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Cattle behaviour is fundamentally linked to the cows’ health, (re)production, and welfare. The aim of this
study was to present an efficient method to incorporate Ultra-Wideband (UWB) indoor location and
accelerometer data for improved cattle behaviour monitoring systems. In total, 30 dairy cows were fitted
with UWB Pozyx wearable tracking tags (Pozyx, Ghent, Belgium) on the upper (dorsal) side of the cow’s
neck. In addition to the location data, the Pozyx tag reports accelerometer data as well. The combination
of both sensor data was performed in two steps. In the first step, the actual time spent in the different
barn areas was calculated using location data. In the second step, accelerometer data were used to clas-
sify cow behaviour using the location information of step 1 (e.g., a cow located in the cubicles cannot be
classified as feeding, or drinking). A total of 156 hours of video recordings were used for the validation.
For each hour of data, the total time each cow spent in each area and performing which behaviours (feed-
ing, drinking, ruminating, resting, and eating concentrates) were computed using the sensors and com-
pared against annotated video recordings. Bland-Altman plots for the correlation and difference
between the sensors and the video recording were then computed for the performance analysis. The
overall performance of locating the animals into the correct functional areas was very high. The R2

was 0.99 (P < 0.001), and the root-mean-square error (RMSE) was 1.4 min (7.5% of the total time). The
best performance was obtained for the feeding and lying areas (R2 = 0.99, P < 0.001). Performance was
lower in the drinking area (R2 = 0.90, P < 0.01) and the concentrate feeder (R2 = 0.85, P < 0.05). For the
combined location + accelerometer data, high overall performance (all behaviours) was obtained with
an R2 of 0.99 (P < 0.001) and a RMSE of 1.6 min (12% of the total time). The combination of location
and accelerometer data improved the RMSE of the feeding time and ruminating time compared to the
accelerometer data alone (2.6–1.4 min). Moreover, the combination of location and accelerometer
enabled accurate classification of additional behaviours that are difficult to detect using the accelerom-
eter alone, such as eating concentrates and drinking (R2 = 0.85 and 0.90, respectively). This study demon-
strates the potential of combining accelerometer and UWB location data for the design of a robust
monitoring system for dairy cattle.
� 2023 The Author(s). Published by Elsevier B.V. on behalf of The Animal Consortium. This is an open

access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
Implications

Cattle behaviour is fundamentally linked to the cows’ health,
(re)production, and welfare. The current precision livestock farm-
ing systems focus on a limited number of behaviours. Moreover,
the detection of behaviours that are less frequently expressed in
animals or expressed in short duration, such as walking or drink-
ing, remains a challenge. This study incorporates location and
accelerometer data for improved cattle behaviour monitoring sys-
tems. The combination of both data improved the detection of
feeding and ruminating behaviours and enabled accurate classifi-
cation of additional behaviours that are difficult to detect using
the accelerometer alone, such as drinking and eating concentrates.
Introduction

Cattle behaviour is fundamentally linked to the cows’ health,
(re)production, and welfare. Veterinarians, advisors, and farmers
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use cattle behavioural signs for purposes of disease diagnosis and
livestock management. For example, real-time monitoring of feed-
ing and ruminating behaviours helps in choosing a suitable feeding
strategy for increased efficiency (Haskell et al., 2019; Krpalkova
et al., 2021). Monitoring of feeding, drinking, or lying behaviour
can also help to detect reproductive events such as oestrus and
calving (Lanzoni et al., 2022; Szenci, 2022; Wang et al., 2022). In
Soriani et al. (2012), it was reported that decreased ruminating
time during the first few days of lactation was observed in cows
with subclinical diseases or health disorders. Similarly, changes
in lying time can alert for lameness or injuries in the animal. Pain,
lameness, and infectious diseases indicate poor animal welfare,
which can be detected via cattle behaviour (Hosseininoorbin
et al., 2021).

Cattle behaviour has traditionally been monitored by direct
observation, judgement, and experience of humans, providing
information for a limited number of animals and for short time
intervals. As the herd size increases, traditional inspection based
on direct observation becomes a time-consuming and a labour-
intensive task. By leveraging the advancements in smart sensor
design, big data, and artificial intelligence, precision livestock
farming (PLF) technologies have delivered reliable and feasible
real-time data at the individual level to generate efficient digital
monitoring and management systems for animal behaviour
(Berckmans, 2017).

