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sensor data. Our proposed architecture, inspired by its success in Natural Language Processing
(NLP), utilizes the self-attention mechanism of the transformer to effectively identify relevant
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includes only the encoder part with a classifier's head to output probabilities of dog behavior. We
used an open-access dataset focusing on seven different dog behavior, captured by motion sensors
on top of the dog's back. Through experimentation and optimization, our model demonstrates
superior performance with an impressive accuracy rate of 98.5%, outperforming time-series DNN
models. The model's efficiency is further highlighted by its reduced computational complexity,
lower latency, and smaller size, making it well-suited for deployment in resource-constrained
environments.
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Abstract—This paper deals with classifying dog behavior using
motion sensors, leveraging a transformer-based Deep Neural
Network (DNN) model. Understanding dog behavior is essential
for fostering positive relationships between dogs and humans and
ensuring their well-being. Traditional methods often fall short in
capturing temporal dependencies and efficiently processing high-
dimensional sensor data. Our proposed architecture, inspired
by its success in Natural Language Processing (NLP), utilizes
the self-attention mechanism of the transformer to effectively
identify relevant features across various time scales, making it
ideal for real-time applications. The architecture includes only
the encoder part with a classifier’s head to output probabilities of
dog behavior. We used an open-access dataset focusing on seven
different dog behavior, captured by motion sensors on top of
the dog’s back. Through experimentation and optimization, our
model demonstrates superior performance with an impressive
accuracy rate of 98.5%, outperforming time-series DNN models.
The model’s efficiency is further highlighted by its reduced com-
putational complexity, lower latency, and smaller size, making it
well-suited for deployment in resource-constrained environments.

Index Terms—accelerometer, attention mechanism, dog be-
havior, dog activity detection, deep neural network, gyroscope,
inertial sensors, pet activity detection (PAD), mode recognition,
motion sensors, long short-term memory, machine learning,
supervised learning, real-time, transformers.

I. INTRODUCTION

UNDERSTANDING dog behavior is crucial for their well-
being and for creating positive relationships between

dogs and humans [1]. Recognizing signs of fear, aggression,
or anxiety can help prevent bites or other dangerous situations,
highlighting the need for awareness of these behaviors for
safety reasons [2]. Additionally, changes in a pet’s behavior
can indicate health problems, making early detection important
for getting timely medical care [3], [4]. This knowledge is
also key in dog training, where understanding the correlation
between the dog’s behavior can lead to more effective and
humane training methods [5]–[7]. To avoid misunderstandings
and ensure peaceful coexistence, it is important to consider
the various ways dogs communicate through body language,
sounds, and behavior [8]–[10].

The use of sensor technology and especially the use of
motion sensors [1], [11]–[15] has become increasingly im-
portant in this field. Motion sensors offer a detailed way to
observe and analyze dog behavior, enhancing the ability to
monitor their health, emotional state, and interactions. The
adoption of motion sensor technology in dog research and
activity monitoring has seen significant applications, extending
from domestic activity tracking to roles in search and rescue
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operations [16], [17]. Accelerometers and gyroscopes capture
a dog’s movements by measuring specific force and angular
velocity, respectively. [12], [16], [18]. They are conveniently
attachable to a dog’s neck or back, offering a seamless method
for gathering data on dog behavior in various environments
[19].

A notable contribution to this field is the dataset released
in [20], which encompasses motion sensor data from 45 dogs,
each data sample tagged with specific behaviors. This rich
dataset serves as a foundational resource for advancing our
understanding of dog activities and the potential for behavioral
prediction and monitoring.

Deep learning (DL) [21], a sophisticated branch of machine
learning, simulates the neural circuitry of the human brain
to process data and formulate patterns for decision-making.
DL models are adept at managing complex, high-dimensional
datasets with a level of efficiency that surpasses traditional
machine learning methodologies. This paradigm shift has
revolutionized multiple disciplines, including natural language
processing (NLP), computer vision, and speech recognition,
by offering models capable of autonomously learning feature
representations directly from raw data, obviating the need for
manual feature extraction.

