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The feeding time of dairy cows is linked with the
health status of the animal and can be used to es-
timate daily feed intake together with other mea-
surements. The aim of this study was to develop a
model to measure the time a dairy cow spends at a
feed bunk using an Ultra wide-band indoor position-
ing system.
We measured the feeding behavior of 50 dairy cows
during 7 days using Ubisense indoor positioning sys-
tem and Insentec roughage feeders. We calculated
the feeding (presence at the feeder) probability of
the cow using logistic regression model with the dis-
tance to feed barrier as input and used the Viterbi
algorithm to calculate the most likely state (feeding
or not feeding) given state transition probabilities.
The model was able to predict whether the cow was
at the feeding trough or not with the accuracy of
97.6%, sensitivity 95.3% and specificity 97.9%. The
model was also able to estimate the mean bout du-
ration and the number of feeding bouts.
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1 Introduction
The feeding time of dairy cows is a good indicator of ani-
mal status. The time that the cows spend at the feeding
barrier has been shown to be linked with lameness (Nor-
ring et al., 2014), metritis (Urton et al., 2005) and has
been used to improve the estimation of cows’ daily dry
matter intake (Halachmi et al., 2016).
Several indoor positioning systems have been introduced
for use on commercial dairy farms. Ultra wide-band
(UWB) based systems have an accuracy of below 1m in
dairy barns after proper filtering (Pastell et al., 2018;
Porto et al., 2014). These systems have been used to
measure the feeding time of cows based on their prox-
imity to feeding area (Shane et al., 2016; Tullo et al.,
2016; Oberschätzl et al., 2015) as compared to behav-
ioral observations. Other automatic on-farm options for
monitoring feeding time include RFID based systems,
accelerometers (Arcidiacono et al., 2017; Thorup et al.,

2016) and computer vision (Porto et al., 2015).
The aim of this study was to develop a model to accu-
rately measure the time at the feed bunk, visit duration
and number of visits using an indoor positioning system
data. A hidden Markov model was developed and the
model performance was compared against reference data
from automatic feed intake measurement system.

2 Materials and Methods
2.1 Data collection
2.1.1 Measuring feeding time

The time that the cows spend at feeding troughs was
measured using Insentec (Hokofarm Group B.V., Mark-
nesse, The Netherlands) roughage intake control (RIC)
system. The system has a feeding trough where the feed
is delivered, a photocell to detect that the cow’s head
is located in the trough and an RFID reader to identify
the animal (Figure 1). It records the start and end time
of each visit and the weight of the consumed feed. The
feeders were equipped with barriers to prevent stealing
behavior (Ruuska et al., 2014).

Fig. 1. Cow visiting Insentec RIC feeder trough with Ubisense positioning tag
attached to the neck collar.
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2.1.2 Indoor positioning data

We followed 50 dairy cows of Nordic red and Holstein
breeds in a freestall barn using using Ubisense (Ubisense
GmbH, Düsseldorf, Germany) UWB-based indoor posi-
tioning system. The system recorded the position of
each cow at 1.2Hz. Positioning tags (Ubisense Series
7000 Industrial tag) were mounted on cow neck collars
(Figure 1) with the tag is positioned on the top of the
neck. The tags transmitted UWB pulses to remote sen-
sors mounted on the wall. The Ubisense system calcu-
lated the location of the tags using time-difference of
arrival technique. The positioning system was set up to
cover an area of 22 x 25 m with six sensors and calibrated
for the area according to the system manual. The roof
height of the barn was between 2.8 m and 7.5m.
The data was recorded using custom measurement soft-
ware written in Java that stored the data in HDF5 for-
mat in a separate file for each day. Raw Ubisense data
contained unwanted noise and missing data and was fil-
tered using a heuristic jump filter developed for the sys-
tem combined with a 5th order median filter. The miss-
ing data was interpolated using a piecewise constant in-
terpolation. After filtering the positioning error of the
system was below 1m except for the corners of posi-
tioning area where the worst case error was up to 2m.
The height measurement (z-axis) was not calibrated and
therefore not used in the analysis. The system setup,
and validation and the filtering method are described in
detail in (Pastell et al., 2018).
Cows were housed in two sections of 24 cows in a freestall
curtain-wall barn with rubber mattresses and steel sep-
arators in stall and, slatted alleys cleaned using manure
robots. Both sections had their own concentrate feeder
and 12 Insentec RIC-feeders. The cows had free access
to total mixed ratio, including grass silage with concen-
trate (barley-rapeseed meal mixture 80:20) achieving 10
MJ/kg in dry matter. Feed was delivered five times a
day using an automatic feeding robot and cows milked
on a herringbone milking parlour 2 times a day.

