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Abstract—This paper details the development of a novel
wireless heart rate sensing system for puppies in training
as guide dogs. The system includes a harness with on-board
electrocardiography (ECG) front-end circuit, inertial measure-
ment unit and a micro-computer with wireless capability
where the major research focus of this paper was on the
ergonomic design and evaluation of the system on puppies.
The first phase of our evaluationwas performed on a Labrador
Retriever between 12 to 26 weeks in age as a pilot study.
The longitudinal weekly data collected revealed the expected
trend of a decreasing average heart rate and increased heart
rate variability as the age increased. In the second phase,
we improved the system ergonomics for a larger scale deploy-
ment in a guide dog school (Guiding Eyes for the Blind (Guiding Eyes)) on seventy 7.5-week-old puppies (heart rate
coverage average of 86.7%). The acquired ECG based heart rate data was used to predict the performance of puppies in
Guiding Eyes’s temperament test. We used the data as an input to a machine learning model which predicted two Behavior
Checklist (BCL) scores as determined by expert Guiding Eyes puppy evaluators with an accuracy above 90%.

Index Terms— ECG, heart rate variability, electrodes, machine learning, 3D printing, wearable.

I. INTRODUCTION

INTEREST in monitoring vital signs of dogs in the home,
training, working, and veterinary environments has grown
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in recent years. Motivations for such knowledge range from
the desire to monitor pet’s physiologic variables in the same
manner that owners monitor themselves, to the detection
of subtle physiological indicators of disease progression in
animals being treated for chronic diseases [1]. There has also
been interest in monitoring physiologic variables such as heart
rate and respiratory rate in dogs being trained for, or uti-
lized for service or performance [2]–[6]. Correlation of heart
rate with activity and behavior has potential to improve the
screening of candidate service dogs, especially for guide dog
programs [4], [7].

Such an overarching interest in vital sign monitoring of
dogs has led to the development and marketing of various
wearable heart rate, respiratory rate, and activity monitoring
products. Current veterinary practice is to use commercially
available electrocardiogram (ECG) or heart rate monitors
for humans on dogs at rest and in activity; however, this
requires clipping of the fur [2], [8], [9]. Limited access to
data is available regarding other commercially available prod-
ucts that utilize acoustic or ultra-wideband radio frequency
technologies [10]–[13]. These report an average and highly
processed heart rate data where the raw ECG and instanta-
neous heart rate (HR) are not available to data researchers,
thereby limiting potential analyses. Clinical validation of these
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systems are also still in progress. While these commercial
systems target the adult dog market; there is no ECG-based
heart rate monitoring system available for puppies.

As such, there is still a need to develop a wearable heart
rate monitor for dogs, particularly puppies, that is capable
of collecting, storing, and presenting multiple data streams.
When designing wearables for puppy heart rate monitoring,
there are some unique obstacles not necessarily encountered
in the human field. Consistent skin contact is hindered by the
variably long and thick fur coat of dogs, and maintaining that
contact and signal quality during activity can be challenging.
Additionally, monitors need to be sufficiently lightweight
and non-obtrusive so as not to impede normal activity and
behavior. Lastly, the size and body shape of growing dogs, and
dogs of different breeds need to be considered as a potential
challenge to accurate data collection.

This study is based on our research team’s earlier work
on the development of a novel canine wearable heart rate
monitor system [5], [14]–[17]. This paper focuses on the
refinement of this system to be deployed in a prominent
guide dog school in the US for guide dog selection and
training [4], [18]. This study involved two different custom
designed ECG electrode types. The first set of ECG electrodes
consists of small, low-impedance, stainless steel, spring-loaded
pins that obviate the need to clip hair at the site of electrode
application. We previously showed good correlation of this
system with Holter monitoring in two adult dogs at rest and
in moderate activity [5]. In the second version, we focused on
3D printed ECG electrodes using a low impedance graphene-
infused Polylactic Acid (PLA) to achieve low-profile electrode
structures with rounded protrusions to provide comfort and
stability [19].

To evaluate our system, we collaborated with Guiding Eyes
for the Blind (Guiding Eyes) in Yorktown Heights, New York,
USA. Guiding Eyes is one of the top accredited schools in
the US for training guide dogs to lead the blind and visually
impaired. One goal of their screening program is to determine
at a young age which dogs are more likely to graduate as guide
dogs, thus investing costly resources wisely by redirecting less
promising candidates to alternate careers. With this goal in
mind, a longitudinal pilot study was conducted in Phase 1 to
evaluate our wireless heart rate sensor system (WHRSS) on a
young, growing guide dog puppy in the Guiding Eyes program.
We compared the recorded ECG signals to a simultaneously
recorded Holter monitor at rest and with moderate activity,
periodically from approximately 3 to 6 months of age (12 to
26 weeks of age).

