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Abstract

The number of healthcare products available for pets has increased in recent times, which has prompted active
research into wearable devices for pets. However, the data collected through such devices are limited by outliers
and missing values owing to the anomalous and irregular characteristics of pets. Hence, we propose pet
behavior recognition based on a hybrid one-dimensional convolutional neural network (CNN) and long short-
term memory (LSTM) model using pet wearable devices. An Arduino-based pet wearable device was first
fabricated to collect data for behavior recognition, where gyroscope and accelerometer values were collected
using the device. Then, data augmentation was performed after replacing any missing values and outliers via
preprocessing. At this time, the behaviors were classified into five types. To prevent bias from specific actions
in the data augmentation, the number of datasets was compared and balanced, and CNN-LSTM-based deep
learning was performed. The five subdivided behaviors and overall performance were then evaluated, and the
overall accuracy of behavior recognition was found to be about 88.76%.
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1. Introduction

The size of the pet care market has rapidly grown in recent times as more people tend to think of their
pets as family members. Moreover, the number of consumers adopting pets has increased owing to pro-
longed quarantine at home and telecommuting because of the COVID-19 pandemic [1,2]. Accordingly,
the number of users interested in the healthcare concerns of pets as well as related industries have
increased. Various devices have been launched in the pet healthcare service segment, such as monitoring
systems with cameras and wearable devices for pet activity measurement. Among these, wearable devices
constitute a part of the healthcare segment that uses the Internet of Things (IoT), on which many studies
have been reported [3,4]. Since these devices should not be uncomfortable or heavy for the pets to wear,
miniaturized and lightweight products are being developed to enable continuous detection during daily
activities without encumbrance from temporal and spatial limitations [5,6]. These devices can also be
used for the daily health management of pets or observation of pet behaviors.

Data collected from wearable devices may often have missing values or outliers because of poor
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communication. Moreover, since the wearing direction or angle of a wearable device is not always
guaranteed to be constant, various types of noise may be generated. The data obtained from such sensors
are often augmented to achieve high accuracy. Data augmentation is typically used to process the missing
values or outliers, where noise is artificially added to the sensor data. At this time, statistical methods of
augmentation are preferred over deep-learning-based methods for behavior recognition because of the
irregular and anomalous characteristics of pets.

Accordingly, this work proposes pet behavior recognition based on a hybrid one-dimensional (1D)
convolutional neural network (CNN) and long short-term memory (LSTM) model through wearable
sensor data augmentation. Most devices meant for pet healthcare purposes only show simple activities of
the pets, and the range of data available to users is extremely limited or sometimes missing. Thus, an
Arduino-based wearable device was manufactured for sensor data collection, and three-axis gyroscope
as well as three-axis accelerometer data were collected. After preprocessing and augmentation, the ac-
quired data were applied as inputs to a deep-learning-based model, from which we expect to recognize
five behaviors, namely walking, standing, sitting, running, and lying.

The remainder of this manuscript is structured as follows: Section 2 describes research related to
existing wearable devices and behavior recognition. Section 3 describes the proposed pet behavior recog-
nition. Section 4 describes the experimental results from the proposed method. Section 5 discusses the

conclusions of this study and future research directions.

2. Related Works

2.1 Sensor Data Augmentation

Activity recognition using sensor data requires a large dataset for deep learning. Thus, the performance
of'amodel is often degraded when the training data are sparse [7]. Data augmentation is the most common
method of solving this problem [8], which involves adding new data or increasing the amount of available
data. The method used to augment the data in this study is the generative adversarial network (GAN),
which uses a generative model to approximate the data distribution and a differential model to discriminate
true from false [9]. This approach is widely used in image data augmentation studies [10,11]. Another
method of augmentation involves artificially generating data using mathematical calculations, and the
representative techniques for such calculations include jittering, rotation, permutation, combination,
scaling, and time warping, among others [12]. Examples of data augmentation results by these methods
are shown in Fig. 1. Considering the anomalous and irregular characteristics of pets, methods involving
device rotation and noise generation are considered suitable for this study, so a mathematical approach

was used herein.