2.2 Hidden Markov Model for Classify-
ing Feeding

The collected positioning data was split into training and
validation sets, where training set consisted of data from
25 cows and the validation dataset from different 25 cows
collected during 7 measurement days. The model was
fitted using the training set and the model performance
was evaluated using the validation set. The training
dataset consisted of 16.9 million observations and the
validation dataset of 15.9 million observations.
We used a Hidden Markov model (HMM) to calculate
whether a cow is feeding or not feeding for each ob-
servation. HMMs can be used to estimate the unknown

state of a process based on observed measurements. The
model needs a probability for each state given the ob-
servations (emission probability) and state transition
probability which encodes the probability of the pro-
cess changing from one state to another (Zucchini et al.,
2016).
In this case the model has only two states and the state
vector θ was:

θ =

[
feeding

not feeding

]
(1)

The state transition matrix was obtained directly from
Insentec feeder data from teaching dataset:

Γ =

[
0.997 0.003
0.001 0.999

]
(2)

In order to obtain emission probabilities (probability of
feeding given cow position) we calculated the Euclidean
distance to the feed barrier db for each positioning sam-
ple. Samples on the side of the feed were defined as neg-
ative and on the side of the cows positive. We fitted a
logistic regression model using the distance to feedbunk
as predictor variable in order to calculate the probability
of feeding for each sample.
The most likely state was then calculated using Γ and
emission probabilities from the fitted logistic regression
model using the Viterbi algorithm (Viterbi, 1967). The
Viterbi algorithm is a recursive method to calculate the
most likely path of hidden states given observed proba-
bilities and state transition probabilities.
Data was analyzed using R 3.3.1 (R Core Team, 2016)
with data filtering and Viterbi algorithms written in
C++ using Rcpp (Eddelbuettel and François, 2011).

2.3 Model evaluation
The performance of the model in predicting daily time
spent at the feeder was evaluated for each cow in the vali-
dation dataset using accuracy, sensitivity and specificity
of the model predictions. We also calculated the num-
ber of daily visits and bout durations from the Insentec
feeder visit raw data, HMM and raw logistic regression
output.

3 Results
Cows were significantly more likely to have their head
the in the feeding trough when located close to the
feed barrier despite clear overlap in positioning measure-
ments from feeding and not feeding cows (Figure 2a).
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Fig. 2. A) Histogram of observations from feeding and not feeding cows around feed barrier B) The probability of presence at the feeder as function of distance to
feed barrier from the fitted logistic regression model

Method Bout duration (s) Bouts/day

Insentec 353 ± 123 31.8 ± 9.2
HMM 338 ± 101 34.5 ± 10.0
LR 286 ± 75 38.8 ± 10.8

Table 1. Mean visit bout duration/cow and mean number of bouts/cow/day in
validation dataset calculated from Insentec feeder data, using hidden Markov
model (HMM) and logistic regression (LR)

The probability of a cow being at the feeder obtained
from logistic regression model fitted on the training data
was:

p =
1

1+ e−(−0.6−3.7db)
(3)

where:
p = probability of cow’s head being in feeding trough
db = distance to feed barrier in meters

The developed model was able to predict whether the
cow was at the feeding trough or not with the accu-
racy of 97.6±0.01%, sensitivity 95.3±0.04% and speci-
ficity 97.9±0.01%. The figures are reported as the
mean±standard deviation for cows in validation dataset.
The use of Viterbi algorithm clearly improved the model
performance on measuring visit bouts compared to sim-
ple logistic regresson. Figure 3 shows feeding behavior
of a cow measured using Insentec feeding throughs, pre-
dicted using logistic regression model and after using the
viterbi algorithm to calculate the most likely state. The
mean duration and the number of feeding bouts for val-
idation dataset calculated from Insentec data and from
both models is shown in Table 1.

4 Discussion and conclusions
We developed a model to the measure the feeding behav-
ior of dairy cows using UWB indoor positioning system
with 97.6% accuracy compared to reference method In-
sentec feeders (RFID and photocell combination). The
results are in agreement with those obtained previously
by Tullo et al. (2016) and Oberschätzl et al. (2015).
The use of Viterbi algorithm in addition to logistic re-
gression clearly improved the model performance in cal-
culating the duration and number of feeding bouts. The
hidden Markov model still overestimated the number of
bouts and underestimated the duration of feeding bouts
on average, but the results were significantly closer to
true values than raw predictions from logistic regression
model.
The use of automated reference method allowed using
a larger dataset than using the traditional method of
behavioral observations and enabled the calculation of
transition and emission probabilities with high accuracy.
The same equations and fitted parameters can likely also
be used to measure the presence at the feeder in other
barns with good accuracy as long as the cow’s need to
put their head trough the feeding barrier in order to have
access to the feed. This obviously needs to be validated
in any given environment before trusting the results.
A limitation of the method is that the time that the cow
spends with the head in the feeding trough or area does
not necessarily mean that the animal is actually eating.
The time spent at the feeder without eating may very
possibly change depending e.g. on the frequency of feed
delivery and the feeding space allocated for each animal.
However, time at the feeder itself has been shown to be
a useful indicator of animals status (Norring et al., 2014;
Urton et al., 2005).
UWB based positioning provides a good alternative for
measuring time at the feeder and feeding bouts with
comparable accuracy to RFID (our refence method) and
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Fig. 3. Measured (Insentec feeders) and predicted (Hidden Markov model and Logistic regression) presence at a feeding trough during 3 hours for a single cow.
Top egde of figures represents feeding and bottom egde not feeding.

computer vision based methods (Porto et al., 2015).
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