This initial pilot study allowed us to solicit feedback from
Guiding Eyes evaluators and resulted in a redesign and refine-
ment of the hardware and software for Phase II- a scaled up
analysis on seventy guide dog puppies at Guiding Eyes. The
Phase II system was deployed by Guiding Eyes personnel in
their facilities to record data from puppies at 7.5 weeks of age.
We designed and used a deep neural network to predict known
Behavior Checklist (BCL) scores based on the collected heart
rate data in an attempt to automate Guiding Eyes guide dog
temperament scoring. In Section II of the paper, we explain
the hardware platform and data processing procedure for both

phases along with the description of the experimental setup
and process where these are evaluated. In Sections III and IV,
we present the results of the evaluation experiments for both
phases along with the discussions about the potential of our
custom hardware system.

II. MATERIALS AND METHODS

A. Phase I: Experimental Setup

In Phase I of this study, we recruited a purpose-bred, male
Labrador Retriever, participating in the Guiding Eyes puppy
raising program. The puppy was 12 weeks old at the start of
the study and participated in eleven 45-minute sessions over
an ensuing 15-week period. All sessions were conducted in
the same room at NC State University College of Veterinary
Medicine (CVM) and all animal procedures were approved by
the Institutional Animal Care and Use Committee of NC State
University.

At the beginning of each session, the puppy’s weight and
chest diameter were recorded. Following the measurements,
a veterinary behavior technician used operant and classical
conditioning [20] on the dog to stand and stay on cue for
body manipulation and application of the custom WHRSS and
a commercial, clinical-grade Holter system (Trillium 5000,
Forest Medical, East Syracuse, NY) for benchmarking and
validation. Another veterinary technician applied the Holter
monitor after conditioning the puppy to the hair clipping
process. Three standard locations were clipped for the applica-
tion of standard 2 × 2 cm2 adhesive gel-based ECG electrode
patches: one area sternally and the other two areas on the
right and left side of the thorax just caudal to the elbows. A
small amount of standard conductive ECG gel was applied
centrally to the electrodes prior to placement on the skin
and the Holter leads were then snapped onto the electrodes.
To maintain contact with the skin, the technician wrapped a
semi-elastic bandage around the chest over the electrodes and
leadwires.

The WHRSS was applied to the puppy by placing the cus-
tom 6-pin comb-shaped array electrodes (Fig. 1A) embedded
in an adjustable elastic fabric strap on the chest in close
proximity to the Holter leads, but in an unclipped area.
The same electrodes were used each week, conductive gel
was applied to the electrode pin surface prior to application
and cleaned with alcohol wipes upon completion. Embedding
the electrodes in the strap helped to ensure consistency in
the inter-electrode distance and facilitated application to the
puppy. A ThunderShirt (ThunderWorks, Durham, NC) was
modified with a pouch to house both the Holter and WHRSS.
After application of the electrodes, the ThunderShirt with
both recording units was fit to the puppy (Fig. 1B) and ECG
recordings on both systems were initiated. As the first step,
time was synchronized across the two systems. ECG signal
quality of the Holter monitor was verified on the monitor and
ECG signal quality of the WHRSS was visually inspected
for at least 20 seconds in a graphical user interface (GUI)
at the base station prior to starting the session recordings.
After this initial verification, the dog was allowed to roam
freely for 10 minutes to acclimate to wearing the recording
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Fig. 1. A) Custom 6-pin comb-shaped array electrodes embedded
in an adjustable elastic fabric strap on the chest (modified from [15].
B) Labrador Retriever puppy wearing the modified ThunderShirt with
a pouch housing both the Holter monitor and the Wireless Heart Rate
Sensor System.

systems. After this acclimation period, the Veterinary Behavior
Technician walked the puppy on leash around the room with
intermittent periods of rest that lasted at least 2 minutes
throughout the 45-minute session.