2.2 Behavior Recognition using Wearable Devices

Sensor data may entail various types and communication methods based on the modules configured
into a wearable device. In general, data collected through wearable devices are communicated via
Bluetooth so that users can interface using a smartphone application or receive service through a website.
For continuous data collection, low power requirement is also essential. However, currently available pet

wearable devices use three-axis accelerometers to measure the number of steps and show only the activity
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of the pet, and some devices do not have sensors. Considering the characteristics of pets, this is an
essential configuration module for behavior recognition. Moreover, general users cannot access such
collected data directly [13]. Table 1 compares some of the available pet wearable devices.
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Fig. 1. Examples of sensor data augmentation results using mathematical calculations: (a) jittering, (b)
scaling, (c¢) permutation, (d) time warping, (e) rotation, and (f) combination.

Table 1. Comparison of available pet wearable devices

Device 3-axis Acc 3-axis Gyro Bluetooth Low power r?c‘:)hgz:n‘;i(i)&
FitBark O O O
PetPace (0]
Whistle (0] (0] (0]
PitPat (¢} (¢} (¢}
Proposed device (0] (0] (0] (6] (6]

In this study, we develop a device comprising a three-axis accelerometer and three-axis gyroscope
sensor module for behavior recognition in an effort to go beyond simple activity measurement, as in the
case of existing pet wearable devices. The proposed device also provides accessibility to transmit the
collected data using Bluetooth, thereby ensuring continuous data collection with low power consumption.

In general, behavior recognition using sensor data is based on information gathered via a three-axis

accelerometer or three-axis gyroscope. To improve the efficiency and reliability of behavior recognition
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performance, it is necessary to fuse information from multiple sensors instead of data from a single sensor
[14,15]. To this end, data collected from wearable devices are generally subjected to preprocessing
operations, such as filtering and resolving data omission problems due to sensor errors.

Existing behavior recognition research is mainly human centered and is often conducted using the
sensors in a smartphone or smartwatch rather than through body sensors [16,17]. In previous studies,
high accuracies were obtained for behavior classification and recognition by constructing training models
using the processed data and by deep learning. In general, these models used the CNN-LSTM hybrid
approach, where the CNN extracted features and LSTM reflected the time-series data characteristics
[18,19].

3. 1D-CNN-LSTM Hybrid-Model-based Pet Behavior Recognition

The process for the 1D-CNN-LSTM hybrid-model-based pet behavior recognition using a wearable
device is shown in Fig. 2. The data collected through the developed pet wearable device are first
transmitted to a server. After replacing the missing values and outliers in this data through preprocessing,
a sliding-window sequence is constructed for use as input values to a learning model. Data augmentation
is then performed on the preprocessed data for each labeled behavior. Finally, behavior recognition is
implemented to derive five types of behaviors, namely lying, running, sitting, standing, and walking,
using the 1D-CNN-LSTM hybrid learning mode.
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Fig. 2. Process of 1D-CNN-LSTM hybrid-model-based pet behavior recognition using a wearable device.

3.1 Data Collection

To collect the necessary data for this study, a pet wearable device was manufactured using the Arduino
Nano 33 IoT board. A lithium-polymer battery and TP4056, which is a type-C charging module, were
soldered to the board to provide power supply and rechargeability. Thereafter, a custom case was
manufactured for the device using a 3D printer, and the entire device was configured so as to be worn as
a pet collar, as shown in Fig. 3.

The board collects three-axis accelerometer and three-axis gyroscope data using the built-in inertial
measurement unit module (LSM6DS3). Then, the pet pedometer information is calculated from the
collected data. A Bluetooth low energy module (NINA-W102) is used to connect the device to a
smartphone for data transmission. The application checks the mac address of the connected wearable
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device, adds a mac column to the collected data, and transmits the data to the database. The data table
structure in the database is shown in Table 2.

