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Abstract: The safety and welfare of companion animals such as dogs has become a large challenge
in the last few years. To assess the well-being of a dog, it is very important for human beings to
understand the activity pattern of the dog, and its emotional behavior. A wearable, sensor-based
system is suitable for such ends, as it will be able to monitor the dogs in real-time. However, the
question remains unanswered as to what kind of data should be used to detect the activity patterns
and emotional patterns, as does another: what should be the location of the sensors for the collection
of data and how should we automate the system? Yet these questions remain unanswered, because to
date, there is no such system that can address the above-mentioned concerns. The main purpose
of this study was (1) to develop a system that can detect the activities and emotions based on the
accelerometer and gyroscope signals and (2) to automate the system with robust machine learning
techniques for implementing it for real-time situations. Therefore, we propose a system which is
based on the data collected from 10 dogs, including nine breeds of various sizes and ages, and
both genders. We used machine learning classification techniques for automating the detection and
evaluation process. The ground truth fetched for the evaluation process was carried out by taking
video recording data in frame per second and the wearable sensors data were collected in parallel
with the video recordings. Evaluation of the system was performed using an ANN (artificial neural
network), random forest, SVM (support vector machine), KNN (k nearest neighbors), and a naïve
Bayes classifier. The robustness of our system was evaluated by taking independent training and
validation sets. We achieved an accuracy of 96.58% while detecting the activity and 92.87% while
detecting emotional behavior, respectively. This system will help the owners of dogs to track their
behavior and emotions in real-life situations for various breeds in different scenarios.

Keywords: pet activity detection; machine learning; ANN; Activity Detection; Emotion Detection

1. Introduction

The rapid development of digital information processing technology provided an opportunity
to explore the behavior of the animals aside from direct observation by humans [1]. The crucial step
in understanding animal behavior, which includes the activity patterns and emotional patterns, is to
create specific ethograms related to that species by monitoring the body postures and the physical
movements [1–3]. One approach for monitoring these behaviors needs a continuous collection of data
by using human observers. However, this approach is not ideal because (1) continuous observation by

Appl. Sci. 2019, 9, 4938; doi:10.3390/app9224938 www.mdpi.com/journal/applsci

http://www.mdpi.com/journal/applsci
http://www.mdpi.com
https://orcid.org/0000-0003-1344-296X
http://dx.doi.org/10.3390/app9224938
http://www.mdpi.com/journal/applsci
https://www.mdpi.com/2076-3417/9/22/4938?type=check_update&version=2


Appl. Sci. 2019, 9, 4938 2 of 22

a human and interfering with the normal life of pets by continuous observation can have a negative
impact on a pet’s behavior and health. (2) The observation process is costly and labor-intensive. The
other approach for the collection of data is by leveraging an automated system without interfering
with pets’ normal lives. The automated system that is available now uses sensors and it can be
directly attached to dogs; or it creates an environment using the sensors for the collection of data [4].
In recent years, it has been observed that automated systems for the identification of behaviors
are getting popular because the attached sensors in the automated systems have the potential to
discriminate various activity patterns and emotional patterns. In the domain of biosignal processing, it
is a well-known fact that comprehending the information from multiple sensors attached to one’s body
allows an increased level of precision and accuracy. For the case of decision making with respect to
one’s health, state of mind, activity, and emotion, there are a lot of factors to consider, and therefore,
leveraging multiple body sensors in this case is deemed necessary. Additionally, fetching the data
from multiple body sensors and performing a fusion with respect to the features enables much more
information acquisition, as it improves the signal to noise ratio, reduces ambiguity and uncertainty,
increases confidence, enhances the robustness and reliability of the data, and improves the data’
resolution [5–7]. However, in the last decade, the implementation of multiple body sensors for the
resolution of a particular decision was a subject of debate, as there were limited resources and robust
frameworks for the management of multi-sensory data. But with the advent of body sensor networks
(BSN) and enterprise cloud architectures, the process of rapid prototyping and deployment has become
much easier [8,9].

