the memory and computational
cost of deep learning models during activity inference. First, animal activities are generally
monitored over a long period, which requires sensing devices to continuously collect and
transmit data [18]. As most embedded sensing devices are battery-powered, factors affecting
the energy consumption and battery life of sensing devices must be carefully considered, such
as sampling rate, transmit rate, and routing methods [18, 32, 54]. Second, sensing devices for
behavior monitoring typically possess low processing and storage capabilities owing to their
limited battery life [2, 18], which limits the on-board implementation of deep learning
algorithms on wearable sensors. Thus, the memory and computational cost of deep learning
models should be constrained to reduce energy usage in micro-controllers. In this thesis, I plan
to decrease the sampling rate of wearable sensors to achieve a reduction in energy costs. The

details are given in Chapter 5.

2.3.4 Multi-modal Fusion

The capability of deep learning models for AAR is highly related to the sensor modalities
involved. Typically, multiple sensors of different types are attached to an animal’s body (e.g.,
an accelerometer and a gyroscope are mounted on the same location), or sensors of the same
type are attached to different locations on an animal’s body (e.g., two accelerometers are
separately placed at the ear and the neck), to collect multi-modal data and obtain richer
information. Combining various sensing modalities tends to result in superior performance in
animal behavior classification tasks compared with using only one modality [8, 9, 13, 41, 48].

Integrating multi-modal data aims to learn the intra-modality information and inter-modality
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correlations, and then integrate the complementary and sometimes redundant information from
each modality. However, a conflicting correlation among between multiple modalities can
easily interfere with multi-modal fusion, resulting in limited recognition performance [8]. To

this end, I propose a promising method in Chapter 3 to handle the multi-modal fusion.

2.3.5 Class Imbalance

Class imbalance refers to the situation where one or more classes in a dataset are represented
by significantly fewer examples than other classes [75]. In the context of animal behavior
recognition, this class imbalance problem inevitably presents due to the inconsistent frequency
and duration of different activities resulting from animals’ specific physiologies. In particular,
some infrequent behaviors, such as the shaking behavior of horses, occur sporadically or for
short durations, making them difficult to observe and record and further intensifying the
imbalance degree between different categories. When training deep learning models on class-
imbalanced datasets, bias towards majority classes can occur, leading to high error rates for rare
categories [22, 23]. Therefore, I also investigate related solutions to deal with the class

imbalance problem, as described in Chapter 3.

2.3.6 Inter-activity Similarity

One of the challenges in AAR tasks is inter-activity similarity; that is, a case in which different
animal activities have similar characteristics or movement patterns [6, 37, 43]. This affects the
ability of deep learning models to extract distinguishable features that can uniquely represent
activities, leading to high confusion in classifying different activities [9]. For example, the
ruminating behavior for both lying and standing behaviors of cattle can be easily misclassified
as feeding, as both behaviors entail a similar chewing movement [43]. Similarly, a horse’s
activities of walking with and without a rider are often misclassified as each other, owing to

their extreme resemblances in physical movement [6, 76].

2.3.7 Domain Generalization

Domain generalization is a challenge in the AAR field. It is the ability of models to generalize
well to new and unseen domains, such as different animal species, sensor types, or
environmental conditions [11, 58]. In reality, classification models trained on specific domains

may exhibit significantly reduced performance when tested on data from a new domain (e.g.,
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different animal species) during the inference phase. This phenomenon, known as domain shift,
arises because of the discrepancy between training and test distributions. That is, a model may
learn domain-specific features that are not transferable across domains or may overfit the
training data, leading to poor performance on new and unseen data and limited applicability in

real-world scenarios.

2.3.8 Open-set Recognition

AAR-related studies have generally developed deep learning-based classification models on
training datasets that only cover a limited set of specific animal activities. However, some rare
or infrequent activities, such as head shaking, scratch biting, and rolling, which are important
indicators of animal health and welfare, may occur in real-world monitoring scenarios but be
absent from training datasets. Thus, during the inference phase, these unseen activities are often
misclassified into known activity categories in a training dataset, leading to poor performance
and potentially missed opportunities for the early detection of health problems. Consequently,
AAR is also characterized by the open-set recognition problem [77], which requires models to

not only accurately classify known categories but also effectively deal with unknown categories.

2.4 Techniques Related to Focused Challenges

This thesis mainly focuses on four practical challenges, including multi-modal fusion, class
imbalance, data privacy, and energy efficiency. Some related works or potential techniques for

solving these challenges are presented in the following.

2.4.1 Solutions for Multi-modal Fusion

Common strategies for multi-modal fusion include early fusion, decision fusion, and feature
fusion [78]. The early fusion strategy involves concatenating the input data from multiple
modalities into a single vector or tensor and processing them using a unified model. This is the
most commonly used method in existing research [13, 41]. However, owing to distribution gaps,
early fusion is susceptible to interference between multi-modal information [79]. The decision
fusion strategy combines the outputs or decisions from multiple classifiers at the decision-
making stage, using techniques such as majority voting, weighted voting, or stacking, to obtain

a final decision that is accurate and robust. However, this scheme is often sub-optimal because
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rich modality information is gradually compressed and lost in separate processes, and the inter-
modality correlations are ignored. A better choice is the feature fusion strategy, which involves
the fusion of intermediate information from multiple modalities, followed by the generation of
a final prediction using classifiers. This strategy avoids the distribution gap problem and
achieves inter-modality interaction [80]. The feature fusion method has been used to process
the multi-modal data collected using different sensor types and has confirmed the benefits of

multi-modality combination for promoting model performance [38, 48, 61].

2.4.2 Solutions for Class Imbalance

Common techniques for addressing the class imbalance problem include resampling and cost-
sensitive learning. Resampling involves either oversampling the minority class or
undersampling the majority class to balance the class distribution [81]. Cost-sensitive learning
is a technique that assigns different misclassification costs to different categories during model
training and places a higher penalty on misclassifications in the minority class than on those in
the majority class. Cost-sensitive learning can be achieved by adjusting the decision threshold
or using class-weighted techniques [82]. In particular, the basic class-weighted method adds a
term for each class that is inversely proportional to the frequency of that class and it has been
adopted in several studies [6, 39, 60]. However, these approaches often lack good
generalizability to real-world datasets because their training dataset may not accurately
represent a true data distribution. Therefore, new techniques that do not rely on class
distribution should be further explored, such as focal loss [83] and adaptive class suppression
loss [84]. In addition, generative adversarial networks can also be utilized to address the class
imbalance by generating synthetic data for the minority class and combining them with the
original data to create a balanced dataset [85]. In a scenario with extremely imbalanced datasets,
the classification tasks can be reformulated as an anomaly detection problem, in which
minority-class instances that are dissimilar to the majority class are treated as outliers or

anomalies [86].

2.4.3 Federated Learning for Data Privacy

Federated learning (FL), which is a new distributed learning paradigm, has emerged as an
attractive approach to mitigate the problem of data privacy when constructing a large corpus of
centralized datasets from different sources [87-89]. A standard FL system iterates two steps

periodically, i.e., local training in each data source (client) and global aggregation in a
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trustworthy centre (server), to train a global model. Specifically, during local training, each
client downloads the parameters of the global model from the server-side to initialize its local
model and then exploits local data to calculate client gradients, which are sent to the server in
turn. The server collects and aggregates these local gradients to update the global model. Such
a mechanism promotes privacy preservation between independent and decentralized data stores
while producing trained models that leverage datasets of all participating clients [16, 90, 91].
Meanwhile, it enables us to train models with less storage and computational capabilities under
individual clients. The most popular and easiest FL strategy is FedAvg [87], which aggregates
the parameters of all local models by weighted averaging. However, FedAvg often suffered
from slow convergence and performance degradation in most non-iid contents [90]. Thus, some
state-of-the-art FL strategies such as FedProx [92], FedBN [93], SCAFFOLD [94], and
FedLSD [95] are further proposed to tackle the non-iid issue. In recent years, FL has been
increasingly designed for various applications due to its privacy-preserving nature, including

mobile edge devices, industrial engineering, and health care [96-98].

2.4.4 Knowledge Distillation for Energy Efficiency

Knowledge distillation (KD), pioneered by Bucila et al. [99]and further popularized by Hinton
et al. [29], has made it possible to improve the performance of any machine learning algorithms
while minimizing deployment and computational resources [27]. The core principle of KD is
to transfer the knowledge from a cumbersome model to a small one that is more suitable for
deployment, such that the small model’s performance can be significantly boosted compared to
training the small model alone [29]. Concretely, the large model, referred to as a teacher, is
highly regularized via pre-training; and the small model, referred to as a student, is trained and
tailored for a specific task. During the training, the student would mimic different kinds of
knowledge involved in the pre-trained teacher, mainly including softened outputs [29],
probability distribution [100], intermediate feature representations [101], and their variants
[27, 102-106]. Specifically, the basic KD proposed by Hinton et al. distilled the logits (the
inputs to the final softmax layer) from teacher to student by minimizing the Kullback-Leibler
divergence [29]. Considering features contains richer representations, FitNet utilized
intermediate features as knowledge transferred between teacher and student [101]. AT further
introduced the attention map generated from intermediate features to deliver knowledge [106].
In addition, structural information within the feature space has also been taken as transferred
knowledge. RKD measured the distance- and angle-wise relations among the given instances

in the teacher’s feature space and forced the student to mimic the same relations [105]. ICKD
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encouraged the student to match the inter-channel correlation within the teacher’s feature maps
[103]. In recent years, KD has been applied to various applications such as model compression
[27, 29, 105], continual learning [107, 108], and cross-domain transfer learning [109]. Due to
the remarkable benefits KD provides, I attempt to explore the possible application of KD in the
AAR task based on data having low sampling rates.

2.5 Public Datasets Used in This Thesis

In this thesis, I select two open-source datasets (D01 and D02 in Table 2.7), which are collected
from horses [72] and goats [71], respectively. The details of each selected datasets are described

as follows.

2.5.1 Horse Dataset

In this dataset, more than 1.2 million 2-s data samples are collected from 18 individual horses
using neck-attached IMUs. The sampling rate is set to 100 Hz for both the tri-axial
accelerometer and tri-axial gyroscope and 12 Hz for the tri-axial magnetometer. The majority
of the samples are unlabeled, but data from six horses and six activities (i.e., eating, galloping,
standing, trotting, walking-natural, and walking-rider are labeled extensively (87,621 2-s
samples in total) and have been used to classify horse activities in previous studies [56, 76,
110]. In this thesis, data from the tri-axial accelerometer and tri-axial gyroscope among the
87,621 samples are exploited separately, forming up to two tensors with a size of 1 x 3 x 200
for each sample. Table 2.8 illustrates the number of samples for each horse and activity. The
sample number of the six horse individuals (i.e., Happy, Zafir, Driekus, Galoway, Patron, and
Bacardi) is 23,625, 11,071, 10,127, 24,602, 12,849, and 5347, respectively. The sample number
of the six activities (i.e., eating, standing, trotting, galloping, walking-rider, and walking-natural)

is 16,048, 3,939, 5,113, 25,076, 3,327, and 34,118, respectively.

2.5.2 Goat Dataset

The goat dataset is a real-world dataset consisting of 42,943 2-s data samples collected
from five goats on two farms. Each goat’s collar is equipped with six tri-axial accelerometers
and tri-axial gyroscopes fixed in different orientations. The sampling rate is set to 100 Hz for

both the tri-axial accelerometer and tri-axial gyroscope. A total of five activities are included,
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1.e., standing, running, eating, trotting, and walking. In this thesis, the tri-axial accelerometer
and gyroscope data from all six sensors of the collar are utilized, forming up to two tensors
with a size of 1 x 18 x 200 for each sample. Table 2.9 gives the distribution of samples per goat
and activity. The sample number of the five goats (i.e., three domestic pygmy goats from
one farm and two larger and more wild goats from another farm) is 13,902, 5,321, 11,954,
7,523, and 4,243, respectively. The sample number of the five activities (i.e., standing,

running, eating, trotting, and walking) is 18,531, 373, 15,179, 189, and 8,671, respectively.

Table 2.8 Number of data samples per horse and activity in the horse dataset.

Activity Eating Galloping Standing Trotting Walking- Wa'l king- Total
Horse natural rider
Happy 5,063 696 1,186 7,038 746 8,896 | 23,625
Zafir 1,091 835 347 3,559 161 5,078 11,071
Driekus 2,496 323 341 2,673 270 4,024 10,127
Galoway 4,331 1,043 1,750 6,423 1,402 9,653 24,602
Patron 1,951 714 1,244 3,402 388 5,150 12,849
Bacardi 1,116 328 245 1,981 360 1,317 5,347
Total 16,048 3,939 5,113 25,076 3,327 34,118 | 87,621
Table 2.9 Number of data samples per goat and activity in the goat dataset.
Qctivity Stanqlng/ Running Graz.lng/ Trotting  Walking Total
Goat Lying Eating
Goat 1 4,930 41 6,651 3 2,277 13,902
Goat 2 1,175 49 2,507 13 1,577 5,321
Goat 3 5,031 40 5,110 65 1,708 11,954
Goat 4 4,196 128 759 43 2,397 7,523
Goat 5 3,199 115 152 65 712 4,243
Total 18,531 373 15,179 189 8,671 42,943

2.5.3 Dataset Usage Distribution in Different Chapters

Table 2.10 gives the usage distribution of all three selected public datasets in different chapters,

including Chapter 3, Chapter 4, and Chapter 5. Specifically, the horse dataset is used in all three

chapters, and Chapter 5 additionally utilizes the goat datasets.
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Table 2.10 Dataset usage distribution in different chapters.

Chapter Dataset

Chapter 3 Horse dataset

Chapter 4 Horse dataset

Chapter 5 Horse dataset, goat dataset

2.6 Publication Related to This Chapter

Mao, A., Huang, E., Wang, X., & Liu, K.* (2023). Deep learning-based animal activity
recognition with wearable sensors: Overview, challenges, and future directions. Computers and

Electronics in Agriculture, 211, 108043.
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Chapter 3

3 Precise AAR with Imbalanced
Multi-modal Data

In this chapter, I focus on tackling two challenges of multi-modal feature fusion and imbalanced
data modeling, aiming to improve the performance of animal activity recognition (AAR). The
horse is selected as the target studied subject in this chapter. Specifically, I develop a cross-
modality interaction network (CMI-Net) involving a dual convolutional neural network (CNN)
architecture and a cross-modality interaction module (CMIM) to improve the recognition
performance for horse activities. The CMIM adaptively recalibrates the temporal- and axis-
wise features in each modality by leveraging multi-modal information, consequently achieving
deep inter-modality interaction. Moreover, to alleviate the class imbalance problem, I adopt a

class-balanced focal loss to supervise the training of CMI-Net.

3.1 Introduction

The behavior of horses provides rich insight into their mental and physical status and is one of
the most important indicators of their health, welfare, and subjective states [111]. However,
behavioral monitoring for animals, to date, largely relies on manual observations, which are
time-consuming, labor-intensive, and prone to subjective judgments of individuals [112]. The
use of sensors and machine learning is well-established in monitoring gait change [113], and
for lameness detection as part of the horse veterinary examination, increasing the accuracy of
identifying subtle lameness. Lameness has been stated as one of the most expensive health

issues in the horse industry [114, 115]. Therefore it is of significant importance to investigate
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and develop an automatic, objective, accurate, and quantifiable measurement system for horse
behaviors. Such a system will allow caretakers to identify variations in the animal behavioral
repertoire in real-time, decreasing the workloads in veterinary clinics and improving the

husbandry and management of animals [3, 116].