(b) (c)
Fig. 3. [llustration showing (a) the wearing of the proposed device, (b) manufactured pet wearable device,
and (c) device components.

Table 2. Data table structure in the database

Time Gyro x Gyroy Gyroz Accx Accy Accz Pedo Mac address

2020109 1 2045 413776 01 009  -034 1810  7C:9E:BD:3B:82:52
14:08:27

2021-01-09 5001 5549 201 055 -1.07 043 1813 7C:9E:BD:3B:82:52
14:08:28

2021-01-09 507 5588 2155 -1.57  -1.67  -112 1815  7C:9E:BD:3B:82:52
14:08:29

202101509 7450 1746 3394 088  -098 1.5 1817 7C:9E:BD:3B:82:52
14:08:30

OO 2362 305 1798 205 273 051 1820 7COEBD3BSL:S2

3.2 Data Preprocessing

Using the collected data, missing value processing, Z-score normalization, and sequence generation
are performed consecutively. The missing values are removed by filtering when their durations exceed 2
seconds in the collected data. Thereafter, the average values are calculated for the remaining missing
values, and a substitution process is implemented. Z-score normalization is then performed to handle
outliers, where the mean and standard deviation are first computed using Eq. (1); then, values below -2
or above +2 in the normalized data are judged as outliers and replaced with static values of -2 and +2,
respectively. An example of the normalization procedure is shown in Fig. 4.

The preprocessed sensor data are filtered using a sliding window for each column to create the
sequences. At this time, the length of each sequence is approximately 4 seconds. Then, the sequences are
merged to compose the input data required for model training, and labeling is performed on these
sequences. A total of five labels are applied, namely lying, running, sitting, standing, and walking. One-
hot encoding is then performed on the labeled data to change their structure before being input to model
training. One-hot encoding is performed on the sensor values and behavior label data, as shown in Fig. 5.
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Fig. 4. Example showing replacement of outlier values through Z-score normalization.
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2022-01-01 -1.6 1.5 1.8 Index Gyro_x

13:51:22 0 [-1.6,-1.4,1.1,1.8]
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Fig. 5. Examples of sequence generation and one-hot encoding.

3.3 Sensor Data Augmentation

Based on the data obtained after preprocessing, the number of data for each action is identified such
that augmentation can be performed on the corresponding time series. Feature extraction from a learning
base, such as GAN, does not allow selection of the desired features; however, feature extraction based
on a statistical method requires fewer computations and allows selection of specific features [20]. Since
the pet wearable device cannot be guaranteed to be in the same position each time it is worn, the sensor
data values may change according to differences in the angles. Therefore, among the various augmenta-
tion techniques, jittering that generates noise, rotation that creates arbitrary rotation angles, and a

combination of these two types are used, as shown in Fig. 6.

3.4 Sensor Data Augmentation

After augmentation, the data are used as input values to the deep-learning-based behavior recognition
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model. To capture the irregular features of pet behaviors, we use the CNN-LSTM hybrid model, whose
structure is as shown in Fig. 7. A feature map for the entire data sequence is created using the Conv1D
layer, which performs the one-dimensional convolution operation, and the features of the time-series
elements are extracted using the LSTM layer. At this time, after extracting the three-axis accelerometer
values from the Lambda layer via Eq. (2), the time-series features are additionally reflected in the LSTM
layer. The extracted features output the values for each behavior through the Dense layer; these values

are added, and the probability for each behavior is derived using the softmax function.
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Fig. 6. Sensor data augmentation results by applying statistical methods (jittering, rotation, and their
combination).

4. Experiments

Experiments were conducted in compliance with the protocols of the animal ethics committee after
completing animal experimentation ethics education. The experimental environment for the model

proposed in this study is shown in Table 3.
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Fig. 7. Structure of the 1D-CNN-LSTM hybrid model for pet behavior recognition.