In literature, several sensor types have been adopted for cattle
behaviour monitoring. For example, image analysis using a camera
system was used in (McDonagh et al., 2021) to classify dairy cow
behaviours, such as, standing, lying, and walking. An image
analysis-based system was also proposed in (Achour et al., 2020)
to monitor feeding behaviour and to identify individual cows.
Sound analysis is another technique used for cattle behaviour
monitoring. The potential of this method applied in dairy farms
was investigated in (Meen et al., 2015). Other systems were devel-
oped based on radio-frequency identification tags, temperature,
and pressure sensors (Ruuska et al., 2016). Although computer
vision technology is recently widely investigated in PLF research
(Saar et al., 2022; Lodkaew et al., 2023), nevertheless, wearable
accelerometers remain currently the most common systems for
automated real-time monitoring cattle behaviour in commercial
herds (Riaboff et al., 2022). Extensive research was already con-
ducted (Da Silva Santos et al., 2023) and several commercial sys-
tems are already available, such as the MooMonitor
(Dairymaster, Tralee, Ireland), the IceTag (IceRobotics Ltd., Edin-
burgh, Scotland), the AfiAct Pedometer Plus (Afimilk, S.A.E. Afikim,
Kibbutz Afikim, Israel) and the CowManager (Agis, Harmelen, the
Netherlands). However, these systems focus on a limited number
of behaviours, such as feeding and ruminating (neck collar sen-
sors), or on lying and standing (leg sensors). Moreover, the detec-
tion accuracy of behaviours that are less frequently expressed in
animals or expressed during a short duration, such as walking or
drinking, remains a challenge. The changes in drinking behaviour
are used as indicators of cow heat stress (Tsai et al., 2020). Simi-
larly, the changes in walking behaviour are used for disease detec-
tion (Tsai et al., 2021). The use cases of the current PLF systems are
still limited, and their detection accuracy needs to be improved.
These limitations result in increased costs for the farmers (e.g.,
missed heat) as well as problems with animal welfare manage-
ment (e.g., delayed detection of lameness). This justifies further
development of new methods to monitor cattle behaviours from
wearable sensors (Pavlovic et al., 2021).

Recently, the increasing availability of accurate and small-sized
real-time location systems tags unlocked the potential of using
location data for cattle behaviour monitoring and livestock man-
agement (Cabezas et al., 2022). In Riaboff et al. (2020), accelerom-
eter data were combined with Global Positioning System (GPS)
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data to classify the main behaviours of dairy cows on pasture
and to explore the interactions between cows and pasture charac-
teristics, including the vegetation, trees, hedges, and soil moisture.
Accelerometers and location data were combined also in recent
study (Cabezas et al., 2022) to classify four cow’s behaviours (graz-
ing, ruminating, lying and steady standing), with best classification
accuracy obtained for grazing (accuracy = 0.93). In practice, the
incorporation of accurate location data for cattle monitoring would
enhance the classification accuracy of the existing accelerometer-
based systems, especially in wide areas (e.g., alleys, lying area).
For example, detecting a cow in the lying area will reduce the num-
ber of possible behaviours to consider by the classification model
(e.g., not feeding or drinking). Moreover, the adequate combination
of the two data sources yields additional information on cow beha-
viour, such as the time spent in the feeding area while the cow is
not feeding. Furthermore, in addition to the monitoring of the indi-
vidual animal behaviour and locating the cows in the barn, the
combination of both sensors could be used for tracking of the social
interactions between the cows, which are fundamentally linked to
their health and welfare (Jensen, 2018).

The aim of this study was to design a novel and efficient method
to combine indoor location and accelerometer data for improved
cattle behaviour monitoring. Classification algorithms developed
in previous works consider all possible behaviours in each func-
tional area, which makes it difficult to distinguish between beha-
viours with close patterns (eating concentrate vs drinking). Also,
detecting behaviours that are less frequently expressed or
expressed during a short duration is still challenging. The novelty
of this paper is to restrict the number of behaviours considered
by the accelerometer by considering the functional area the cow
is located in (feeding, lying, drinking). This is an efficient method
to (i) classify a wide range of behaviours, (ii) increase the accuracy
of the algorithms when considering only a limited number of beha-
viours per area, and (iii) extract more relevant information such as
time in the feeding area while not feeding (future work).

This study is structured as follows. A static validation of the
Ultra-Wideband (UWB) location system is first executed to assess
the accuracy and precision in stationary scenarios. Next, location
and accelerometer data are combined to monitor the behaviour
of cattle in barns. The combination of the acceleration and location
data is performed in two steps. The first step consists of calculating
the time spent in the different barn areas using the location data. In
the second step, the accelerometer data are used to classify cow
behaviour based on the location of the cow obtained in the first
step (e.g., a cow located in the cubicles cannot be classified as feed-
ing or drinking).
Material and methods

Animals and housing

In total, 30 Holstein cows (parity 1.8 ± 1.2) were used in this
study. The cows were housed in an area of 40 � 15 m2 in a free-
stall barn of the Flanders Research Institute for Agriculture, Fish-
eries and Food, Melle, Belgium. The area contains individual cubi-
cles and a concrete slatted floor (Fig. 1a). The cubicles (n = 32) were
bedded with a lime-straw-water mixture. The cows were fed a
roughage-concentrate mixture. The feed bunk is provided over
the total length of the area (i.e., 30.5 m long) for 32 cows at max-
imal occupation. The bunk fence is made of two wooden beams
with a total height of 20 cm and at a higher level an iron bar.
The bunk has horizontal pillars every 5 meters. The bunk floor is
15 cm higher than the level of the slatted floor and coated with a
polyester coating for a depth of 50 cm. The cows have free access
to the feeding bunk. Additional concentrates were supplied by a