Over recent decades, automated AAR has been studied widely with the aid of various
wearable sensors (e.g., accelerometers, gyroscopes, and magnetometers) and the use of
machine learning techniques. For instance, a naive Bayes (NB) classifier was applied to
recognize horse activities (e.g., eating, standing, and trotting) using tri-axial acceleration and
obtained 90% classification accuracy [110]. Four classifiers including a linear discriminant
analysis, a quadratic discriminant analysis, a support vector machine (SVM), and a decision
tree (DT) were utilized to detect dog behaviors (e.g., galloping, lying on chest, and sniffing)
based on accelerometer and gyroscope data, and the results revealed that the sensor placed on
the back and collar yielded 91% and 75% accuracy at best, respectively [117]. A random forest
algorithm was applied to categorize cow activities using tri-axial acceleration and gained high
classification accuracy with 91.4%, 99.8%, 88%, and 99.8% for feeding, lying, standing, and
walking events, respectively [118]. In horses, the use of receiver operating characteristic curve
analysis classified standing, grazing, and ambulatory activities with a sensitivity of 94.7-97.7%
and a specificity of 94.7-96.8% [119]. However, to classify animal behaviors accurately using
these machine learning methods, feature extraction and method selection are often conducted
separately, which requires expert domain knowledge and easily induces feature engineering
issues [8]. Moreover, hand-crafted features often fail to capture general and complex features,
resulting in low generalizability, i.e., these extracted features perform well in recognizing the

activities of some subjects but badly for others.

Along with the recent advances in internet technology and fast graphics processing units,
various deep learning approaches have been increasingly and successfully adopted in wearable
sensor-aided AAR tasks. Classification models based on deep learning achieve automatic
feature learning through data driving and subsequent AAR. For example, feedforward neural
networks and long short-term memory (LSTM) models were applied to automatically recognize
cattle behaviors (e.g., feeding, lying, and ruminating) using data collected from inertial
measurement units [41, 43]. CNNs, which accurately capture local temporal dependency and
scale invariance in signals, were developed in automated horse activity classification based on
tri-axial accelerometer and gyroscope data [2, 55]. FilterNet, presented based on CNN and
LSTM architectures, was adopted to classify important health-related canine behaviors (e.g.,

drinking, eating, and scratching) using a collar-mounted accelerometer [5].
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However, multi-modal data fusion has not been well handled when different sensors are
used simultaneously in existing studies. Multi-modal data with different characteristics are
often simply processed using common fusion strategies such as early fusion, feature fusion, and
result fusion [78]. The early fusion strategy used in previous studies [41, 43], i.e., extracting
the same features without distinction of modalities, often causes interference between multi-
modal information due to their distribution gap [79]. The result fusion scheme is sub-optimal,
because rich modality information is gradually compressed and lost in separate processes,
thereby ignoring the inter-modality correlations. As a better choice, the feature fusion strategy
fuses the intermediate information of multiple modalities, which avoids the distribution gap
problem and achieves inter-modality interaction simultaneously [80, 120]. However, feature
fusion is often limited to linear fusion (e.g., simple concatenation and addition) and fails to
explore deep multi-modality interactions and achieve complementary-redundant information

combinations between multiple modalities [78].

In addition, the collected sensor datasets often present class imbalance problems due to the
inconsistent frequency and duration of each activity resulting from specific animal physiology.
Deep learning methods trained on imbalanced datasets tend to be biased towards majority
classes and away from minority classes, which easily causes poor modal generalizability and
high classification error rates for rare categories [22]. Commonly used solutions are mainly
divided into two categories, including resampling and reweighting. Resampling attempts to
sample the data to obtain an evenly distributed dataset, e.g., oversampling and undersampling
[121]. However, oversampling and undersampling come with high potential risks of overfitting
and information loss, respectively [22]. Reweighting is more flexible and convenient by
directly assigning a weight for the loss function per training sample to alleviate the sen-sitivity
of the model to data distribution [75]. This method is further divided into class-level and
sample-level reweighting. The former, such as cost-sensitive (CS) loss [122] and class-balanced
(CB) loss [123], depends on the prior category frequency, while the latter, such as focal loss
[83] and adaptive class suppression (ACS) loss [84], relies on the network output confidences
of each instance. In addition, CB focal loss, combining a CB term with a modulating factor,
effectively focuses on difficult samples and considers the proportional impact of effective

numbers per class simultaneously [123].

To improve the recognition performance for horse activities while tackling the above-
mentioned challenges, I develop a CMI-Net to achieve deep inter-modality interaction and
adopt a CB focal loss [123] to supervise the training of CMI-Net. The CMI-Net consists of a
dual CNN trunk architecture and a joint CMIM. Specifically, the dual CNN trunk architecture
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extracts modality-specific features for accelerometer and gyroscope data, respectively, and the
CMIM based on attention mechanism adaptively recalibrates the importance of the elements in
the two modality-specific feature maps by leveraging multi-modal knowledge. The attention
mechanism has been widely utilized in different tasks using multi-modal datasets such as RGB-
D images [78, 124]. It has also been adopted to focus on important elements along with channels
and spatial dimensions of the same input feature [125, 126]. The favorable performance
presented in these studies with the attention mechanism indicated the rationality of the proposed
CMIM. In this study, softmax cross-entropy (CE) loss is initially used to supervise the training
of CMI-Net. However, softmax CE loss suffers from inferior classification performance,
especially for monitory classes [75]. In contrast, CB focal loss, by adding a CB term to focal
loss, focuses more on minor-class samples and hard-classified samples and can alleviate the

class imbalance problem. Therefore, a CB focal loss [123] is adopted in this chapter.

3.2 Materials and Methods

3.2.1 Cross-modality Interaction Network

The proposed CMI-Net, where two-modality data (i.e., accelerometer and gyroscope data) are
fed into two CNN branches (represented by CNN,.. and CNN,y,) separately, is shown in Fig.
3.1 (a). The dual CNN is constructed to extract modality-specific features and concatenate these
features before the final dense layer. To achieve deep interaction between the two-modality data,
a joint CMIM is designed and inserted in the upper layer. The CMIM can capture
complementary information and suppress unrelated information from different modalities. The

details are described below.

Dual CNN Trunk Architecture

The CNNgec and CNNgy, contain four convolutional blocks, three max-pooling layers, one
global average-pooling layer, and one fully connected layer, followed by concatenation and one
joint fully connected layer. Inspired by the residual unit in the deep residual network that
behaves like ensembles and has smaller magnitudes of responses [127], I design a Res-LCB to
promote the representation ability and robustness of the model, as demonstrated in Fig. 3.1 (b).

The definition is given below.

X141 = RELU(Conv'*1 (X)) @ Conv*3(X))), 3.1
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where X; and X;,; denote feature maps in the [ and [+ 1 Ilayers, respectively,
Conv1*1(e) and Conv*3(e) represent 1x1 and 1x3 convolution operations, respectively,
@ denotes the elementwise addition, and RELU(e) denotes the rectified linear unit activation

function [128].
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Fig. 3.1 The architecture of the proposed cross-modality interaction network (CMI-Net).

Cross-modality Interaction Module

Inspired by the multi-modal transfer module that recalibrates channel-wise features of each
modality based on multi-modal information [129] and the convolutional block attention module
that focuses on the spatial information of the feature maps [125], I devise a CMIM based on an
attention mechanism to adaptively recalibrate temporal- and axis-wise features in each modality

by utilizing multi-modal information. The detailed CMIM is illustrated in Fig. 3.1 (c).

Let A € REHXW and G € REH*W represent the features at a given layer of CNNyec
and CNN,y,, respectively. Here, €, H, and W denote the channel number and spatial
dimensions of features. Specifically, H and W correspond to the axial and temporal signals,
respectively. The CMIM receives A and G as input features. I first apply average-pooling
operations along channels of the input features, generating two spatial maps. These two maps
are then concatenated and mapped into a joint representation Z € RC'XHXW The operation is
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Chapter 3 Precise AAR with Imbalanced Multi-modal Data

shown as follows:
Z = RELU(Conv1*3([Avgpool(A), Avgpool(G)])), (3.2)

where C' denotes the channel number of feature Z, Avgpool(e) denotes the average-
pooling operation, and [¢] denotes the concatenation operation. Furthermore, two spatial
attention maps A4 € RVFXW and A; € RP*H*W are generated through two independent

convolutional layers with a sigmoid function o(e) based on the joint representation Z:
Ay = o(Conv*3(2)), A; = a(Conv*3(2)), (3.3)

A, and A are then used to recalibrate the input features, generating two final refined features,

ie., A € ROHWand G' € REXHXW,
A=AQA DA G =GRA; DG, (3.4)

where @ denotes the elementwise multiplication. Specifically, each convolution operation
under this chapter is followed by a batch normalization operation. The increases in channel
numbers and decreases in spatial dimensions are implemented through Res-LCB and max-

pooling operations, respectively.

3.2.2 Optimization

As the most widely utilized loss in the multi-class classification task, softmax CE loss is applied

to optimize the parameters of CMI-Net. The formulation of softmax CE loss is defined as

Cc
Les@) == ) yilog (p) (335)

Zi

with Pi = m,

(3.6)

where C and z = [zq, ..., Z¢] are the total number of classes and the predicted logits of the
network, respectively. In addition, y; € {0,1}, 1 <i < C is the one-hot ground-truth label.
However, the models based on softmax CE loss often suffer from inferior classification
performance, especially for monitory classes, due to the imbalanced data distribution [75].
Therefore, | further introduce an effective loss function to supervise the training of CMI-Net

and alleviate the class imbalance problem, namely, CB focal loss.

CB focal loss, which adds the CB term to the focal loss function, focuses more on not only
samples of minority classes, diminishing their influence from being overwhelmed during

optimization, but also samples that are hard to distinguish. The CB term is related to the inverse
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effective number of samples per class, and focal loss adds a modulating factor to the sigmoid
CE loss to reduce the relative loss for well-classified samples and focuses more on difficult

samples. The CB focal loss is presented as

! Y
Legg, (2) = 7— L (2) = ﬁ”yz (1-pf)" log (p}) 3.7)
ny
with pf = ——,
SO (3.8)
t_ | Z ifi=y.
L { —z;, otherwise. 3.9

where n, and E,, represent the actual number and the effective number of the ground-truth
label y, respectively. The hyperparameter S € [0,1) controls how fast E,, grows as n,

increases, and y = 0 smoothly adjusts the rate at which easy samples are down-weighted [75].
The value of f is set to 0.9999, and the search space of the hyperparameter y is set to
{0.5,1.0,2.0} [123] in this chapter. In particular, CB loss and focal loss rebalances the loss
function based on class-level and sample-level reweighting, respectively. Thus, I also utilize
class-level reweighted losses, including cost-sensitive cross-entropy (CS_CE) loss [82], class-
balanced cross-entropy (CB_CE) loss [123], and sample-level reweighted losses, including
focal loss [83] and ACS loss [84], to validate the effectiveness of the CB focal loss.

3.2.3 Datasets and Data Preprocessing

The dataset used in this chapter is the horse dataset [72], as described in Section 2.5.1. A total
of 87,621 2-s labeled samples with two modalities (i.e., tri-axial magnetometer and tri-axial
gyroscope) are exploited, where each sample consists of two tensors with a size of 1 x 3 x 200.
Fig. 3.2 visualizes the distribution of different activity categories. The activities of eating,
standing, trotting, galloping, walking-rider, and walking-natural occupy 18.32%, 5.84%,
28.62%, 4.50%, 38.94%, and 3.80% of the total sample number, respectively, producing a
maximum imbalance ratio of 10.25. In addition, the input sample of each axis per sensor
modality is normalized by removing the mean and scaling to unit variance, which can be

formulated as follows:

S, = H (3.10)

o
where S; denotes all samples of a particular axis per sensor modality (i.e., X-, Y-, and Z-axis
of the accelerometer, and X-, Y-, and Z-axis of the gyroscope), S; denotes all normalized
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samples, and y; and 0; denote mean and standard deviation values in each axis per sensor

modality, respectively.

40% -
35% -
30% -
25% -

20% A

Percentage

15% A
10% A

5% -

i | I'N NN N

Walking-  Trotting Eating Standing  Galloping Walking-
rider natural

Activity Class

Fig. 3.2 Histogram of activity category distribution.

3.2.4 Design of Experiments

Evaluation Metrics

The comprehensive performance of the activity classification model is indicated by the
following four evaluation metrics, which are defined in Eq. (3.11) to Eq. (3.14). Each indicator

value is multiplied by 100 as the result to reflect the difference in indicator values more clearly.

TP

Precision = PP’ (3.11)
Recall = TPZPFN, (3.12)

F1 — Score = ﬁ, (3.13)
Accuracy = %, (3.14)

where TP, FP, TN,and FN are the number of true positives, false positives, true negatives,

and false negatives, respectively. In particular, the overall precision, recall, and F1-score are
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calculated by using a macro-average [130].

Implementation Details

To attain subject-dependent results, the leave-one-out cross-validation method is used, in which
four subjects are chosen for training, one for validation, and one for testing each time and
rotated in a circular manner. During training, the loss function is added by an L2 regularization
term with a weight decay of 0.1 to avoid overfitting. An Adam optimizer with an initial learning
rate of 1 x 10™* is employed, and the learning rate decreases by 0.1 times every 20 epochs. The
number of epochs and batch size are set to 100 and 256, respectively. The best model with the
highest validation accuracy is saved and verified using test data. To evaluate the classification
performance of the CMI-Net, I compare it against various existing methods, including three
machine learning methods (i.e., NB, DT, and SVM) and two deep learning methods used in
horse activity recognition (i.e., CNN and ConvNet7) [55, 76], based on the same public dataset.
Specifically, the hand-crafted features used in machine learning are the same as those used by
Kamminga et al. [110]. To further explore the performance of the CMIM, I run the network
without CMIM and with it inserted after the 1%, 2™, and 3™ max-pooling layers to obtain four
different variants, i.e., Variant0, Variant1, Variant2, and Variant3, respectively. The softmax CE
loss is used as the loss function for all variants. All experiments are executed using the PyTorch
framework on an NVIDIA Tesla V100 GPU. The developed source code is available at
https://github.com/Max-1234-hub/CMI-Net.