1) Phase I: Wireless Heart Rate Sensor System (WHRSS):
The WHRSS combined 3-lead ECG recording with 6 degree-
of-freedom inertial measurement readings. We used an
AD8233 (Analog Devices, Inc.) low power ECG front end
integrated circuit and a LSM 303 (ST Microelectronics N.V.)
inertial measurement unit (IMU). These were connected to
BeagleBone Black (BeagleBoard.org, Oakland, MI), a micro-
computer in the form factor of a deck of cards. BeagleBone
Black (BBB) served as the data aggregator for the sensor
data and transmitted data using a wireless communication link
based on the IEEE 802.11N standard for Wi-Fi. We imple-
mented a 2 pole high-pass filter at 7 Hz cutoff frequency and
a two-pole low-pass filter with a cutoff frequency of 24 Hz on
the AD8233 data for better motion artifact rejection as detailed
in [21]. The filter removed lower voltage complexes including
the P and T waves, but did not filter the peak of the R wave,
and thereby did not affect calculation of heart rate. In order to
compare our data to the gold standard, the Holter data was not
filtered. Our filtered signal and tagged R peaks were compared
directly to the tagged R peaks from the Holter’s proprietary
software.

We calculated the instantaneous heart rate (HR) as the
time between consecutive R wave peaks associated with each
ventricular depolarization (RR interval). We divided 60 by the
RR interval (in seconds) to obtain instantaneous heart rate
in beats per minute (bpm). The peak of the R wave was
detected by a Pan Tompkins peak detection algorithm which is
explained in more detail later. This system only allows for HR
calculation and not morphological analysis. The Holter system
used for validation also provides raw ECG data in addition to
RR intervals computed with proprietary software and peak R
wave processing.

The IMU in the WHRSS system simultaneously
collected movement data. This allowed for HR data
correlation and activity level classification for either

Fig. 2. The ECG data obtained with the WHRSS and Holter monitor
were overlaid on the same plot to synchronize the R wave peaks. Holter
ECG data is blue, WHRSS ECG data is red, and heartbeats are denoted
with a circle.

dynamic (walking) or static (sitting or standing) behaviors.
We windowed the acceleration data into 5 second intervals
and used a threshold-based classifier to separate static and
dynamic behavior based on integral modulus of acceleration
(IMA) calculations [15]. Once the data were classified,
the HR statistics for each behavior was examined.

2) Phase I: Preprocessing of the Data: For data processing,
we resampled custom ECG, IMU, and Holter data at 350 Hz
for synchronization of the data points. This was achieved
offline using MATLAB (MathWorks, Natick, MA) software
which returned interpolated values of a 1-D function at specific
query points using linear interpolation. The original sampling
rates were 350 Hz for ECG, 10 Hz for IMU, and 256 Hz
for the Holter system. Synchronization was then verified by
overlaying ECG obtained using the WHRSS and Holter data
on the same plot to ensure that the R wave peaks were
temporally aligned (Fig. 2).

3) Phase I: Procedure for Removing Noisy Sections: After
resampling as described above, the data were manually exam-
ined to remove noisy portions where the ECG signal was
unrecognizable. Entire sections between clear R wave peaks
were removed from the dataset if noise prevented R-peak
detection, so as to not affect RR intervals. This prevented
partial waveforms from skewing the instantaneous HR cal-
culations. In MATLAB, we selected a point in the last clean
portion of the ECG signal before the noisy section, as well as
the first corresponding point of the ECG signal after the noisy
section, and removed all data in between these points as shown
in Fig. 3. Sections that were removed did not contribute to HR
calculations. The acceleration data of the IMU were used to
classify removed data as dynamic or static. The amount of
usable data was expressed as the mean and standard deviation
of all 11 sessions for both dynamic and static activities.

4) Phase I: Peak Detection Algorithms: To semi-automate
the data processing for synchronization and HR calculations,
we performed an analysis with a Pan Tompkins peak
detection algorithm [22] to each data set with manual
correction/verification. Pan Tompkins is a commonly used
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Fig. 3. An example plot showing removal of noisy data between the red
dots.

Fig. 4. Snapshot of the puppy test environment taken from the
workstation camera. The puppy has just completed the “Stairs” task and
the handler is directing the canine to the tunnel. The “coder” is out of
frame.

threshold-based ECG peak detection algorithm which applies
bandpass, derivative, and squaring filters to the data to
identify potential peaks. Next, the algorithm maintains lower
and upper threshold values as it examines the data in order
to label the identified peaks as signal (i.e. R wave) or noise.

5) Phase I: Display of Heart Rate Data: We calculated median
and interquartile ranges of instantaneous HR for each ses-
sion. HR data was also expressed graphically using Poincaré
(Lorenz) plots from the entire session to provide a visual
assessment of HR variability by plotting each RR interval
against the next RR interval. Poincaré plots were generated
using the Holter system as well as the WHRSS; however, only
the WHRSS was able to color code RR intervals by activity.

