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A B S T R A C T

The feeding time of dairy cows is linked with the health status of the animal and can be used to estimate daily
feed intake together with other measurements. 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 positioning system.

The feeding behavior of 50 dairy cows was measured during 7 days using Ubisense indoor positioning system
and Insentec roughage feeders. The feeding probability (presence at the feeder) of the cows was calculated using
logistic regression model with the distance to feed barrier as input and the Viterbi algorithm was used to cal-
culate 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 duration and the
number of feeding bouts.

1. Introduction

The feeding time of dairy cows is a good indicator of animal status.
The time that the cows spend at the feeding barrier has been shown to
be linked with lameness (Norring 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 proximity to feeding area (Shane
et al., 2016; Tullo et al., 2016; Oberschätzl et al., 2015) as compared to
behavioral observations. Other automatic on-farm options for mon-
itoring 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 accurately 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., Marknesse, 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 (Fig. 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 be-
havior (Ruuska et al., 2014).

2.1.2. Indoor positioning data
We followed 50 dairy cows of Nordic red and Holstein breeds in a

freestall barn using Ubisense (Ubisense GmbH, Düsseldorf, Germany)
UWB-based indoor positioning system. The system recorded the posi-
tion of each cow at 1.2 Hz. Positioning tags (Ubisense Series 7000
Industrial tag) were mounted on cow neck collars (Fig. 1) with the tag is
positioned on the top of the neck. The tags transmitted UWB pulses to
remote sensors mounted on the wall. The Ubisense system calculated
the location of the tags using time-difference of arrival technique. The
positioning system was set up to cover an area of 22×25m with six
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sensors and calibrated for the area according to the system manual. The
roof height of the barn was between 2.8m and 7.5m.

The data was recorded using custom measurement software written
in Java that stored the data in HDF5 format in a separate file for each
day. Raw Ubisense data contained unwanted noise and missing data
and was filtered using a heuristic jump filter developed for the system
combined with a 5th order median filter. The missing data was inter-
polated using a piecewise constant interpolation. After filtering the
positioning error of the system was below 1m except for the corners of
positioning 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 separators 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 concentrate
(barley-rapeseed meal mixture 80:20) achieving 10MJ/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 classifying feeding

The collected positioning data was split into training and validation
sets, where training set consisted of data from 25 cows and the vali-
dation 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 da-
taset 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 observation. HMMs can be used to
estimate the unknown state of a process based on observed measure-
ments. The model needs a probability for each state given the ob-
servations (emission probability) and state transition probability which
encodes the probability of the process changing from one state to an-
other (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 sample. Samples on the side of the feed
were defined as negative 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
probabilities 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 validation dataset using ac-
curacy, sensitivity and specificity of the model predictions. We also
calculated the number 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 measurements from feeding and not feeding
cows (Fig. 2a).

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

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