3.3 Results and Discussion

Overall, experiments conducted on the public dataset demonstrate that the proposed CMI-Net
outperforms the existing algorithms. Ablation studies are then carried out to verify the
effectiveness of CMIM and that applying the CMIM in the upper layer of CMI-Net could obtain
better performance. Different loss functions are adopted to validate that CB focal loss performs
better than any class-level or sample-level reweighted loss used alone, and it effectively
improves the overall precision, recall, and F1-score, although the overall accuracy decreases
due to the imbalanced dataset used. Furthermore, recognition performance analysis is presented
to help us probe the predicted performance on each activity using the CMI-Net with CB focal

loss. The details are described as follows.
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3.3.1 Comparisons with Existing Methods

The comparison results of the CMI-Net with three machine learning methods (i.e., NB, DT, and
SVM) and two deep learning methods (i.e., CNN and ConvNet7) [55, 76] are illustrated in
Table 3.1. The results reveal that the CMI-Net with softmax CE loss outperforms the machine
learning algorithms with higher precision, recall, F1-score, and accuracy of 79.74%, 79.57%,
79.02%, and 93.37%, respectively. The reason for this superior performance is the convolution
and pooling operations in CNN, which could achieve automated feature learning and aggregate
more complex and general patterns without any domain knowledge [131]. The other CNN-
based method [55] obtains inferior precision of 72.07% and accuracy of 82.94% compared to
DT and SVM. This result is consistent with the “No Free Lunch” theorem [132] because this
CNN-based method [55] is developed using leg-mounted sensor data. In addition, the CMI-Net
with softmax CE loss performs better than ConvNet7 [76], which obtains lower precision, recall,
Fl-score, and accuracy of 79.03%, 77.79%, 77.90%, and 91.27%, respectively. This is
attributed to the ability of the proposed architecture to effectively capture the complementary
information and inhibit unrelated information of multi-modal data through deep multi-modality
interaction. In addition, CMI-Net with CB focal loss (y = 0.5) enables the values of precision,
recall, and F1-score to increase by 2.76%, 4.16%, and 3.92%, respectively, compared with
CMI-Net with softmax CE loss. This reveals that the adoption of CB focal loss effectively

improves the overall classification performance.

Table 3.1 Classification performance comparison with existing methods.

Methods Precision Recall (%) F1-Score  Accuracy
(Vo) (%) (%)
Machine learning
Naive Bayes 70.90 72.41 69.42 76.60
Decision tree 75.67 73.90 74.35 88.83
Support vector machine 73.92 71.30 72.19 89.65
Deep learning
CNN [55] 72.07 76.91 73.42 82.94
ConvNet7 [76] 79.03 77.79 77.90 91.27
Our proposed methods”
CMI-Net + softmax CE loss 79.74 79.57 79.02 93.37
CMI-Net + CB focal loss (y =0.5)" 82.50 83.73 82.94 90.68

# CB: Class-balanced; CE: Cross-entropy; CMI-Net: Cross-modality interaction network;

"The y of value is 0.5, which could refer to Table 3.3.
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3.3.2 Ablation Studies

Evaluation of CMIM

To explore the effectiveness of CMIM and the impact of its position in the network on
classification performance, the results corresponding to four different variants are shown in
Table 3.2. The proposed CMI-Net with softmax CE loss shows superior performance to
Variant0 (i.e., the network without CMIM), indicating the effective performance of the
interaction module. Variantl, Variant2, and Variant3 (i.e., networks with CMIM inserted after
1%, 2™ and 3" max-pooling layer, respectively) did not perform better in terms of precision and
recall compared with Variant0, which obtains precision and recall values of 79.02% and 77.09%,
respectively. This might be explained by the fact that modality-specific features learned in the
shallow layer are simple and contain noise, which interferes with the process by which CMIM
learns complex inter-modality correlations, leading to poor predictions [133]. In addition, my
proposed architecture obtains the best performance, which is because applying the CMIM after
a deeper layer enables the network to discover more discriminative patterns and suppress

irrelevant variations more effectively [7].

Table 3.2 Performance comparison of the proposed CMI-Net with its variants.

Precision F1-score Accurac
Methods ) Recall (%) o) ) y
Variant0” 79.02 77.09 76.88 91.76
Variantl” 78.18 77.07 77.40 92.17
Variant2” 77.50 78.44 77.91 92.92
Varijant3” 78.36 76.94 77.02 92.62
CMI-Net + softmax CE loss 79.74 79.57 79.02 93.37

# Variant0 denotes the network without a cross-modality interaction module (CMIM);

* Variant1, Variant2, and Variant3 denotes the network where the CMIM is inserted after the 1%,

2" and 3™ max-pooling layers, respectively.

The results above have proven that the inclusion of the CMIM in the network provides
quantifiable improvements in identification performance. This is also reflected in the
qualitative visualization of the embeddings and the corresponding clusters (Fig. 3.3), with the
help of t-distributed stochastic neighbor-embedding (t-SNE), a technique for visualizing high-
dimensional data by giving each data point a location in a two- or three-dimensional map [134].
Figure 3.3 shows the two-dimensional embedded features from the part test dataset after the
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fully connected layers of both CNN branches under the network without and with CMIM by
using the t-SNE technique with an init of ‘pca’ and perplexity of 30. Comparing the left and
right columns in Fig. 3.3, it can be observed that more compact clusters are generated under the
network with CMIM by reducing the intra-class distance and enlarging the inter-class distance.
The core technical point is that the joint interaction module enables adaptive amplification of
salient features and suppression of unrelated features based on information from two-modality
data. To further provide insights into its contribution, I present two spatial attention maps for
features extracted from the tri-axial accelerometer and tri-axial gyroscope data, as illustrated in
Fig. 3.4, the value per pixel represents the contribution degree corresponding to each temporal
period and each axis, and it is adaptively recalibrated through inter-modality interaction.
Therefore, both quantitative and qualitative findings reinforce the suitability of the proposed

CMI-Net to tasks using two-modality sensor data.

Evaluation of CB Focal Loss

To study the effect of CB focal loss on the optimization of CMI-Net, I show the quantitative
performance in Table 3.3 and explore the sensitivity of its hyperparameter y. CMI-Net with
CB focal loss (y = 0.5) achieves the best precision of 82.50%, recall of 83.73%, and F1-score
of 82.94%. This indicates that CB focal loss is beneficial to the improvement of classification
performance when the modulation strength is controlled appropriately, whereas negative effects

occur if the value of y is too large or too small.
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Fig. 3.3 Embedding visualization of the features extracted from tri-axial accelerometer and

gyroscope data under network without and with cross-modality interaction module (CMIM),

respectively.

To provide further insight into the influence of CB focal loss (y =0.5) on the classification
performance, I present the classification results of each activity under CMI-Net with CB focal
loss and softmax CE loss, respectively, as shown in Fig. 3.5. It shows that precision, recall, and
F1-score of the walking-natural are significantly improved, while other activities varies slightly
when using CB focal loss. This explains that the overall classification performance increases
mainly due to the increase in walking-natural, since the CB focal loss focuses more on difficult
samples and samples of minority classes. However, the overall accuracy of CMI-Net with CB
focal loss decreases by 2.69% (Table 3.3), which is related to the different variations of recall
values in different activities and the current imbalanced dataset. In particular, the overall
accuracy can also be presented as the weighted average of the recall value for each activity
according to the sampling frequency of each activity. As shown in Fig. 3.5, the recall increases
are 35.92% for walking-natural, 1.17% for standing, and 0.91% for galloping, and the recall
decreases are 8.41% for walking-rider, 4.26% for eating, and 0.36% for trotting when using CB
focal loss. It can be observed that all activities with increased recall belong to the minority class,
while the remaining activities with decreased recall belong to the majority class. Therefore, the

overall accuracy decreases, suggesting the necessity to collect a more balanced dataset in the

future.
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Table 3.3 Performance comparison between the softmax CE loss and CB focal loss with

different y.

Loss Functions Precision (%) Recall (%) F1-Score (%) Accuracy (%)

Tt EL
Softmax CE Loss 79.74 79.57 79.02 93.37
(baseline)
CB focal loss (y = 0.1) 8131 83.60 81.97 89.57
CB focal loss (y = 0.5) 82.50 83.73 82.94 90.68
CB focal loss (y = 1) 80.42 82.03 81.05 89.89
CB focal loss (y =2) 78.92 78.48 77.97 91.05
0.65 0.65
0.60 0.60

0.50 ><y
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(a) (b)
Fig. 3.4 Attention maps for features extracted from the tri-axial accelerometer (a) and

gyroscope (b) data.

In addition, experiments under different loss functions are conducted to verify the
effectiveness of the CB focal loss, as illustrated in Table 3.4. The contrasting losses mainly
include CS_CE loss, CB_CE loss, focal loss, and ACS loss (see Section 3.2.2). I found that CB
focal loss combining CB loss and focal loss performs better than any of them used alone, which
indicates that adding the CB term to the focal loss function improves the overall classification
performance on the imbalanced dataset. In addition, the precision, recall, and F1-score of
CS_CE loss and CB focal loss increase by different degrees, while both accuracies decrease
compared with softmax CE loss. Specifically, the accuracy is only 83.79%, although the recall
reaches the highest value of 85.11%. This is because the recall of walking-rider is only 72.49%,
although that of walking-natural is 69.16% (Fig. 3.6). The result further verifies that decreased
accuracy occurs when using balancing techniques on the imbalanced dataset. In addition, I
found that the recall of majority classes decreases while that of minority classes increases when
using CS_CE loss and CB focal loss (Fig. 3.6). This result reveals that both losses effectively
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focus on the samples of minority classes during training, but it is inevitable that more samples

in majority classes are misclassified as minority classes so that overall accuracy would decrease.
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Fig. 3.5 Precision (a), recall (b), and F1-score (c) comparison of each activity under softmax

cross-entropy (CE) loss and class-balanced (CB) focal loss.

3.3.3 Classification Performance Analysis

In Fig. 3.7, I show the precision and recall confusion matrix aggregating the classification
results under 6-fold cross-validation when using CMI-Net with CB focal loss (y = 0.5). The
precision and recall values of almost all activities are higher than 90% (i.e., the precision and
recall for eating are 92.86% and 90.89%, for galloping are 91.41% and 92.89%, for standing
are 95.18% and 95.11%, for trotting are 97.34% and 97.46%, and for walking-rider are 93.49%
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and 90.01%, respectively), except for that of the walking-natural activity (Fig. 3.7). The low
classification precision and recall of the walking-natural activity occur for two main reasons.
The first reason is class imbalance. Walking-natural as the minority class in the dataset only
occupies 3.8%, which is much less than 38.94% occupation of the majority class walking-rider,
which easily causes the model to be biased towards the majority classes and results in poor
minority class recognition performance. The second reason is severe confusion of walking-
natural activity with other activities, especially eating and walking-rider activities. As shown
in Fig. 3.7, 18.64% and 56.14% of the samples predicted to be class walking-natural have
ground truth classes eating and walking-rider, respectively. In addition, 20.38% and 43.13% of
the samples with ground truth class walking-natural are misclassified as class eating and
walking-rider, respectively. This is because, during eating, the horse is slowly walking so that
some samples of eating might contain walking activity [72]. The movement patterns of
walking-natural and walking-rider are very similar, which interferes with the learning ability of
the network for these two behavioral characteristics (Fig. 3.8). It also reveals that there is no
major variability in horse walking patterns in the presence or absence of a rider. This is
consistent with a previous study that found no major changes in horse limb kinematics, although
the extension of the thoracolumbar region increases during walking with a rider compared with
non-ridden walking [135]. In addition, there is confusion between galloping and trotting
activities with misclassification of 6.93% of galloping as trotting. This might be related to the
misinterpretation by the annotator during labeling, as it is not always clear when the activity
transitions occur [72]. Additionally, a sample rate of 100 Hz may limit the distinction in the

transition between trotting and cantering or galloping.

Table 3.4 Classification performance comparison with different loss functions.

Loss Functions” Precision (%) Recall (%) F1-Score (%)  Accuracy (%)
Softmax CE loss 79.74 79.57 79.02 93.37
Class-level
CS CE loss [82] 80.47 85.11 79.91 83.79
CB_CE loss [123] 75.35 75.70 75.47 90.61
Sample-level
Focal loss [83] 78.84 77.99 78.25 93.30
ACS loss [84] 77.03 76.54 76.60 92.05
CB focal loss (y =0.5) 82.50 83.73 82.94 90.68

* CS_CE: cost-sensitive cross-entropy; CB_CE: class-balanced cross-entropy; ACS: adaptive

class suppression.
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Fig. 3.6 Recall of different activities under different loss functions including softmax CE loss,

cost-sensitive cross-entropy (CS_CE) loss, and CB focal loss.

Precision Confusion Matrix Recall Confusion Matrix

EPRIGZY 0.00% 3.11% 0.00% 18.64% 1.22%

0.8
& 0.01% 0.00% 1.09% 0.10% 0.00% & 0.05% 0.00% 6.93% 0.13% 0.00%
g g

PORPZY 0.00% 0.99% 0.00% 5.63% 2.49%

2 & 2§
= 5 = F 0.6
o (ggo 1.45% 0.00% ERREFZY 0.00% 0.37% 0.01% © (svgo 4.46% 0.00% ESREEAY 0.00% 0.35% 0.08% .
< = 8
R R
g ] & 0.00% 8.42% 0.00% 0.00% 0.91% _'; ) & 0.00% 1.34% 0.00% 0.00% 1.20% 0.4
=t 5 s F
52 & 5 &
6 @. 4.32% 0.00% 0.10% 0.04% 24.75% 4.37% 6 5 20.38% 0.00% 0.15% 0.30% 36.04% 4
S 3 0.2
< <X
& &
§0§ 1.36% 0.17% 1.61% 1.54% BIERERA ,@0%'; 0.63% 0.02% 0.24% 1.13% 7.97% ERUEZ
§ 3 §F .
A . §b A \\0‘,'\“% 00 “0‘(\1\% “aw(a.\ ades £ . 5"2’ fatin® \\09'\“% 00 “0‘(\(\% “awﬁa} et 0.0
§ o & A o & RS R

Predicted class Predicted class
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3.4 Summary

In this chapter, I develop a CMI-Net involving a dual CNN trunk architecture and a joint CMIM
to improve horse activity classification performance. The CMI-Net effectively captures
complementary information and suppresses unrelated information from different modalities.
Specifically, the dual CNN architecture extracts modality-specific features, and the CMIM
recalibrates temporal- and axis-wise features in each modality by utilizing multi-modal
knowledge and achieves deep inter-modality interaction. To alleviate the class imbalance
problem, a CB focal loss is leveraged for the first time to supervise the training of CMI-Net,
which focuses more on the difficult samples and samples of minority classes during
optimization. The results reveals that the CMI-Net with softmax CE loss outperforms the
existing methods, and the adoption of CB focal loss effectively improves the precision, recall,
and F1-score while slightly decreasing the accuracy. In addition, ablation studies demonstrates
that applying the CMIM in the upper layer of CMI-Net could obtain better performance since
high-level features contained more general patterns. CB focal loss also performs better than any
class-level or sample-level reweighted losses used alone. In short, the favorable classification

performance indicates the effectiveness of the proposed method.
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Chapter 4

4 Privacy-preserving AAR with

Decentralized Data

In the above chapter, I propose a novel deep learning-based model, i.e., cross-modality
interaction network (CMI-Net), aiming to improve the performance of animal activity
recognition (AAR) based on imbalanced multi-modal data. In general, the high performance of
deep learning-based classification algorithms also largely relies on the availability of big data,
which inevitably brings data privacy issues when collecting a centralized dataset from different
farms. To address the data privacy issue, federated learning (FL) provides a distributed learning
solution to train a shared model by coordinating multiple farms (clients) without sharing their
private data. In this chapter, I investigate the challenges when directly applying FL to AAR
tasks, including client-drift during local training and local gradient conflicts during global
aggregation. To deal with these problems, I develop a novel FL framework called FedAAR to
achieve AAR based on decentralized data over different farms. Concretely, I devise a prototype-
guided local update (PLU) module to alleviate the client-drift issue, which introduces a global
prototype as shared knowledge to force clients to learn consistent features. To reduce gradient
conflicts between clients, I design a gradient-refinement-based aggregation (GRA) module to
eliminate conflicting components between local gradients during global aggregation, thereby

improving agreement between clients.

