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Abstract

The main goal is to estimate the HR value from the activity sensor 3D acceleration measurements of the cattle rumen
bolus. During the development of the algorithm it was intended to execute the primary calculations on the device's
microcontroller and the additional calculations could be performed on the server. The proposed HR estimation
algorithm is based on simple data cleaning and peak detection, but the validation and postprocessing of the detection
uses Al methods, namely MLP artificial neural network with different cell numbers. The accuracy of the period
estimation (IBI) was £50ms, which means an 8% error. This allows basic alerts to be implemented.
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INTRODUCTION

PLF is one of the leading technologies in
agriculture (Knight, 2020b). One of the main
directions of this is to collect relevant
information from the animals (Szabo & Alexy,
2022) and their environment with the
appropriate  sensors, process it with an
information system (Cabrera & Fadul-Pacheco,
2021; Caja et al., 2016; Dado & Allen, 1994;
Daum et al., 2022; El Bilali et al., 2020; Khanal
et al., 2010) and use the obtained results for the
purpose of automation and/or decision support.
These processes are of great economic
importance, as they make animal husbandry
more profitable, and at the same time solve the
partial replacement of the missing human
workforce and help to ensure the well-being of
the animals (Alsaaod et al., 2012; Caja et al.,
2016; Knight, 2020a; Michie et al., n.d.). A
rumen bolus sensor can be used as a sensor in
such a system, and it is already used in dairy
cattle. Rumen bolus sensors typically measure
temperature, pH and/or activity, as this is
usable technical solution for operating such
sensors at the current technological level
(Borchers et al., 2017; Cabrera & Fadul-
Pacheco, 2021; Caja et al., 2021; Campos et al.,
2018; Dado & Allen, 1994; Hajnal et al., 2022;
Hamilton et al., 2019; HanuSovsky et al., 2017;
Ipema et al., 2008; Knauer et al., 2016; Knight,
2020b; Mottram, 2010; Vakulya et al., 2022;
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Zhang et al., 2018). The current systems can
also be used for alarms, but I thought it was
possible to expand the range of measured
characteristics with new ones. In this article, it
was examined whether there is a realistic
possibility to determine the heart function
parameters (Heart Rate —HR, Interbeat Interval
—IBI) with the help of the rumen bolus. This
intention is meaningful, because the heart
function in cows (Caja et al., 2021; Kovacs et
al., 2014), just like in humans (Piros et al.,
2023), is an important characteristic that gives
information about the state of health, indicates
the level of stress and certain events, such as
the start of calving. As a result, this information
can be extremely valuable in PLF systems. In
the case of cows, no such tests have yet been
carried out, but in the case of humans, there is a
lot of literature with results available, as a
common target function of modern wearable
technology is the examination of heart function
(Bruser et al., 2013; Curone et al., 2010; Galli
et al., 2018; Hernandez et al., 2015; Kwon et
al., 2011; Lahdenoja et al., 2016; Nakano et al.,
2012; Zhao et al., 2021). The publications show
that it is very difficult to accomplish the task
precisely and efficiently. For human use, the
heart rate is typically determined from optical
data from pulse oximeters, and in case of
activity measurement, the devices work with a
high sampling frequency and often with an
additional sensor. Many publications deal with



the methodology of data processing, which
often uses signal processing methods with high
computational demands due to the significant
noise in the measurement(Alzahal et al., 2009;
Galli et al., 2018; Nakano et al., 2012).

The aim of this research is to develop an
algorithm with low computational requirements
that can be run on the rumen bolus
microcontroller and is able to estimate cardiac
IBI values. Since a real device to be developed
does not necessarily have a way to
continuously measure and process data, it was
necessary to determine how large a series of
measured data could be processed with the
highest accuracy. The aim is therefore to
establish the optimal period durations on the
basis of shorter measured data series of a few
seconds. According to previous experience, the
algorithms can be made sufficiently accurate
with the help of some post-processing step. In
this paper, an artificial neural network was used
for post-processing. The research question is,
with which parameters a simple algorithm
gives the best estimation, as well as whether it
is possible to post-process the data with the
help of the neural network and whether it is
possible to achieve a usable result with the

relatively low sampling frequency and
processing steps with little computational
demand.