With respect to the case of animals, the body movement characteristics and the tail movement
characteristics are important for the identification of behavioral patterns. Therefore, accelerometer and
gyroscope sensors are normally used in automated systems. The accelerometer sensors can measure
the static accelerations and the dynamic acceleration of the body movements and the gyroscope
can measure the rotational movement of the body [10–13]. In this study, an automated system was
developed to understand the activity patterns of dogs by collecting accelerometer and gyroscope data
respectively, with wearable devices being placed at the neck and the tail of the dog; and their emotional
patterns were studied by collecting the accelerometer and gyroscope data of the tail. Seven distinct
activities—walking, sitting, “stay,” eating, “sideway” (moving sideways), jumping, and nose-work
were chosen for collecting the data to automate the activity pattern, and three emotional states—positive,
negative and neutral, were chosen, based on the tail wagging of the dog to automate the emotional
pattern detection system. The positive behavior was indicated when the dog was wagging the tail to
the right side of the body. The negative was indicated when the dog was wagging the tail to the left
side of the body. The neutral position was indicated by the straight wagging position, during which
it does not sway either to the right or to the left of the body [14]. Our system was developed based
on the data collected from 10 different dogs of various sizes, breeds, and ages. The objective of this
study was to develop an automated system that could accept accelerometer and gyroscope data as
input and distinguish different activity patterns and emotional patterns using supervised machine
learning algorithms. An evaluation of the system was performed using supervised machine learning
algorithms—an ANN (artificial neural network), a random forest, a SVM (support vector machine),
KNN (k nearest neighbors), and a naïve Bayes classifier. Most of the past studies focused on the
activity detection of different animals using wearable accelerometers but very few have considered
both accelerometer and gyroscope sensors for activity detection. On the other hand, various studies
in the past found the relationship between the tail wagging and emotional response by using visual
stimulation. The visual stimulation creates an abnormal behavior in the body that changes the cardiac
activity, that in turn changes the emotional responses. As the tail wagged towards the right, higher
cardiac activity was observed in the dog, and with the tail wagged to the left, lower cardiac activity was
observed in the dog [15]. Past studies provide enough evidence that heart rate has a direct relationship
with the emotions of human beings and animals [16]. Based on the evidence, few studies used
electroencephalogram (EEG), electrocardiogram (ECG), and photoplethysmography (PPG) signals to
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detect the emotional pattern of human beings [17]. At the same time, a few other studies considered
accelerometer data for emotional detection, and so far nobody has considered the combination of
accelerometer and gyroscope sensors for emotion-detection. After getting lot of evidence from past
studies, we decided to use neck-wearable and tail-worn sensors for detecting the activity patterns and
emotional patterns of household pets. In this study, we made the first attempt to develop an automated
system that uses neck and tail-worn sensors data for activity and emotion pattern classifications,
respectively. We used conventional machine learning techniques and incremental machine learning
techniques for the performance comparison. We also tested our system with validation sets of data
and received optimum prediction performance from the machine learning models, which indicates
that our system has the potential to be used in real-life situations.

The structure of the paper is organized as follows: Section 2 describes the related work regarding
the study, where all the state-of-the-art methods in the wearable sector and activity detection are
duly discussed. Section 3 provides a behavioral understanding with regard to the data collection
procedure and the experimental procedure. Section 4 provides the methodology of the complete work
and also includes the featured engineering process and gives an overview of the usage of classification
algorithms for solving our particular problem. Section 5 provides the results that were generated from
the complete work. Section 6 discusses study overall, and its future implications. Finally, Section 7
concludes the paper.

2. Related Work

The previous studies on wearable sensor-based activity detection and emotion detection are
mentioned in Table 1. The literature mentioned in Table 1 describes successful uses of wearable devices,
especially accelerometers, gyroscopes, PPG and ECG sensors for detecting behavioral patterns that
include the activity detection and the emotion detection of different animals. However, we have seen
that past studies mostly focused on accelerometer data for the detection of activities, and PPG and
ECG data for emotion detection. Except for a few studies, most of the studies did not consider the
combination of accelerometer and gyroscope data together for activity detection; at the same time,
most studies did not consider the acceleration and gyroscope data together for emotion detection.
One more point that is worth noting from the previous studies is that most of them considered the
collar or back of the animal for fixing the sensor for data collection. Past authors gave their specific
recommendations on sensor locations. Therefore, in this paper we decided to explore the locations
of the neck and tail at the same time considering both accelerometer and gyroscope data to develop
a robust model for activity detection. Additionally, the previous literature [14,15] mentioned that
emotional stimulation can be observed through tail wagging; therefore, in this study, we used the tail
accelerometer data and gyroscope data for emotion detection.
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Table 1. Related work.

Ref. Sensors Location Key Results Limitations Subjects

[18] Tri-axial accelerometer
and gyroscope Back

Accelerometer data were analyzed based on
the simultaneous video recording for

different activities and emotions.

This is a preliminary study to check the
feasibility of wearable devices for activity and

emotion detection and not validated for real-life
situations.

Dog

[19] Tri-axial accelerometer Collar
The accelerometer data-based model is able
to classify different activities with natural

settings with an accuracy close to 70%.

The classification accuracy of the model solely
depends on the recording by the dog owner

because that recording was used for annotation,
which is not perfect because a manual error is
inevitable. The proper environment has not

been prepared for conducting the experiment.

Dog

[20] Tri-axial accelerometer Collar

Accelerometer data has been used for the
classification of different activities and

external validation has been performed on
the model for checking the robustness of the

model.

Only accelerometer data is used for the
classification of different activities. Emotion

detection study was not explored in this paper.
Dog

[21]
Heart rate, galvanic skin

resistance, and body
temperature

Collar
The result would able to recognize the

animal emotions based on the physiological
signals.

The model has not implemented with real data.
So, the result cannot be validated to be used in

real-life situations.
Dog and Cow

[22] Tri-axial accelerometer Collar

The model was developed to monitor the
pruritic behavior. It was mentioned that the

result obtained using wearable device
matched with the veterinarian reports.