6) Statistical Analysis: We tested the instantaneous HR
data for normality using the D’Agostino & Pearson test
and reported as median and interquartile ranges when non-
normally distributed.

B. Phase II: Experimental Setup

Phase II of the experimental setup involved on-site data col-
lection at Guiding Eyes facilities during puppy temperament
testing by Guiding Eyes staff members. Around 7.5 weeks

Fig. 5. GUI of the custom software platform used for ECG and IMU data
aggregation and behavior annotation by the “coder” [4].

of age, each puppy is given a formalized temperament test
in which they are instructed to perform basic commands and
navigate a course where they are introduced to novel stimuli
during a 15-minute session as shown in Fig. 4. The puppy is
outfitted in our redesigned WHRSS, specifically designed for
the puppies at Guiding Eyes along with redesigned electrodes
[19], as explained in the next section.

An experienced Guiding Eyes handler observes and scores
the puppy on the Behavior Checklist (BCL) for individual
tasks as well as general behaviors. The BCL rates the dog
on a scale of 1-5, 1 representing “severe” and 5 representing
behavior “absent”. The BCL score definitions incorporate
changes in energy and smoothness of movement, vocalization,
tongue flicking, use of coping strategies, body language, and
changes in responsiveness to the handler. Despite definitions,
the score is subjective and high levels of inter- and intra-
observer repeatability require an experienced scorer.

In addition to the Guiding Eyes handler, our protocol
included a “coder” to be present in order to monitor the
transmitted signals and annotate the puppy test on a GUI. The
coder logs when the puppy advances to each task throughout
the test and also any stress-related behaviors using a custom
software and GUI [4] we designed that records the video and
data streams (Fig. 5). Our goal is to use the ECG data as an
input to a neural network capable of predicting the BCL scores
assigned by Guiding Eyes experts.

1) Phase II: WHRSS : Based on the feedback received after
Phase I, we redesigned the data collection platform for the
Guiding Eyes collaborators in order to reduce the payload
and improve dog comfort. The redesigned WHRSS employed
hardware similar to Phase I: a 3-lead ECG recording and
9 degree-of-freedom IMU. The AD8232 (Analog Devices,
Inc.) replaced the formerly used AD8233 due to availabil-
ity during construction and was fed through the ADS1015
(Analog Devices, Inc.) analog-to-digital converter. The IMU
was upgraded to LSM9DS0 (ST Microelectronics N.V.), which
includes magnetometer readings. We utilized a light-weight
Raspberry Pi Zero Wireless, another micro-computer about
the size of a matchbox, to reduce the footprint and system
weight.

A 2000 mAh 3.7 V lithium-polymer battery with a 5V
DC-to-DC booster converter powered the device and reduced
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TABLE I
SYSTEM COMPONENT WEIGHTS

Fig. 6. WHRSS designed for Phase II of the study [19].

the weight even further. At an average measured current draw
of 250 mA, and 75% efficiency rate, the expected and observed
practical battery life is about 6 hours. This allows Guiding
Eyes to run multiple 15 minute sessions each day. In all,
the system weight was reduced by approximately 60% from
154 g to 64 g (see Table I).

In addition, it has an on-board Wi-Fi module which
improved data transfer reliability over the Phase I system.
It transmits the data to a base station computer via a wireless
communication link based on IEEE 802.11 standard for Wi-
Fi. Data loss is unlikely as the device and router remain in
line of sight in a 10 x 20 m2 room which is a controlled and
indoor environment. This is a range with no expected Wi-Fi
coverage issues. In addition, if the sensor platform is unable to
communicate with the workstation, the data is buffered until
it fills available memory.

The BBB setup for Phase I had combined the micro-
computer and battery in a single pocket placed on the back of
the puppy. To provide more comfort for the canines in Phase II,
the packaging of the battery and the Raspberry Pi were placed
in symmetric pockets across the median plane to balance
the load across the spine. In addition, we redesigned the

Fig. 7. 3D-printed electrodes for Phase II of the study. Left is a top view
where the snap connector mates with a standard holter connection head.
On the right is electrode tips which penetrate the fur and contact the skin.