Fig. 1. (a) Layout of the barn used for the behaviour monitoring using UWB location and accelerometer data (Triangles: anchors; rectangle: gateway; FA: feeding area; DA:
drinking area (1.5 � 2.5 m); LA: lying area (cubicles); CF: concentrate feeder (1.3 � 3.5 m); BA: brushing area; VMS: milking robot (blue rectangle); WM: waiting for milking
area). The red marks are the positions used for the static validation (Experiment 1). (b) Position of the tracking tag on the cow’s neck with the accelerometer sensor
orientation. UWB = Ultra-Wideband.
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computerised concentrate feeder. Drinking water (two deep water
troughs) was available ad libitum. The cows were milked with a
voluntary milking system (DeLaval, Sweden). The study (installa-
tion of the system, static validation, and data collection) was con-
ducted between April and October 2021.
Tracking system

The Pozyx (Pozyx, Belgium) UWB location system was used in
this study (enterprise Pozyx system). The system was installed in
the barn as shown in Fig. 1a. It contains a gateway, six anchors,
and 30 wearable tracking tags (dimensions (mm) 50 � 42 � 15,
weight 21 g, Pozyx, 2022). The Pozyx system is based on the
Time-Difference-of-Arrival location method, which uses a very
precise measure of the time of arrival of a radio signal from a
mobile transmitter tag to a set of time-synchronised receivers
(Mazhar et al., 2017). This enables tagged objects/subjects to be
accurately located relative to the anchor set (location accuracy of
15 cm, Pozyx, 2022). The sampling rate of the location system
was set at 2 Hz. In the uplink packet transmission (Time-
3

Difference-of-Arrival operation), the Pozyx tracking tag also
reports the instantaneous acceleration data (i.e., three orthogonal
accelerometer vectors), collected at a sampling rate of 12.5 Hz.
Location and accelerometer data were available in real time. The
orientation of the accelerometer is shown in Fig. 1b. This orienta-
tion was respected for all cows.
Experiment 1: Static validation of the Ultra-Wideband location system
performance

For a first assessment of the merits of the location system, we
assessed its positioning accuracy and precision via a set of (static)
tests in the barn.
Data collection
Static validation experiments were performed prior to the data

collection for behaviour monitoring. For the validation experiment,
the cows were not present in the measurement area. A plastic tri-
pod was used to mount the tag at a height of 1 m. During the
experiment, the tripod was set at different positions in the barn
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(Fig. 1a). At each static position, measurements were run for two
consecutive minutes, which resulted in 240 position estimates
(sampling rate of 2 Hz). The static measurements were carried
out in eight different areas (Fig. 1a): feeding area (20 positions),
drinking area (10 positions), lying area (cubicles, 32 positions),
concentrate feeder (five positions), brushing area (10 positions),
milking robot (four positions), waiting for milking area (15 posi-
tions), and alleys (33 positions). A laser meter (Bosch GLM 40, Ger-
many, accuracy ±1.5 mm) was used to measure the real
coordinates (ground truth) based on the barn ground plan.
Accuracy and precision
The goal of the UWB location system is to locate the animals

with high accuracy and precision. These are the most important
metrics that are critical for a location system. The 240 measure-
ments taken at each test point were used to determine the location
accuracy and precision at this position. The data processing was
performed using MATLAB software (Release 2020b, The Math-
Works, Inc., Natick, Massachusetts, United States).

Location accuracy is the measure of the correctness of the esti-
mated location of the target by the system. The location accuracy is
a straightforward metric measured as the mean Euclidian distance
between the estimated position of an object and its real position
(Qureshi et al., 2019). The accuracy is given by the following:

Accuracy ¼ 1
N

Xk¼N

k¼1

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffifficXk � X
� �2

þ cYk � Y
� �2

r
ð1Þ

where N is the number of measurements, cXk and cYk are the esti-
mated coordinates by the UWB system, and X and Y are the real
coordinates. Location accuracy describes a mean error, which lacks
information regarding the consistency and robustness of the errors.
For this reason, location precision is almost equally important. Loca-
tion precision is often measured as the SD of the measured coordi-
nates and is given by Qureshi et al. (2019):

Precision ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

Xk¼N

k¼1

cXk � X
�� �2

þ cYk � Y
�� �2

vuut ð2Þ

where cXk and cYk are the estimated coordinates by the UWB system,

and X
�
and Y

�
are the mean values of the measured coordinates.