Several studies explored dog behavior classification utilizing
motion sensors using DL. In the seminal study by Kasnesis
et al. [16], DL techniques were utilized on inertial sensors
to facilitate real-time operations in dog rescue missions. The
groundbreaking research by Hussain et al. [22] demonstrated
the efficacy of a 1D convolutional neural network (CNN) [23],
achieving an impressive accuracy of 96.85%. Notwithstanding,
this model required a substantial number of parameters for its
operation. Subsequent work [24] involved the deployment of
a long short-term memory (LSTM) architecture [25], which
garnered an accuracy of 94.25%. Further, in the study con-
ducted by Eerdekens et al. [26], a novel methodology that
utilized a reduced sampling rate of 10 [Hz] was introduced.
Despite this lower rate, the study achieved an exceptional
accuracy of 97.87%. Notably, this approach necessitated the
inclusion of a considerable size of samples into the model,
alongside a processing delay exceeding 10 seconds. This
finding emphasizes the importance of model optimization to
accommodate significant data loads and processing latencies.

The advent of transformer [27] has further propelled the
capabilities of DL, particularly in natural language processing
(NLP) and, of late, computer vision. Transformers are dis-
tinguished by their self-attention mechanisms, which enable
dynamic allocation of importance to different segments of
input data. This attribute renders them exceptionally suitable
for processing sequential data, where discerning the context
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and relationships within the dataset is paramount. Additionally,
transformers have demonstrated exceptional efficacy within the
domain of time series analysis, a topic succinctly covered in
[28].

The DL framework, especially when augmented with trans-
formers, offers a refined understanding and modeling of se-
quential data and might have an advantage for identifying
complex patterns of movement associated with various dog
behaviors, as observed in other tasks involving sensor data
[18], [29]–[35]. Inspired by the unparalleled efficacy of trans-
formers across diverse domains, this research endeavors to
leverage their potential to enhance the precision of behavior
classification.

In our study, the methodological framework encompasses
an analysis of the database provided by Vehkaoja et al.
[20], followed by the training of a transformer-based classi-
fier specifically tailored for our classification task involving
motion data. The optimization process of the transformer is
meticulously designed to enhance its performance in han-
dling our dataset, with iterative refinements conducted until
notable outcomes are achieved. Furthermore, a critical aspect
of our methodology is the comprehensive evaluation of the
model, taking into account the number of parameters, FLOPs
(floating-point operations per second), model size, latency, and
robustness consideration to ensure its suitability for real-time
applications. The efficacy of our transformer-based approach
is benchmarked against traditional models, including LSTMs,
Bi-directional LSTM [36], and CNN-LSTM, highlighting the
innovation and performance advantages of our work.

The main contributions of the paper are as follows:
1) Derivation of a framework for motion sensor classifica-

tion with transformer. The proposed approach is the first
to present a transformer-based architecture to serve as a
general framework for general activity recognition in dog
behavior classification.

2) A transformer network architecture, including the encoder
part only, designed for handling motion sensor data with
real-time considerations. Analysis of FLOPs, latency, and
memory is provided.

3) Evaluation of the proposed framework on an open-access
database and comparison with additional architectures to
obtain state-of-the-art results.

This paper is structured as follows: Section II provides an
overview of the transformer model and the attention mecha-
nism. Section III discusses the learning methodology, covering
data acquisition, database creation, loss function definition,
training, and modern DNN models. Section IV focuses on
the presentation of results and discussions, encompassing the
definition of the error metric, a comparative analysis of the
model’s performance, and an examination of the influence
of architectural design on real-time efficacy. Section V offers
concluding remarks for the paper.

II. TRANSFORMER-BASED MOTION SENSOR
CLASSIFICATION FRAMEWORK

This section reviews the transformer-based motion sensor
classification framework, leveraging its remarkable success in

NLP tasks to motion sensor real-time data classification task.
We delineate the framework into 4 key components, forming
the ensemble of our resultant DNN model. We begin with the
attention mechanism, the core of the transformer architecture,
enabling selective focus on relevant segments of the input
sequence for enhanced feature discernment. Subsequently, we
explore the multi-head attention (MHA) mechanism, facilitat-
ing simultaneous capture of diverse dependencies within the
input sequence. Further, we discuss the encoder portion of the
encoder-decoder transformer structure. Lastly, we address the
absence of recurrence by reviewing the positional encoding,
vital for preserving sequence order.