Fig. 8. An image of the architecture used for the neural network.

spring-loaded electrodes and 3D printed them with graphene-
infused PLA to reduce the size and number of legs, but
also increased the surface area to reduce pressure points on
the more sensitive puppy skin [19]. The new electrodes are
reduced in profile by a factor of 3 (2 mm), and have three
rounded electrode legs with an increased surface area by a
factor of 15 (0.9 cm2). The three protruding legs are able to
penetrate dog’s fur and provide improved stability and comfort
(Fig. 7). These electrodes provide improved performance by
maintaining better skin contact than the longer spring-loaded
electrodes due to a larger total surface area and shorter legs
which minimize electrode rolling.

2) Phase II: Data Aggregation and Analysis: The ECG, IMU,
video, and video annotation data streams are uploaded to a
cloud database after recording [4]. The data can be segmented
based on the tasks or events for which the dog participates.
In our preliminary results, the ECG data were extracted for the
time span during the “Explore” and “Stairs” tasks. The Explore
task is an unsupervised task at the beginning of the session
where the dog is able to freely explore an environment with
novel objects. In the Stairs task, the off-leash puppies are led
to walk up a small set of stairs and down a ramp. The handler
may interact with the puppy by offering encouragement as
needed. The data analysis occurs after the recording, therefore,
there are no real-time requirements for the machine learning.
The sensor readings are stored and uploaded to the cloud at a
later time and processed in batches.

The Raspberry Pi does not have a real-time operating
system, as such, the ECG sample rate averages 227 samples
per second. For example, the sample times in ms for a few
data points may read [5, 4, 4.3, 4.4, 4, 4]. This equates to an
average sample time of 4.38 ms or an average sample rate
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Fig. 9. Weight (kg) and chest diameter (cm) of the puppy recorded
by age.

of 227 Hz. In order to optimize the results of the neural
network, the data were resampled at a constant 100 Hz.
Assuming that the canine heart rate is unlikely to surpass
200 bpm (increased from 180 after Phase I data collection),
there will be at least 30 samples for each PQRST complex.
The amplitude of the signal is affected by the electrode-skin
interface which varies greatly not only from dog to dog, but
also during an experiment. The electrodes may shift in place
while the puppy is in motion or oscillate due to respiration.
Therefore, the data is normalized for each performed task by
each dog in order to reliably locate the R-peak. A window
consisted of 500 samples with a 50% overlap. A task was
only considered in this analysis if at least 15 s of data were
obtained, or at least 5 windows with 2.5 s of overlap.

To perform the prediction, we used a neural network (NN)
architecture consisting of a fully convolutional layer connected
to a Long Short-Term Memory (LSTM) layer, followed by a
fully-connected layer with 5 outputs, as shown in Fig. 8. The
fully convolutional network contains three 1D convolutional
layers, with 8, 8, and 64 filters respectively. The function of
these layers is to learn increasingly large features within the
data as the number of filters increases. The function of the
LSTM layer is to learn the significance of the features in time
within and across the 5 second windows. The NN architecture
was chosen for its ability to derive non-obvious and non-linear
relationships from a generated input (raw ECG) and output
(expert assigned BCL scores). NN are especially applicable
because we are using time series data without performing
feature extraction.

To find this architecture, we performed a grid search on the
hyperparameters, varying the number of convolution layers,
the number of filters (ranging from 8 to 256), and the number
of units in the LSTM layer (ranging from 8 to 256). To rank the
model’s accuracy for each combination of hyperparameters,
we performed a 3-fold cross-validation (hyperparameters held
constant) and averaged the accuracy of the three folds to
determine the final reported accuracy. In future work, we will
explore a wider range of networks to attempt to improve the
model.

The output of the neural network is different from a standard
classification task and required a different encoding. Predicting
BCL scores is an ordinal regression task, which means that
the network needs to only predict whole numbers between
1 and 5 (inclusive), while capturing the fact that the error

Fig. 10. Instantaneous HR (median, interquartile range, and 5th and 95th
percentiles with outliers) is shown for each of the 11 sessions. A) All HR
data regardless of activity (static and dynamic). B) Dynamic activity only.
C) Static activity only.

distance between categories 1 and 2 is less than the distance
between 1 and 4. To accomplish this, we encoded the labels
in the training set as binary vectors; for example, category 1
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Fig. 11. Instantaneous HR is plotted against time. Data obtained from
the Holter monitor is shown in black and data obtained from the WHRSS
after application of the Pan Tompkins algorithm is shown in red. A.) Static
activity. B.) Dynamic activity. High frequency fluctuations in instantaneous
HR are present for the Holter but not for the WHRSS. This variation in
RR tagging was found to be due to imprecise tagging of the peak of the R
wave during dynamic activity. An example is circled showing the variation
in instantaneous HR that resulted from imprecise tagging.

as (1, 0, 0, 0, 0), category 2 as (1, 1, 0, 0, 0), category three
as (1, 1, 1, 0, 0) and so on. We also made the simplifying
assumption that BCL scores are independent, meaning that
each neural network was trained to predict only one BCL
score.