Table 3. Experimental environment

Type Value
CPU AMD Ryzen 9 5900K
GPU NVIDIA GeForce RTX 3080
Memory 64 GB
Python 3.6.9
TensorFlow 2.5.0
Keras 2.5.0

4.1 Dataset

The data collected by the wearable device are stored in the server database through the user's

smartphone application. After preprocessing and augmentation, the data are applied to the deep-learning-
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based behavior recognition model. The composition of the collected data is shown in Table 4. Of the total
amount of data, 80% was used for training, and 20% was used for testing. About 20% of the training data

were used for validation during learning.

Table 4. Data composition for each type of behavior (n=985)

Behavior Number of data Proport(io(;)n) G tg‘;;:?;ggfa l\ltl;:tll:]::;;f
Lying 182 18.5
Running 120 12.2
Sitting 245 249 788 197
Standing 318 32.2
Walking 120 12.2

4.2 Experimental Results

From the configured dataset, a suitable model was selected for pet behavior recognition. We experi-
mented with the CNN model to extract features, LSTM model to reflect the time-series features, and
hybrid CNN-LSTM model depending on whether lambda was applied to the accelerometer values. In the
CNN-LSTM model, the least recently used (LRU) criterion was applied for activation of the Conv1D
layer, and tanh was used for activation of the LSTM layer. The number of epochs was 100, batch size
was 8, and learning rate was 0.001 with the Adam optimizer.

The loss and accuracy graphs for each model are shown in Fig. 8, and the results of the verifications
are shown in Table 5. Verifications were performed using the same dataset, and in most cases, the results
with the additional Lambda layer were better than those of the existing model. Among these, the model
with the additional Lambda layer in the CNN-LSTM showed the highest accuracy of 88.76%, and it is
noted that the differences between loss and accuracy for validation and training are more uniform and
smaller than those of the other models.

For accurate performance comparisons, the accuracies of each of the actions for all the models were
derived in the form of a confusion matrix, as shown in Fig. 9. From Fig. 9, it is evident that the behaviors
showing the greatest differences are walking and running. All six models used in the experiments
predicted lying, sitting, and standing with high accuracies. In the case of these models, there were no
significant differences between the CNN and LSTM. In particular, the CNN-LSTM model showed high
performance with respect to walking and running behaviors as well as better results when used together
with the Lambda layer. Table 6 shows the results of the performance evaluations in terms of the calculated
precision, recall, and F1-score for the CNN-LSTM model using the Lambda layer along with the best
performance based on Egs. (3)—(5).

True positive

Precision = 3)

True positive +False positive’

True positive

Recall = )

True positive+False negative'

RecallxPrecision
F1 —score = 2 X ———— (5)

Recall+Precision’
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Fig. 8. Comparison of accuracy and loss for each model: (a) CNN, (b) CNN + Lambda, (c) LSTM, (d)
LSTM + Lambda, (¢) CNN-LSTM, and (f) CNN-LSTM + Lambda.

Table 5. Results of the model losses and accuracies

Model Loss Accuracy
CNN 0.5782 0.8325
CNN + Lambda 0.6060 0.8274
LSTM 0.5595 0.8326
LSTM + Lambda 0.4544 0.8477
CNN-LSTM 0.4490 0.8527
CNN-LSTM + Lambda 0.4231 0.8876

The bold font indicates the best performance in each test.

Table 6. Performance evaluation results for each behavior with the CNN-LSTM + Lambda model

Behavior Precision Recall F1-score
Lying 0.92 0.94 0.93
Running 0.85 0.71 0.77
Sitting 0.95 0.84 0.89
Standing 0.83 0.97 0.89
Walking 0.86 0.79 0.83