A. Attention Mechanism

The attention mechanism serves as the cornerstone of the
transformer architecture, enabling the model to selectively
focus on relevant segments of the input sequence. This mecha-
nism is pivotal in motion sensor data classification, as it allows
the model to discern critical features that are indicative of
different behavior modes exhibited by dogs.

At its core, the attention mechanism operates by computing
a weighted sum of values, V, based on the compatibility
between a query Q, and a set of keys, K, from the input
sequence. Mathematically, this is represented as:

Attention (Q,K,V) = softmax

(
QKT

√
dk

)
V. (1)

where Q ∈ RN×H×S×dk , K ∈ RN×H×S×dk , and V ∈
RN×H×S×dv are the query, key, and value tensors, respec-
tively, for a batch of size N . Each tensor consists of H
attention heads, each with a sequence length of S, and a feature
dimension of dk or dv .

The softmax function is given by:

softmax(zi) =
ezi∑k
j=1 e

zj
, (2)

where in our case is z = QKT

√
dk

. In the context of dog
behavior classification, the query, key, and value vectors corre-
spond to different aspects of the motion sensor data. The query
represents a specific feature or aspect of the input sequence
that the model is interested in, such as a particular pattern of
motion indicative of a behavior mode. The keys encapsulate
information from the entire input sequence, allowing the model
to compare the relevance of different segments to the query.
The values contain the actual sensor readings or features
associated with each element of the input sequence.

By computing the attention scores between the query and
keys, the model determines which parts of the input sequence
are most relevant to the query. This enables the model to
selectively attend to informative segments of the motion sensor
data while downweighting irrelevant or noisy signals. For
example, when classifying dog behavior modes, the attention
mechanism might assign higher weights to sensor readings
corresponding to rapid movements or changes in orientation,
which are characteristic of specific behavior modes.
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B. Multi-Head Attention

The MHA mechanism divides the query, key, and value
matrices into multiple heads, as illustrated in Figure 1, allow-
ing the model to simultaneously attend to information from
different representation subspaces at different positions (times-
tamps). This parallel processing capability of the MHA enables
the model to capture a more comprehensive understanding of
the input sequence, as given by:

MultiHead(Q,K,V) = Concat(head1, ..., headH)WO (3)

where each head is computed as:

headi = Attention(QWQ
i ,KWK

i ,VWV
i ) (4)

and WQ
i ∈ Rdmodel×dk , WK

i ∈ Rdmodel×dk , WV
i ∈

Rdmodel×dv , and WO ∈ RHdv×dmodel are parameter matrices.
Here, dmodel represents the dimensionality of the input feature
vector.

The essence of MHA is to allow the model to focus
on different parts of the input sequence. In the context of
dog behavior classification through motion sensor data, this
means the model can attend to the nuances of motion pat-
terns, orientations, and other relevant signals that distinguish
between different behaviors. For instance, one head might
focus on the rhythm of a dog’s gait, while another might
prioritize the intensity of motion, enabling a more nuanced
and comprehensive classification.

The key advantage of MHA is its ability to diversify
the model’s attention across different features and positions
within the input sequence, which is critical for understanding
complex, multimodal data.

Fig. 1. Multi-Head Attention block: Central to transformer models. It
segments the input into several heads, enabling parallel attention to diverse
sequence segments, thereby enriching the model’s interpretative capacity.

C. Transformer Encoder

Our methodology uniquely harnesses the transformer en-
coder architecture, eschewing the decoder component. This
strategic choice is predicated on the encoder’s inherent capa-
bility to efficiently parse and encode sequential sensor data
into a rich, feature-dense representation. The exclusion of the
decoder is deliberate, aimed at refining the model’s focus
towards generating embedding that succinctly captures the
essence of dog behaviors from motion sensor inputs without
the need for sequence generation, which is the decoder’s forte.

Central to our architecture is the transformer encoder, as
presented in Figure 2. A sophisticated amalgam of layers,
each comprising several key components: MHA, position-
wise feed-forward networks (FFN), and residual connections,
all normalized by layer normalization. The encoder processes
input sequences—motion sensor data indicative of dog move-
ments—by embedding them with positional information, pre-
serving the temporal sequence’s integrity (to be discussed in
II.D).