For each of the eight barn areas, the location accuracy and pre-
cision were calculated for each individual location axis (X and Y
estimation) as well as for both axes (2D estimation).
Table 1
Description of the barn’s areas and cows’ behaviours considered in this study.

Item Definition

Areas
Feeding area The cow (most of the body) is located at th
Lying area The cow is located in one of the lying cubic
Waiting milking The cow is located in the waiting for milkin
Milking robot The cow is located in the milking robot.
Drinking area The cow is located in the drinking area clos
Concentrate feeder The cow is located inside the concentrate fe
Alleys The cow is located in the alleys.

Behaviours
Feeding The cow is located at the feeding zone with
Drinking The cow is drinking water from the water t
Ruminating The cow is chewing and swallowing a rumi
Resting The cow has a static position (inactivity), i.
Eating concentrates The cow has her head in the concentrate fe
Other activity The cow is not performing any of the behav

4

Experiment 2: Behaviour monitoring

Data collection
Each cow was fitted with a Pozyx tracking tag as shown in

Fig. 1b. The tag was attached on the upper (dorsal) side of the cow’s
neck for an optimal signal reception. The same orientation as
experiment 1 was respected. However, the tag’s orientation will
somewhat change due to the movement of the collar. A counter-
weight (1 kg) was used to keep the tag upright on the highest point
of the neck as much as possible. The collars containing the sensors
were attached more than one week before starting the measure-
ments to make the cows used to the tag’s presence and not influ-
ence their behaviour during the actual monitoring period. For
this experiment, sensor (location + accelerometer) and video
recording data were collected for 5 days. However, due to the time
and effort required for proper annotations that consider a wide
range of behaviours, only 24 hours were randomly selected for
the analysis. The clocks of the location system and the video
recording were synchronised at the start of the measurement.
The location and accelerometer data were stored in real-time on
a laptop and used afterwards for processing. At the end of the
experiment, video data were transferred as well to the laptop for
annotation. Missing values were negligible (0.2%) since all data
were saved in real time.
Video annotations
Video annotations were performed using ELAN software (The

language archive, The Netherlands). The output of the recording
system were video files with a duration of one hour including
two views (two cameras, Fig. 1a). Since the behaviours were visu-
ally not clear at night, only data from 06 h00 until 19 h00 were
considered. Recordings were omitted when the identification of
the cows was uncertain or when the behaviours were ambiguous.
Six of the 30 focal cows were omitted from the analyses as the total
duration of annotated recordings did not amount to our minimal
requirement of 1 h per cow. Consequently, data of 24 cows with
a total of 156 hours (mean ± SD, 6.5 ± 1.3 hours per cow) of video
recordings were used for the performance analysis. Table 1 lists the
considered areas and behaviours in this study with their descrip-
tive definitions. The annotation was performed for each cow and
each one-hour file separately. The outputs of the ELAN software
were.csv files containing the start, end, and duration of the consid-
ered areas and behaviours. One sample (a blue dot in Figs. 3 and 4)
is considered as the time period between the instance when a cow
starts to perform a certain behaviour (e.g., ruminating), until it
stops the first behaviour and starts performing another behaviour
e feeding zone with head through the feeding rail.
les in a standing or lying position.
g area.

e (less than 1 m) to the water trough.
eder.

head through the feeding rail while searching, masticating, or sorting the feed.
rough.
nating bolus while moving her head and jaw with a circular motion.
e., either standing or lying
eder and is eating the concentrates.
iours above.



S. Benaissa, F.A.M. Tuyttens, D. Plets et al. Animal 17 (2023) 100730
(e.g., resting). The time spent performing that behaviour (ruminat-
ing in this case) is calculated using the sensor data and video anno-
tations. Similar analysis was used for the time spent in barn areas.
The output data were used then for performance analysis.
Combination of location and accelerometer data
The method to combine the location and accelerometer data

consists of two steps. In the first step, the location data are used
to determine in which of the considered areas a cow is located.
The data were processed in 10-second intervals (Benaissa et al.,
2019a). A time interval is considered spent in an area (e.g., feeding
area) if the largest proportion of its location data belongs to that
area. At the end, for each one-hour time interval, the total time
Table 2
The considered cows’ behaviours by the decision tree algorithm (accelerometer) for
each barn’s area.

