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ABSTRACT

Grasslands represent a key element of agroecosystems for sustainable food systems. A better understanding of the
grazing behaviour of domestic herbivores is essential to support innovations for grassland management and
define grazing practices that support rather than enter into conflict with biodiversity. A key component of the
grazing process is the grass-severing bite by which the herbivore collects forage from a pasture. How often,
where, and when such bites are performed are relevant indicators of the grazing behaviour of cattle and could be
used as indicators to guide farmers in pasture management. In this work, we developed a methodology to create a
Machine Learning (ML) model for identifying grass-severing bite events from the Inertial Measurement Unit
(IMU) signals of a sensor placed on the neck of cows. The two-phase process consisted of classifying every period
of behaviour of cattle into two mutually exclusive behaviours: “ingestion” and “other” (phase 1), and then
counting the number of bites taken during each period classified as “ingestion” (phase 2). Seven dry red-pied
Holstein cattle and two Blonde d’Aquitaine x Belgian White and Blue cross-breds were observed. A total of 39
h and 25 min of video were recorded and tagged for the different behaviours to train several ML algorithms.
During phase 1, four different window segmentations and two different splits of the data were used to train and
test four ML classification algorithms: Bagged Tree, Medium k-NN, Fine tree and linear SVM. The results show
that Bagged Tree algorithms with 30 s windows and 90 % overlap gave the best results during the first phase,
with an accuracy of 97.83 % for split 1 and 98.07 % for split 2. During phase 2, the same four window seg-
mentations as for phase 1 were used, to test regression algorithms to quantify the number of bites taken during
each time-window. Two machine learning algorithms were tested: Bagged Tree and Medium NN, on 5 sessions of
30 min. The sessions ranged between 0 % and 94 % of ingestion time. Phase 2 results showed that Bagged Tree
regression algorithms with 10 s windows and 90 % overlap performed the best, with an average RMSE of 1.83 for
the tested value and an error percentage of -1.93 % and 0 % for the session with 94 % or 0 % of ingestion time,
and between +15.06 % and +26.97 % of error for sessions where the animal alternates frequently between both
behaviours. The data and code used in this study are openly available on a public depository

1. Introduction

At the heart of the grazing process lies the removal of leaves from the
plants through grass-severing bites [7]. The way it is performed by the

The global shift toward more sustainable livestock farming has
become a major concern [1], with a focus on the role of grasslands in the
transition of food systems [2]. Various levers are available to influence
the provision of services by grassland ecosystems, among which are
stocking methods [3,4]. Those can differ widely according to the occu-
pation times, the stocking rate, the grazing targets, the grazing intensity,
etc., impacting the ability to deliver or not the expected services [5,6].

herbivores will not only determine short-term outputs [8] but also the
long-term impact of grazing on the stability of the grazed ecosystems. As
the selective nature of grazing is influenced by the sward structure,
better management of grazing systems requires considering what hap-
pens at the plant-animal interface on the field [9,10]. According to
Mezzalira et al. [11], the bite rate of cows follows a type IV dome-shaped
functional response to grass density. When bite rate (bite min™!) is at its
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lowest, it means that bite mass (g DM min 1) and short-term intake rate
(g DM min~1) are at their highest. In tall swards, the number of bites
increases to compensate for a lower bulk density, while shorter grass
means shallow bites that reduce the volume taken by the animal per bite.
Previous research from Gibb et al. [12] studied the impact of sward
height on grazing jaw movements (GJM) and showed that the ability of
cows to increase their daily grazing time enough to compensate for the
reduction in intake rate linked to non-optimal grass structure is limited.
Rombach et al. [13] worked on estimating the dry matter intake (DMI)
of grazing animals and observed longer eating time (+4.9 %) and shorter
rumination time (-10.3 %) for low pre-grazing herbage mass (589 kg DM
compared to high pre-grazing herbage mass at 2288 kg DM/ha). Hence,
changes in bite frequency indicate that the animal is not able to correctly
optimize the time allowed to graze, causing a possible loss in production
[11,12] and putting the ecosystem at risk of underuse of forage or, even
worse, overgrazing, with negative impacts on ecosystem services and
pasture health [2].
The grass-severing movement can be decomposed into four phases:

e Prehension: The cow lowers her head and surrounds a bunch of grass
with her tongue and lips.

e Grab: The cow uses her lower jaw and gum to squeeze the grass.

e Cut: The cow makes an upward movement with the lower jaw
combined with a movement of the head to sever the grass from the
ground.

e Swallowing: The animal chews and/or swallows the grass down the
esophagus (with or without chewing) using muscular contractions.

The movement that removes plant material from the pasture is the
“cut” phase, which can be considered the grass-severing bite. The
movement is visible with the increase in distance between the mouth
and the sward baseline [14]. This bite can also define the functional
responses of the animal to the available plant material and nutrients,
depending on vegetation structure and composition [15]. Finally, it is
also the climax event that comes after research, selection, and appre-
hension of forage, and it results from a complex series of decisions made
by the animal [16]. However, it has been mostly overlooked as an in-
dicator to assess the animal’s grazing strategies, mostly because bite
mass is the most variable and difficult component to predict concerning
feeding behaviour [17]. It is, on the other hand, possible to evaluate bite
frequency and quantity of jaw movements to understand the different
rates at which the animals will ingest plant material and nutrients
without any information on individual bite mass or volume, as Mezzalira
et al. [11] underlined a correlation between bite frequency, bite mass,
and short-term intake rate, making bite frequency (bite min 1) in itself a
sensible parameter to observe.