Only accelerometer data is used for predicting
behavior changes. Dog

[23] Tri-axial accelerometer
and gyroscope Withers

Accelerometer data and a gyroscope for
detecting the activity patterns and used

machine learning techniques to automate the
system with an accuracy of 91.3%

Used only one machine learning technique
(SVM) to evaluate the performance of the

system. The other model performance has not
been explored to check the robustness of the

system. Emotion pattern detection has not been
explored as well.

Dog

[24] Tri-axial accelerometer Collar, halter and ear tag
sensors

To monitor the behavior using accelerometer
sensor data at different position and

automated the system using machine
learning techniques with a good

classification accuracy.

Only accelerometer data has been taken into
account for behavior detection and only one

machine learning model has been used to
evaluate the system.

Sheep
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Table 1. Cont.

Ref. Sensors Location Key Results Limitations Subjects

[25] Tri-axial accelerometer Back

Acceleration data were used to detect the
behavior pattern of chipmunk species and
machine learning techniques were used to

automate the system.

The model was developed only using two
chipmunk species, which don’t support the

validation standpoint and the system used only
the acceleration data to detect the pattern.

Chipmunk

[26] Tri-axial accelerometer Collar

Acceleration data were used to detect the
behaviors of meerkat species and hybrid
techniques (biomechanical principle and
machine learning technique) are used for

classification and showed good performance.

Only accelerometer data is used for the
development of the model and the performance
has not been compared due to lack of the state of

art model.

Meerkat

[27] Tri-axial accelerometer Back

Acceleration data and GPS data were used to
detect the behavioral modes of vulture and
machine learning techniques were used for

classification of modes.

This kind of analysis is really challenging
because they are free-ranging animals.

Validation of this model in real-time is difficult.
Vulture

[28] ECG, PPG, Inertial
Measurement Unit (IMU) Back

The physiological signals collected using
these sensors help to detect the emotional
response of the dog. A strong correlation

found between the physiological signals and
emotional state.

No information has been provided about the tail
movements behavioral the emotional response
and no machine learning system has been used

to automate the system.

Dog

[29] Tri-axial accelerometer Back

Acceleration data collected using the sensors
used to develop the algorithm to detect the
activity pattern of the rats and also helps to

provide information about the neural
behaviors which help to detect the emotions.

Only acceleration data has been used for
detecting the behavior and performance

comparison using different machine learning
algorithms has not been studied in this paper.

Rat

[30] Tri-axial accelerometer Collar, vest, and forelimb
stocking locations

Acceleration data collected using sensors
were used to detect the activities and the best

sensor locations were also analyzed.

Any machine learning techniques were not used
for automating the developed system and also

the emotional state of the dog using the data has
not been discussed.

Dog

[31] GPS radio collar, bi-axial
accelerometer Collar

An algorithm based on the acceleration data
has been used to detect the activities of a

cheetah and also classification of activities
was performed using machine learning

techniques.

Only acceleration data has been used for the
detection of activities. Emotional behavior has

not been studied in this paper.
Cheetah

[32] Tri-axial accelerometer Neck

Acceleration data were used for the
detection of different activities and

classification task was performed using a
machine learning technique.

Only acceleration data were used for the
detection of activities and only one conventional
machine learning technique has been used and

performance comparison using different
machine learning algorithms has not been

studied.

Eurasian badger
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3. Data Collection and Experimental Procedure

In this study, the data from 10 different dogs were fetched from varied sizes, breeds, and ages. The
data regarding the sizes, breeds, genders, and ages of the dogs are depicted in Table 2. Prior approval
was taken from the dog owners before collecting the data for our research. For the activity detection,
wearable sensors were placed at the neck and tail, as shown in Figure 1a,b. These sensors were fastened
to the neck and tail using straps. Wearable sensors with a sampling frequency of 33.33 Hz (Sweet
Solution, Busan, South Korea) were used. The wearable sensors were equipped with accelerometer
and gyroscope sensors that could measure the linear motions and the rotational motions in all the
directions. The neck and tail-wearable devices used in the study were lightweight in nature and are
depicted in Figure 1c,d. The dimensions of the neck-worn device used in the study were 52 × 38 × 20.5
mm and it weighed 16 g; and the dimensions of the tail-worn device used in the study were 35 × 24 ×
15 mm, and it weighed 13 g. The scale factor of the accelerometer was −4 g to 4 g and gyro was −2000
dps to +2000 dps. Moreover, the data was processed and analyzed using a system with the following
specifications: Windows 10, 3.60 GHz 64-Bit Intel Core i7-7700 processor, 24 GB RAM, Python 3.7, and
TensorFlow 1.4.0.

Table 2. The data regarding the subjects (Dogs) from which data was fetched.

Serial Size Name Breed Age Gender

1 Large Mihokeu Border Collie 2 Male
2 Large Ringo Border Collie 6 Female
3 Small Deogu French Bull Dog 6 Male
4 Small Inter Sichuan 5 Male
5 Medium Barley Golden Retriever 3 Male
6 Large Cannes Cannes Korso 4 Male
7 Large Sohee Lot Willer 2 Female
8 Large Saaldog Dalmatian 1 Male
9 Small Choi Beagle 5 Female
10 Medium Simba Rhodesian Ridgeback 7 Male
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Figure 1. (a) Neck-wearable and tail-wearable devices placed on the dog for activity detection. (b) The
tail-wearable device is placed for emotion detection. (c) Neck-wearable device. (d) Tail-wearable device.