168 | J Inf Process Syst, Vol.20, No.2, pp.159~172, April 2024



Hyungju Kim and Nammee Moon

0 0.047 0014 0
08
©
&0 (W 0023 0027 019
06
E o
2 ¢ 002 0 011 0077
%3
<
-04
)
Ak © 0 0.047 [NE:PEM 0.077
B
-02
<
oo 0.24 0 0.027 X
0 ' ' O -00
<& Y Y © Y
S N N & W
A & ) {‘)@c 3
Predicted
(@
10
& 1 0 0 0.029 0
0 |
08
O
& 0 0 0.029 ~ 0.36
06
© ®
2 &5 0 0 0.044  0.08 -
[}
<
04
)
S0 0.042  0.043 [EEE 0.04
c}.
-02
)
oo 0.42 0 0.015
; g : ; : 00
<O S ) ) )
$F & & W
N & ) o >
Predicted
(©
RSE 097 0 0 0.039  0.031
08
\‘&
& 0 0 0.053 025
06
T o
2 &9 003 0 (XEEM 0066 0.062
<
04
S
@6\“' 0 0 0.024 0.031
&
-02
0 0.14 0 0.026 [P
. 0 . g 00
O O ) O S
o & & & N
o Q&‘\ > (,\.1’“\ \\@\
Predicted
(e)

Fig. 9. Confusion matrix for each model for the behavior recognition results: (a) CNN, (b) CNN +

Actual

o XY 0 0043 0014 0048
08
0 0.64 0 0028 029
0
3 & o0 0 (XM 007 o0.048
g : : .
B
-04
©
& 003 0 0043 [EOEEEM 0.048
<
-02
)
&0 036 0 0.042
: : , : “00
3 © O O Y
o @t
Predicted
(b)
g 097 0 0 0.014 0
08
R
&0 0.67 0 0028 = 033
06
©
2 6@‘” 0.028 0 (ECHN 0083 0067
&
04
©
@&*- 0 0056  0.024 o
s
o2
N 0 0.28 0 0.014
‘ ‘ ‘ ‘ ‘ o0
O © © © O
S e
Predicted
(d)
3 092 0 0 0.04 0
08
&
o - 0010 ECECH 0023 004 0091
06
c.,\@““’— 0.038 0 (CEI 0067 0.045
-04
©
S 0019 0 0.023 [OEE] 0
o
-02
N 0 0.15 0 0.027
. 7 . ' g -00
O © O © ©
S S & S D
S q&& & (_)(096 @*
Predicted

®

Lambda, (¢) LSTM, (d) LSTM + Lambda, (¢) CNN-LSTM, and (f) CNN-LSTM + Lambda.

J Inf Process Syst, Vol.20, No.2, pp.159~172, April 2024 | 169



1D-CNN-LSTM Hybrid-Model-Based Pet Behavior Recognition through Wearable Sensor Data Augmentation

5. Conclusion

This paper presents a 1D-CNN-LSTM hybrid-model-based pet behavior recognition scheme with
wearable sensor data augmentation. A wearable device based on the Arduino was used to collect
accelerometer and gyroscope sensor values from pets through a smartphone application. Thereafter, the
collected data were stored in a server database and preprocessed for missing values and outliers. Then,
data sequences of length 4 seconds were used as inputs to the proposed model. Since wearable devices
cannot always guarantee data collection from the same position, data augmentation was performed to
artificially generate noise. Data imbalances from the different behaviors were also considered. Based on
the configured dataset, the CNN, LSTM, and CNN-LSTM models with and without a Lambda layer were
assessed for performance with respect to five behaviors, namely walking, standing, sitting, running, and
lying. Although the overall metrics did not differ significantly between the models, the CNN-LSTM
model with the Lambda layer showed the highest accuracy of 88.76%; specifically, running and walking
showed better performances with the proposed model than the other models.

However, owing to the lack of sufficient experimental data, this study has limitations in that the
proposed model cannot guarantee consistent behavior recognition for various pet species. Therefore, we
expect that this study can be extended from pet behavior recognition to recognition of abnormal
behaviors. In the future, as the number of recognized behaviors increases in accordance with data
collected from large numbers of animals, we intend to expand the present research to classify abnormal
behaviors.
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