Among the several tools that new technologies might offer to
continuously monitor the biting process and individual animal behav-
iours [1], IMUs with tri-axial accelerometers and gyroscopes are one of
the most promising technologies [18,19]. Although other options such
as acoustic sensors [20] or unmanned aerial vehicles [21] could also be
considered, IMUs are the most widely used sensors to predict and clas-
sify animal behaviour for cows [22,23], and more specifically, pasture
management through behavioural classification of data from sensors
placed on collars [24,25] and allow the differentiation of behaviour
profiles between grazing individuals on pasture [26]. In another work,
Andriamandroso et al. [17] were able to identify the grass intake
behaviour of grazing cows with an accuracy of 91.0 % using a manual
thresholding classification model and the IMU of a smartphone. Hu et al.
[27] also used a semi-supervised linear regression model in order to
predict bite rate with a root mean square error of 5.73 bites per minute.
These works show the possibility of discriminating with a high level of
accuracy the unitary behaviours of grazing herbivores, e.g., grazing
from ruminating, and quantifying the frequency of bites based on IMU
signals. However, to the best of our knowledge, we did not find any
prediction model separating ingestion behaviour from other behaviour
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in order to focus on the number of bites during the grazing sessions. In
this work, we will question the possibility of going one step further by
identifying, within the grazing behaviour, the specific grass-severing
biting events to monitor this key component of the plant-animal inter-
face through machine learning algorithms. The prediction accuracy of
machine learning (ML) algorithms and their ability to improve over time
through self-learning has led to a constant increase in research that uses
ML to record animal behaviour based on sensor data since 1999. With a
substantial quantity of work on this subject being released since 2014
[28]. ML algorithms used to detect animal behaviour are divided into six
categories: supervised machine learning (SML), supervised ensemble ML
(ESML), unsupervised machine learning (UML), deep learning (DL),
statistical models (SM), and manual thresholding (MT) [29], and not all
perform with similar efficiency and accuracy. Moreover, various factors
can impact the outcome of ML, starting from data collection and
pre-processing to the actual development of the model. Among those,
two critical elements that have no established optimum are the window
sizes used during the segmentation process and the method used to split
the data, which will both play a very important role in the evaluation of
the model [29]. This work will be divided into two objectives: (1) to find
the best algorithm and time-window to establish a ML classification
model able to separate grazing behaviour identified as “ingestion” from
all other behaviours based on the acquired IMU data; and (2) within the
“ingestion” periods, find the best algorithm and time-window for a
regression model able to estimate the number of bites taken by the
animal.

2. Materials and methods

Data were obtained between September 2012 and August 2016 on
two experimental sites in Wallonia (Belgium) with two different breeds
to achieve a variable dataset and obtain more robust models. Two
Blonde d’Aquitaine x Belgian White and Blue cross-breds were observed
on the first experimental site (Corroy-le-Grand, commercial farm,
50°39°43.4’N 4°40°’43.0"’E, CLG), and seven dry red-pied Holstein on
the second site (Gembloux, Gembloux Agro-Bio Tech, University of
Liege experimental farm, 50°33°54.6"’N 4°42’04.6’’E, GBX) (Fig. 1). All
animals were females aged between 4 and 12 years old and weighed
between 450 and 650 kg. In both cases, the pasture was composed of a
mix of ryegrass (Lolium perenne) and white clover (Trifolium repens), with
no trees or edges inside or around the pasture. The animals had free
access to water. Five data acquisition sessions were conducted as
follows:

- fall of 2012 and spring of 2013 (GBX), two red-pied dry Holstein
cannulated cows (RPcl and RPc2) grazing a 0.19 ha pasture, dis-
regarding sward characteristics.

Fig. 1. Aerial view of three 1.4 ha-pastures from Gembloux.
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- summer of 2014 (CLG): two Blonde d’Aquitaine x Belgian White and
Blue cross-breds (BAB1 and BAB2), performed on a commercial farm;

- summer and fall of 2014 (GBX), four red-pied Holstein dry cows (RP1
to RP4), with three pre-grazing forage allowances (1000, 2000, and
3000 kg DM ha™!) as measured from a rising plate meter used with
an in-house calibration.

- summer and fall of 2015 (GBX), five red-pied Holstein dry cows (RP1
to RP5) on 1.4 ha pastures with two pre-grazing forage allowances
(1000 and 3000 kg DM ha™?1).

- summer of 2016, three red-pied Holstein dry cows (RP1, RP3, and
RP5) on 1.4 ha pastures with two pre-grazing forage allowances
(1000 and 3000 kg DM ha™1).

The animals listed here are the ones whose data have been used in
this paper; the cows were always in groups of six on the paddocks, all
equipped with the same device.

2.1. Description of the sensor

The sensors used are the STMicro STM33DH 3-axis as an acceler-
ometer and the STMicro AGDI 3-axis as a gyroscope (STMicroelec-
tronics, Geneva, Switzerland), both of which are components of the
iPhone 4S (Apple, Cupertino, CA, USA) [17]. An additional external
battery (Anker Astro E5 16000mAh portable charger, 150 x 62 x 22
mm, 308 g, Anker Technology Co. Limited, CA, USA) was added to the
3.7 V 1420 mAh Li-Polymer battery to reach 24 h autonomy. Data from
the IMU were captured and stored using an application installed on the
iPhone 4S (Apple, Cupertino, CA, USA), recording accelerometer and
gyroscope data at 100 Hz, equivalent to 8,625,000 data points per day,
alongside 34 additional signals [17]. For this experiment, only the ac-
celeration on x (Gy), y (Gy) and z (G,) given by the accelerometer and the
Euler angles (pitch x, roll y, and yaw z) given by the gyroscope were
used, excluding complementary data from the gyroscope that are not
typically available with all IMU systems (see [17] for the complete list of
available data provided by the sensors).