The data collection procedure was performed on trained dogs who were accompanied by their
personal trainers. The complete data extraction procedure, as shown in Figure 2, was performed by
four people who were responsible for activity determination, recording the activity for determining
the ground truth using video recorders, monitoring of the environment and IMU data recording, and
checking the position of the sensors on the necks and tails of the dogs, respectively. During the data
extraction procedure, the required activity whose data needed to be fetched was communicated to
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the specific dog trainer, who in turn, asked the dog to perform the specific activity. Simultaneously,
when the dog was performing the activity, one of the people recorded the IMU data of the dog that
was transmitted to the system from the neck and tail-wearable device and another person used a video
recorder for recording the activity of the dog. The video was recorded with the exact number of frames
per second as the sampling rate of the wearable device. Therefore, the frames of the video were further
used to derive the ground truth for a particular set of IMU data.
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Figure 2. Data collection procedure.

The data collected for the activity detection were encapsulated for seven different activities;
namely, walking, sitting, “stay,” “sideways,” eating, jumping and nose work. The distribution of data
that was received from the data collection procedure has been depicted in Figure 3. From the figure, it
can be duly observed that the distribution of data across all the classes is highly imbalanced in nature.
Therefore, all the classification algorithms that need to be implemented in the work must have a weight
matrix associated, for which the minority class needs to have more weight than the majority class to
achieve a fixed classification rate. Moreover, Figure 4a,b presents some exploratory data analysis on
the resultants of accelerometer and gyroscope data for seven different activities.
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Similarly, for emotion detection, the data was encapsulated for three different emotions by
leveraging the tail movements of the dogs. The three different emotions that were considered in the
study where positive emotion, neutral emotion, and negative emotion. Figure 5 below plots the data
distribution of the emotion data across the above-mentioned three emotion classes.
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4. Methodology

Figure 7 shows the complete process of the development of the activity and emotion detection
systems for household pets. The complete process was divided into four different sections; namely, the
data extraction procedure, feature engineering, machine learning model training and validation, and
a performance evaluation. In the data extraction procedure, the IMU data of the dog was captured
using wearable sensors, and simultaneously, the video of the dog performing a specific action was
recorded for generating the ground truths. The frame rate of the recording device was equalized with
the sampling rate of the wearable device. Further, both the data from the wearable device and video
recorder were synced with each other based on timestamps to create the primary data where supervised
learning could be duly imposed. The next step in the process was feature engineering, which was
common for both the activity detection and emotion detection systems. In the feature engineering step,
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two different types of features were developed; namely, statistical features and peak-based features.
Further, in the third segment, multiple machine learning models were developed for both the activity
detection and emotion detection, separately; and finally, in the last segment, the performances of all the
machine learning algorithms were compared and the best models which aligned with our hypothesis
and the requirements were chosen.Appl. Sci. 2019, 9, x FOR PEER REVIEW 10 of 21 
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4.1. Activity Detection

The data that was fetched from the 10 dogs were typically from 7 different activities; namely,
walking, sitting, “stay,” eating, “sideway,” jumping, and nose work. The data extraction process
leveraged a video camera for determining frames of the recorded video for identifying the “activity”
ground truths. Moreover, with regard to the sensors, two wearable devices were fastened on the
dogs, one on the neck and one on the tail, respectively. Both the sensors sampled accelerometric and
gyroscopic data. The data that was fetched was definitely huge in size, as the sensors that were used
for the data extraction sampled data at the frequency of 33.3 Hz. The total size of the data that was
fetched had 254,826 samples from all the 7 activities.

The data that was received consisted of a huge amount of noise, as the signals were generated
from the pets; some instances of disturbances during data collection were unavoidable. Therefore, to
reduce the amount of noise, a “lowpass Butterworth filter” was used. The Butterworth filter of the
6th order was used with the cutoff frequency of 3.667 Hz. The order of the filter was chosen on the
basis of blocking the maximum noise and the cutoff frequency was decided on the basis of exploratory
data analysis.

Post filtering and noise removal of the data, a routine of feature engineering, was performed
to fetch important features from the data. For feature engineering, 10 features for each axis of the
accelerometer and gyroscope of both the wearable devices from neck and tail were derived using
statistical methods and also domain knowledge. The features derived were, mean, standard deviation,
mean absolute deviation, minimum, maximum, energy measure, inter quartile range, skewness and
kurtosis. All the features were calculated on the basis of a rolling window for 33 samples with a step
distance of 16 samples, which means every window must have different values in terms of the features
which determine the optimum variances in the features. The number of features that were generated
post feature engineering was 124 for all the axes for both the neck and tail-worn sensors. By using
these features, we also trained our model with various machine algorithms, such as random forest,
SVM, KNN, Naive Bayes, and ANN. Finally, a performance comparison of different machine learning
algorithms was performed.
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4.2. Emotion Detection

For emotion detection, the data from 10 different dogs of varied sizes, breeds, and ages were
fetched. The data that were fetched from the dogs were typically from three different movements;
namely, right, left and straight waging, which determine positive, negative and neutral emotions,
respectively. The data extraction process leveraged a camera for determining frames of the recorded
video for identifying the “emotion” ground truth of the dogs. Moreover, with regard to the sensors,
one wearable device was attached to the dog, and that was on the tail. The wearable sensor that was
used for the process sampled accelerometric and gyroscopic data. The dataset was quite enormous in
size because the sensors sampled the data at a frequency of 33.3 Hz. The total dataset that was fetched
had 49,926 samples from all 3 emotions.