The position-wise FFN within each encoder layer serves
to apply non-linear transformations to the attention output,
enhancing the model’s ability to discern complex patterns and
relationships in the data. Residual connections around each of
the two main components (the MHA and FFN), followed by
layer normalization [37], facilitate deeper model stacking by
alleviating the vanishing gradient problem, thereby promoting
stable and efficient training.

D. Positional Encoding

In our classification task, positional encoding is crucial
for embedding temporal information into the transformer’
input, as the model inherently lacks sequential memory. This
encoding enables the model to discern the order of motion
sensor data, critical for identifying temporal patterns in dog
behaviors.

The positional encoding formula is:

PE(pos,2i) = sin
( pos

100002i/dmodel

)
(5)

where pos is the sequence position, i is the embedding
dimension, and dmodel is the embedding size. This sinusoidal
function embeds each position with a unique signal, allowing
the model to capture sequence order and temporal dynamics.

III. LEARNING METHOD

This section outlines our learning methodology for clas-
sifying dog behavior using motion sensors. It begins with
the motivation for adopting a transformer-based architecture,
followed by the dataset description - which details the motion
sensor data from 45 dogs, focusing on seven distinct activities
and the preprocessing steps taken. The loss function and the
architecture are also described. Finally, the training optimiza-
tion process is discussed.
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Fig. 2. Transformer encoder block illustration. The block consists of a multi-
head attention mechanism followed by a feed-forward network, with residual
connections and normalization applied at each stage.

A. Motivation

Traditional ML and time series DNN-based models often
face challenges in capturing temporal dependencies and ef-
ficiently processing high-dimensional sensor data. The trans-
former architecture, renowned for its self-attention mechanism,
offers a potent solution by effectively identifying relevant
features across various time scales and enabling parallel com-
putations. This attribute is particularly beneficial for real-time
applications, such as monitoring and interpreting dog behavior,
where swift and accurate decision-making is very important.

B. Dataset

The dataset, available from the National Library of
Medicine, published by [20], comprises motion sensor data
from 45 medium to large dogs, equipped with six-degree-
of-freedom motion sensors on their collars and harnesses.
Behavior annotations were added retrospectively, using video
footage captured by two camcorders during experiments, with
a granularity of one second. These annotations have been
precisely aligned with the sensor data to provide a detailed and
synchronized account of each dog’s movements and behaviors.

A subset of this dataset was curated for analysis. Specifi-
cally, we focused on data sourced from the back sensor alone,
encompassing seven distinct dog activities: walking, trotting,
galloping, sniffing, lying on the chest, sitting, and standing.
Each data instance comprises a 2-second segment of motion
sensor signal along with a corresponding label indicating the
dog’s activity.

Our dataset underwent refinement to isolate activities di-
rectly indicative of dog behaviors. Activities labeled as ’Syn-
chronization’ and ’Extra Synchronization’, which denote tran-
sitional or preparatory actions, were excluded from our anal-
ysis. Furthermore, the part of the data capturing instances of
simultaneous activities was discarded from our research. Our
focus remains on scenarios where a single activity is per-
formed, typically represented in the first behavior. Addition-
ally, rows containing undefined activities were removed from
the dataset as they did not contribute meaningful information
to our analysis. The data distribution is provided in Figure 3.

Fig. 3. The histogram representing the frequency distribution of seven distinct
dog behavior classes.

Given that we are working with an imbalanced dataset, as
the glopping class has a low amount of data, we ensured an
equitable distribution of classes across the training, validation,
and test sets through a technique known as stratified splitting
[38]. First, we divided the entire dataset, denoted as Xtotal, into
three subsets: Xtrain, Xval, and Xtest. Each subset represented
64%, 16%, and 20% of the total data, respectively.

We identified unique Dog IDs in the dataset and made sure
that each dog’s data was properly represented in all subsets.
For every Dog ID, its data was divided into three sets: training,
validation, and test. The division was done in such a way that
the distribution of classes remained consistent across all sets.

The training set, Xtrain ∈ R9,067×200×6, consisting of
9,067 examples, each comprising data in a 200 × 6 matrix
format. Here, 200 timestamps are recorded, with 3 axes for
accelerometer data and 3 for gyroscope data. Similarly, the
validation set, Xval ∈ R2,265×200×6, comprises 2265 examples,
each adhering to the same 200× 6 structure. In total, we deal
with 472 minutes of data in the entire dataset (302 minutes
training set, 75.5 minutes validation set, and the rest 94.5
minutes for the test set).