The iPhone 4S was protected by a waterproof box (Otterbox Pursuit
Series 20, 152.4 x 50.8 x 101.6 mm, 142 g, Otter Products, LLC, USA)
fixed with a halter, placing the sensors on the top of the cow’s neck
(Fig. 2). The external battery was attached as a collar around the neck of
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the animal. This position of the sensor already gave good results to assess
feeding behaviours [29], with a weight that does not create a distur-
bance for the animal [30] and a low risk of the device being moved or
damaged by the movement of the cattle or during interaction with other
cows. An adaptation time of at least 7 days before each observation was
planned so the animals could get used to the harness and external
battery.

The accelerometer differentiates gravitational and user-induced ac-
celeration, and the gyroscope measures rotation (Euler angles), both
types of sensors along three axes. The X axis was aligned with the head-
to-tail symmetry of the plan of the animal, the Y axis was aligned with
the left-to-right vector of the animal, and the Z axis was aligned with the
bottom-up vector as shown in Fig. 2. After every day of observation, the
halter was removed and the iPhone 4S was retrieved to download the
data.

2.2. Acquisition of the video recordings of the animal behaviour

The direct observation of the cows on pastures totaled 81 videos
lasting between 15°00” and 35°14” (28’07 + 4°38”). These videos were
shot by an observer standing next to the paddock, continuously tracking
the behaviour of the cow. Six iPhones were simultaneously equipped
and used to record six cows in the same paddock. All video sequences
were shot in daylight, between 9:00 and 18:00. Special attention was
given to mouth and jaw movements when filming the grazing process, as
the ability to register each individual bite was one of the priorities of this
experiment. The camera was synchronized with the IMU of the mobile
device for the further merging of sensor and visual data.

2.3. Video preprocessing and compilation with IMU data

The dataset was originally composed of separated videos (n = 81), in
the form of a timestamp, and the data from the six IMU signals (see
section 2.1.). The corresponding behaviour vector was added for each
timestamp. The observed behaviours are described in the ethogram
(Table 1). All 81 videos went through a first observation treatment,
during which three keywords were used: “ingestion”, “other” and
“noview”. “noview” describes every moment when the animal’s
behaviour is indiscernible. For example, when the animal is turning its

Fig. 2. Visualization of the orientation of the 3 axes of acceleration on the smartphone in the waterproof box (A), the smartphone being installed in the box on the
animal’s neck (B), and the 3 axes of acceleration when the smartphone is on the cow (C).
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Table 1
Ethogram used to vectorize the behaviours observed in the videos during phase 1
and 2 of the construction of the model.

Code Definition
Phase Ingestion  The animal is standing up, searching for food with its head
1 down, and performs prehensive grass-severing bites with
maximum interruptions between bites of 10 s.
Other All other behaviour observed: rumination, rest, drinking,

moving head up, searching for food without bite for more
than 10 s and other active behaviours [24].

NoView Due to visual obstruction and/or the absence of a direct view
of the animal’s head and mouth, it is impossible to evaluate if
the animal is currently performing bites or not.

Phase Bite The grass is seized following a prehension movement by the

2 tongue and lips, and taken into the mouth, then grabbed by
the lower jaw and gum and cut by one upward movement, it
is torn from the root to be ingested by the animal [14].
Note : Bite were only taken into account with standing animals
Chew The lower jaw follows a rotational movement, cutting the
grass in smaller pieces in the mouth of the animal, without
severing new grass from the ground [31].
Note : this behaviour was specifically not taken into account
during observations.
Due to visual obstruction and/or the absence of a direct view
of the animal’s head and moutbh, it is impossible to evaluate if
the animal is currently performing bites or not.
View The observer can get a direct view of the animal’s head and
mouth, it is possible to evaluate if the animal is currently
performing bites or not.

NoView

back to the observer with no direct view on its head, hiding behind an
obstacle or another individual, or if the observer is moving the camera to
get a better point of view on the studied animal.

Behaviour data were plotted on the same line graph with the 6 IMU
features to apply a corrective shift of the recorded timestamps of the
IMU data to better match the observed behaviour’s timestamps if
needed, based on the discernible trends of IMU activity. greater IMU
activity was observed during “ingestion” compared to “other” behav-
iours. Corrections were applied with a maximum precision of 1 s. Those
corrections were based on naked eye observations of the plotted IMU
data superposed with the vectorization of the behaviour from the cor-
responding video on MatLab R2021b (Mathworks, NL).

Every video (n = 17) that contained more than 80 % of ingestion was
used to collect data to train the algorithm for the second part of the
model and went through a second treatment with the three keywords
”bite”, “noview”, “view”. 5 h and 51 min of video were processed for
data training. Chews, as described in Table 1, were not recorded but
were identified as different from bites; special attention was paid during
the observation of the videos not to mix those two grazing jaw move-
ments [31]. Four additional videos were treated to test the data, ranging
between 35.7 % and 94.3 % of ingestion time (35.7 %, 52.6 %, 72.5 %,
and 94.3 %), plus one video with 0 % of ingestion time that didn’t need
to be treated. For each of the 22 videos used for the second part of the
model, a second dataset containing a timestamp for every bite observed
was created.

CowLog 2.0 [32] was used to create the behaviour vector for each
video at a frequency of 2 Hz, i.e., every change of behaviour and every
bite was recorded with a maximum error of 0.5 s.