Areas (location) Behaviours (accelerometer)

Alleys Ruminating, resting, other activity
Drinking area Drinking, resting, other activity
Wait for milking area Ruminating, resting, other activity
Milking robot Eating concentrate, other activity
Lying area Ruminating, resting, other activity
Concentrate feeder Eating concentrate, other activity
Feeding area Feeding, resting, other activity

Table 3
Static accuracy and precision of the UWB location system used for cows’ behaviours track

Areas Accuracy (mean ± SE, cm)

X-axis Y-axis 2D (XY)

Feeding 8.3 ± 1.4 17.3 ± 3.8 21.0 ± 3.6
Lying cubicles 7.6 ± 1.2 15.3 ± 2.2 18.6 ± 2.1
Alleys 6.0 ± 1.1 9.6 ± 1.3 12.6 ± 1.3
Drinking area 15.5 ± 3.6 21.3 ± 6.0 29.6 ± 5.3
Concentrate feed 14.3 ± 4.5 22.0 ± 9.0 28.8 ± 8.1
Brushing area 4.0 ± 1.1 17.4 ± 2.8 18.2 ± 2.7
Wait for milking 11.4 ± 2.2 8.37 ± 2.5 15.5 ± 2.8
Milking robot 74.9 ± 19.7 34.9 ± 12.9 86.8 ± 17.8
Average (Barn) 10.4 ± 1.3 16.0 ± 1.3 21.2 ± 1.6

Abbreviations: UWB = Ultra-Wideband, 2D: two-dimensional (X and Y axes).

Fig. 2. Example of the UWB location system data (in blue) at 48 locations (ground truth
The tag was placed at 1 m height (average of cows’ neck height). UWB = Ultra-Wideban

5

spent in each area is calculated (sum of the 10-second intervals)
and compared to the video annotations for performance analysis.
We note that the brushing area was not considered in this section,
since only a minority of the cows were frequently visiting it during
the experiment (only six cows visited the brushing area with less
than 2 min per cow).

In the second step, the accelerometer data are used to classify
cow behaviours taking into consideration the obtained area of
the first step as listed in Table 2. For example, if a cow is located
in the feeding area in step 1, only feeding, resting, and other activ-
ities are considered in the classification by the accelerometer data
in step 2. The accelerometer data were classified using a decision
tree (DT) algorithm as presented in Benaissa et al. (2019a). The
acceleration sum vector (Asum) was calculated as follows:

Asum gð Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
aX2 þ aY2 þ aZ2

p
ð3Þ

where aX is the acceleration along the X-axis, aY is the acceleration
along the Y-axis, and aZ is the acceleration along the Z-axis. Based
on the Asum values, the overall dynamic body acceleration was calcu-
lated as presented in Benaissa et al. (2019a). The thresholds of the
DT were determined using the nested cross-validation technique
as explained in Benaissa et al. (2019b). We note that although the
location and accelerometer were collected in real time, the data
were processed at the end of the experiment to compare with video
recordings.
ing for the considered barn’s area.

Precision (mean ± SE, cm)

X-axis Y-axis 2D (XY)

5.0 ± 0.6 7.6 ± 1.1 9.1 ± 1.2
4.8 ± 0.4 6.5 ± 0.7 8.2 ± 0.8
4.8 ± 0.7 6.0 ± 0.9 8.9 ± 1.1
10.4 ± 1.8 11.0 ± 2.0 15.2 ± 2.6
9.6 ± 1.3 12.6 ± 1.6 15.9 ± 2.0
6.3 ± 0.5 6.1 ± 0.5 6.8 ± 0.7
7.4 ± 1.3 7.0 ± 1.5 10.3 ± 2.0
34.9 ± 9.8 18.3 ± 3.0 39.6 ± 10.0
6.8 ± 0.6 7.5 ± 0.5 10.4 ± 0.8

in red). Data were collected for 2 min at each location with a sampling rate of 2 Hz.
d.



S. Benaissa, F.A.M. Tuyttens, D. Plets et al. Animal 17 (2023) 100730
A DT algorithm was used since the on-cow sensors used for
behaviour monitoring have very small batteries with low process-
ing and storage capabilities. This reduces the energy consumption
and minimises both sensing and transmitting energies and conse-
quently reduces the maintenance requirements associated with
recharging of the batteries. Moreover, it was shown in Benaissa
et al. (2019a) that the thresholds of the DT algorithm used for
the classification of the cow behaviours have low cow variations.
This is because the algorithm is based on only one feature (mean
value of the overall dynamic body acceleration).
Fig. 3. Bland-Altman plots of the time spent in each area by the cows for t

6

Performance analysis
Bland-Altman plots (Martin Bland and Altman, 1986) were used

for performance analysis. This plot is commonly used to assess the
degree of agreement between two quantitative methods of mea-
surement (time spent in an area obtained by the sensor vs video
in this case). For each one-hour time interval, the time spent in
each area as well as the time spent in each behaviour were calcu-
lated using the sensors and the video recording. The output sam-
ples were then compared using the Bland-Altman plots. Bland-
Altman plot is a scatter graph XY, in which the Y-axis shows the
difference between the two measurements A–B (sensor-video in
he comparison between the sensors (location) and video annotations.



S. Benaissa, F.A.M. Tuyttens, D. Plets et al. Animal 17 (2023) 100730
this case) and the X-axis represents the average of these measures
((A + B)/2). In other words, the difference in the two measurements
is plotted against the mean of the two measurements (Giavarina,
2015).