The data that was received consisted of a huge amount of noise, as the signals were generated
from the pets; therefore, some instances of disturbance in the data were unavoidable. Therefore, to
reduce the amount of noise, a “lowpass Butterworth” filter was used. The Butterworth filter of the
6th order was used with the cutoff frequency of 3.667 Hz. The order of the filter was chosen on the
basis of blocking the maximum noise and the cutoff frequency was decided on the basis of exploratory
data analysis.

Post filtering and noise removal of the data, a routine of feature engineering, was performed
to fetch out important features from the data. For feature engineering, 10 features for each axis of
the accelerometer and gyroscope of the tail-wearable device were derived using statistical methods
and also domain knowledge. The features derived were, mean, standard deviation, mean absolute
deviation, minimum, maximum, energy measure, inter quartile range, skewness and kurtosis. All
the features were calculated on the basis of a rolling window for 66 samples with a step distance of
32 samples, which means every window must have different values in terms of the features which
determine the optimum variance in the features. The number of features that were generated post
feature engineering was 72 for all the axis for the tail-wearable device. By using these features, we
also trained our model with various machine algorithms, such as random forest, SVM, KNN, Naïve
Bayes, and ANN. Finally, a performance comparison of the different machine learning algorithms
was performed.

4.3. Feature Engineering

The set of features that were developed for both the activity detection and emotion detection were
purely statistical in nature and the set of features that were developed for both the routines, namely,
activity detection and emotion detection, were the same. The features were calculated based on a
certain number of samples that differed for both the routines.

For the activity detection routine the complete dataset for a particular subject was folded by
having 33 (data worth 1 s) samples in each fold and maintaining a step distance of 16 samples. This
means the 16 samples at the end of each fold were further used as the samples in the subsequent fold,
sequentially. The usage of this particular method was further supported by having optimum variance
in the features. For emotion detection, a similar approach was followed, but the size of the fold was
increased to have 66 samples (data worth 2 s) and the step distance was increased to 32 samples.

The features for the activity detection were calculated using the raw accelerometric and gyroscopic
data of the neck and the raw accelerometric and gyroscopic data of the tail, whereas for the emotion
detection, the features were calculated based on the raw accelerometric and gyroscopic data from the
tail-wearable device only. The set of features that were calculated were basically of two types; namely,
pure statistical features and peak-based features. The calculation procedure was implemented in such
a way that the features were calculated for all the samples of a subject for a particular data fold of 33
samples to maintain optimum variances between the feature’s values.

Table 3 depicts all the statistical features that were used for the detection of activity and emotion.
The use of statistical features in the study provided us with the ability to identify some discriminant
features even if they lacked obvious interpretability but were still important ones for determining
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intrinsic patters for the decision making [33,34]. Table 4, on the other hand, plots some peak-based
features which have been generated for all the axis of the triaxial accelerometer and triaxial gyroscope
for both neck and tail devices. The activities for which data was fetched tended to show a wide range of
physical movements; therefore, features based on the peakedness of the signal were hoped to provide
us with subtle differences in the movement patterns [23,24].

Table 3. Statistical features.

Feature Equation Description

Mean X = 1
n

n∑
i=0

(Xi)

The mean of the feature was
calculated for each subject for all
the samples in each fold i.e., 33

samples.

Standard Deviation σ =

√
1
N

N∑
i=1

(
Xi −X

)2

The standard deviation of the
signal is calculated for each subject
for all the samples in each fold i.e.,

33 samples.

Median Absolute Deviation
MAD = median

(∣∣∣Xi − X̃
∣∣∣)

Where, X̃ is the median of X

The median absolute deviation
was calculated each subject for all

the samples in each fold i.e., 33
Samples.

Minimum min(X)

The minimum of the signal was
for calculated each subject for all
the samples in each fold i.e., 33

Samples.

Maximum max(X)

The maximum of the signal was
for calculated each subject for all
the samples in each fold i.e., 33

Samples.

Energy Measure Ex = 1
n

n∑
i=0

∣∣∣x[i]∣∣∣2 The energy measure of the signal
was calculated for each subject

based on all the samples in each
fold i.e., 33 Samples.

Inter Quartile Range IQR = median(Q3) −median(Q1)

The interquartile range was
calculated on each subject by

considering each fold that is 33
samples of data as the complete

set.