2.4. IMU data pre-processing

The IMU data were processed using MatLab R2021b (Mathworks,
NL). The whole process, from raw observations to final model valida-
tion, is described in Fig. 3. It consisted of the cleaning of the raw data,
the selection of signals and extraction of additional time-series, the se-
lection of features, and, finally, the segmentation of the time-series as
detailed below.
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2.4.1. Cleaning the raw signals

None of the videos used had missing lines of data, as the sensor seems
to have successfully kept a frequency of 100 Hz for every video. All data
recorded as “Noview” were removed from the dataset, as well as a
window of 3 s before and after any observed change of behaviour.
Transitional phases in between meals and other behaviour were indeed
not used to train the model.

2.4.2. Selection of additional time-series

Based on previous work on the same sensors [17], acceleration on x
(Gy) and the Euler angle “roll y” were the most appropriate to follow
head movements during the ingestion behaviour. They were kept from
the six available raw signals (Table 2) and used to extract features to
develop the model. Acceleration on z (G,) was also considered and
added to the raw signals used to train the model, as the gravitational
component along the z-axis increases when switching to grazing as the
cows lower their heads [17]. Three additional time-series were also
used: (1) the magnitude of the acceleration (Amag) [33,34], which is a
very commonly used indicator that doesn’t depend on orientation and
thus is less impacted by changes of position of the sensor around the
neck; (2) the Overall Body Dynamic Acceleration (OBDA) and (3) the
Vectorial Dynamic Body Acceleration (VeDBA), which are both obtained
from the dynamic acceleration (DBA) [35,36]. These time-series provide
an estimation of the energy spent during movement [37] and have been
identified as effective indicators for distinguishing between high- and
low-dynamic behaviours [35,38].

DBA; = Ay = |Gyt — py| @

OBDA = A+ A, + A, (2)
VeBDA = (/A% +A? + A2 3)
Amag = /G2 + G? + G? C))

In Egs. (1)-(4), A, G, Gy and u,, represent the dynamic acceleration,
the raw acceleration, the raw acceleration for axis it (where it denotes
either the x, y, or z axis), and the current average for the axis it,
respectively.

2.4.3. Calculation and selection of the features

Out of the six time-series that were kept, 60 features were calculated
(see Table 3) on a smaller sample of 10 videos, which was enough to spot
the main tendencies in the IMU signal and less time-consuming than
using the whole dataset. All 10 presented between 33 % and 70 % of
“ingestion” behaviour and between 27 % and 59 % of “other” behaviour.
This dataset was replicated four times, with each replication segmented
into time-windows of different lengths (3, 5, 10, and 30 s). A correlation
matrix was used for each set of data, as highly correlated features can
lead to overfitting and make the algorithm less effective at adapting to
new data [39]. Those four matrices were used to identify which features
to keep, avoiding correlation between the features. The 29 features that
were kept (Table 3) were used for both phases 1 and 2.

2.4.4. Segmentation

The literature suggests using time-windows ranging between 3 and
30 s, with an overlap for windows over 10 s [29]. For phase 1 (detection
of behaviours), the data were replicated four times, and all 29 features
were calculated for each replicate using different time-windows: 3s, 5's,
10 s with 90 % overlap, and 30 s with 90 % overlap. The same seg-
mentation was used on the 17 videos used for phase 2, with the number
of bites recorded within each time-window as the response variable.

2.5. Model development phase 1: classification of unitary behaviours

To classify the unitary behaviours in the first phase, we started by
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Fig. 3. Description of the methodology used to quantify the number of bites taken by a grazing cow from raw data from an IMU and video recordings. The left
column is referred to as phase 1, and the right column is referred to as phase 2.
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Table 2
List of signals captured by the iPhone 4S analyzed for the conception of the
model.

Sensors Measured signals Unit

Accelerometer Acceleration on x (Gx), y (Gy) and z (Gz) g

Gyroscope Euler angles (pitch x, roll y, yaw z) radian
Table 3

Quantitative features selected to describe the time-series into each time-
window, organized by information-category.

Category Time- Features calculated Features kept for the
series time-serie
Motion Intensity Gy Std, MvtVar, med, Q1 Q3, Std, MvtVar, IQ, min,
(MDD 1Q, min, max, range, RMS max, range
G, Std, MvtVar, IQ, min,
max, range
Amag Mean, Std, MvtVar, med, Mean, Std, MvtVar,
Q1, Q3, IQ, min, max, med, Q1, Q3, IQ,
range, RMS min, max
OBDA Mean, Std, MvtVar,
1Q, min
VeBDA MvtVar
Orientation of Gy Mean, med Mean
the body (OB) G, Mean
Roll y Mean, med, Std, min, max ~ Mean

Note: Abbreviations used in the Figure: Std: Standard deviation; MvtVar:
Movement Variation; med: mediane; Q1: First quartile; Q3: Third quartile, 1Q:
interquartile; min: minimum; max: maximum; RMS: Root Mean Square. Equa-
tions are detailed in Appendix D.

splitting the dataset with two different techniques, and then four
different classification methods were tested on each dataset. This
observation was repeated for each of the four segmentation methods,
resulting in a total of thirty-two models.

2.5.1. Data splitting

As the technique used to split the data can lead to overly optimistic
results, its choice plays a primordial role in the perspective of applying
the model to future field applications. A first random split (Datasplit 1)
was made with the training (n = 56) and testing (n = 25) data equally
composed of videos with high, medium, and low levels of grazing be-
haviours. A second split (Datasplit 2) was made using individuals as the
criterion, as recommended to obtain more robust models [29,40]. For
Datasplit 2, the training data (n = 56) were recorded on only Holstein
cattle observed in Gembloux, and 20 % of the testing data (n = 5 out of
25) were recorded on the two Aquitaine x Belgian White and Blue
cross-breds from Corroy-le-Grand.