In addition to Bland-Altman plot, scatterplots of the association
between the sensor and video annotations were plotted. Based on
these plots, the R2, the RMSE, and the CV are calculated. While the
R2 assesses how strong the linear relationship is between two vari-
ables (e.g., values estimated by the sensors vs observed by the
video recordings), the RMSE quantifies the differences between
the two variables (Euser et al., 2008). The CV expresses the RMSE
as a percentage of the samples’ mean. This is useful in this study
since the time spent in the barn areas or in a behaviour varies
between a fewminutes (e.g., drinking area, drinking time) to a cou-
ple of hours (e.g., lying area, ruminating time).
Results

Static performance of Ultra-Wideband location system

Table 3 lists the obtained results for the static validation. High
overall performance of all eight areas of the barn (average) was
obtained with an accuracy of 21.2 ± 1.6 cm (mean ± SE) and a pre-
cision of 10.4 ± 0.8 cm. The mean accuracy was highest for the
alleys (12.6 ± 1.3 cm) and lowest for the milking robot area (86.8
± 17.8 cm). Fig. 2 shows an example of the measured UWB location
data (in blue) at 48 locations (in red).
Time spent in the barn areas

Fig. 3 shows Bland-Altman plots as well as scatterplots of the
association between the sensor (location) and video annotations
for time spent in the barn areas. The statistics of the plots are listed
in Table 4. The overall performance of the location of the animals
into the correct functional areas was very high. The R2 was 0.99
(P < 0.001), and the RMSE was 1.4 min (CV = 7.5%). The correlation
between the sensor and video recording was highest for the time
spent in the feeding and lying areas (R2 = 0.99, P < 0.001) and low-
est for the time spent in the concentrate feeder area (R2 = 0.85,
P < 0.05) (Table 4). The lowest value of the RMSE was obtained
for the time spent in the milking robot (0.5 min), and the highest
value was obtained for the time spent in the waiting for milking
area (2 min). The CV varied between 3.5% for the time spent in
Table 4
Statistics (number of samples N, R2, RMSE, and CV) of the difference in the time spent by t
obtained by the location + accelerometer data and the video recordings. The MATLAB (rel

Data Area/behaviour Sampl

Location
Feed area 97
Lying area 98
Wait for milking 59
Milking robot (VMS) 48
Drinking area 67
Concentrate feeder 43
Alleys 98
All samples (Barn) 510

Location + accelerometer
Feeding time 83
Drinking time 50
Ruminating time 86
Resting time 90
Eating concentrates 59
Other activity 83
All samples 454

*P < 0.05, **P < 0.01, ***P < 0.001, no asterisks mean P > 0.05.
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the feeding area and 33% for the time spent in the concentrate
feeder.

Time spent in the behaviours

Fig. 4 shows Bland-Altman plots as well as scatterplots of the
association between the sensor (location + accelerometer) and
video annotations for time spent in the behaviours. The statistics
of the plots are listed in Table 4. High overall performance (all
behaviours) was obtained with an R2 of 0.99 (P < 0.001) and a RMSE
of 1.6 min (CV = 12%). The highest value of R2 was obtained for
feeding time and ruminating time (0.99, P < 0.001), and the lowest
value of R2 was obtained for other activity (0.83, P < 0.01). The
RMSE varied between 0.7 min for drinking time and the time eat-
ing concentrates 1.8 min for ruminating time and resting time. For
the CV, the highest value was obtained for other activity (30.0%)
and the lowest value was obtained for feeding time (5.6%).
Discussion

In this study, the combination of UWB location and accelerom-
eter data for cattle behaviour monitoring has been investigated. A
static validation of the UWB system was first executed to assess its
accuracy and precision in stationary scenarios. The accuracy was
lower in the milking robot compared to the other areas presumably
because the milking robot is covered with a concrete ceiling and
suffers more from multipath effects. This leads to extra signal
losses. The accuracy in Y-axis was lower than X-axis in all areas.
This is probably due to the location of the anchors and the resulting
lower geometric dilution of precision in the Y direction. In overall,
the system presented a high accuracy of 21 cm compared to other
location studies on cattle (see Table 5). A similar 0.2 m accuracy
was reported by (Melzer et al., 2021) using a Ubisense UWB (Ubi-
sense GmbH, Dusseldorf, Germany). The results from that study
were nonetheless obtained within relatively the same area size
as this study (46 � 22 m2), but with a high number of anchors
(14) and no obstacles between the tags and anchors. A better accu-
racy of 16 cm was obtained by (Meunier et al., 2018). This result
can be explained by the greater number of anchors used in that
study (i.e., 18) compared to only six in our study. Moreover, areas
such as milking robot were not included in the accuracy
measurements.