4.1 Introduction

Monitoring and assessing animal activities provide rich insights into their physical status and
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circumstances, as activity is one of the most critical indicators of animal health and welfare
[136]. Traditionally, animal activity monitoring largely relies on direct visual and behavioral
observation, which is time-consuming and labor-intensive [2]. Over the past decade, automated
AAR with wearable sensors, which allows staff to identify variations in the animal behavioral
repertoire in real-time, has attracted increasing attention and achieved great success. In the
sensor-based AAR systems, wearable sensors are attached to a certain part of the animal body
(e.g., ear, neck, halter, back, and leg) to collect motion data (e.g., acceleration and angular
velocity), which are then used for classifying animal activities (e.g., feeding, drinking, and

resting) with suitable classification algorithms.

In recent years, deep learning has dominated the tasks in AAR due to the high performance
achievable with the help of large-scale training datasets [4, 15]. For instance, convolutional
neural networks (CNNs) are widely used to automatically classify various animal activities,
such as the walking and ruminating of cattle [4], the trotting and cantering of horses [2], and
the eating and petting of canines [5]. However, collecting a large corpus of centralized datasets
from different sources (e.g., farms) often raises data privacy issues. FL has recently emerged as
a distributed learning paradigm, providing an attractive solution to the data privacy problem
[87-89]. FL allows learning from distributed clients (data sources) by aggregating the locally
trained models without exchanging the client’s data, aiming to build a shared model
collaboratively while avoiding privacy leakage [16, 90, 91]. However, directly applying FL to
AAR tasks often faces two major challenges, i.e., client-drift during local training and local
gradient conflicts during global aggregation, which easily increase the difficulty in model

convergence and cause extreme performance degradation [137].

First, the movement patterns of individual animals are often drawn from distinct
distributions, which inevitably results in data heterogeneity between clients. Such data
heterogeneity enlarges the inconsistency of learned features across clients, easily raising drift
concerns between client updates since each client model is optimized towards its local objective
instead of global optima during local training [94, 138]. To address this issue, some existing
methods [92, 94, 95, 138] impose constraints on the local optimization by exploiting a model-
level regularization term, aiming to facilitate all local models to approach consistent views. For
instance, FedProx restricted local model parameters to be close to global parameters by adding
a proximal term in the local training [92]. SCAFFOLD corrected for client-drift by using
control variates to overcome gradient dissimilarity in local training [94]. Both FedLSD and
FedCAD regarded the distributed global model as a teacher and distilled its predictions on local

data to guide local optimization [95, 139]. However, these methods only emphasize constraints
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on local models instead of directly forcing clients to learn consistent features, consequently

yielding sub-optimal performance.

Second, gradients among clients often possess inconsistent directions and even have
conflicting components due to the inconsistency between local optimization objectives in the
context of data heterogeneity. Directly aggregating all local gradients in standard FL methods
easily leads to mutual interferences among clients’ knowledge, further hampering the process
of model convergence and exacerbating the risk of model divergence. To alleviate this problem,
most existing works [140-142] attempted to modify the global aggregation mechanism by
dynamically adjusting aggregation weights to local gradients under different criteria. For
example, IDA assigned each client weight based on the inverse distance of its gradient to the
averaged gradient across all clients [142]. Precision-weighted FL aggregated local gradients by
averaging gradients by the inverse of their estimated variance [141]. ABAVG combined
gradients over clients by the accuracies of local models on the validation set at the server-side
[140]. However, aggregating local gradients merely by changing their weights still cannot
drastically remove conflicting components in gradients and may even lose important

information in gradients.

In this chapter, I propose a novel FL framework, namely FedAAR, to achieve automated
AAR by uniting decentralized data while tackling the above-mentioned issues. To alleviate the
client-drift issue, I design a PLU module, in which I introduce a globally shared prototype
(class-wise feature representation) as shared knowledge to constrain local optimization. To
reduce conflicts between local gradients, I devise a new GRA module to constantly recalibrate
local gradients throughout the training process. The proposed FedAAR is trained based on a
public dataset [72], and its generalization performance is compared with that of the state-of-

the-art FL strategies and with the centralized learning algorithm.

4.2 Materials and Methods

4.2.1 Preliminaries for Federated Learning

A FL system coordinates K clients to collectively train a global model while keeping their data

stored locally, effectively reducing the potential for violating data privacy. In each client k, the

k
local dataset {(xf‘,ylk)}ll\,: is sampled from a distribution D¥, where y¥ € {1,---,C}

1

k

corresponds to the ground-truth label of the data instance x;, C is the number of label
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categories, and N¥ is the data number of the k-th client. The training of a standard FL system
mainly consists of T communication rounds between a global server and K clients, with the

detailed procedure of each communication round divided into the following three steps:
Step 1. All clients synchronously download a global model w9'°?%! from a global server.

Step 2. Each client k uses the global model w9'°Pal to initialize its local model w¥ (i.e.,
W i = w9'°P%) and then conducts local training for E epochs, i.e., minimizing the local

optimization objective by using a gradient descent algorithm:
. 1 k k k
min ﬁzli\]:l*CICcE(Wk’xi Vi), 4.1)

where L. denotes the cross-entropy loss function of the k-th client. After local training, I

can obtain the updated local model W{fpdated and local gradient g* (i.e., the difference

between the updated local model W,’fpdated and the initial local model Wk;;;z)).

Step 3. Each client k then uploads its local gradient g* to the global server. These local
gradients {g*}¥_, from all clients are aggregated by directly averaging to generate global

gradients g9lobal.

1
goieval = = 3K g*. (42)

Afterwards, the global gradient g9'°P% is used to further update the original global model
ngobal:

wdlobal — \,global gglobal. “4.3)

The updated global model w9'°Pal will be sent to all clients again in the next
communication round (Step 1). The above steps are performed repeatedly until the global

model achieves convergence.

Implementing the above-described standard FL (e.g., FedAvg) systems heavily relies on
the assumption that no data heterogeneity issues occur across clients (i.e., data between clients
follow a uniform distribution). However, this assumption does not hold in AAR tasks because
the discrepancy of movement patterns among individual animals often results in data
heterogeneity, thus giving rise to detrimental effects on the training of FL. Specifically, data
heterogeneity across clients inevitably enlarges the inconsistency of learned features between
clients, thereby inducing the drift between client updates as each client model is optimized
towards its local objective instead of global optima [95]. In addition, local gradients may

conflict with each other due to the inconsistent local objectives, resulting in knowledge
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interference among clients when directly aggregating all local gradients. Hence, there is a need

to reformulate the above optimization process to adapt to AAR tasks.
4.2.2 The Federated Learning Framework for AAR

Overview

To achieve automated AAR in the context of data heterogeneity between clients, I propose a
novel FL framework called FedAAR, as illustrated in Fig. 4.1. The training of FedAAR consists
of T communication rounds between a global server and K clients, where the detailed
procedures of each communication round include three steps as follows. (1) Each client k first
downloads the same global model w9'°?al and global prototype P9'°P4l from a global server
simultaneously. (2) Based on the local dataset D¥ in each client k, the local model w* is
initialized as the global model w94 and then trained in a PLU module (Fig. 4.1 (a)). After
local training, the updated local model W{fpdated and local prototype P{fpdated can be
obtained. Then, the local gradient g* can be calculated as the difference between the updated

local model W{fpdated and the initial local model (i.e., the downloaded global model w9tbat),
(3) All local gradients {g*}¥_, and local prototypes {P,’fpdated}:=1 are then uploaded to the

global server simultaneously. Afterwards, these local gradients {g*}K_, are aggregated to a

global gradient g9'°?%! ysing a GRA module (Fig. 4.1 (b)) and then used to update the global
model w9lobal (see Eq. (4.3)). In addition, local prototypes {Plfpamed}:=1 are aggregated to

update the global prototype P9'°al The updated global model w9°P% and global prototype
pglobal are sent to all clients again in the next communication round. The above three

processes are repeated until the global model achieves convergence.

Prototype-Guided Local Update

To alleviate client-drift issues in the local training, I devise a PLU module Fig. 4.1 (a), which
introduces a global prototype to serve as the shared feature knowledge to guide local

optimization.
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Fig. 4.1 Overall architecture of the proposed FedAAR framework.

ngobal and

First, each client k simultaneously downloads the same global model
global prototype P9°P% from the server. Based on the local dataset D* in each client k, the

local model w¥ is initialized as the global model w9°?% and then trained in the proposed

PLU module. Specifically, given batchwise samples {(x{‘,yik)}?zl with C categories in

Bc

client k, I first adopt the feature extractor to extract feature representation {egi}i_l for

samples in each class ¢, where B and B, represent the number of total samples and the c-
th categorial samples in a batch, respectively. These features are then used to calculate the
corresponding class-wise prototype {PX}C_,, where PX is the mean value of feature

representations of samples in class c, i.e.,

k.
PE =302 (4.4)

Herein, I empirically use the network that removes the last fully connected layer as the feature

extractor [143].

Inspired by prototype learning, in which gathering the prototypes across heterogeneous
datasets enables the incorporation of feature representations over various data distributions [143,

Pglobal}

144], 1 bring a global prototype { (P9tobaly agoregated across clients as consistent

feature-level views to guide local training. I propose a new prototype guidance regularization
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(PGReg) loss L’SGReg as follows:

LIFEGReg = ZCEC”PL‘k - chlobal ”2; 4.5)

global
Pc

where denotes the global prototype of the c-th category and ||-||, denotes the L2

distance. The PGReg loss sufficiently encourages local prototype {P¥}S_; of each client to
global ¢ . . . .
approach the same global prototype {PC }C= " effectively keeping all clients as having a

consistent direction of feature learning. Thus, the total loss function can be reformulated as the

linear combination of the original classification loss £X; and PGReg loss Lk Reg"
Lk = LIEE + Ax LllgGRega (4.6)

where A is the weight coefficient of PGReg loss and its value equals 0 in the initial state. Then,

I conduct the local training (see Eq. (4.1)) to obtain the updated local model W{fpdated. The
updated local prototype {Péfupdated}izl can be computed based on the feature vectors of

correctly classified samples using the updated local model Wllfpdated' The local gradient g*
can be calculated as the difference between the updated local model w,’fpdated and the initial

local model (i.e., the downloaded global model w9'°bal) Afterwards, all local gradients
{g*}¥¥_, and local prototypes {Pllfpdated};:_l are uploaded to the server to update the original

global model and global prototype.

At the server-side, to avoid the attack resulting from noise components involved in the
K . .
updated local prototypes {ngdated}k:f I devise a novel adaptive global prototype update

process. Instead of directly replacing the global prototype with the average values of local

C

prototypes over clients, I define the updated global prototype {P? loml} (p9tobaly a5 a

c=1
linear combination of the weighted averaged local prototypes {P.}S_; and the original global

c
prototype {ch lObal}

c=1"

Pglobal =y, * chlobal + (1 _ Vc) % Pc: (4.7)

Cc
where . is an adaptively balanced coefficient controlling the updating degree of the global
prototype and P, = Ik(:ln’C‘PCk,updated /YK_ nk, where nk represents the number of

correctly classified samples belonging to the c-th category in client k. Considering that the
updated global prototype may be transferred close to each other due to noise components,

inducing similarity increases of inter-class feature vectors [26], I modulate y,. according to the
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intra-class and inter-class distance between local prototypes and the original global prototype:

d(ﬁC'Pglobal)
exp

)+expd(§C’Pf’10bal)’ (4‘8)

Ye =

= lobal
PePd

expd(

where d(*) denotes the Euclidean distance and Pf,lObal is the global prototype of class c’,

global pglobal
P; , PJ

that is the closest class to class ¢, i.e., ¢/ = argmin d( ) Intuitively, when

je{1,2,..,C}\c

the averaged local prototype P. is farther from the global prototype of the same class ¢ than

the global prototype of its closest class (i.e., d(ISC, p? lObal) > d(]sc, ch,mbal)), the contribution

of P. on the update process (Eq. (4.7)) should be lower than that of PJ fobal ‘Note that when

global
Pc

the value of is empty at the early training phase, I directly put the updated averaged

prototype P. into global prototype PJ lobal,

Gradient-Refinement-Based Aggregation

To reduce conflicts among local gradients during global aggregation, I designe a new GRA
module Fig. 4.1 (b), which eliminates the conflicting components between local gradients,
ensuring all refined local gradients point in a positive direction to improve the agreement across

clients.

Given a set of local gradients {g¥}X_, that are uploaded to the global server, I first
characterize any two of these gradients as conflicting when their directions point away from
one another (i.e., having a negative cosine similarity). Herein, I aim to reconstruct consensus
vectors by refining the conflicting local gradients and keeping the non-conflicting local
gradients invariant. Fig. 4.2 visualizes the main step of the local gradient refinement process.
Specifically, suppose g' is the local gradient at the i-th clientand g/ is selected in a random
order from the rest of the local gradients, where i € {1,2,...,K} and j € {1,2,...,i — 1,i +
1, ..., K}. The cosine similarity between g' and g/ can be denoted as cos 6; j, where 0;; is
the angle between g’ and g’. As shown in Fig. 4.2 (a), if g° conflicts with g/ (i.e., cosine
similarity cos 6; ;< 0), I remove the component of gt in the direction fully opposite that of

g’ and alter g' by its projection §° onto the normal plane of g/:

ghg’
- . 4.9
17 (4.9)

g'=g-

If g* and g/ arenot in conflict (i.e., cosine similarity cos 0;; > 0),  retain the original local

gradient g’ as unchanged (i.e., §' = g%), as shown in Fig. 4.2 (b). Afterwards, the updated
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gt is further selectively updated according to the condition of whether there are conflicting
components compared to other local gradients. This process is repeated until all of the local

gradients are compared.

Supposing {§*¥}X_, is a collection of refined local gradients, I then aggregate them using

Eq. (4.2) and Eq. (4.3) to further update the global model w9toPal,

gl gim g t
6, refine
g] _— AT g]
(a)
g' g'
refine
\91 j g] —- \011 g]

(b)

Fig. 4.2 Process of gradient refinement.

4.2.3 Datasets and Data Preprocessing

This chapter conducts experiments on the horse dataset [72] described in Section 2.5.1. The
dataset is a centralized dataset comprising 87,621 2-s samples that are collected from six horses,
where the sample number of each individual (i.e., Happy, Zafir, Driekus, Galoway, Patron, and
Bacardi) is 23,625, 11,071, 10,127, 24,602, 12,849, and 5347, respectively. As done in Chapter
3, I also exploit the motion data from the tri-axial accelerometer and tri-axial gyroscope as the

input samples, which are normalized before being input into the network (see Eq. (3.10)).

4.2.4 Design of Experiments

Evaluation Metrics

The comprehensive performance of the activity classification model is indicated by four
evaluation metrics, including precision, recall, F1-score, and accuracy (see Eq. (3.11) to Eq.
(3.14)). Each indicator value is multiplied by 100 as the result to reflect the difference in

indicator values more clearly.
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Implementation Details

In Chapter 3, I establish a cross-modality interaction network (CMI-Net) for horse activity
recognition based on accelerometer and gyroscope data. The CMI-Net, consisting of a dual
CNN trunk architecture and a joint cross-modality interaction module, has been validated to
effectively improve the classification performance for horse activities. Therefore, I select the
CMI-Net as the primary model architecture of global and local models to achieve the proposed
FedAAR.