To validate the predictive accuracy of our model with the
hyperparameters we found during the grid search, we per-
formed a more rigorous 10-fold cross-validation on a subset of
the data that met certain criteria. In practice, this means that
we divided a given task-BCL dataset into 10 equal pieces,
and used 9 of these to train the model and 1 to evaluate
it, or “hold out”. We performed this step 10 times, each time
holding out a different piece of the dataset to evaluate. The
final model accuracy is the mean of these 10 accuracy scores.
As such, all data was used as both a training set (nine times)
and test set (once) but due to the nature of k-fold cross-
validation, we can guarantee that there is no overlap between
the two sets for a given model as the data was not subdivided
and distributed across multiple folds. Table III presents a
sample confusion matrix with accompanied precision and
recall displaying the model’s performance at predicting the
“FearNewPlacesSituations” BCL score using the “Explore”
task. Since the data set is currently small for deep learning,
we restricted our analysis to tasks and BCL scores that we
had at least 70 recordings for, resulting in training sets of at
least size 63 and validation sets of at least size 7.

To train and evaluate the network, we separately extracted
the data from each task for every dog to predict each of

Fig. 12. Poincaré plots color coded for activity (blue, static; red, dynamic).
A.) 14 weeks B.) 18 weeks C.) 26 weeks.

the BCL scores. The task-BCL combination with the most
recordings resulted in a dataset of size 131. Since not all
dogs completed each task with the harness, some task-BCL
combinations resulted in a small dataset; we disregarded any
task-BCL combinations with a dataset size of less than 70.
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Fig. 13. Boxplots of coverage ratios of the Phase I and Phase II Systems.
Outliers are marked with “+”.

We treat each recording as a single unit, meaning that a given
recording is never subdivided and is either used or not used
in whole. Therefore, no data from an individual dog was
distributed across multiple folds.

We would like to note that while the names of some of
the BCL scores may connote multiple locations (i.e., fear of
new places), BCL scores are assigned by Guiding Eyes at
a single location during a single test. BCL scores indicative
of multiple locations are interpreted as estimates of how the
puppy may react in novel locations or situations. BCL scores
were developed by scientists, Guiding Eyes, and multiple
other guide dog schools and validated at their facilities [23].
Therefore, it is noteworthy that our aim in this paper is not
to interpret the BCL scores themselves but to examine our
machine learning algorithm prediction accuracy of the human
expert scores.

III. RESULTS

A. Phase I: Results

Eleven HR and activity data sets were collected from the
puppy over the course of 15 weeks. The puppy was 12 weeks
of age at the start of the study and 26 weeks of age at the end
of the study. Fig. 9 shows the weight, and chest diameter of
the puppy recorded at each session.

Fig. 10 shows HR data from each session, combined and
broken down by activity (over 17,000 heart beats). We used
the MATLAB function “fitlm” to perform a linear regression
of the heart rate statistics over time for static and dynamic
combined (R2 = 0.34), dynamic only (R2 = 0.45) and static
only (R2 = 0.42). All plots had a negative slope with a
standard error of the coefficients of 1% or less, a normal
distribution of residuals, and a p-value equal to 0. The p-value
equal to 0 indicates that the slope is not zero.

The instantaneous HR data obtained from the WHRSS after
semi-automatic correction using Pan Tompkins was similar to
the HR data obtained from the Holter monitor as shown by
overlapping HR plots in Fig. 11. During comparison to the
Holter monitor data, we noted some high frequency fluctua-
tions in the Holter RR intervals compared to the smoother RR
intervals obtained with the WHRSS during dynamic activity.
Close evaluation revealed that the Holter monitor software

occasionally tagged depolarization slightly to the left or right
of the actual R peak. This resulted in a variation in an instan-
taneous HR of approximately 40 bpm as shown in Fig 11.
Motion artifact ECG noise in the WHRSS data set required
data removal more commonly for dynamic activities. In all,
192.7 minutes of data were collected and 132.6 minutes were
used for a coverage ratio of 67.8 %. Useable data separated by
activity: 92%±6% for static activity, 60%±22% for dynamic
activity.