It was important to keep both behaviours well represented to train
the algorithm (ING = 51.6 %; Other = 48.4 %; based on 1 s time-
windows of the whole dataset; 39 h, 25’ 50°’). It was important to
keep both behaviours well represented to train the algorithm.

2.5.2. Choosing classification method

The Matlab R2021b graphical tool “Classification Learner” was used
to train the data set for each of the four time-window segmentations.
Two categories of ML algorithms were used: (a) supervised machine
learning (SML): k-Nearest Neighbours (k-NN), support vector machines
(SVM), and decision trees (DT); and (b) supervised ensemble machine
learning (ESML): Bagged Trees. Both categories are the most used for
model training: in the systematic review [29], 56 % of the research used
SML and 18 % used ESML. The k-Nearest Neighbours is a method that
classifies the data based on the majority class of its k-Nearest Neighbour
in the feature space. Support vector machine finds an optimal hyper-
plane that maximizes the margin between different classes and is effi-
cient with high-dimensional spaces. Decision trees split the data into
subsets, making a series of decisions to classify each data point, and are
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the most simple and fast models to be trained in this work. Finally,
Bagged Trees create multiple decision trees using different subsets of the
training data (generated through bootstrapping), which can be more
complex and less interpretable but reduces variance and helps prevent
overfitting compared to a single decision tree. The hyperparameters
used for each method are available in Appendix A.

The four classification methods proposed were tested through a 5-
fold cross-validation to spot the best accuracy results during data
training on a set of randomly chosen videos. They were then used for
each of the four window sizes and two split criteria (Appendix B). Each
of the thirty-two resulting models was tested on a dataset composed of
the 25 “test” videos.

2.5.3. Evaluation of the best classification model

As presented in Table 4, the models for phase 1 were evaluated
through F-score, accuracy, recall for “ingestion”, and specificity for
“ingestion”. The F-score is calculated from recall and precision.

2.6. Model development phase 2: quantification of the bites

2.6.1. Data splitting

Out of the twenty-two videos with a recording for the number of
bites, seventeen videos containing a high frequency of bites and more
than 80 % of ingestion were used to develop the model for phase 2. Five
videos with different percentages of grazing time (0 %, 35.7 %, 52.6 %,
72.5 %, and 94.3 %) were used to test it. In order to make the lecture
simpler, they were renamed 0 %, 35 %, 50 %, 70 %, and 100 %,
respectively.

2.6.2. Choosing regression methods

Using the MatLab R2021b tool “Regression Learner”, all regression
methods were used through a 5-fold cross-validation to train models on
a smaller set of ten 30 min videos in order to spot the most accurate
results. Bagged Tree and Medium Neural Network were selected to train
a model able to predict the number of bites. The first method uses the
bagging process and focuses more on reducing variance; it is known for
being robust and stable. The second is based on interconnected layers of
neurons that process inputs to make predictions and can capture com-
plex, non-linear relationships. The hyperparameters used for each
method are available in Appendix A. For this step, the segmentation was
made using only 10 s windows.

2.6.3. Evaluation of the best regression model to quantify the bites

The five tested videos were segmented according to the four time-
windows used (3, 5, 10, and 30 s, with no overlap for this step). Four
models trained during phase 1, one for each time-window duration,
were used to remove all windows where behaviour was identified as
“other”. Then, the model from phase 2, trained only to work on grazing
behaviours identified as ingestion, was used to count how many bites
were taken during the remaining windows.

The performances of the models were evaluated through Root Mean
Square Error (RMSE) and the total percentage difference between the
real number of bites (observed through CowLog) and the number of bites

Table 4
Algorithm quality evaluation criteria from phase 1.

Parameter Equation

True positive (TP)

True negative (TN)

False positive (FP)

False negative (FN)
Recall for “ingestion” (R)
specificity for “ingestion”.

The behaviour is correctly classified as ingestion
The behaviour is correctly classified as other

The behaviour is incorrectly classified as ingestion
The behaviour is incorrectly classified as other

TP / (TP + FN)

TN / (TN + FP)

Accuracy TP+TN / (TP + TN + FP + FN)
Precision (P) TP / TP+FP
F-score 2PR/(P+R)
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predicted by the model, separately for each of the five videos.
3. Results

3.1. Algorithm calibration for phase 1 - identification of the “ingestion”
behaviour

A total of 32 combinations were trained and tested, including four
different segmentations, two splits, and four different algorithms.
Regarding the differences between the two splits (see 2.5.1), Datasplit 2
gave the overall best results for each of the four segmentations tested
(Fig. 4), even though it was supposed to test the robustness of the model
with data from a different breed present exclusively in the “testing”
dataset. Overall, the results followed the same progression for both
splits. The full table of the results can be found in Appendix B. Regarding
the segmentation, it is very noticeable that longer windows with sig-
nificant overlap gave better accuracy, with the best results provided by
30 s time-windows with 90 % overlap (Fig. 5).

3.2. Validation of the model to use for phase 2

All models had an accuracy of over 95.6 % when 30 s windows with
90 % overlap were used. However, Bagged Tree models, the only ESML
used, gave the best overall accuracy, followed by the SVM ML algorithm.
For Datasplit 2, the recall for “ingestion” behaviour was lower for BT and
SVM than for KNN, meaning that the BT algorithm had a greater ten-
dency to “miss” more “ingestion” behaviour windows, even if its overall
performance was satisfying. Both KNN and BT models with 30 s time-
windows with 90 % overlap have been tried on the five video samples
used for phase 2 (Table 5.). To prevent overfitting, separate datasets
were used for training the models and testing the models’ performance.