During training, I use softmax cross-entropy loss with L2 regularization (a weight decay
of 0.15). An Adam optimizer with an initial learning rate of 5 x 107 is used, and the learning
rate decreases by 0.1 times every 20 epochs. The communication rounds T and batch size are
set to 100 and 256, respectively. If not specified, the value of local training epochs E is set to
1, and the weighting coefficient 4 in PLU is set to 0.05 by default. The global model is
initialized randomly before being downloaded to clients in the first round. Over the
communication rounds, the best global model with the highest test accuracy is saved as the
optimal model. To verify the model’s generalizability, I perform the leave-one-out-based
validation method. Specifically, I separately run three times in each experiment. In each run
(time), I randomly select five horses from the original six horses and individually assign these
five horses to five farms (clients). Each of these five horses’ data serves as each client’s data,
and all client data are used as training data to train a shared global model collectively. The data
from the remaining horse (the sixth horse) are then used as the test data to verify the
performance of the trained global model. The final test result of the model performance is
presented in the format mean + std from the three runs. This kind of data allocation can well
simulate practical scenarios, i.e., data heterogeneity across farms, since the movement patterns
of individual animals are often drawn from distinct distributions. All experiments are executed
using the PyTorch framework on an NVIDIA Tesla V100 GPU. The source code is available at
https://github.com/Max-1234-hub/FedAAR (accessed on 21 August 2022).

4.3 Results and Discussion

Overall, the experimental results demonstrate that the proposed FedAAR outperforms the state-
of-the-art FL strategies from both quantitative and qualitative perspectives while exhibiting
performance close to that of the centralized learning algorithm. Ablation studies are then carried

out to evaluate the effectiveness of the PLU and GRA module on the classification capability.
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In addition, a comprehensive investigation of FedAAR’s performance is conducted at different
levels of three practical conditions (i.e., dataset sizes on local clients, communication frequency
between local clients and the global server, and client numbers). The experimental results of
FedAAR are compared with those of its corresponding baseline, further validating the
performance advantages of my method. In the end, some possible future research directions are

proposed. The details are described as follows.

4.3.1 Comparisons with State-of-the-art Methods

Quantitative Comparison

I compare the performance of the FedAAR with the state-of-the-art FL approaches (i.e., FedAvg,
FedPorx, IDA, SiloBN, FedBN, and precision-weighted FL) and with centralized learning. As
illustrated in Table 4.1, the proposed framework outperforms all of the selected state-of-the-art
FL methods, with the highest average values of 75.23%, 75.17%, 74.70%, and 88.88% in
precision, recall, F1-score, and accuracy, respectively. These results demonstrate the promising
capabilities of FedAAR for animal behavioral classification. In particular, compared with the
precision-weighted FL [141], which obtains relatively good performance among the selected
state-of-the-art FL methods, the proposed approach achieves remarkable increments of 3.75%,
9.39%, 8.34%, and 4.22% in the average values of the precision, recall, F1-score, and accuracy,
respectively. This can be ascribed to the ability of my architecture to effectively alleviate client-
drift concerns in local training and conflicts of local gradients during global aggregation. In
addition, centralized learning provides the upper bounds for FL, because the conflicts between
clients in the FL framework influence the model aggregation and further induce the
performance degradation of the global model. Compared with centralized learning, the
performance of my method is close, with 3.64%, 3.26%, and 3.49% lower average values of
the recall, F1-score, and accuracy, respectively. This further reveals the favorable performance
of my method. It is also worth noting that the proposed approach demonstrates smaller
variances than the state-of-the-art works, with 1.01%, 3.92%, 2.49%, and 1.36% variance in
the precision, recall, F1-score, and accuracy, respectively, indicating its good stability and

robustness.

Qualitative Comparison

To qualitatively verify the proposed approach, I visualize the feature vectors of the test set

before the last fully connected layer within FedAAR and the state-of-the-art FL. models, with
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the help of t-distributed stochastic neighbor embedding [29]. As illustrated in Fig. 4.3, the two-
dimensional embeddings can reflect the distribution of the network features in the feature space
and indicate the generalization ability of models, in which each point corresponds to a sample
and different colors represent different category labels (ground-truth). Better generalization
means that the feature points of samples belonging to the same class cluster closer to each other,
whereas the points between different classes are located far from each other. From the
embedding visualization, we can observe that the proposed FedAAR displays more compact
clusters within the same categories and larger distances between different categories compared
to the selected state-of-the-art methods. This reflects the success of my approach in improving
the consistency of update directions across clients from both the local optimization and global
aggregation perspectives, which is beneficial to the generalization performance promotion of

the global model.

Table 4.1 Comparative results (mean + std) of the proposed FedAAR with state-of-the-art
federated learning (FL) methods.

Method Precision (%) Recall (%) F1-Score (%) Accuracy (%)
Centralized learning 83.34+10.81 78.81+2.40 77.96+2.28 92.37+3.84
FedAvg [87] 71.10+4.42 64.96+9.81 6540+8.93 84.31+3.05
FedProx [92] 71.10+4.42 64.93+9.83 65.37+896 84.30+3.06
IDA [142] 70.67 £5.45 64.35+10.68 64.27+10.02 84.36+3.33
SiloBN [145] 71.15+£2.73  64.57+9.41 64.96+794 83.18£2.64
FedBN [93] 7090 +2.84 65.45+8.81 65.82+7.14 83.72+2.16
Precision-weighted FL [141] 71.48 £3.78 65.78 +£9.15 66.36 £8.03  84.66 + 2.68
Our FedAAR 7523 +£1.01 7517+£3.92 74.70+2.49 88.88 +1.36
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Fig. 4.3 t-distributed stochastic neighbor embedding (t-SNE) visualization of the feature vectors
produced by the proposed FedAAR and other federated learning (FL) approaches.

4.3.2 Ablation Studies

Evaluation of PLU and GRA Module

Quantitative analysis. To investigate the effectiveness of PLU and GRA on classification
performance, I design four different experimental settings as follows. (1) Baseline: I apply
FedAvg as my baseline for the ablative comparison; (2) Baseline + PLU: I use the PLU module
instead of the original optimization process in the baseline during local training; (3) Baseline +
GRA: I replace the original weighted average mechanism in the baseline with the GRA module
during global aggregation; (4) FedAAR: I use the proposed framework involving both PLU and
GRA modules simultaneously. The quantitative results are shown in Table 4.2. It is remarkable
that the two modules individually yield desirable performance improvements over the baseline,
which proves that each of the PLU and GRA modules plays an important role in AAR tasks
with data heterogeneity issues. In particular, the GRA module contributes to the tremendous
performance improvements, with increases of 3.07%, 9.23%, 8.34%, and 3.47% in the average
values of the precision, recall, Fl-score, and accuracy, respectively. The variances also
significantly decline, by 3.47%, 6.85%, 7.63%, and 2.27% in the precision, recall, F1-score,
and accuracy, respectively, when the GRA module is used separately. These experimental
results validate the significance of the GRA module in the model’s performance and robustness
improvements. The inclusion of the PLU module in addition to the GRA module enables all
clients to possess consistent guidance directions of feature learning and further obtain relative

gains of 1.06%, 0.98%, 0.96%, and 1.10% in the average values of the precision, recall, F1-
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score, and accuracy, respectively.

Table 4.2 Evaluation results (mean = std) of the gradient-refinement-based aggregation (PLU)

module and guided local update (GRA) module on classification performance.

Method Precision (%) Recall (%) F1-Score (%)  Accuracy (%)

Baseline 71.10 £ 4.42 64.96 +9.81 65.40+8.93 84.31 £3.05
Baseline + PLU 73.04 £2.89 65.98 £9.34 67.10 + 8.02 84.92 £3.00
Baseline + GRA 74.17 £ 0.95 74.19 £2.96 73.74 £ 1.30 87.78 £0.78

FedAAR 75.23 £1.01 75.17 £ 3.92 74.70 = 2.49 88.88 £1.36

Analysis of the hyper-parameter A in PLU. The hyper-parameter A in Eq. (4.6)
represents the weight of newly added PGReg loss, corresponding to the constraint degree of
global knowledge on local training. I conduct experiments to evaluate the performance of my
approach with different 4 values (i.e., 0.01, 0.03, 0.05, 0.07, and 0.09), with the results shown
in Table 4.3. The FedAAR achieves clearly the best average values in the recall and F1-score
when A is set to 0.05, while obtaining a performance in the precision and accuracy comparable
to the model with 4 set to 0.09. Although the precision and accuracy arrive at the highest
average values when A is set to 0.09, the model exhibits a poor recall and F1-score. In addition,
the average recall and F1-score values first increase and then decrease as A varies from 0.01
to 0.09, which illuminates the likely benefit of properly choosing the value of A1 for the

improvement of overall classification performance.

Table 4.3 Experimental results (mean + std) of FedAAR with different weighting coefficients

A of the prototype guidance regularization loss.

A Precision (%) Recall (%) F1-Score (%) Accuracy (%)
0.01 74.39 £ 1.07 74.56 +2.81 74.08 +1.07 88.17+0.61
0.03 75.10+0.82 74.87 £ 3.39 74.53 £1.93 88.55+0.80
0.05 75.23 £1.01 75.17 £3.92 74.70 £ 2.49 88.88 £ 1.36
0.07 74.97 +1.08 74.66 +4.07 74.18 £2.59 88.88 £ 1.65
0.09 75.94 £2.14 72.50+5.21 72.80+3.85 88.89 + 1.67

Visualization of refinements in GRA. To provide further insights into the enormous
contributions of the GRA module, I visualize the counts of gradient refinement operations
during the training process over three runs in Fig. 4.4. It can be observed that various numbers
of gradient modulation operations occur in each communication round, which confirms that
conflicts among local gradients arise continuously during the training process. In addition, this
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observation implies that the framework can constantly and steadily recalibrate the local
gradients across clients, effectively enhancing the model’s performance. This finding also

reinforces the suitability of the proposed GRA module for AAR tasks in the context of data

heterogeneity.
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Fig. 4.4 Counts of refinement operations during the training process over three runs from (a) to

(©).

Analysis of Local Dataset Size

To observe the behavior of the proposed method over different data capacities, I present in Fig.
4.5 (a) the average test accuracies of FedAAR and the baseline under various local dataset
percentages (i.e., 20%, 40%, 60%, 80%, and 100%). The test accuracies of both FedAAR and
the baseline decrease gradually as the number of training samples reduces, but the accuracy of
FedAAR continues to exceed that of the baseline, validating the performance advantages of my
method under scenarios with a small amount of data. In addition, FedAAR conducted on 60%
local data still obtains higher accuracy than the baseline performed on full-sized local data,
which reveals that my approach can effectively mitigate the performance degradation due to

the reduced data amount.

Analysis of Communication Frequency

The communication frequency between local clients and the global server may influence
learning behavior. I decrease the communication frequency by increasing the local updating
epochs and present in Fig. 4.5 (b) the average test accuracies of FedAAR and the baseline on
various local updating epochs (i.e., E =1, 2, 4, 8, 16). As expected [93], both FedAAR and
the baseline achieve higher test accuracy under smaller local updating epochs, because
aggregating at lower frequencies (i.e., larger local updating epochs) easily results in the models’
divergence, especially in the early training stages [87]. Notably, FedAAR with a local epoch of
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16 still exhibits higher accuracy than the baseline with one local epoch, demonstrating the

superiority and reliability of my approach.
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Fig. 4.5 Test accuracies of FedAAR and its baseline over varying (a) local dataset sizes and (b)
local updating epochs.

Analysis of Client Numbers

More participated clients may bring more severe drifts among local gradients, which poses a
great challenge to the practical application of FL [146]. To further verify the performance
advantages of FedAAR compared to the baseline under scenarios with more clients, I simulate
the situations with varying client numbers by redistributing the original training data based on
the basic setting with five clients (see Section 4.2.4). Specifically, I separately parcel each of
five horse datasets into 2, 3, 4, 5, and 6 smaller ones, each serving as the training data of a
single client, thus forming five settings with total client numbers of 10, 15, 20, 25, and 30,
respectively. A larger number of clients indicates less data at each client, which causes bigger
variance in data distributions of clients and more severe drifts between clients. The data from
the remaining horse are still used as the test data to validate my method’s performance. As
shown in Fig. 4.6, the test accuracy consistently decreases as client numbers increase, but
FedAAR drops more slowly than the baseline method. This indicates the robustness of my

approach under scenarios with more clients and more limited data numbers at each client.
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Fig. 4.6 Test accuracies of FedAAR and its baseline over various client numbers.

4.4 Summary

In this chapter, I develop a novel FL framework called FedAAR involving a PLU module and
a GRA module to achieve automated AAR by uniting decentralized sensor data while avoiding
privacy leakage. The PLU module forces all clients to learn consistent class-wise feature
representations in local training, effectively reducing drift among client updates. The GRA
module eliminates the conflicting components between local gradients during global
aggregation, which ensures that all refined local gradients point in a positive direction to
improve the agreement among clients. The experimental results reveal that my approach
outperforms the state-of-the-art FL methods and achieves performance that is close to that of
the centralized learning algorithm. Ablation studies further illuminate the effectiveness of the
PLU and GRA modules. In addition, comparative analyses of the performance of FedAAR and
the baseline at different levels of three practical conditions (i.e., local data sizes, communication
frequency, and client numbers) confirm the performance advantages of my algorithm. These

analyses also provide rich insights into the appropriate future applications of my method.

4.5 Publication Related to This Chapter
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Chapter 5

S Energy-efficient AAR with Low-

sampling-rate Data

In previous chapters, | investigate and validate attention mechanisms and federated learning
techniques in promoting the performance of animal activity recognition (AAR). In fact, there
are also other factors impacting the performance of AAR, such as sampling rates of wearable
sensors. Normally, achieving good monitoring performance is dependent on the availability of
data with high sampling rates, which poses a huge challenge to the energy consumption and
memory storage of sensing devices. To this end, existing works have often lowered the
sampling rate to reduce energy costs, whereas the recognition performance of animal activity
degrades rapidly when the sampling rate falls below a threshold. In this chapter, I propose a
novel method, dubbed teacher-to-student information recovery (T2S-IR), aiming to improve
the performance of AAR at low sampling rates. This approach effectively leverages the
knowledge obtained from high-sampling-rate data, to assist in recovering the missing
information in features extracted by the classification network trained on low-sampling-rate
data. The workflow of the T2S-IR contains two main steps. (1) [ utilize high-sampling-rate data
for training teacher classification and reconstruction networks sequentially. (2) Then, I train a
student classification network using low-sampling-rate data, while promoting its performance
by exploiting the knowledge learned by trained teacher networks via two novel modules,
namely the reconstruction-based information recovery (RIR) module and the correlation-
distillation-based information recovery (CDIR) module. Specifically, the RIR module employs
the pre-trained teacher reconstruction network to enforce the student classification network to
learn complete and descriptive features. The CDIR module enforces the feature maps of student

network to mimic internal correlations within feature maps of pre-trained teacher classification
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network along temporal and sensor axes directions.