MATERIALS AND METHODS

In this paper, 3D acceleration data measured by
the rumen bolus sensor were used. The
experimental set-up and the method of data
processing are described in details in the
previous publications (Vakulya et al., 2022).
The accelerometer was used to measure 3D
acceleration data with a sampling frequency of
25Hz. The data was sent via radio
communication to the receiver, which recorded
the measurements supplemented them with a
time stamp. Parallel ECG monitoring
measurements were carried out (Hajnal et al.,
2022; Kovacs et al., 2014). We had no way of
synchronizing the timer of the two devices, but
at the same time we confirmed with another
experiment that the difference was within 2s, so
the ECG values can be considered as actual
control values.
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Figure 1. Raw accelerometer data of 20s long data
acquisition period (green) and the control Interbeat
Interval (IBI) values (dots)

The algorithm was developed using R scripts
within the RStudio 2022.07.1+554 environment
and Orange Datamining 3.35 software (Orange
DataMining, n.d.).

The Figure 1. shows the raw data. It can be
seen that the periods belonging to the heart can
be clearly discerned in some parts of the curve,
for example in the last 3s, but they are almost
barely perceptible in certain parts of the curve
(at 35s). It can be seen that the movement
activity of the animal is strongly superimposed
on the curve, and elsewhere the curve becomes
detached, often resulting in completely false
period length detection. The basic idea behind
detection is a method based on standard pre-
processing, peak detection and post-processing
steps (Zhao et al., 2021). The details of the
algorithm and the method of data processing
can be seen in Figure 2. During the data
processing, in the first step, it was a trial to
reduce motion artefacts (MAs) originates from
the animal's body movement using a
thresholding procedure of the acceleration data.
Values that differed from the average by more
than the threshold were cut to the threshold
level. The thresholds were established on the
basis of the distribution statistics of the
acceleration derivative. This was followed by a
low-pass filter to remove the high-frequency
signal components, it was resolved by a
moving mean computation with a window of a
given width. For the peak detection the two
highest acceleration axes were used, because
technically the cow's heart is located almost
vertically upwards to the rumen, so the



accelerations resulting from the heart's action
are mostly indicated on the vertical axis. The
principle of peak detection was to locate the
zero points of the derivative. The peak
detection was performed on the basis of the
minimums and maximums of the function for
each data series of a few seconds in length, so
final two data series were resulting in a series
of IBI values detected based on the minima and
maxima.

¢ Data preprocessing with
thresholding

*Moving average
*2x

e Differentiation
*2x

*Peak detection

* By minimum sites and maximum
sites

*Sending to the server
* Postprocessing with ANN (10,5,10)
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Figure 2. Data processing workload

Unfortunately, higher frequency harmonics and
period lengths multiplied due to detection
errors can also be included in this series. It has
been described in the literature that MAs can
also generate false period lengths. In this way,
the minimum, maximum, average and median
values from each data series were determined,
so total of 16 data for the two channels were
calculated which in an ideal data series are all
the equal and according to the 25Hz sampling
frequency the 1/40 part of the IBI values. This
data set was used for post-processing. This
system was investigated for the ideal data series
length in which the detection based on 3-4-5 s
long data series. The accuracy after detection
and the accuracy after postprocessing of trained
neural network were determined. An important
pre-requisite for neural networking is that the
dataset must be balanced. Figure 3 shows the
histogram of the control ECG data set, and it is
concluded that the prerequisite is not met.
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Figure 3. Histogram of control ECG Interbeat
Intervals (IBI)

The training dataset of the neural network was
balanced using the random walk oversampling
(RWO) method (H. Zhang & Li, 2014). The
neural network used is an MLP with three
hidden layers with 10,5,10 neurons, RELU
activation function and ADAM solver. The data
was share to teaching (70%) and testing (30%)
datasets. The neural network training was
performed as a classification and evaluated in
the usual way (ACC, MAE, ROC, Fl,
Confusion matrix). The presented metrics were
get in all cases on testing data.

RESULTS AND DISCUSSIONS

Figure 4 shows a sample dataset after
preprocessing and peak detection. We can see
that in certain cases it was possible to find the
real peak very accurately. Since the curves
have small subpeaks (shoulders), we set the
peak detection so that it does not detect two
peaks close to each other, but because of this,
the algorithm often does not find the most
prominent peak, but instead produces the
shoulder as a result. It can be concluded that
the peaks are detected, but the accuracy with
the specified parameters should be further
improved in the future, or perhaps
supplemented with an algorithm that helps to
separate the main and secondary peaks. If the
algorithm detects several secondary peaks, then
the correct value can be obtained from the
average of two or three sections, so the average
of the peak distances can provide an