Signal Magnitude Area SMA = 1
n

n∑
i=0

(|Xi|+ |Yi|+ |Zi|)

The signal magnitude area is been
calculated by considering all the

axis of the accelerometer and
gyroscope and is calculated for
each subject by considering the

samples in each fold.

Skewness Skew(X) = n
(n−1)(n−2)

n∑
i=0

(
Xi−X

s

) The skewness for all the samples
of a fold for a particular subject

was calculated on the basis of the
Fisher-Pearson standardized

moment coefficient

Kurtosis Kurt(X) =
E
[
(X−X)

4
]

std(X)2 − 3
The kurtosis (peakedness) is

calculated for individual signals.
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Table 4. Peak-based features.

Feature Description

Number of Peaks This feature gives out the number of peaks for a
subject on a specific data fold of 33 samples

Peak Average Amplitude
This feature gives out the average amplitude of the

peaks for a subject on a specific data fold of 33
samples

Peak Value Difference Mean
This feature pursues the mean difference between the
amplitude of consecutive detected peaks for a subject

on a specific data fold of 33 samples

Peak Sample Difference Mean
This feature provides us with the mean time

difference between each detected peak for a subject
on a specific data fold of 33 samples

4.4. Machine Learning Algorithm and Evaluation Metrics

The development of machine learning algorithms for the detection of activity and emotion is very
important. Rawassizadeh et al. [35] leveraged machine algorithms to fetch semantic information from
data. Moreover, Rehman et al. [36] plotted the usefulness of machine learning methods for extracting
abstract patterns from mobile phones and wearable devices. Therefore, for this work, multiple machine
learning algorithms were developed and a comparative analysis was performed to determine the best
possible algorithm based on the evaluation metrics. As in previous studies performed by Banaee et
al. [37], it was found that SVM, ANN, and tree-based classifiers could be leveraged for healthcare-based
uses. Additionally, Casto et al. [38], showed that SVM, naïve Bayes, and ANN are potentially much
more reliable when it comes to human activity detection. Therefore, for the learning process in this
particular study, 5 different machine learning algorithms, namely, random forest, SVM, KNN, naïve
Bayes, and ANN, were developed. Yang et al. [39] used an SVM-based diagnosis model for fault
detection using sensors that were connected to the equipment, and they achieved an accuracy of 98.7%.
Aich et al. [40] used SVM, KNN, decision tree, and naïve Bayes classifiers to distinguish the freezing of
gait patients from not freezing, and they attained accuracy of 88% with SVM. The initial hypothesis
for the activity detection stated that the recall of all the 7 classes must be over 85% and all the classes
must maintain a fixed classification rate. On the other hand, the hypothesis for emotion detection was
devised in a way where it was stated that the recall of each class must be more than 85% and the correct
number of samples in the positive class and negative class must be more than the neutral class. Tables 5
and 6 below show the specifications and the hyperparameters of all the machine learning algorithms
that were used for the classification tasks of activity detection and emotion detection respectively.

Table 5. Activity detection: classifiers and specifications.

Classifier Specifications

Random Forest n_estimators: 500, criterion = ‘gini’, max_depth:8,
min_samples_split = 8, min_samples_leaf = 10

Support Vector Machine
Kernel = ‘rbf’, degree = 3, gamma =

‘auto_deprecated’,
C = 1.0, tol = 0.001, cache_size = 200

K—Nearest Neighbors
n_neighbors = 50, weights = ‘uniform’, algorithm

=‘auto’,
leaf_size = 40, p = 2, metric = ‘minkowski’

Naïve Bayes Gaussian

Artificial Neural Network
(Multi-Layer Perceptron)

Layers: [64, 128, 256, 32, 16, 7], Loss: Categorical
Cross-Entropy,

Optimizer: AdaGrad
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Table 6. Emotion detection: classifiers and specifications.

Classifier Specifications

Random Forest n_estimators: 200, criterion = ‘gini’, max_depth:4,
min_samples_split = 4, min_samples_leaf = 5

Support Vector Machine
Kernel = ‘rbf’, degree = 2, gamma =

‘auto_deprecated’,
C = 1.0, tol = 0.001, cache_size = 200

K—Nearest Neighbours
n_neighbors = 10, weights = ‘uniform’, algorithm =

‘auto’,
leaf_size = 40, p = 2, metric = ‘minkowski’

Naïve Bayes Gaussian

Artificial Neural Network
(Multi-Layer Perceptron)

Layers: [64, 128, 256, 512, 32, 3], Loss: Categorical
Cross Entropy,

Optimizer: Stochastic Gradient Descent

Moreover, in Figure 4, it can be duly observed that the numbers of samples in the 7 different classes
of activity are highly imbalanced. The presence of imbalanced data deeply affects the performance of
machine learning and deep learning models [41–44]. In the present day, there are multiple techniques
that have been found for dealing with imbalanced datasets, such as oversampling, undersampling,
synthetic minority oversampling technique (SMOTE) [45], etc. But in the present study, the usage of
such sampling techniques was not leveraged to increase the cardinality of the datasets; rather, a class
weight-based approach was undertaken. The class weights were basically used to create a weighting
mechanism for the calculation of a loss function, which means the minority samples that had a smaller
number of samples were focused on more during the training process. For determining the class
weights of the classes, a specific technique was used which is given as follows:

weight_o f _particular_class = log
(

tuning_parameter ∗number_o f _total_samples
(number_o f _particular class)

)
,

where tuning_parameter is a constant value that needs to be iteratively tuned.
For this paper, the chosen class weights are defined in Table 7.