A Tukey-Mean Difference plot, also known as a Bland-
Altman plot, was performed to compare the inter-beat intervals
for the Holter monitor and WHRSS for each of the 11 data
collections using JMP statistical analysis software (by SAS
Institute Inc., CARY, NC). In order to perform the test, each
measurement system must have the same number of data
points and beats were manually removed. In all, 17,206 heart
beats were measured by each system. The Holter and WHRSS
showed a high correlation with an average and standard
deviation of 0.992 and 0.008 respectively. The total mean
error was 0.073 ms. The standard error had an average value
of 0.159 ms and standard deviation of 0.097 ms.

Fig. 12 shows representative Poincaré plots at 14, 18 and
26 weeks of age, color-coded for static and dynamic activity.
An increase in beat-to-beat variability and slower HR with
increasing age are shown by progressively more data points
extending into the right upper corner with less data clustering.
Dynamic activities were associated with dot clustering in the
left lower corner, indicating higher HR with less beat-to-beat
variability.

B. Phase II: Results

The Phase I and Phase II systems were compared by
manually examining the temporal data to determine if heart
rate could be extracted to determine heart rate coverage ratios.
In Phase I, over 192 minutes of data were collected in eleven
sessions with average and standard deviation coverage ratios
of 70.1% and 17.5% respectively. In Phase II, 100% of the
subjects had coverage ratios of 1 for the applicable tasks.
In order to complete the analysis, the rest of the temperament
test was examined. Based on the sampled data, the Phase II
system depicted statistically significant improvement over the
Phase I system in terms of coverage. The conclusion is based
on the Mann-Whitney U Test (also known as Wilcoxon rank
sum Test) which rejected the null hypothesis of no difference
against a one-sided alternative (that Phase II performs better
than Phase I) with a p-value of 0.0036. Over 558 minutes
of data were collected in seventy sessions with an average
and standard deviation coverage ratio of 86.7% and 16.1%
achieved.

Table II shows the accuracy of each task averaged across all
BCL scores. The neural network “NN Mean” column gives the
10-fold cross-validation accuracy of the neural network and
“NN StDev” gives the standard deviation. The “MC Mean”
and “MC StDev” denote the mean and standard deviation of
the majority classifier. The majority classifier was the most
common BCL score for each task.
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TABLE II
MEAN AND STANDARD DEVIATION OF THE NEURAL NETWORK AND

MAJORITY CLASSIFIERS FOR EACH TASK FOR ALL BCL SCORES

TABLE III
A CONFUSION MATRIX SHOWING THE MODEL’S PERFORMANCE

(ROW:ACTUAL AND COLUMN:PREDICTION) (LEFT) AND THE

PRECISION AND RECALL (RIGHT) FOR THE

“FEARNEWPLACESSITUATIONS” BCL SCORE

USING THE “EXPLORE” TASK

Overall, 70 dogs were used to create the simplified neural
network. The neural network was able to predict BCL scores
with a 90% and 92.5% accuracy for the Stairs and Explore
tasks respectively when using ECG data. In order to quantify
this success, it was compared to a majority classifier which
simply assigns the most common class label. Compared to the
majority classifier, we improved BCL prediction accuracy by
approximately 25% for both the Stairs and Explore tasks.

Table III shows the confusion matrix for the model when
using the “Explore” task to predict the “FearNewPlacesSitu-
ations” BCL score. The model correctly classifies 113 out of
the 128 recordings, resulting in an accuracy of 88.3%.

IV. DISCUSSION

The results obtained in Phase I and Phase II of the study
complemented each other. Phase I reported a pilot study of
the use of our novel WHRSS on a young Labrador Retriever
during a period of significant growth and in a controlled
laboratory environment. Phase II involved a subsequent system
redesign based on the Phase I experience and was used for HR
and activity monitoring at the scale of seventy 7.5 week old
puppies at Guiding Eyes’ facilities. Phase I results indicated
that the restriction of the movement with the carried payload
by the puppy, the unbalanced weight at the back, and the
pressure applied by the electrodes would potentially cause
some puppies, especially at earlier ages, to be inhibited to
continue the temperament test. The Phase II WHRSS was
redesigned to minimize this risk by reducing the payload,
distributing it equally to both sides of the spine, and improving
the electrode contact. In Phase I, the WHRSS performed well
for HR determination when compared to a gold standard of
Holter monitoring. However, the WHRSS can only be used
for HR determination and not morphological analysis of heart
failure states. It has the advantage of providing simultaneous
activity information, which may be useful for field evalua-
tion of dogs in guide dog school environment. Additionally,
after application of an automated Pan Tompkins corrective
algorithm, the WHRSS appeared less susceptible to R peak
ambiguity with dynamic activity than the Holter monitor.