approximately good solution in this case. If
several peaks are included in the analysis, the
false peaks cause the shortening of the period
length on one side and the increase of the
period length on the other side. If there is a
correctly identified period in the data set, it will
be located near to the median of the series. As
more ideal the data series, as more
homogeneous the resulting IBI series, ideally
all members are equal, and contrary, if there are
large differences in the detection, it can
definitely indicate a detection error. In such
cases, it is possible to discard the data series as
a bad detection, or to try to decide what the real
value is in the post-processing (with the MLP
artificial neural network in this paper). The
distribution of errors after the first detection is
shown in Figure 7 B. It can be seen that the
error function has a roughly normal
distribution, because many parameters cause
the error, but the function has shifted a little to
the left, so typically the IBI wvalues are
underestimated by the algorithm. The average
error is unacceptably large, and in this form it
cannot be used even for a rough estimation.

Figure 4. Result of the data processing algorithm.
The red curve is the preprocessed acceleration data
supplemented with the detected maximum and
minimum peaks

The primarily obtained values were processed
with a neural network. The primary detection
can be implemented on the microcontroller of
the bolus sensor and the result of the
measurement is a data set of a size that can
already be sent using a radio data transmission
standard protocol. Post-processing using an
intelligent method can already be implemented
on the server side. During the implementation,
we consciously tried to use a relatively small
neural network in order to avoid overtraining as
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much as possible, taking the risk that the
obtained results would be weaker. I solved the
neural network data processing as a
classification task, because in this way the
processing of individual IBI period categories
can be evaluated in more detail. Table 1
contains the evaluation of the post-processing
of data sets of size 3s, 4s, 5s. It can be seen that
the Classification Accuracy (CA) value is
relatively small. The best case is the processing
of a 4s long data series, but even here the
detection rate accuracy is only 61.5%. The
same 1is true for other metrics like F1,
Precision, Recall, MCC. At the same time, the
AUC (Area Under Curve) value, which
assesses the validity of the detection, the size of
the area under the ROC curve, produced
significantly better results. The best case here
also occurred in case of processing the 4s long
data series, with a value of 0.874, which is
quite close to the ideal value of 1. The
explanation for the two types of results is that,
although in many cases it is not possible to
accurately categorize the data, at the same time,
in most cases, the result is not fundamentally
bad at the end of the processing, only one
category mistake, which is approximately
corresponds to an error of 40ms. The actual IBI
values fall between 600ms and 1200ms, that is,
the difference of the detection means an error
of 5-10%.

Table 1. Quality metrics of the ANN processing of
3s, 4s, 5s long data series primary results

IMlode AUC CA F1 Prec :Ileca McC
NN3s 0845 0552 0545 0.567 0.552 0.456
NN4s 0874 0615 0616 0635 0.615 0532
NN5s 0.859 0.603 0598 0612 0.603 0518

A detailed evaluation of the ANN post-
processing can be done with the help of Figures
5 and 6. Figure 5 shows the confusion matrix
for the processing of 3s, 4s, 5s long data series.
Naturally, here too, the processing of the 4s
long data series is the most effective in terms of
almost all values. In the main diagonal, the
proportion of correctly categorized data is
better in all values compared to the other two



data sets. The ratio of the worst categorized
data can be seen in the bottom left and upper
right corners, in this respect the processed data
series of 5s is the best, it contains the fewest
gross errors. It can be seen that the largest
numerical values are found in the main
diagonal and in the band immediately next to it,
which means that the majority of the data can
be classified with no more than 1 category
error. Detection of extreme categories is better
than the average. The detection of category 15
(600ms IBI) is 93.7-97.4% accurate.

Predicted
15 16 17 18 19 20 3
A 97% 96% 29% 03% 11%  35% 126
16 63% 609% 140% 106% 144% 194% 174
17 00%  26% 360% 206% 22%  00% 126
g 18 00%  52% 375% 443% 267%  14% 238
19 00% 139%  96% 229% 478%  56% 160
20 00% 78% 00% 14% 78% 701% 122
b3 m 115 136 350 EY 144 946
Predicted
15 16 17 18 19 20 b3
B s24%  49%  38%  o0s%  o09%  o0o% 128
16 26% 711% 165% 73%  93% 121% 174
17 00%  21% 376% 215% 09%  00% 125
18 00%  28% 316% 505% 196% 17% 236
19 00% 106% 90% 178% 570%  95% 158
20 00% 85% 15%  24% 121% 761% 124
b3 116 142 133 331 107 116 945
Predicted
15 16 17 18 19 20 b3
15 956%  78%  09%  18%  00%  20% 129
C  44% 695% 128%  86% 243%  59% 173
) 00%  47%  358% 2208% 7%  13% 124
g 18 00%  39% 385% 489% 191%  46% 236
19 00% 125% 10.1% 165% 522% 118% 159
20 00% 16% 18% 12%  26% 743% 124
b3 14 128 109 327 115 152 945