In both datasets, the labels are represented as one-hot en-
coded vectors. For example, yi = [0, 0, 0, 1, 0, 0, 0] represents
class number 4.
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C. Loss Function

We are motivated by the work [39] and use the softmax
cross entropy (CE) loss function for this multi-label classifi-
cation task. In our context, where we have 7 classes, we input
a one-hot encoding vector representing the ground truth labels.
Given y as the ground truth on-hot encoded vector of length 7
(the label) and ŷ is the predicted probability distribution over
the 7 classes, the binary cross-entropy loss, L, for a single
example can be expressed as:

L(y, ŷ) = −
7∑

i=1

yi log(ŷi) (6)

where the sum over i ranges from 1 to 7, corresponding
to the seven classes in our multi-label classification problem.
For each class, i, the loss function calculates the cross-entropy
between the predicted probability ŷi and the actual label yi.
The term yi log(ŷi) penalizes the model when it incorrectly
predicts an outcome as being less likely (small ŷi).

D. Architecture

The suggested architecture, as illustrated in Figure 4, com-
prises several layers in addition to the transformer encoder.

1) Additional Layers Description:
• Feed-Forward Network (FFN): Within each transformer

block, the FFN is a fully connected neural network that
applies a linear transformation followed by a non-linear
activation function. It is defined as:

FFN(x) = max(0, xW1 + b1)W2 + b2 (7)

where W1, W2, b1, and b2 are the weights and biases of
the FFN, and the Rectified Linear Unit (ReLU) activation
function, denoted as max(0, ·), applies a simple threshold
operation to each input element, setting all negative val-
ues to zero while keeping all positive values unchanged.

• Global Average Pooling (GAP): In the context of time
series data, GAP is used to condense the information
across the entire sequence, by calculating the average
value of each feature over all time steps.

• Leaky ReLU: Introduces non-linearity while allowing a
small, non-zero gradient when the unit is not active. It is
defined as:

LeakyReLU(α) =

{
α if x > 0

0.01α otherwise
(8)

2) Description of The Final Best-Performing Transformer-
based DNN Model: The input to the model consists of
a signal captured at a sampling rate of 100 [Hz] over 2
seconds, resulting in input dimensions of 200 (time steps)
by 6 (sensor channels). The architecture comprises 3 encoder
blocks, each integrating an MHA mechanism and an FFN.
The MHA is configured with 6 attention heads, each having
dimensions of 32. Within each transformer block, the FFN
is configured with dimensions of 1,024. The output from the
final encoder block undergoes GAP to aggregate and condense
the feature representation. Subsequently, this representation is
passed through a linear layer consisting of 10 parameters. A

Leaky ReLU activation function is then applied to introduce
non-linearity and enhance the model’s learning capability.
The architecture concludes with a sigmoid activation function,
which transforms the final output into a prediction vector with
dimensions of 7 by 1, representing the probability distribution
across the target classes or outcomes.

Fig. 4. DNN-based transformer architecture: Processes IMU signals (200x6)
using three transformer encoder blocks, each with six attention heads (32-
dimensional) and a 1024-dimensional feed-forward network. The architecture
concludes with global average pooling, a linear layer (10 parameters), Leaky
ReLU, and a sigmoid function, outputting a 7x1 prediction vector.

E. Training

We iteratively train multiple models until reaching the final
one. Each model is optimized using the ADAM optimizer [40]
with an initial learning rate of 0.0002, trained for 1,000 epochs,
with a batch size of 128. Additionally, we employ a learning
rate schedule using an exponential decay function with decay
steps of 300,000 and a decay rate of 0.05. All experiments
were conducted on a Google Colab environment utilizing an
A100 GPU.

IV. RESULTS AND DISCUSSION

This section presents a comprehensive analysis of the per-
formance of the proposed transformer-based DNN model. It
begins with a detailed explanation of error metrics such as
precision, recall, F1-score, and accuracy, followed by a dis-
cussion on the results of the transformer model, emphasizing
the impact of varying the number of transformer blocks on
model performance. The section also includes a performance
comparison with other models like LSTM, LSTM-CNN, and
Bi-LSTM, highlighting the superior accuracy and computa-
tional efficiency of the transformer-based model.