5.1 Introduction

Advancements in sensing technologies and smart computing techniques are driving the rapid
development of automated and precision livestock management [11, 28]. Automated AAR is
one sector that benefits considerably from the use of such technologies. In particular, wearable
sensors have been widely used as part of an animal activity monitoring system and in
conjunction with deep learning to infer individual animals’ daily behaviors, such as eating,
drinking, and walking [147]. Monitoring these activities in real time allows the early
identification of time-sensitive health issues and timely human interventions when necessary,
further improving animal health and welfare [2, 25, 59]. For instance, lameness, which is a
widespread welfare problem in the field of livestock farming, can be inferred from changes in
animal behaviors, such as lying down, standing, and walking [6, 28, 148—150]. Additionally,
reductions in feeding and activity levels and increases in resting suggest that animals are in a

state of sickness, pain, or heat stress [11, 147, 151, 152].

Despite the remarkable benefits that automated AAR provides, achieving good monitoring
performance is highly dependent on the availability of data with high sampling rates. The
sampling rate considerably affects the energy consumption and battery life of sensing devices
due to the continuous data collection and transmission required [2, 18, 28, 30]. This can be
particularly challenging in practical automated AAR systems using wearable sensors, where
animals are often constantly monitored over a long period (e.g., several months). Higher
sampling rates come at a cost in real-world deployments that rely on long-term operations [30].
For example, Walton et al. stated that increasing the sampling frequency from 16 to 32 Hz
reduced the battery life by up to half (1.81 years vs. 3.08 years) [28]. To reduce power usage
and extend battery life, a common practice is to operate wearable sensors at lower sampling
rates [18, 30]. However, when the sampling rate falls below a threshold, the AAR performance

degrades rapidly due to many relevant signals being missed.

Some approaches have been proposed to address the above problem, which can be divided
into two directions. One way is to find an optimal sampling rate that balances the trade-off
between the classification performance and energy budget [2, 28, 54, 153]. For instance, Walton
et al. evaluated the effects of the sampling rate (8, 16, and 32 Hz) on sheep activity recognition

using a tri-axial accelerometer and gyroscope sensor [28]. They found that the highest
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classification performance was obtained at a 32 Hz sampling rate, but sampling at 16 Hz
produced comparable results, thus suggesting significant benefits of using 16 Hz for real-time
monitoring. Eerdekens et al. attempted to reduce the sampling rate from 200 Hz to 25 Hz in
their research for horse behavior identification, and the accuracy decreased on average by about
4.75% [54]. The other solution direction is to select an appropriate and optimal classification
algorithm to overcome the decrease in accuracy due to a low sampling rate [18, 31]. For
example, Benaissa et al. compared the support vector machine (SVM) with naive Bayesian (NB)
and K-nearest-neighbor (KNN) algorithms in identifying dairy cows’ behaviors using
accelerometer data with varying sampling rates (e.g., 0.25, 0.5, and 1 Hz) [18]. The results
reflected that the SVM was less affected by a reduction in the sampling rate than the NB and
KNN algorithms and had a higher accuracy at the same sampling rate. However, choosing an
optimal sampling rate or algorithm does not fundamentally prevent the degradation of

recognition performance when decreasing the sampling rate.

To investigate the underlying reasons why low sample rates lead to degraded performance,
I visualize different sensor signals (for a 2-s period) of two horse activities (trotting and
galloping) at different sampling rates of 100 Hz, 25 Hz, and 5 Hz, as illustrated in Fig. 5.1. First,
we can observe that critical details in sensor signals of different behaviors are missing as
sampling rate decreases, such as signal crests and troughs. Generally, they represent significant
features to distinguish one behavior from another. For example, the signals of trotting and
galloping at 100 Hz are dramatically different, whereas the signals of trotting and galloping at
5 Hz are highly similar. Second, the continuity of a behavior, i.e., the relationships between
signals at different time points, is also missing. For instance, in a 100-Hz signal of trotting, the
time interval between every two crests is around 350 milliseconds. In comparison, the
relationship between every two crests in the 5-Hz signal of trotting is irregular. Therefore, it
would be difficult for algorithms to capture the intrinsic movement patterns (e.g., periodicity)
of a behavior. Based on the above analysis, there is an urgent need to find an effective method
to recover the critical details and behavior coherence lost in low-sampling-rate signals but

present in high-sampling-rate signals.

In this chapter, I propose a novel T2S-IR method to improve the performance of AAR at
low sampling rates while addressing afore-mentioned issues. The workflow of the proposed
T2S-IR contains two main steps. (1) I first use high-sampling-rate data to train the teacher
classification and reconstruction networks sequentially. The classification network performs
well in recognizing animal activities, and the reconstruction network possesses a good

generalizability. (2) Then, I downsample the high-sampling-rate data to obtain low-sampling-

71



Chapter 5 Energy-efficient AAR with Low-sampling-rate Data

rate data, which are used to train a student classification network. Meanwhile, we exploit the
knowledge learned by trained teacher networks to promote the student classification network’s
performance via two novel modules (i.e., RIR module and CDIR module). In practical scenarios,
we should first record data using wearable sensors with a high sampling rate, and then utilize
our T2S-IR method to obtain a trained student classification network based on the collected
data. Particularly, the obtained student network can be directly applied in wearable sensor-aided
AAR tasks with low sampling rates while possessing desirable performance, thereby achieving

energy-efficient animal activity monitoring.
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Fig. 5.1 Accelerometer signals of two horse activities (trotting and galloping) at different

sampling rates of 100 Hz, 25 Hz, and 5 Hz.
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5.2 Materials and Methods

5.2.1 T2S-IR for AAR at Low Sampling Rates

Overview

The proposed T2S-IR method aims to obtain a student classification network that has promising
performance at low sampling rates with the help of knowledge from high-sampling-rate data.
The T2S-IR method contains two main steps: (1) In the first step, I use high-sampling-rate data
to train teacher networks that include two subnetworks, i.e., the classification network and
reconstruction network. (2) In the second step, I employ the trained teacher networks to guide

the training of student classification network with the input of low-sampling-rate data.

Training teacher network using high-sampling-rate data

This section introduces the training procedure of the teacher classification network and teacher
reconstruction network using high-sampling-rate data. The overall process includes two stages,

as illustrated in Fig. 5.2.

Stage 1. 1 first train a CNN-based teacher classification network, which is composed of

convolutional layers and pooling layers for extracting features, and fully connected layers for

final classification. Given a high-sampling-rate instance (x™9",y) in the training dataset y

with C classes of animal activities, where x™9" is an image transformed from the sensor

signal (see Section 5.2.2) and y is a one-hot label, I input x™9" into the classification
network T to produce a logit zT. Then, the logit z7 is used to calculate the posterior

probability pI of each class activity using softmax function:

F
pl=—2—— cel12,..,Cl, (5.1)

Zje[1,2,...,c] e’

where z! is the logit value of c-th class. To reduce the classification error of all training
samples in y, I minimize the cross-entropy loss L, between posterior probabilities and the

original one-hot labels:

1
Ltp = 07 Lxhish yyey L ~ Yelog (), (5.2)

where y = [y, V5, ..., yc]. Under the supervision of LT, the teacher classification network

can capture movement patterns of different activities and perform accurate classification.
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Stage 2. After learning the teacher classification network, I employ its feature extractor to
train a teacher reconstruction network. The reconstruction network comprises multiple
transposed convolutional layers, in which the feature size variation is controlled to be
symmetric with that in the teacher’s feed-forward feature extractor so that it generates an image
with the same dimensions as the original teacher input. Specifically, I can obtain the feature
vector e (the input to fully connected layers) after inputting x™9" into the teacher feature
extractor, where the parameters of the extractor are frozen in this stage. The feature vector e’
is then fed into the reconstruction network R, generating a reconstructed image R(eT). To
attain a reconstruction network R with good regeneration ability, the objective is to minimize

the below reconstruction loss L. between the reconstructed image R(e”) and the input

image xM9h:
T _1 , high _
LREC = Il Z(xmgh_y)e)(”x R(e (53)
where ||||3 denotes the mean squared error loss function.
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Fig. 5.2 The training workflows of the teacher classification network and teacher reconstruction

network.

Training student network using low-sampling-rate data

With guidance from the above pre-trained teacher networks, this section aims to train a

favorable student classification network using low-sampling-rate data. Note that I construct a

low

low-sampling-rate training dataset y’', where each instance (x*°%,y) is obtained by
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downsampling a corresponding high-sampling-rate instance (x*9",y) in dataset y (here,
x| =1x'|) at a specific sampling frequency. The high-sampling-rate instance and low-
sampling-rate instance have the same class label. In addition, the student classification network
has the same architecture as the teacher classification network. Figure 5.3 presents the overall

training architecture of the student classification network.

As shown in Fig. 5.3 (a), I feed x!°% into the student classification network S to yield a
logit z5, which then goes through a softmax function to produce the posterior probability pS
of each class. The optimization criterion for the classification network is to maximize the
prediction probabilities of corresponding class activities, i.e., minimizing the negative log-
likelihood loss function L7 between the posterior probability pS and the one-hot label y

of all training samples in y':

S

Leg = X' |Z((xl°W yEX' 2 —yclog (p ) (5.4)
ezé‘
with p2 = <, c€[12,..,C]. (5.5)
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Fig. 5.3 The overall training architecture of the student classification network.

However, solely relying on low-sampling-rate data for training classification networks
often leads to poor performance, as the network cannot extract comprehensive and sufficiently
discriminative features from the low-sampling-rate data due to a loss of critical information.
Inspired by the statement that adding an image reconstruction branch based on the latent

representations facilitates the network to generate more descriptive features than a pure
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classification network [154], I design an RIR module (Fig. 5.3 (b)) to facilitate the recovery of
missing information in features. The RIR module exploits the pre-trained teacher reconstruction
network R to encourage the student network S to learn more complete and discriminative

low

features. Concretely, 1 first get the feature vector e’ after feeding x into the student

5 into the pre-trained teacher

classification network S (Fig. 5.3 (a)). Then, I input e
reconstruction network R to generate a reconstructed image R(e®) (Fig. 5.3 (b)), which is

impelled to be close to the image x™9" through an RIR loss Lgg:

1 , high NE
Lrir = U(—lthtghe;(”x 9" —R(e )”2 (5.6)
With the constraint of loss Lg;gr, the student classification network S can exploit existing
information within low-sampling-rate data to complete missing details in extracted features
since there are inherent correlations within a behavior sample along temporal points and sensor
axes [130, 155, 156]. Note that the parameters of the pre-trained reconstruction network R

remain constant during the training of student network S.

Considering the significance of inherent correlation within a behavior sample for
recovering missing information, I further devise a CDIR module (Fig. 5.3 (¢)) that can enforce
the features of student network to imitate correlations hidden in features of the pre-trained
teacher network along time and sensor axes directions. Specifically, I collect feature maps

low

{Fls} l=10f different layers when the image x is input into student classification network S,

where L represents the number of layers. Meanwhile, I also feed the corresponding high-

sampling-rate image x"9" into the trained teacher classification network T to yield its

feature maps {FIT}I;=1. Note that the parameters of network T are kept fixed during training.
Afterwards, I use pairwise (teacher—student) feature maps of each layer to compute the
corresponding layer’s CDIR loss L¢pg ;. Figure 5.4 exhibits the calculation procedure of the

CDIR loss L¢pg,; inthe [-th layer.

In Fig. 5.4, feature maps F] and F; have the same size of ¢ X a X t, where c is the
channel number, a and t refer implicitly to the axis and time dimensions, respectively. Both
feature maps F] and F; are input into a temporal correlation distillation (TCD) branch and
an inter-axis correlation distillation (ACD) branch to calculate the CDIR loss L¢pg;. In the
TCD branch, I first reshape F} and F;° into two two-dimensional feature maps with a size of
t X ac, where each vector with length ac is regarded as the feature along the time dimension.

I then conduct matrix multiplication on each two-dimensional feature map and its
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corresponding transposition, generating temporal correlation matrices M7 and M; of the
teacher and student, respectively. Afterwards, I perform the L2 normalization on each
horizontal vectors of these two matrices. To enforce the student feature map to mimic temporal
correlations within the teacher feature map, I define the following TCD loss £;, which
penalizes the negative cosine similarity between the normalized vectors u, v of M[, M}

through the following formulation:

1

N uv
L= _?ZuEIVIZT,vEIVIlS lullv)’ (5.7)

= . .
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Fig. 5.4 The computation process of correlation-distillation-based information recovery loss in

1-th layer.

Furthermore, I transfer the inter-axis correlations within feature maps from teacher to
student in the ACD branch. Briefly, F] and F/ are first reshaped into two two-dimensional
feature maps with a size of a X tc, which are used to generate two inter-axis correlation
matrices M{ and M; through matrix multiplication. Then, I use the normalized vectors
within M and M; to calculate the ACD loss £; by conducting a similar operation with Eq.
((5.7). Finally, the loss L¢pg; in the [-th layer is formulated as the loss combination of the

TCD branch and ACD branch:
1 ~ «
Lepiry =5 * Ly + Ly). (5.3)

Since the temporal and inter-axis correlations are included in intermediate features across

various network layers, I penalize the total CDIR loss L.p;r over all L layers to achieve the
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correlation distillation of feature maps from teacher to student:
—15L
Lepir = 7 21=1Lepir- (5.9)

With the constraint of loss L:p;r, the CDIR module compels the student feature maps to
imitate the temporal and inter-axis correlations hidden in teacher feature maps across

hierarchical layers.

In the end, based on the obtained classification loss L2z, RIR loss Lg;g, and CDIR loss

Lcprr, the student classification network S is optimized using the below joint loss function:
Liotar = Leg + A1 * Lrig + A2 * Lepir, (5.10)

where A; and A, are weight factors controlling the effects of the Lg;z and L.p;r. Through
the loss in Eq. (5.10), the proposed T2S-IR method adequately leverages the knowledge
obtained from high-sampling-rate data to assist in recovering the missing information in low-
sampling-rate data, consequently boosting the student classification network’s performance. In
practical scenarios, the enhanced student network can be directly applied to infer different
animal activities using low-sampling-rate data, thus achieving energy-efficient animal activity

recognition.
5.2.2 Datasets and Data Preprocessing

Datasets

The proposed method is tested using two public datasets, i.e., horse dataset [72] and goat dataset
[71]. The details are described in Section 2.5. The horse dataset comprises 87,621 2-s labeled
samples acquired from six horses using tri-axial accelerometers and tri-axial gyroscopes, in
which the sampling rate is set at 100 Hz. The motion data recorded by a tri-axial accelerometer
and a tri-axial gyroscope form a tensor of 1 x 6 x 200 for each sample. The goat dataset consists
of 42,943 2-s data samples collected from five goats. Each goat’s collar is equipped with six
tri-axial accelerometers and tri-axial gyroscopes fixed in different orientations, where the
sampling rate is set at 100 Hz. The motion data recorded by all six tri-axial accelerometers and

tri-axial gyroscopes are used, forming a tensor of 1 x 36 x 200 for each sample.

Data Preprocessing

Figure 5.5 displays the preprocessing procedure of sensor signals before they are involved in

the training of student classification network. Herein, I take an example of a 2-s signal sample
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with six sensor axes. The signal having a high sampling rate is first downsampled to obtain a
low-sampling-rate signal sample. Then, the two samples are normalized using the same
procedure as in Eq. (3.10). Since the duration of each sample is fixed at a consistent value (i.e.,
two seconds), the number of recordings along time direction is different between high- and low-
sampling-rate samples. In other words, data are missing in time intervals in the low-sampling-
rate sample compared to the high-sampling-rate sample. The missing data directly lead to the
extracted features losing information critical to the network in making correct predictions. In
efficiently recovering the missing information, I upsample the low-sampling-rate sample
through nearest-neighbor interpolation [157] to keep its shape the same as high-sampling-rate
sample. Afterwards, the high-sampling-rate sample and upsampled low-sampling-rate sample

are imported into the teacher network and student network, respectively.