Figure 5. Confusion matrix of (A) 3s, (B) 4s, (C), 5s
long data series. Each category is 40ms wide

This category is particularly important for
implementing alarms related to elevated heart
rate. It should be mentioned that this category
can only be mistaken in one direction in the
system. Figure 6 shows the ROC curve
belonging to class 15 (600ms IBI). It can be
seen that the shape of the curve is almost ideal
and enables a good categorization of the class.
Unfortunately, we cannot ignore the fact that
this category was rather underrepresented in the
learning dataset, and the required amount of
learning data is the result of oversampling. In
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such cases, relying on statistical considerations,
we can hope that the processing gave a real
result, but this can only be confirmed with
further measurements.

o

TP Rate (Sensitivity)

s s

FP Rate (1-Specificity)

Figure 6 ROC curve for class 15 which corresponds
the 600ms IBI

Figure 7 shows the histogram of error values
after primary data processing (A) and after
neural network post-processing. It can be seen
that the detection accuracy has improved by
almost an order of magnitude.
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Figure 7. Histogram of IBI detection errors: (A)
errors of the 4s long detection period by the median
of detected maxima, (B) errors of the ANN result



Table 2. Detected IBI categories and the corresponding

HR values
Cat IBI (ms) HR (BPM)
800 75
760 79
720 83
4| 680 88
640 93
6 | 600 100
] 560 107
e 520 115
e 480 125

Table 2 shows the detectable IBI and HR
values. Among them, it was possible to detect
categories 1-6 in the current experiment.

The average error value is 20-40 ms, which is
not suitable for very accurate animal health
measurements, but it is already suitable for the
implementation of important health warnings or
alarms related to significant HR changes
(disease, increased stress, initiation of calving)
in PLF-related animal husbandry support
applications.

CONCLUSIONS

In this paper, an algorithm development
process was presented, of which the IBI and the
HR values can be calculated from the measured
3D accelerometer data in a cow rumen bolus
sensor. The algorithm to be implemented must
be of low computational intensity that it can
also be implemented on the sensor’s
microcontroller. In such a case, the first
question is the quantity of data to be collected,
for the optimum calculation can be carried out.
Experiments have revealed that the collection
of 4-5 seconds of data is optimal for
calculations. It could be seen from the results
that 4s are ideal according to most metrics, and
S5s is the best in terms of gross error rate, but
processing a longer sequence with such a
simple algorithm no longer improves the result.
The 4s-5s data series can mean 100 or 125
measured data, considering the 25 Hz sampling
frequency. The measurement error is 40ms in
this case, which theoretically can be improved
to a 10 ms detection accuracy assuming 3-4
cycles of detection, but unfortunately, due to
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the significant noise of the measurement, such
good results cannot be obtained on real data.
Measurements were evaluated with a simple O
(N) data cleaning and peak detection algorithm.
The error of the results obtained is of a mag-
nitude greater than the theoretical minimum.
Based on the results, it can be concluded that it
would be worthwhile to use a slightly more
skillful data cleaning and peak detection
algorithm in the future, but it also appears that
due to the high noise ratio of the measurement,
this alone is not sufficient. It is absolutely
necessary to subject the measurement to some
kind of post-processing. In this work, a neural
network was examined as a post-processing
method and it was found that the neural net-
work is a suitable solution for post-processing.
A relatively small sized neural network was
consciously chosen to avoid the risk of over
teaching. Postprocessing with a neural network
significantly improved detection accuracy and
enabled detection with a +40ms error. The
resulting method is thus appropriate for
classifying cardiac function into six categories.

The accuracy of the obtained results can be
improved in the future and the current accuracy
is not yet suitable for veterinary purposes. On
the other hand, the system is suitable for use in
information systems related to PLF, it is
probably suitable auxiliary data for detection of
stress on animals, for alarms related to calving
and diseases.

The HR values above 100 could not be
measured by the control ECG measurement, so
there is currently no information on the
detectability of these values.

The next step of the research is to conduct addi-
tional measurements and gather the corres-
ponding control data. After that, the refinement
of the data cleaning and peak detection
algorithm and the examination of the neural
network solution in the detection of values that
are underrepresented or not measured at all in
the current experiment.
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