ArtificialGate Ltd. Research Manuscript B. Or | ArtificialGate Ltd.
Preprint / Research manuscript. Not yet peer-reviewed.

6



TRANSFORMER-BASED DOG BEHAVIOR CLASSIFICATION WITH MOTION SENSORS / B.OR 6

A. Error Metrics

Let TP, FP, TN, and FN represent the counts of true
positives, false positives, true negatives, and false negatives,
respectively. Precision is articulated as the ratio of TP to the
sum of TP and FP, encapsulated by the equation:

Precision =
TP

TP + FP
, (9)

highlighting the model’s accuracy in identifying positive
instances among all positively predicted cases.

Recall, or sensitivity, measures the proportion of actual
positive cases correctly identified by the model, defined by:

Recall =
TP

TP + FN
, (10)

thereby assessing the model’s ability to capture all relevant
instances.

The F1-Score harmonizes the balance between precision and
recall into a single metric, calculated as:

F1-Score =
2 · TP

2 · TP + FP + FN
, (11)

offering a composite measure of the model’s precision and
recall capabilities.

Accuracy, delineating the overall correctness of the model,
is delineated as:

Accuracy =
TP + TN

TP + TN + FP + FN
, (12)

thus providing a comprehensive metric of performance across
all classification categories.

B. Transformer-based DNN Results

Transformer models have reached the forefront of perfor-
mance, achieving an impressive accuracy rate of 98.5%. In
our evaluation, we assessed how variations in the number
of transformer blocks influence overall model efficacy. This
analysis involved comparing 4 distinct configurations, each
characterized by a different number of transformer blocks,
ranging from 1 to 4.

Considering the real-time capability of the obtained model,
a key metric in our examination was latency, defined as
the interval between the input’s introduction to the model
and the delivery of a prediction. Additionally, we quantified
the model’s complexity by cataloging the total number of
trained parameters, model size, and FLOPs, as indicators of
each model’s computational requirements. The results of all 4
models are summarized in Table 1. We found that the model
equipped with 3 transformer blocks demonstrated superior
performance, boasting the highest precision (94.7%), F1-Score
(94.6%), and accuracy (98.5%). This model achieved these
metrics with a latency of 74 [ms] and required computational
resources amounting to 146,082 FLOPs, alongside 55,743
parameters.

In contrast, augmenting the model to include 4 transformer
blocks did not proportionately enhance performance. While
there was a marginal increase in recall (95.0%) and the F1-
Score remained high (94.6%), the accuracy experienced a

slight decline to 96.7%, with latency increasing to 84 [ms]
and the computational demand soaring to 194,678 FLOPs,
potentially exacerbating issues like overfitting.

Furthermore, the confusion matrix presented in Figure 5
illustrates a notable discrepancy in classifying galloping and
trotting behaviors. The model predicted ’trotting’ for 29%
of instances labeled as ’galloping’. Despite this confusion
in this smallest class (galloping), the accuracy for all other
classes was close to 1, indicating robust performance across
the spectrum of behaviors.

The FLOPs were calculated by considering both the forward
pass and the backward pass during training, focusing on
the operations within each transformer block—specifically,
the matrix multiplications in the multi-head attention and
feedforward layers.

The exemplary performance of the three-block transformer-
based model, as well as the insights gleaned from the confu-
sion matrix, highlight the importance of optimizing the number
of Transformer blocks to balance computational efficiency
with predictive accuracy.

Fig. 5. Confusion matrix of the transformer-based model with 3 blocks.

C. Model Performance Comparison

We compared the performance of our Transformer-based
DNN model with other architectures, namely LSTM, LSTM-
CNN, and Bi-LSTM, highlighting the unique strengths of our
approach. The results are summarized in Table II. LSTM: This
model employs a sequential LSTM architecture with layers of
32, 64, and 16 units, each followed by batch normalization
and ending with LeakyReLU activation and global average
pooling. The final layers consist of two dense layers with
300 and 10 units, respectively, each followed by LeakyReLU
activation, and a final dense layer with 7 units.