Table 7. Class weights for activity detection model training.

Class Weight

Walking (0) 1.0
Sitting (1) 1.0
Stay (2) 1.0

Eating (3) 1.012589412
Sideway (4) 1.156774801

Nosework (5) 1.203320
Jump (6) 1.216978244

The evaluation of the machine learning algorithms was done by considering accuracy, average
recall, average precision, and average f1 score as the evaluation metrics. Accuracy in the particular
task was used to understand the overall accuracy across all the 7 classes for activity detection and the
3 classes of emotion detection. In the current scope of the work, the recall was being calculated for
each class where it provided the information regarding the number of data samples that the model
correctly identified for a particular class. Therefore, in the study, average recall was calculated, which
determined the average percentage of correct predictions in each class of both activity detection
and emotion detection respectively. Additionally, the precision of the predictions has been derived,
which determines the confidence of a particular prediction to belong to a particular class. Further,
for evaluation purposes, average precision was derived, which allowed us to identify the average of
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all the precision scores for each class. Finally, an f1-score was derived, which provides a weighted
average between both the precision and recall of each class, and therefore, penalizes the score for all
the wrongly-predicted samples of a particular class. Furthermore, during the learning procedure, the
complete data of 10 subjects were divided into the ratio of 70:30, where the data of 7 subjects were
used for the training and the data of 3 subjects for the validation/testing.

4.5. Web Application

To deploy the machine learning models developed in the study, two different web applications
were designed for activity and emotion detection, respectively. The application was developed using
Python’s micro web framework Flask and Dash. The pipeline of the application was designed to accept
the raw data generated from the neck-wearable and tail-wearable devices. Furthermore, regarding
the process, the raw accelerometer and gyroscope data from both devices are passed through the
pre-processing and the feature engineering routine of the system. The preprocessing and feature
engineering routine cleans, processes, and extracts important features on the fly. Moving on, the data
extracted features were passed to the machine learning module, which performed the analysis on
the data and laid out the predictions for each data segment. Figure 8 shows the web application for
activity detection and Figure 9 shows the web application for emotion detection.Appl. Sci. 2019, 9, x FOR PEER REVIEW 15 of 21 
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5. Results

5.1. Activity Detection

The machine learning algorithms developed in our work uncovered some astounding and effective
results in terms of determining the activity for a particular data segment. Table 8, depicted below,
provides a comparative analysis between all five machine learning algorithms that were used for the
learning process, and the evaluation metrics. The scores mentioned in Table 8 are based on the data of
the validation set. From the scores, it can be duly observed that the ANN outperformed all the other
classifiers. Moreover, as the primary requirement of the complete study was to develop a classifier that
could be deployed in a real-time production environment, having ANN as the classifier would be very
beneficial, as it provides the support for incremental learning.

Table 8. Comparative analysis between multiple classifiers for activity detection.

Metric Random
Forest SVM KNN Naïve Bayes ANN

Accuracy 0.9215 0.8452 0.8672 0.8844 0.9658
Average Recall 0.9136 0.8242 0.8425 0.8667 0.9469

Average Precision 0.9022 0.8222 0.8556 0.8533 0.9187
Average F1 Score 0.9089 0.8281 0.8502 0.8621 0.9365

Figure 10, plotted below, shows the confusion matrix that was derived using the classification
results of the test data. Therefore, we can see that the confusion matrix that was derived from the
classification results on the test data is in full accordance with the initial hypothesis that the number
of correct predictions in each class needs to be above 85%; that is, the recall of each class needs to be
above 85% and maintain a fixed classification rate across each class.
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5.2. Emotion Detection

For emotion detection too, some astounding results were observed. The five algorithms that were
used to develop the machine learning models produced some results which completely accorded with
the initial hypothesis that was devised for the emotion detection models. Table 9, plotted below, shows
the comparative analysis between the performances of multiple algorithms that were used to develop
the model. But in Table 9, it can be observed that the random forest algorithm outperformed all the
other algorithms. But in the Table, it can be seen that the ANN model also performed fairly well.
Therefore, for the sake of deploying the model in the production environment, we used the ANN for
the same reason that was discussed—for the activity detection, as that is incremental learning.

Table 9. Comparative analysis between multiple classifiers for emotion detection.