As listed in Table 5, different technologies have been used for
locating cattle in barns. Techniques based on received signal
he cows in each area obtained by the location data and time spent in each behaviour
ease 2019b) function fitlm() was used to conduct a paired-sample t-test).

es N R2 (–) RMSE (min) CV (%)

0.99*** 1.5 5.3
0.99*** 1.5 3.5
0.98** 2.0 8.6
0.95* 0.5 9.0
0.93** 0.7 24.0
0.85* 0.7 33.0
0.96* 1.5 19.0
0.99*** 1.4 7.5

0.99*** 1.4 5.6
0.85** 0.7 25.0
0.99*** 1.8 7.7
0.98** 1.8 13.0
0.90* 0.7 18.0
0.83** 1.4 30.0
0.99*** 1.6 12.0



Fig. 4. Bland-Altman plots of the time spent in each cattle behaviour for the comparison between the sensors (location + accelerometer) and video annotations.
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strength (RSS) have lower accuracy compared to UWB systems.
However, they perform better in terms of network range (i.e., fewer
anchors could cover larger location area). In addition to the loca-
tion technique, extra processing is generally used to filter the
raw location data (e.g., Jump, Kalman, median filters, Viterbi algo-
rithm) of commercial systems (Melzer et al., 2021). Although the
filtering improves the precision of the location system, it may
require more computational power and could introduce extra
delay in case of real-time monitoring.

After the static validation, location and accelerometer data were
combined to monitor the behaviour of cattle in barns. For the time
spent in the various barn areas, the best performance was obtained
8

in the feeding and lying areas. However, the performance was
lower in the concentrate feeder and drinking area (a CV of 33
and 24%, respectively). These two areas are very small compared
to the other area (e.g., lying area, alleys), and they are close to each
other, which make the location samples frequently crossing the
neighbouring areas. Installing more anchors at strategic positions
could be a solution to increase the location accuracy in small areas.
However, this solution introduces additional costs to the farmer.
Similar results were obtained in (Melzer et al., 2021). In that study,
it was reported that the time spent in an area is relevant for the
smallest areas, where visit durations usually range from seconds
to several minutes (Chizzotti et al., 2015).



Table 5
Accuracy of location systems used for cattle tracking in barns. Different filtering techniques are used to enhance the accuracy of the location system.

Study Location System Filtering Accuracy (m)

Gygax et al., 2007 LPM� Radar – 0.5
Huhtala et al., 2007 AeroScout (RSS) – 1.0–3.0
Tøgersen et al., 2010 Bluetooth (RSS) Kalman filter 0.6
Wolfger et al., 2017 Smartbow� (RSS) Wavelet filtering 1.5
Bloch and Pastell, 2020 Bluetooth Low-Energy (RSS) Viterbi algorithm 3.3
Frondelius et al., 2014 Ubisense (UWB) – 0.5
Porto et al., 2014 Ubisense (UWB) – 0.5
Meunier et al., 2018 CowView (UWB) Image processing 0.16
Melzer et al., 2021 Ubisense (UWB) Jump, Kalman, median filters 0.2
This study Pozyx (UWB) – 0.2

Abbreviations: UWB = Ultra-Wideband, RSS = Received signal strength.
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The use of location data to detect cows in distinct areas within a
barn was investigated in other studies. In (Chapa et al., 2021), the
ability of the Smartbow (Smartbow GmbH) location system to
measure the time cows spent in relevant areas of the barn was
addressed. An overall accuracy of 87.6% was obtained in that study.
However, only three areas were included (alleys, feed bunk, and
cubicles). In another study (Melzer et al., 2021), location data were
used to assign the cows to specific areas (i.e., lying stalls, walking
alley, brush area, feed, and water bins) and compare them with
the video-based zone assignments. In addition, different filtering
and smoothing methods (i.e., Kalman, jump, and median filters)
were applied to raw location data. The obtained results were sim-
ilar to this study with the best performance obtained in the cubi-
cles and alleys (sensitivity and precision >0.86).

For the time spent performing different behaviours, the highest
performance was obtained in the present study for feeding time
and ruminating time, while other activities and eating concen-
trates presented the lowest performance. The combination of loca-
tion and accelerometer data improved the RMSE of the feeding
time from 2.6 min in the previous study (Benaissa et al., 2019a)
to 1.4 min in this study. Moreover, it enabled the classification of
additional behaviours, such as eating concentrates and drinking.
These behaviours, which occur less frequently and have short
durations, are the most difficult to detect using only accelerometer
sensors (Riaboff et al., 2022). The changes in these behaviours are
used as indicators of cow heat stress, which is a sign of a poor wel-
fare (Tsai et al., 2020).