LSTM-CNN: This architecture combines an LSTM layer
with 32 units and four subsequent 1D convolutional layers
with 128, 64, 64, and 64 filters, respectively. Each layer is
followed by LeakyReLU activation, with a GAP layer. The
network concludes with two dense layers with 300 and 10
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TABLE I
TRANSFORMER-BASED DNN PERFORMANCE VS. NUMBER OF BLOCKS

# Blocks Precision Recall F1-Score Accuracy Latency [ms] size [KB] # Parameters FLOPs
1 80.3% 78.1% 75.2% 80.1% 76 73 18,679 48,890
2 91.5% 98.9% 94.3% 98.4% 72 145 37,211 97,486
3 94.7% 94.6% 94.6% 98.5% 74 218 55,743 146,082
4 94.2% 95.0% 94.6% 96.7% 84 290 74,275 194,678

TABLE II
DNN MODEL PERFORMANCE

Model Name Precision Recall F1-Score Accuracy Latency [ms] size [KB] # Parameters FLOPs
Transformer (ours) 94.7% 94.6% 94.6% 98.5% 74 218 55,743 146,082

LSTM-CNN 96.2% 97.6% 96.8% 97.6% 67 445 113,915 12,731,195
LSTM 96.4% 97.8% 97.0% 97.6% 68 170 43,579 2,728,379

BiLSTM 98.4% 97.9% 98.1% 97.8% 73 42 10,967 384,801

units, respectively, each followed by LeakyReLU activation,
and a final dense layer with 7 units.

Bi-LSTM: The Bi-LSTM model starts with a bidirectional
LSTM layer with 32 units per direction, followed by batch
normalization and LeakyReLU activation. A global average
pooling layer is applied before the fully connected layers,
which consist of a dense layer with 10 units followed by
LeakyReLU activation, and a final dense layer with 7 units.

Our transformer-based DNN model achieves the highest
accuracy of 98.5%, indicating its superior ability to correctly
classify the input signals. While the Bi-LSTM model closely
follows with an accuracy of 97.8%, the LSTM and LSTM-
CNN models both have an accuracy of 97.6%. The Bi-
LSTM model outperforms others in precision (98.4%) and
recall (97.9%), suggesting its strong capability in identifying
relevant instances and minimizing false positives. Although
the transformer-based model has slightly lower precision and
recall, its balanced performance ensures robustness across vari-
ous scenarios. The Bi-LSTM model also leads in the F1-score
(98.1%), indicating its overall effectiveness in classification.
Our model, with an F1-score of 94.6%, still demonstrates
commendable performance, considering its lower complexity
and higher efficiency.

A notable advantage of our transformer-based model is its
significantly lower number of parameters (55,743) and smaller
size (218 KB), which make it highly suitable for deployment
in resource-constrained environments. In contrast, the LSTM-
CNN model has the highest number of parameters (113,915)
and size (445 KB), as presented in Figure 6.

The FLOPs metric indicates the computational complexity
of the models. Our transformer-based model has the lowest
FLOPs (146,082), making it the most efficient model in terms
of computational resources. The LSTM-CNN model, on the
other hand, has the highest FLOPs (12,731,195), which could
pose challenges in real-time processing and energy-constrained
devices, as presented in Figure 6.

The transformer-based DNN model presents a compelling
balance between high accuracy and computational efficiency.
Its significantly lower complexity, reduced latency, and smaller
model size make it an attractive choice for real-time applica-

Fig. 6. Left: Histogram showing the number of parameters for each model.
Right: FLOPs (in millions) per model.

tions and deployment on devices with limited computational
resources.

D. Robustness Tests

To evaluate model robustness, we conducted three tests:
adding additive noise to the data, simulating missing data by
replacing parts of the input with zeros, and retraining all four
models using 10-fold cross-validation. These tests help assess
the models’ performance under various challenging conditions
that can occur in a real-time environment.
Additive Noise: To thoroughly assess the robustness of the
suggested transformer model, several tests were conducted to
evaluate its ability to manage noisy data, specifically by adding
Gaussian noise to the entire IMU signal across varying levels
of variance. The motivation for this approach stems from real-
world scenarios where sensor performance can degrade due
to factors such as temperature fluctuations and other physical
phenomena, particularly in low-cost MEMS sensors. Over
time, these sensors may experience increased measurement
noise, which can adversely affect their accuracy and reliability
[18], [33], [35]. To simulate these conditions, we introduced
Gaussian noise with a standard deviation ranging from 0.001 to
0.01 in each axis of the accelerometer and gyroscope signals.
This emulation of noise degradation was applied not only
to our proposed Transformer model but also to the other 3
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models. The goal was to compare how well each model can
withstand increasing noise levels that mimic the degradation
of sensor data quality over time.