Both presented perfect accuracy for 4 out of 5 samples, the KNN
algorithm made 1 FP and 2 FN for the 50 % grazing video, and the BT
algorithm made 4 FN for the 70 % grazing video. The best overall ac-
curacy was achieved by the BT ESML classification algorithm, which was
used to classify the five videos, whose analysis was then sent to phase 2
(Fig. 6).
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3.2.1. Algorithm calibration for phase 2 — quantification of bites within
ingestion-only sequences

A total of eight combinations have been trained using the data from
seventeen videos and tested on an independent sample of five videos,
representing a range of grazing behaviour from 0 % to 94.3 % (see
2.6.1.). The parameters tested were the same four segmentations as for
classification and two different algorithms. Video 1, with 0 % of grazing
time, was always successfully classified during phase 1 and thus is not
shown in the following analysis. The full table of the results can be found
in Appendix C. Both ML regression algorithms showed the same re-
sponses toward increasing time-windows (Fig. 7): smaller windows (5 s
and 3 s) tend to under-evaluate the number of bites taken during a
grazing session, while longer windows with 90 % overlap tend to
overestimate them. At high percentages of grazing during the video, the
longest windows (30 s with overlap) achieved the best results. However,
once grazing bouts became scarce and comprised less than 50 % of the
observed time, the model significantly overestimated the number of
bites taken during the session.

When looking more closely at the pattern generated by the model
(Fig. 8), it can be observed that the predictions from the regression
model faithfully follow the pattern of increases and decreases in bite
frequency observed during grounded observations, with a tendency to
stay closer to the mean grazing frequency.

In terms of relative RMSE, the 10 s segmentations gave the best re-
sults, with an average error of prediction of 0.18 bites per second for
each 10 s segment, followed by 5 s windows (0.22), 30 s windows (0.23),
and 3 s windows (0.24). Fig. 9 illustrates the error of bite quantification
for the most performant model, with the number of bites predicted for
each 10 s window and using the Bagged Tree regression algorithm.

4. Discussion

The aim of this work was to demonstrate the feasibility of developing
a method to quantify the number of grass-severing bites taken by a cow
on a short-term scale using the IMU signals of a smartphone mounted on
the neck of the animal and Machine Learning algorithms. This work is
not the first to address bite frequency or Jaw Movement (JM) observa-
tions; however, most previous systems used in research are either more
labor-intensive [15] or employ sensors that are more complex, such as
pressure sensors placed on the mouth of the animal [12], in contrast to

92,26 — 92,70

89,95
89,56

Average Test Accuracy (%)

3 5

Accuracy (Test) Datasplitl

Segmentation (seconds)

10 (90% overlap) 30 (90% overlap)

— = Accuracy (Test) Datasplit2

Fig. 4. Comparison between Datasplit 1 and 2 on the average accuracy of the tested phase 1 model for each segmentation.
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Table 5
Performance of a KNN and a BT model with 30 s windows and 90 % overlap to classify 30 s windows of behaviour as “ingestion” or “other”.
Algorithm Sample (Grazing time) TP TN FP FN Accuracy ( %) F-score ( %) Recall (%) Specificity ( %)
k-NN 1(0%) 0 589 0 0 1 1 1 1
2 (35.7 %) 103 236 8 0 0,9769 0,9626 1 0,9672
3 (52.6 %) 124 160 5 0 0,9827 0,9802 1 0,9697
4 (72.5 %) 277 101 0 0 1 1 1 1
5(94.3 %) 487 0 0 0 1 1 1 1
BT 1 (0 %) 0 589 0 0 1 1 1 1
2 (35.7 %) 103 244 0 0 1 1 1 1
3(52.6 %) 124 165 0 0 1 1 1 1
4 (72.5 %) 273 101 0 4 0.989 0.993 0.986 1
5 (94.3 %) 487 0 0 0 1 1 1 1
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the IMU. IMUs are the most frequently used type of sensor in animal
activity recognition, with sensors located on the neck yielding the best
performances [23], and the potential of processing its raw data through
ML is still being explored [29].

As expected, Machine Learning classification algorithms performed
with high accuracy. The exploration and selection of several specific
parameters during Sections 2.4-2.6. allowed to establish an optimal
combination, as demonstrated in the Result section, in this case a Bagged
Tree algorithm used on a 100 Hz IMU signal segmented into 30 s time-
windows with an overlap of 90 %.

The 100 Hz frequency used in this work exceeds the advised
maximum of 20 Hz for behaviour classification, as approximately 70 %
of the studies based on accelerometers achieve satisfactory results with
frequencies of 20 Hz or lower [29]. It might be unnecessarily high;
however, for the detection of the quantity of bites, it was decided to use
the full potential of the available sensors, even if the computation
time-was consequently higher. Future research should explore lower
frequencies to determine the optimal balance between computational
cost and accuracy.

The optimal parameter combination selected in this work achieves
an accuracy of 97.8 % to 98.1 % (depending on the split of the data) over
a total of over 12 h of tested behaviour. Concerning the number of bites
detected, based on the estimation of Andriamandroso et al. [14], usual
bite frequencies should range between 0.83 and 1.33 bites per second.
Other studies have recorded between 1.23 and 1.33 bites per second
during 1 h of short-term grazing observation [12], while Rombach et al.
[13] observed 1.14 bites per second on low pre-grazing herbage mass
and 1.19 bites per second on high pre-grazing herbage mass. In this
experiment, the average bite frequency observed in the field was 1.03
bites per second, and the most effective model developed predicted 1.01
bites per second.