High sampling rate ---- --- . Acc X ACCJ’ Acc z
Al A L oAy ’ Gyr_x Gyr_x Gyr_x
Normalization Missing value at interval time points
< Padding value
Time ﬂDOWﬂsampling High sampling rate image

Low sampling rate

Time .
2-s sensor signal

Normalization Upsampling

Axis

Low sampling rate image Upsampled low sampling rate image

Fig. 5.5 Illustration of data preprocessing.

5.2.3 Design of Experiments

Evaluation Metrics

The comprehensive performance of the activity classification model is indicated by four
evaluation metrics, including precision, recall, F1-score, and accuracy (see Eq. (3.11) to Eq.
(3.14)). Each indicator value is multiplied by 100 as the result to reflect the difference in

indicator values more clearly.

Implementation Details

This chapter uses a CNN-based classification network called CMI-Net, which has been
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validated in Chapter 3 to improve the classification performance of horse activities, as the
architecture of teacher and student classification networks. With reference to the studies of
Eerdekens et al. [2, 54], I downsample the original data sampled at 100 Hz to sampling
frequencies of 50, 25, 12.5, 10, 5, and 2 Hz. The performances of CMI-Net trained at these
different sampling rates are used as reference values (i.e., baseline results). The sampling rate
at which the CMI-Net performes best is selected as the high sampling rate, and the
corresponding data are used to train teacher networks. With the guidance of trained teacher
networks, | train a student classification network using data with lower sampling rates. To
validate the proposed T2S-IR method in improving the student model’s performance, I compare
it against the baseline method (i.e., training the student classification network only using low-
sampling-rate data) and various existing knowledge distillation (KD) methods, i.e., basic KD
[29], AT [106], RKD [105], and ICKD [103]. In addition, the leave-one-out cross-validation

method (see Section 3.2.4) is applied to verify the generalizability of the classification model.

During training, I add an L2 regularization (with a weight decay of 0.1 for the horse dataset
and 0.005 for the goat dataset) to the loss function to avoid overfitting. An Adam optimizer
with an initial learning rate of 1 x 107 is used, and the learning rate is reduced by a factor of
10 every 20 epochs. The total running epoch number and batch size are set at 100 and 256,
respectively. As in previous studies [27, 105], I adopt a grid search of hyperparameters (i.e., 44
and A, in Eq. (5.10)) and set exact values for the horse dataset and goat dataset. All
experiments are executed using the PyTorch framework on a single NVIDIA GeForce RTX
3090 graphics processing unit. The source code is available at https://github.com/Max-1234-
hub/T2S-IR.

5.3 Results and Discussion

Overall, the experimental results demonstrate that the proposed T2S-IR method remarkably
boosts the model trained using data having low sampling rates and outperforms existing KD
methods. Ablation studies are carried out to evaluate the effectiveness of the RIR and CDIR
modules in terms of classification capability. Additionally, the recognition analysis is analyzed
to probe the predictive performance advantages of the T2S-IR method for each activity

compared with the baseline method. This section ends with the proposal of future works.
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5.3 Results and Discussion

5.3.1 Baseline Performance

Figure 5.6 presents the performance of the baseline model (CMI-Net) trained on two public
datasets with different sampling rates, i.e., 100, 50, 25, 12.5, 10, 5, and 2 Hz. The results for
the horse dataset (Fig. 5.6 (a)) show that as the sampling rate gradually drops from 100 Hz, the
performance increases slightly until it peaks at 25 Hz; that is, a precision, recall, and F1-score
of 82.92%, 85.12%, and 83.50%, respectively. This result is consistent with the results of
several previous studies on horse behavior recognition using wearable sensors [2, 54, 55],
which found that reducing the sampling rate within a certain range leads to higher performance.
This phenomenon might be explained by the fact that too-high sampling rates raise the level of
irrelevant noise in the data, thereby misleading the final behavior classification. Subsequently,
the performance, as expected, starts to degrade constantly as the sampling rate continues to
drop, because less information is included in the data obtained at a lower sampling rate.
Additionally, the results for the goat dataset (Fig. 5.6 (b)) show that the model performance
peaks for data obtained at a sampling rate of 100 Hz; that is, a precision, recall, F1-score, and
accuracy of 75.50%, 90.48%, 80.69%, and 91.85%, respectively. The performance fluctuates
mildly as the sampling rate decreases from 100 to 12.5 Hz and then declines continuously as
the sampling rate fell below 12.5 Hz. This reflects that the information contained in the data
tends to be saturated once the sampling rate reaches 12.5 Hz, and there would be a trade-off
between performance and energy consumption in the practical selection of the sampling rate
[28, 31, 153]. According to the obtained performance and the selection criteria described in
Section 5.2.3, I choose 25-Hz data and 100-Hz data to train teacher networks on the horse and

goat datasets, respectively.

5.3.2 Comparisons with Existing Methods

To evaluate the effectiveness of the proposed T2S-IR method, I carry out comparison
experiments with the baseline method and existing KD methods (i.e., basic KD, AT, RKD, and
ICKD) based on the horse and goat datasets.
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Fig. 5.6 Classification performance of the baseline method for the horse dataset (a) and goat

dataset (b) at different sampling rates (i.e., 100, 50, 25, 12.5, 10, 5, and 2 Hz).

Comparative results obtained on the horse dataset

Table 5.1 presents the experimental results obtained on the horse dataset when using the data
with a sampling rate of 12.5 Hz (4;=0.1 and A,=1.1) and 5 Hz (1;=0.1 and A,=1.4) as inputs
of student classification network. The results reveal that all KD approaches outperform the
baseline in terms of all evaluation metrics, with the baseline having a precision, recall, F1-score,
and accuracy of 80.18%, 81.12%, 80.48%, and 89.01%, respectively, for the 12.5-Hz data and
74.53%, 74.94%, 74.67%, and 85.44%, respectively, for the 5-Hz data. This demonstrates the
promising capabilities of the knowledge transfer mechanism in alleviating the performance
degradation resulting from the use of data having low sampling rates. The proposed method
outperforms the existing KD methods with a precision, recall, Fl-score, and accuracy of
83.51%, 84.70%, 83.93%, and 91.20%, respectively, for the 12.5-Hz data and 76.77%, 76.36%,
76.45%, and 87.05%, respectively, for the 5-Hz data. This can be ascribed to the ability of my
architecture to effectively recover the missing information in student features by sufficiently
exploiting the knowledge obtained from teacher data. Moreover, my method even outperforms
the teacher classification network with relative percentage-point gains of 0.59%, 0.43%, and
1.13% in the precision, F1-score, and accuracy, respectively, for the 12.5-Hz data. This finding
is consistent with the results of several previous works [101, 105]. A possible explanation is
that I transfer the knowledge from the extracted features using the CDIR module, and the noise
in high-sampling-rate data has already been removed during the feature extraction using deep
learning. This impressive result is also in line with practical requirements that aim to relieve

the burden of energy costs while maintaining desirable performance.
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Table 5.1 Comparison of the teacher-to-student information recovery (T2S-IR) method against
the baseline and existing knowledge distillation methods on the horse dataset at low sampling

rates (i.e., 12.5 and 5 Hz).

12.5 Hz 5Hz
Method _
Prec (%) Rec (%) F1 (%) Acc (%)|Prec (%) Rec (%) F1 (%) Acc (%)

Teacher” 82.92  85.12 83.50 90.07 | 82.92  85.12 83.50 90.07

Baseline 80.18  81.12 80.48 89.01 74.53 7494 7467 8544

KD [29] 81.54  82.12 81.68 89.99 | 76.01 75.05 7525 87.20

AT [106] 82.45 82.83 82.61 91.17 | 75.07 7576 75.17 86.47
RKD [105] 82.14  82.56 8228 90.74 | 75.69 7634 7587 86.78
ICKD [103] 81.36  82.43 81.77 90.15 | 75.15 7459 7439 86.02
Our T2S-IR 83.51 84.70 83.93 91.20 ( 76.77 7636 7645 87.05

* For comparison, I also report the performance of the teacher classification network trained on

data having a sampling rate of 25 Hz. The values refer to the results in Fig. 5.6 (a);

* P
Prec: precision; Rec: recall; F1: Fl-score; Acc: accuracy.

Comparative results obtained on the goat dataset

Comparison experiments are also conducted on the goat dataset, where the data with a sampling
rate of 5 Hz (4,=1 and A,=1.5) and 2 Hz (1,=0.1 and A,=2.5) are used to train the student
classifiaction network. Table 5.2 shows that all KD methods again outperform the baseline
method, which has a precision, recall, F1-score, and accuracy of 71.06%, 81.90, 74,96%, and
89.64%, respectively, for the 5-Hz data and 66.07%, 77.12%, 69.39%, and 85.51%, respectively,
for the 2-Hz data. This further confirms the favorable abilities of KD in improving student
models without adding network complexity. The proposed T2S-IR method outperforms the
baseline model with relative percentage-point gains in precision, recall, F1-score, and accuracy
of 7.6%, 4.44%, 6.9%, and 0.79%, respectively, for the 5-Hz data and 4.29%, 2.35%, 3.99%.,
and 2.28%, respectively, for the 2-Hz data. Although basic KD has higher precision and
accuracy than my method for the 2-Hz data, it came at the cost of extremely low recall values,
which reflects that the samples are more likely to be misclassified when using basic KD.
Additionally, my approach has desirable performance boosts over the teacher model in the
precision and Fl-score of 3.16% and 1.17%, respectively, for the 5-Hz data. This result
reinforces the finding that the proposed method is suited to practical scenarios with limited

energy and memory sources.
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Table 5.2 Comparison of the T2S-IR method against the baseline and existing knowledge

distillation methods on the goat dataset at low sampling rates (i.e., 5 and 2 Hz).

5 Hz 2 Hz
Method
Prec (%) Rec (%) F1 (%) Acc (%)|Prec (%) Rec (%) F1 (%) Acc (%)

Teacher” 75.50  90.48 80.69 91.85 [ 75.50 90.48 80.69 91.85

Baseline 71.06  81.90 7496 89.64 | 66.07 77.12 6939 85.51

KD [29] 7736 8549 80.65 89.78 [ 72.36 72.82 71.70  88.64

AT [106] 75.64  83.04 7848 89.20 | 69.12 7891 71.44 87.46
RKD [105] 75.81 85.87 79.45 8990 [ 70.56 78.49 7254 87.76
ICKD [103] 76.55 8398 79.52 89.57 [ 68.22 78.09 71.05 87.87
Our T2S-IR 78.66  86.34 81.86 90.43 | 7036 7947 7338 87.79

* For comparison, I also report the performance of the teacher classification network trained on

data having a sampling rate of 100 Hz. The values refer to the results in Fig. 5.6 (b);

5.3.3 Ablation Studies

Evaluation of RIR and CDIR modules

To deeply probe the effects of the two main modules, i.e., the RIR and CDIR modules, I conduct
experiments on the two public datasets for the four following configurations. First, the Baseline
configuration is the basic classification model without any knowledge transfer operation (i.e.,
both A; and A, in Eq. (5.10) are set to zero). Second, the Baseline + RIR configuration
includes the RIR module in the original classification task to supervise the student training (i.e.,
A, 1is set to zero). Third, the Baseline + CDIR configuration includes the constraints from the
CDIR module in the training of the student classification model (i.e., A, is setto zero). Fourth,
the T2S-IR (Baseline + RIR + CDIR) configuration implements the proposed T2S-IR method
involving the RIR and CDIR modules simultaneously. The experimental results obtained on the
horse and goat datasets are given in Tables 5.3 and 5.4, respectively. It is seen that the two
modules individually contribute to the tremendous performance advantage over the baseline,
which demonstrates that each of the RIR and CDIR modules plays a critical role in the AAR
tasks using low-sampling-rate data. In particular, the performance gains are greater for data
having a higher sampling rate than for data having a lower sampling rate; that is, 12.5 Hz vs. 5
Hz on the horse dataset (Table 5.3) and 5 Hz vs. 2 Hz on the goat dataset (Table 5.4). The reason
may be that more information is contained in the high-sampling-rate data, which is more

beneficial for recovering missing information. In other words, while relying on the knowledge
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from teacher data to recover the missing information in student features, it is also necessary to

ensure that the student data have enough information of its own.

Table 5.3 Evaluation results of the reconstruction-based information recovery (RIR) module
and correlation-distillation-based information recovery (CDIR) module in terms of the

classification performance on the horse dataset at a low sampling rate.

12.5 Hz SHz

Prec Rec F1 Acc Prec Rec F1 Acc

(%) (%) (%) (%) (%) (%) (%) (%)
Baseline 80.18 81.12 8048 89.01 74.53 7494 74.67 85.44
Baseline + RIR | 82.51 83.30 82.73  90.56 76.02 75.08 7522 87.12

Baseline + CDIR | 83.16 84.34 83.53 90.90 76.45 74.99 7557 86.45
T2S-IR 83.51 84.70 83.93 91.20 76.77 76.36 7645 87.05

Method

Visualization of correlation matrices

To qualitatively verify the effectiveness of the CDIR module, I visualize the temporal and inter-
axis correlation matrices obtained from teacher feature maps across different layers, as shown
in Fig. 5.7 and Fig. 5.8. Figure 5.7 shows that within a specific duration, the strength of temporal
correlations varies periodically along the time dimension; that is, the temporal correlations
become more apparent as the layer number increases. This observation further confirms the
existence of periodicity within the movement patterns of animals. Similarly, there are
correlations between axis-dimension features across different layers in Fig. 5.8, further

supporting the introduction of the CDIR module.

Table 5.4 Evaluation results of the RIR module and CDIR module in terms of the classification

performance on the goat dataset at a low sampling rate.

5 Hz 2 Hz
Method Prec Rec F1 Acc Prec Rec F1 Acc
(%) (%) (%) (%) | (%) (%) (%) (%)
Baseline 71.06 8190 7496 89.64 | 66.07 77.12 69.39 85.51

Baseline + RIR | 77.95 8543 81.04 90.06 | 69.07 79.00 72.10 87.80
Baseline + CDIR | 77.19 86.04 80.67 89.78 | 69.17 77.23 71.77 87.62
T2S-IR 78.66 86.34 81.86 9043 | 70.36 7947 73.38 87.79
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It layer 27 layer 3 Jayer 4t layer 5% layer

Fig. 5.7 Visualization of the temporal correlation matrices across different layers under the

teacher network.

Fig. 5.8 Visualization of the inter-axis correlation matrices across different layers under the

teacher network.