The figures below present a detailed comparison of the
accuracy (Figure 7), precision (Figure 8), recall (Figure 9),
and F1 score (Figure 10) for each model across different
noise levels, highlighting the Transformer model’s superior
capability to handle noisy data.

The Transformer model shows significantly higher robust-
ness to additive Gaussian noise compared to the other models.
This suggests that the Transformer model could maintain better
performance in real-life applications where sensor noise may
increase due to environmental or operational factors.

Missing Data: The impact of missing sensor data on model
performance was evaluated. We assessed how the unavailabil-
ity of a portion of sensor information affects the models’
ability to classify data accurately. To simulate missing data,
we defined a proportion, p, for the x channel of both the
accelerometer and gyroscope. A given percentage of the data
in each sensor was randomly replaced with zeros. For instance,
if p = 0.2, then 20% of the data in the x channel for both the
accelerometer and gyroscope would be replaced with zeros.
We analyzed the effect of missing data for each channel
separately and examined how the Transformer model, as well
as the three other models, managed this challenge.

The plots below present a detailed comparison of the
accuracy (Figure 11), precision (Figure 12), recall (Figure 13),
and F1 score (Figure 14).

The results indicate that when p is relatively small, p < 0.2,
the Transformer model is generally able to maintain effective
classification performance in most scenarios. While the Trans-
former model outperforms the LSTM and LSTM-CNN models
in handling missing data, the BiLSTM model demonstrates
a slight advantage over the Transformer in certain scenarios
involving missing data in the x-axis for both the accelerometer
and gyroscope.

Cross Validation: The entire training dataset was re-
evaluated, excluding the designated test set, by performing a
10-fold cross-validation. This involves partitioning the training
set into 10 equal-sized subsets (folds), where, in each iteration,
9 folds are used for training and the remaining fold is used
for validation. This process is repeated 10 times. Table III
presents the results, where the Transformer model obtained an
accuracy of 88.3%± 6.4%, followed by the highest accuracy
of the BiLSTM, 88.7%± 4.3%.

TABLE III
CROSS VALIDATION

Model Name Accuracy (mean ± std) %
Transformer (ours) 88.3± 6.4

LSTM-CNN 80.3± 1.4
LSTM 80.12± 3.4

BiLSTM 88.7± 4.3

Fig. 7. Accuracy vs. noise level.

Fig. 8. Precision vs. noise level.

Fig. 9. Recall vs. noise level.

V. CONCLUSIONS

Our study introduces a new approach to classifying dog
behavior using motion sensor data through a transformer-
based DNN model. The model’s architecture, designed to
capture temporal dependencies and efficiently process high-
dimensional data, has demonstrated exceptional performance,
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Fig. 10. F1 vs. noise level.

Fig. 11. Accuracy vs. missing data proportion.

Fig. 12. Precision vs. missing data proportion.

achieving state-of-the-art accuracy of 98.5%. The comparative
analysis with traditional models like LSTM, LSTM-CNN,
and Bi-LSTM underscores the superiority of our approach,
particularly in terms of computational efficiency and suitability
for real-time applications. The model’s reduced computational
complexity and lower latency make it ideal for real-time appli-
cations. This innovation not only advances the field of motion

Fig. 13. Recall vs. missing data proportion.

Fig. 14. F1 vs. missing data proportion.

sensor data processing but also holds significant potential for
improving human-dog interactions by enabling early detection
of behavioral issues and enhancing training methods.

The model’s reduced computational complexity and lower
latency make it ideal for real-time applications. Specifically,
the model features a significantly lower number of parameters
(55,743) and smaller size (218 KB), along with the lowest
FLOPs (146,082), compared to traditional models. This trans-
lates to faster inference times, reduced training time, and lower
memory requirements, making it suitable for deployment
on resource-constrained devices such as mobile phones and
embedded systems.

Our work paves the way for future research in the field of
pet activity detection, offering a robust framework for real-
time monitoring and analysis of dog behavior. The success
of this study encourages the exploration of transformer-based
models in other domains of motion sensor-based classification
tasks.
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