Metric Random
Forest SVM KNN Naïve Bayes ANN

Accuracy 0.9675 0.7852 0.8123 0.8996 0.9287
Average Recall 0.9436 0.7765 0.8255 0.8874 0.9134

Average Precision 0.9291 0.8523 0.8321 0.90 0.9469
Average F1 Score 0.9326 0.8126 0.8226 0.8942 0.9289

Figure 11, plotted below, provides the confusion matrix based on the classification results obtained
from the ANN model. It can be duly observed in the confusion matrix that it completely follows the
initial hypothesis which stated that the number of correct predictions in each class needs to be more
than 85% and that it must maintain a stable classification rate across all the classes.
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6. Discussion

We have developed an activity and emotion detection framework that will able to perform
efficiently for monitoring the household pets by leveraging wearable sensors on the neck and tail. We
have presented various features that were derived from the accelerometer’s and gyroscope’s data
that was used as input for recognizing different activities and emotions in a precise way with low
misclassification rates. Our results highlight the complex procedure involved in the detection of the
behavior of household pets. We can see that the similar features extracted from different types of
signals are able to recognize the activity and emotional state. The most important point to consider
here is that our model was working perfectly with imbalanced data sets and also predicted some rare
behaviors, such as nose-work and moving sideways. Although previous researchers detected the
emotion patterns based on various physiological signals, in this paper, we implemented the hypothesis
which described the relationship between tail wagging and emotional state in real-time by collecting
the signals using a tail-wearable device. The accelerometer and gyroscope data-based model was
not studied deeply for the animals, but few researchers have implemented that model in the human
beings and found good results which could be comparable with our method, cementing our as a
state-of-the-art model. Although we were able to get successful results, the challenge lies in the
interpretability of the model when it takes inputs other than tail-wagging data, such as galvanic skin
responses, respiration, ECG, EEG, and PPG data. Although comparing the emotional model of human
beings with an emotional model of animals is not perfect, in this paper, they were compared to check
the feasibility and the effectiveness of the model. The emotion detection models implemented in the
human considered the physiological signals as the primary input for the identification of emotional
state [46,47]; those data were missing in our emotion detection model. One of the findings was that the
relationship between body language pattern and emotional state described by [48], could be compared
to our model because tail wagging is considered a decoded version of body language [49].

The novelties of this study are as follows. (1) This is the first study that used neck and tail-wearable
data that included accelerometric data and gyroscopic data for the detection of activity patterns and is
highly recommended for real-life situations, because activities of dogs include both body movement
and tail movement, and in this case we had the data collected using both the sensors. (2) This study
used tail-wearable accelerometer and gyroscope data for the detection of emotional patterns, and is
also recommended for real-life situations, because the emotional pattern can be easily described by
the tail movement. (3) This study presented a robust system by using an incremental learning-based
machine learning algorithm. (4) This study also contained a web application in which the complete
process could be experienced, starting from the input of the data to the data distribution, and resulting
in the single web page within a few seconds.



Appl. Sci. 2019, 9, 4938 19 of 22

The system proposed in this study for activity detection outweighs the performances of previous
researchers’ work. A comparison of our result with state-of-the-art models for activity detection is
shown in Table 10. The comparison of our result with state-of-the-art models for emotion detection is
shown in Table 11.

Table 10. A comparison of our result with state-of-the-art models’ work for activity detection.

Author Location of sensor Accuracy

Our work Neck and Tail 96.58%

Gerencsér [23] Dorsally midway between the two
scapulae 91.3%

Ladha [19] Collar 70%

Table 11. A comparison of our result with state-of-the-art models’ work for emotion detection.

Author Accuracy

Our work 92.87%
Zhao [46] 75.56%

Dobbins [47] 73%

7. Conclusions

In this paper, activity detection and emotion detection systems were proposed; they used wearable
devices that leveraged incremental machine learning models. The methodology presented in the
study demonstrates the effectiveness of using wearable sensor-based techniques and machine learning
algorithms for the quantification of behaviors and for the development of automated systems. A
challenge that was addressed here was the collection of data for different activities, because fetching
data from animals is a very difficult task that had to be performed. Considering the earlier reports, this
work plotted some very new findings, such as (1) using accelerometric and gyroscopic data together
for the detection of activity and emotion detection; (2) collecting data at two different locations, the
neck and tail, that provided a lot of samples for making a robust model for the development of an
automated system; (3) quantifying emotional state based on tail wagging, which is novel considering
the use accelerometric and gyroscopic data, yet was effectively presented in this paper; (4) using
incremental learning methods effectively, to achieve improved accuracy over conventional machine
learning methods.

The limitations of this study are as follows. (1) The study did not take any additional cues for the
development of its emotion detection model; this study only used tail wagging data for classifying
different emotional states of the dog. (2) The emotion detection model that was developed in this study
on the basis of tail wagging needs further validation to be implemented in real-life situations.

The methodology proposed in this paper could be improved by taking into account the
physiological signals which are directly or indirectly related to behavioral patterns. The system
was developed using accelerometer and gyroscope data, but in future, other parameters, such as
galvanic skin responses, respiration, and heart rate data have to be included to develop a more robust
model for the detection of the behavioral patterns. As previous pieces of literature already mentioned
the importance of heart rate and physiological data for the detection of emotional states, considering
these data with the tail data could make the model more robust and provide much-improved accuracy.
The outcome of this study provided us with a lot of confidence that this system can be used in real-life
situations for detecting the activity patterns and the emotional patterns of pet dogs for monitoring
their health and well-being.
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