5.3.4 Classification Performance Analysis

Among the evaluation metrics, recall represents the percentage of correctly classified samples
[25]. To further provide insights into the promising capability of the proposed T2S-IR method
in improving classification performance, I display the recall confusion matrices of the baseline
method and my method, as in Figs. 5.9 and 5.10. Compared with the baseline (Figs. 5.9 (a) and
5.10 (a)), the proposed T2S-IR method (Figs. 5.9 (b) and 5.10 (b)) has improved recall values
for almost all activities to varying degrees. Especially on the data with a slightly higher
sampling rate, my method has considerably higher increments in recall values for minority
classes; that is, 11.93% for naturally walking horses at a sampling frequency of 12.5 Hz (Fig.
5.9) and 14.81% for trotting goats at a sampling frequency of 5 Hz (Fig. 5.10). This

demonstrates that my method effectively addresses low-performance recognition due to
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insufficient sample numbers and has promising potential for application in practical scenarios
with data imbalance problems. Additionally, the recall confusion matrix of my method on the
horse dataset (Fig. 5.9 (b)) shows that except for walking-natural, all activities have recall
values of at least ~90% for the 12.5-Hz data and at least ~80% for the 5-Hz data. The recall
confusion matrix of my method trained on the goat dataset (Fig. 5.10 (b)) shows that except for
trotting, all activities have recall values of at least ~80% for the 5- and 2-Hz data. These results

again demonstrate the advantage of applying my method in scenarios with low sampling rates.

In practical scenarios, the trained student classification network can be directly applied to
identify animal activities based on low-sampling-rate data. Fig. 5.11 randomly visualizes the
test result of the trained student model on continuous sensor data (lasting for around 3.32 hours)
collected from a single goat. Notably, the data of the selected goat are unseen during the model
training. When the sampling rate was set to 5 Hz, the model achieved favorable classification
capability for goat’s activities with recall, F1-score, and accuracy of 78.02%, 91.3%, 82.48%,
and 95.02%, respectively (Fig. 5.11 (a)). It can be observed that the activities standing, grazing,
and walking were sometimes confused with each other, which can be explained by the fact that
goat is often standing while chewing, or walking while eating [71]. This phenomenon became
more evident in the test result based on 2-Hz data, where the model can still obtain high
identification accuracy of 91.29% (Fig. 5.11 (b)). We can also find that walking was more prone

to being misclassified as trotting when decreasing the sampling rate from 5 Hz to 2 Hz.

5.4 Summary

This chapter develops a novel method named T2S-IR to enhance the performance of AAR using
data obtained at low sampling rates. The T2S-IR makes use of the knowledge from high-
sampling-rate data, to help recover the missing information in features extracted by the
classification network trained on low-sampling-rate data. Specifically, I utilize high-sampling-
rate data to train teacher classification and reconstruction networks, which are then employed
to guide the training of student classification network based on low-sampling-rate data. During
the training of the student network, two newly designed modules, i.e., RIR module and CDIR
module, can help recover missing information using pre-trained teacher networks, further
extracting more complete and discriminative features. The experimental results reveal that the
approach remarkably boosts the performance of a model trained on data having low sampling
rates while outperforming existing KD algorithms. Ablation studies are also performed to show
the effectiveness of each module in the proposed approach. Additionally, classification
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performance is analyzed for each activity to further confirm the advantages of my method’s

predictive performance when using low-sampling-rate data. My method thus has great

application potential for energy-efficient wearable sensor-aided AAR systems, especially in

scenarios with limited energy sources.
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IR method (b) on the goat dataset with low sampling rates.
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Fig. 5.11 Test on continuous sensor data (over a period) collected from a single goat under a

sampling rate of 5 Hz (a) and 2 Hz (b), respectively.
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Chapter 6

6 Conclusion

This chapter summarizes my proposed approaches elaborated in the above-mentioned chapters.

In addition, I also discuss some potential improvements for future research.

6.1 Summary

Over the past decades, advancements in deep learning techniques and wearable sensors have
driven the rapid development of automated and precise animal activity recognition (AAR)
systems. In this thesis, I present a comprehensive review of recent research on AAR based on
wearable sensors and deep learning algorithms. Before implementing AAR systems based on
wearable sensors and deep learning in commercial animal farming, some relative technical
challenges must be addressed, including multi-modal fusion, class imbalance, data privacy, and
energy efficiency. To tackle these challenges, I have presented a series of strategies, including
the cross-modality interaction network (CMI-Net) combined with class-balanced (CB) focal
loss to achieve multi-model fusion and mitigate the class imbalance problem, the FedAAR to
perform automated AAR by uniting decentralized data while preserving data privacy across
farms, and the teacher-to-student information recovery (T2S-IR) to maintain favorable
performance of AAR at low sampling rates. Extensive experiments conducted on public
datasets acquired for horses or/and goats using tri-axial accelerometers and tri-axial gyroscopes
have verified the effectiveness of my proposed methods, which exhibit superior performance

to the state-of-the-art algorithms on various tasks. Overall, I summarize this thesis as follows.

In Chapter 2, I comprehensively summarize recent research on AAR based on wearable
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sensors and deep learning techniques. Five commonly used sensor types for monitoring animal
activities are included, i.e., accelerometers, gyroscopes, magnetometers, global navigation
satellite systems, and ultra-wideband. The accelerometer is the most frequently used type of
sensor in AAR tasks, and most studies have either utilized accelerometers alone or combined
them with other sensors to record animal motion data. The majority of studies have chosen the
neck as the preferred sensor location, and sensors placed on the neck have been proven to be
more accurate in detecting daily animal activities (e.g., feeding, ruminating, and resting) than
sensors placed at other locations. Cattle are the most studied animals, mainly because compared
with other animals, cattle are larger, so are suitable for wearing sensors, and they have higher
economic benefits in agriculture. Only a few studies have focused on activities that are rare but
important for animal health, such as licking, itch rubbing, scratching, and shaking. These
activities should be further investigated in future work. In addition, the applications of different
deep learning approaches in wearable sensor-aided AAR are also reviewed, according to the
taxonomy of deep learning algorithms, i.e., Fully connected feedforward neural network, CNN
(Convolutional neural network), RNN (Recurrent neural network), and hybrid models. CNNs
are currently the most widely used models in AAR-related research. They have exhibited
excellent performance in most cases, with accuracies higher than 90%. Considering the
advantage of RNNs in modeling time series, a few studies have combined a CNN with an RNN
to process sequential data from wearable sensors, and the combined model outperforms the
single models. Therefore, future research can focus on combining a CNN and an RNN to further
explore the effectiveness of this approach. In addition, we provide a comprehensive list of
publicly available datasets collected via wearable sensor-aided AAR over the past five years.
This list can serve as a valuable resource for readers who wish to further explore the field of

AAR.

In Chapter 3, to promote the ability of AAR based on imbalanced multi-modal data, I
develop a CMI-Net for multi-modal fusion and adopt CB focal loss for mitigating the class
imbalance problem. Specifically, the CMI-Net consists of a dual CNN trunk architecture to
extract modality-specific features and a cross-modality interaction module (CMIM) to achieve
deep inter-modality interaction. In particular, the CMIM based on the attention mechanism
adaptively recalibrates each modality’s temporal- and axis-wise features by leveraging multi-
modal information. Thus, it enables the CMI-Net to effectively capture complementary
information and suppress unrelated information from multiple modalities. In addition, the CB
focal loss is employed to supervise the network training, which forces the network to pay more

attention not only to samples of minority classes, diminishing their influence from being
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overwhelmed during optimization, but also to samples that are hard to distinguish.

In Chapter 4, I investigate the applications of federated learning (FL) in the field of
wearable sensor-aided AAR, aiming to develop a global model based on decentralized data over
different farms while protecting data privacy and ownership. I adequately consider two
challenges (i.e., client-drift during local training and local gradient conflicts during global
aggregation) resulting from data heterogeneity between multiple farms when directly applying
FL to AAR tasks. To address these two challenges, I propose a novel FL framework called
FedAAR that involves a prototype-guided local update (PLU) module for local optimization
and a gradient-refinement-based aggregation (GRA) module for global aggregation.
Specifically, the PLU module introduces a global prototype as shared knowledge to force clients
to learn consistent features, reducing the divergence between client updates. The GRA module
eliminates conflicting components between local gradients during global aggregation,
effectively guaranteeing that all refined local gradients point in a positive direction to improve

the agreement among clients.

In Chapter 5, I present a novel approach named T2S-IR to achieve energy-efficient AAR
at low sampling rates while maintaining desirable performance. The T2S-IR effectively
leverages the knowledge obtained from high-sampling-rate data, to assist in recovering the
missing information in features extracted by the classification network trained on low-
sampling-rate data. Concretely, I first utilize high-sampling-rate data for training teacher
classification and reconstruction networks sequentially. Then, I train a student classification
network using low-sampling-rate data, while enhancing its capability by exploiting the
knowledge learned by trained teacher networks via two novel modules, including the
reconstruction-based information recovery (RIR) module and the correlation-distillation-based
information recovery (CDIR) module. Particularly, the RIR module exploits the pre-trained
teacher reconstruction network to compel the student classification network to learn complete
and descriptive features. The CDIR module enforces the feature maps of student network to
mimic internal correlations within feature maps of pre-trained teacher classification network
along temporal and sensor axes directions. The trained student network can be directly applied

to infer different animal activities in practical scenarios with low sampling rates.

6.2 Limitations and Future Works

Automated AAR based on wearable sensors and deep learning techniques is critical for
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achieving precise animal monitoring and management. In addition to the challenges addressed
in this thesis, some limitations and practical challenges still require us to explore and solve,
including annotation scarcity, inter-activity similarity, domain generalization, energy efficiency,
and open-set recognition (see Section 2.3). Correspondingly, I propose potential future research
directions in the following to address these challenges, aiming to promote the robustness of

automated AAR.

6.2.1 Few-shot Learning for AAR with Scarce Annotated Dataset

As described in Section 2.5.1, only a few samples (less than 15%) are labeled among the
original 1.2 million 2-s data samples within the horse dataset, which is common due to the time-
consuming and labor-intensive annotation operation. To address the annotation scarcity issue,
most AAR-related works employ data augmentation techniques to expand data sizes through
the transformation of existing annotated data via rotation, jittering, scaling, noise addition, and
other transformation techniques [4, 14, 36, 55]. However, augmentation techniques tend to be
tailored to specific datasets, restricting their generalizability to other datasets. Transfer learning
is another effective strategy to solve the problem of annotation scarcity, since it allows models
pre-trained on large-scale datasets to extract general features that can be fine-tuned on the target
dataset with limited labeled data [158]. A recent study on cow’s feeding behavior recognition
has validated the transfer learning to increase classification accuracy based on a small number
of labeled datasets [35]. However, these above-described methods are not applicable to the
extreme case in which there are a few labeled samples available. Few-shot learning is a
promising option for this case, as it aims to learn a model or an optimizer from a set of base
tasks, and the learned model generalizes well to new tasks with few labeled training samples.
Thus, I am interested in designing algorithms based on few-shot learning to achieve precise

AAR when the annotated dataset is extremely scarce.

6.2.2 Multi-type Sensors for Addressing Inter-activity Similarity

As displayed in Chapter 3, the developed classification algorithm easily confuses walking-
natural with walking-rider because of the high similarity of movement patterns between these
activities (see Fig. 3.8). Currently, there is a lack of studies on how inter-activity similarity
affects the development of deep learning in wearable sensor-aided AAR. This raises urgent
concerns for finding feasible solutions to increase the capability of distinguishing different

animal activities with high similarity. One potential solution is to employ fine-grained activity
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recognition, which seeks to recognize subtle differences between similar activities by using
more detailed features and modeling techniques than other approaches [161]. However, this
method relies on complex algorithms and large amounts of data and is noise-sensitive. A better
solution is the simultaneous application of multi-type wearable sensors (e.g., an accelerometer
and a geographical positional system (GPS) device), which can help capture richer multi-modal
information about animals than a single device and further enhance the fault tolerance of AAR
systems. Furthermore, advanced multi-modal fusion techniques can be applied to combine data
from multiple sensors, further improving the accuracy and reliability of AAR systems. For
instance, the feeding and drinking of cattle have similar movement patterns, and thus a GPS
device can be added to record geo-location information, as these two activities are likely to
occur in different functional areas, that is, a feeding area and at a water trough [45]. In future
work, I will utilize multiple types of sensors to collect data from animals, seeking to improve
the accuracy and robustness of deep learning models in distinguishing different animal

activities with high similarity.

6.2.3 Unseen Domain Generalization with Domain-agnostic Learning

As presented in Chapter 3, the deep learning-based classification model is developed only based
on a specific horse dataset, which contains limited horse individuals raised in a single site. The
applications of the developed model for different horse individuals, horse species, or raising
sites remain to be explored, which inevitably induces a non-negligible challenge called domain
generalization. In reality, classification models trained on specific domains often exhibit
significantly reduced performance when tested on data from a new domain, owning to the
domain shift problem between training and test data. A common approach to address this
problem is transfer learning, which allows transmitting the knowledge learned from diverse
source datasets to target datasets with different domains and further improves performance.
However, transfer learning may not be applicable in situations where the source and target
domains are substantially different. That is, a pre-trained model may not capture the relevant
features in the target domain, and fine-tuning the model may result in overfitting or underfitting
due to the mismatch between the source and target datasets. In such a case, domain-agnostic
learning is a suitable option, which can enhance a model’s generalizability by enabling the
model to learn feature representations that are robust or invariant to domain shifts. That is, it
enables a model to effectively capture characteristics shared by the source and target domains
by learning domain-invariant features, thus improving its generalizability to new domains. On

this point, [ will investigate the effectiveness of domain-agnostic learning in AAR tasks, aiming
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to learn a model that can generalize well across multiple domains.

6.2.4 Energy-efficient AAR with Light-weight Models

In Chapter 5, I attempt to decrease the sampling rate of wearable sensors to achieve energy-
efficient AAR; meanwhile, I propose the T2S-IR method to alleviate the performance
degradation resulting from the reduction of sampling rates. However, only adjusting the
configuration parameters of wearable sensors is not enough. The memory and computational
cost of deep learning models also considerably affect energy consumption, and particularly this
should be noticeable when embedding the models in sensing devices. Thus, constructing light-
weight deep learning models is a necessary and worthy explored direction for achieving energy-
efficient AAR. Popular techniques for constructing light-weight deep learning models include
knowledge distillation [29], weight quantization [159], and network pruning [160]. In particular,
knowledge distillation can enable the transfer of knowledge from a cumbersome model to a
small model that is more suitable for deployment while maintaining desirable performance.
Weight quantization seeks to reduce memory footprint and computational complexity by
representing model weights with a smaller number of bits than the original representation.
Network pruning involves removing or pruning the connections, weights, or neurons in a neural
network. As implementing the above-described solutions may sacrifice a model’s performance,
it is crucial to identify a good trade-off between energy efficiency and recognition performance
in automated AAR systems. Therefore, I will improve these methods or explore new ones to

construct light-weight models while ensuring desirable performance.

6.2.5 Open-set Recognition with Generative Adversarial Network

As implemented in Chapter 3, Chapter 4, and Chapter 5, the proposed deep learning-based
methods are always validated based on category-limited training datasets, which is also an
ordinary operation in existing AAR-related studies. During the inference phase, trained models
typically classify samples as activity categories seen in the training phase. However, some rare
but important activities, which may occur in real-world monitoring scenarios but be absent from
training datasets, are also misclassified into known activity categories in a training dataset. As
a result, open-set recognition, which requires models to not only accurately classify known
categories but also effectively deal with unknown categories, is an urgently explored research
direction. The generative adversarial network is a powerful algorithm that can help solve the

open-set recognition problem by modeling the distribution of both known and unknown classes.
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This model can generate new samples that resemble the known classes and identify samples
dissimilar to the known classes as potential outliers and label them as belonging to unknown
classes. Therefore, I plan to design customized algorithms based on the generative adversarial
network, which can simultaneously perform classification well on known and unknown activity

categories.
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