The interference in peak detection due to noise was minor
for static activity. Although noise interference was greater
with dynamic activity, the majority of the readings produced
usable data. Our unique electrode tip design is likely the reason
contact was maintained during the majority of time in which
the puppy was moving around.

In this particular application of guide dog puppy evaluation,
the experiments are also run in controlled environments by
expert experimenters where we are able to conveniently apply
a small amount of conductive gel in both phases. The electrode
design combined with gel application resulted with coverage
ratios of 68.8 and 86.6% for the Phase I and Phase II sys-
tems respectively. The Phase II system showed a statistically
significant improvement, a Mann-Whitney U Test rejected the
null hypothesis of no difference against a one-sided alternative
with a p-value of 0.0036. These achieved an improved average
heart rate coverage ratio for dynamic activities with respect to
the earlier coverage ratios reported by others when using dry
electrodes [24].

As has been reported in other studies on dogs, we noted that
the HR tended to decrease and heart rate variability tended to
increase with growth of the puppy [25], [26]. The negative
slope of the linear fit is confirmed by the p-value of 0. The
R2 values are low, but the puppy was not expected to be
in the same physical, mental, or emotional state each week.
The puppy could be more excited for the window of data
collection week to week and the HR does change quickly
in dogs. As such, it is not expected the R2 value would be
very high for each activity, however some correlation does
exist. In addition, outliers, especially those above the mean,
dominate the fit. Further studies with more Labrador Retriever
puppies will be required to define normal for this breed and to
serve as a reference against which to compare puppies being
evaluated for the Guiding Eyes program. The Phase I results
indicated that the WHRSS described in this report shows
potential for use in young, growing puppies at different and
changing activity levels.

The results of Phase II indicated a successful system
redesign. The hardware footprint and payload were reduced.
The 3D-printed electrodes maintained an efficient electrode-
skin interface. This fact and the strength of the neural network
analysis allowed for a scaled up deployment without the
need for semi-automated peak detection correction. This was
also aided by the Guiding Eyes protocol. Despite early life
habituation and conditioning by the Guiding Eyes staff, some
puppies may still suffer from body sensitivity to either the
electrodes, harness or both. If the puppy was overly uncom-
fortable wearing the WHRSS, (excessive scratching, unnatural
postures, or refusal to move) the handler removed the vest from
the puppy and the data were not used in the analysis. During
this initial data collection, approximately 70% of the puppies
who don the harness are able to complete the temperament test
without inhibition. This is valuable information as the Guiding
Eyes staff indicated that puppies who are uncomfortable in the
harness at early stages tend to develop body sensitivity later
in life and may end up not graduating from the program.

The neural network yielded promising results predicting
expert evaluators’ temperament evaluations. The ability to
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reproduce and automate this process would provide objective
physiological measures of stress response and resilience in
puppies, either in conjunction, or even potentially independent
of the need for a skilled, experienced BCL scorer. This would
alleviate the need for the expert evaluators to be present at
all times, reduce the inter-evaluator subjective differences in
scoring, and ease the burden on training future evaluators to
read the stress-induced behavioral responses of the puppies.
These data captured on a large cohort of potential guide dog
puppies may improve the accuracy of early prediction of their
future success as guide dogs. In addition, the promise of this
system lies in disseminating the system and analyses to other
guide dog and service dog programs.

V. CONCLUSION

In this paper, we used a two-phase experimental process
to: 1) gain insights into the cardiac changes of a puppy as it
matured, using a custom, first of its kind, wearable wireless
heart rate sensor system for puppies, and 2) refine the design
of this system to be used at scale for seventy 7.5 week
old puppies in Guiding Eyes facilities. As expected, as the
puppy grew larger, the heart rate tended to decrease and the
heart rate variability increased. We compared data collected
with our novel system to the standard Holter Monitor and
validated the data collection and signal processing methods
obtaining R2 > 0.99. Our experience with the earlier version
of the system used in the first phase, combined with the
feedback we received from Guiding Eyes guided the design
of a smaller system with more efficient ECG electrodes with
a coverage ratio improved from 70.1% to 86.7%. The weight
of the new WHRSS was reduced by approximately 60% and
reliably transferred data through the on-board Wi-Fi module.
We built a deep neural network based machine learning model
and predicted Behavior Checklist Scores from experienced
Guiding Eyes evaluators at approximately 90% accuracy.
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