During phase 2, it was observed that, contrary to the observations
during phase 1, using too long time-windows to build a regression model
for bite quantification is not precise enough. When the animal takes only
a small number of bites, the model will identify the entire 30 s segment
as grazing and predict more bites than actually taken. However, too
short windows still perform less effectively and are trained on a nar-
rower range of number of bite counts, resulting in less relevant patterns

10
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of observed and detected bites compared to wider windows. This is
confirmed by a lower relative RMSE from 3- to 5 s segmentations
compared to 10 s segmentations. There appears to be a middle ground
for optimal parameters; in this case, 10 s windows have been used, but
further exploration of the spectrum between 10- and 30 s time-windows
is warranted.

The results of the development of the detection of the number of bites
in the second phase give encouraging results, showing coherence be-
tween the model’s prediction and data verified by an observer. Even
with the lowest performance for the model chosen, a pattern can be seen
(Fig. 8). The margin of error for bite quantification is less than 2 % when
the animal is continuously grazing, with detection accuracy exceeding
95 % for 10 s windows and over 97 % for 30 s windows. Long periods of
rest are accurately predicted with up to 100 % accuracy. However, the
model tends to overestimate the number of bites when the animal al-
ternates between eating and grazing.

To achieve such a quantification based solely on IMU data would be
an opportunity for farmers and researchers to easily determine the
amount and frequency of bites at the scale of a day. It provides insights
into both the state of the pasture and the well-being of the animal. This
information can be utilized to monitor and manage livestock activity,
thereby enhancing pasture productivity and resilience by maximizing
animal intake rates while minimizing the risk of overgrazing. This dual
objective of productivity and sustainable use of local natural resources
represents a potential contribution of PLF towards climate-smart agri-
culture [41]. Additionally, it can be applied to study plant-animal
ecological interactions in innovative agroecological practices such as
rotational grazing systems [42,43], high-diversity pastures [43], or
sylvopastoralism [44]. In the latter case, where spatial heterogeneity
plays an important role in pasture management strategies, the IMU
could be coupled with a precise GNSS system [45-47] to step further
into PLF and have information on the geolocalization of the number of
bites taken. This information could be very sensible to better understand
the reactions of animals facing new environments that are more diverse
than what they are used to. Although this project did not aim to
implement real-time monitoring, it is currently feasible to enhance these
experimental methods towards real-time applications, as already
demonstrated by several PLF tools [19]. However, such practices would
imply more complex and potentially more expensive devices.

This work was a first exploration of this concept, and future should
extend its application to longer time scales beyond short 30 min videos.
Documenting the grazing behavior of dairy cattle over larger periods,
such as a day or a week, with strategically distributed recordings of
short-term bite counts throughout the day, would enable further eval-
uation of the model’s effectiveness. It would also be necessary to assess
its performance across different sward heights measured prior to grazing
sessions to determine if the model’s accuracy varies with grass height.
This investigation could validate observations made by Mezzalira et al.
[11] and Gibb et al. [12], who noted that cows exhibit lower ingestion
and grazing jaw movement rates at intermediate sward heights, and
higher rates at shorter or taller grass heights. Such insights could
potentially help identify an optimal bite rate, indicative of optimal grass
density and availability. Regarding grass types, while temperate grass
species may have minimal influence on the grazing behavior of dairy
cows [48], it would be valuable for agroecological reasons to assess the
methodology’s performance on less conventional forages.

It is important to note that this methodology was used in the specific
environment of Belgian ryegrass (Lolium perenne) and white clover
(Trifolium repens) temperate grasslands, grazed by seven red-pied Hol-
stein cattle and two Blonde d’Aquitaine x Belgian White and Blue cross-
breds. According to the literature [29], the model should be tested in
long term experiments with a larger sample size and across different
parameters such as breed, growth stage, and genders of cattle. This
would also enable the training of models on a more diverse range of
environmental characteristics, including weather conditions and pasture
densities, to develop more robust and versatile models using the same
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methodology.
5. Conclusion

The present study shows the development of a methodology that
predicts the number of bites taken from cows at an individual level and
at a timescale of 10 s windows. It is based on data collected at a fre-
quency of 100 Hz by accelerometer and gyroscope sensors from a
smartphone positioned on top of the necks of cows. The resulting
method uses Bagged Tree classification model which cuts the signal into
30 s time-windows with 90 % overlap during phase 1 and a Bagged Tree
regression model that quantifies the number of bites taken during 10 s
time-windows with 90 % overlap. The whole process has been tested on
5 samples, each consisting of 30 min of recorded behaviours, presenting
various grazing frequencies, and gave results with an error for the
detected total number of bites ranging between < 2 % for continuous
grazing and > 25 % for sporadic grazing. It is thus possible to affirm that
values can be extracted from raw IMU data to obtain a relevant esti-
mation of the number of bites a cow takes during the grazing process
using a halter-mounted device containing an accelerometer and a gy-
roscope. Further research is needed to confirm that the developed model
can measure the quantity of bites under varying parameters such as
animal race, grassland species, and climate. Other devices with lower
recording frequency sensors and less intrusive fixation methods, such as
collars, could also be used using the same methodology. Finally, it is also
considered for further research to combine this bite-quantification
model with a GNSS sensor.
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Hyperparameters of the algorithms tested for phase 1 and 2.