The combination of accelerometer and location data was inves-
tigated in previous studies. (Riaboff et al., 2020) investigated the
relationship between behaviours of outdoor dairy cows and pas-
ture characteristics using a combination of accelerometer and
GPS data. The accelerometer and GPS data were not adequately
combined since each data were processed separately. Similar
methods were presented in (Cabezas et al., 2022), where
accelerometer data were used for cattle behaviour classification
(i.e., grazing, ruminating, lying and steady standing) and GPS data
were used to estimate the spatial scattering of herds. In another
study (Wang et al., 2018), location and accelerometer data were
combined to classify seven cow behaviours (feeding, lying, stand-
ing, lying down, standing up, normal walking, and active walking).
The location data were used to improve the poor results of feeding
(sensitivity 52%, precision 55%) versus standing (sensitivity 46%,
precision 58%), which were difficult to differentiate using a leg-
mounted sensor (Wang et al., 2018). Similarly, the individual cow
behaviours were estimated in (Riaboff et al., 2021) from
accelerometer and GPS and used for lameness detection on pas-
tures. Feeding behaviour was estimated first based on accelerome-
ter data and then combined with the GPS position to determine
feeding bout length and number of feeding bouts. The accuracy
and precision of the sensor-recorded position in that study were
9

greater than 2.8 m. Therefore, it was not possible to specify if the
non-feeding behaviours were occurring in a free-stall or in other
areas of the barn. In another study, (Barker et al., 2018) tested
and validated a neck-mounted mobile sensor system that combi-
nes location and accelerometer to classify three categories of beha-
viour (i.e., feeding, not feeding, and out of pen for milking) based
on a decision tree algorithm. The feeding behaviour (number of
bouts, mean bout duration, total duration across all bouts) was
then used for lameness detection in dairy cattle.

In addition to behaviour monitoring, the adequate combination
of the two data sources would considerably reduce the power con-
sumption of the monitoring system. For example, when detecting
the cow in the lying area, the location sensor could be turned-off
until detecting the cow is standing up with the accelerometer. This
could save more than 50% of the energy of the monitoring system,
since cows spend 12–14 hours per day lying down (Gomez and
Cook, 2010). The combination of the two sensors can also be used
to track the social interactions between the cows, which are funda-
mentally linked to the health and welfare of dairy cattle (Gibbons
et al., 2010). For example, Proudfoot et al. (2014) reported that sick
dairy cows isolate themselves and avoid contacts with herd mates
by using the corner of the pen. Proximity loggers have been used to
monitor the social behaviour of cattle based on social network
analysis (Boyland et al., 2016). Although the proximity loggers
could estimate the nearest neighbours of a cow, they cannot clas-
sify which behaviour the two cows are performing. By using a com-
bination of location and accelerometer, the location data give
information on the contacts between cows and the accelerometer
data could classify which behaviour the cows are performing
(e.g., licking, mounting, head-to-head pushing, sniffing, etc.).

The cost of the UWB location system is one of the main chal-
lenges in using location data for cattle monitoring. As stated ear-
lier, the range of UWB systems is limited compared to RSS-based
location systems. Deploying a UWB system in large barns requires
installing many anchors to ensure a good accuracy, which conse-
quently increases the cost of the UWB system. The lifetime of the
sensor is also a challenge in using UWB sensors in barns. In this
study, the lifetime of the sensors was estimated to 4–6 months.
The lifetime of the sensor could be extended by decreasing the
sampling rate (e.g., from 2 to 0.5 Hz) and turning-off the sensor
when a cow is resting (based on accelerometer). In this scenario,
the lifetime of the sensor may reach 5 years (Pozyx, 2022).
Conclusions

In this study, a novel and efficient method to combine UWB
indoor location and accelerometer data for improved cattle beha-
viour monitoring was presented. The time spent in each of the
eight barn areas was first calculated using the location data. When
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a cow is located in an area, its behaviour was classified by the
accelerometer data taking into consideration only those beha-
viours a cow can perform in that area. The overall performance
of the location of the animals into the correct functional areas
was very high. The best performance was obtained for the feeding
and lying areas. Performance was lower in the drinking area and
the concentrate feeder. For the combined location + accelerometer
data, high overall performance (all behaviours) was obtained. The
combination of location and accelerometer data improved the
RMSE of the feeding time and ruminating time compared to the
accelerometer data alone. Moreover, the combination of location
and accelerometer enabled accurate classification of additional
behaviours that are difficult to detect using the accelerometer
alone, such as drinking and eating. This study demonstrates the
potential of combining accelerometer and UWB location data for
the design of a robust monitoring system for dairy cattle. In addi-
tion to the monitoring of the individual animal behaviour and
locating the cows in barn, future work will include the tracking
of social interactions between the cows, which are fundamentally
linked to the health and welfare of dairy cattle. This study is an
important step in combining data from multiple sources (e.g., on-
cow sensors, camera, milking robot, etc.) to develop advanced
PLF solutions for an increased production efficiency andmore focus
on animal welfare and sustainability.
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