Algorithm

Hyperparameters

Classification algorithms
Decision Tree

KNN

SVM

Bagged tree

Regression algorithms
Bagged tree

Medium Neural Network

Maximum number of splits : 100
Split criterion : Gini’s diversity index
Surrogate decision splits : Off
Number of neighbors : 10

Distance metric : Euclidean

Distance weight : Equal

Standardize data : Yes

Kernel function : Quadratic

Box xonstraint level : 1

Kernel scale mode : Auto
Standardize data : Yes

Ensemble method : bag

Learner type : Decision tree
Maximum number of split : default
Number of learners : 30

Number of predictors to sample : Select all

Minimum leaf size : 8

Number of learners : 30

Number of predictors to sample : Select all
Number of fully connected layers : 1

First layer size : 25

Activation : ReLU

Iteration limit : 1000

Regularization strength (Lambda) : 0
Standardize data : Yes

For all models, all features were selected and the PCA was always disabled.
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Appendix B
Details of the results of the 32 compositions of parameters for Machine Learning classification.
Window Split Algorithm Accuracy (Test) F-score Recall (ing) Specificity (ing) Accuracy (Train)
3sec Datasplitl BT 90,75 90,73 91,07 90,45 93,50 %
KNN 89,92 90,2 93,36 86,53 92,80 %
Fine tree 89,42 89,27 88,54 90,29 92,40 %
SVM 89,73 89,8 90,98 88,49 92,20 %
Datasplit2 BT 92,47 91,76 91,92 92,94 92,20 %
KNN 92,6 92,05 93,93 91,49 91,60 %
Fine tree 91,13 90,29 90,52 91,64 91,30 %
SVM 92,84 92,17 92,45 93,16 91,00 %
S5sec Datasplitl BT 90,39 90,36 90,81 89,97 93,70 %
KNN 89,48 89,8 93,34 85,67 92,80 %
Fine tree 88,58 88,74 90,64 86,55 92,30 %
SVM 89,79 89,91 91,63 87,99 92,20 %
Datasplit2 BT 93,43 92,71 92,28 94,39 92,40 %
KNN 92,89 92,33 94,55 91,51 91,50 %
Fine tree 91,24 90,58 93,02 89,77 90,80 %
SVM 93,23 92,55 92,99 93,42 91,20 %
10sec (90 % overlap) Datasplitl BT 95,09 94,97 94,46 95,69 98,80 %
KNN 93,82 93,88 96,29 91,44 97,80 %
Fine tree 94,51 94,42 94,44 94,58 97,60 %
SVM 94,91 94,86 95,57 94,26 97,00 %
Datasplit2 BT 96,42 95,93 94,59 97,89 97,40 %
KNN 95,85 95,35 95,43 96,19 96,40 %
Fine tree 95,06 94,41 93,72 96,14 95,90 %
SVM 96,53 96,09 95,79 97,13 95,60 %
30sec (90 % overlap) Datasplitl BT 97,83 97,61 97,37 98,21 99,70 %
KNN 97,02 96,77 98,39 95,87 99,20 %
Fine tree 95,63 95,22 95,53 95,72 99,40 %
SVM 97,46 97,22 97,93 97,06 99,20 %
Datasplit2 BT 98,07 97,58 95,32 99,96 99,10 %
KNN 98,11 97,66 96,92 98,92 98,30 %
Fine tree 96,47 95,53 92,7 99,05 98,60 %
SVM 98,02 97,51 95,35 99,85 98,30 %
Appendix C
Details of the results of the 40 compositions of parameters for Machine Learning regression.
Window size ~ Model RMSE (train) ~ Video (Grazing time)  n_windows  n_bite estimated  n_bite observed  n_Errors % RMSE (test)
3sec Bagged Tree 0.94 1 (0 %) 600 0 0 0 100 % /
2 (35.7 %) 585 690,47 520 +170,47 132,78% 0,89
3(52.6 %) 600 979,13 736 +243,13 133,03 % 1,05
4 (72.5 %) 534 1175,08 1023 +152,08 114,87 % 1,06
5(94.3 %) 574 1757,83 1783 -25,15 98,59 % 0,79
Medium Neural Network ~ 1.06 1(0%) 600 0 0 0 100 % /
2 (35.7 %) 585 606,95 520 +86,95 116,72 % 1,05
3(52.6 %) 600 952,78 736 +216,78 129,45 % 1,22
4 (72.5 %) 534 1023 1023 +208,52 120,38 % 1,11
5(94.3 %) 574 1727,08 1783 -55,92 96,86 % 0,82
Ssec Bagged Tree 1.28 1 (0 %) 360 0 0 0 100 % /
2 (35.7 %) 350 662,65 519 +143,65 127,67 % 1,24
3(52.6 %) 360 946,27 734 +212,27 128,92 % 1,5
4 (72.5 %) 315 1110,61 996 +114,61 111,51 % 1,79
5(94.3 %) 340 1726,57 1750 -23,43 98,66 % 1,14
Medium Neural Network 1.53 1(0%) 360 0 0 0 100 % /
2 (35.7 %) 350 687,02 519 +168,02 132,37 % 1,41
3(52.6 %) 360 927,17 734 +193,17 126,31 % 1,64
4 (72.5 %) 315 1111,92 996 +115,92  111,64% 1,83
5(94.3 %) 340 1705,29 1750 -44,71 97,44 % 1,25
10sec Bagged Tree 1.47 1 (0 %) 180 0 0 0 100 % /
2 (35.7 %) 173 655,1 516 +139,1 126,96 % 2,25
3(52.6 %) 180 926,46 730 +196,46 126,91 % 2,63
4 (72.5 %) 150 1078,13 937 +141,13 115,06 % 2,57
5(94.3 %) 165 1658,82 1684 -25,18 98,50 % 1,72
Medium Neural Network 1,71 10 %) 180 0 0 0 100 % /
2 (35.7 %) 173 624,89 516 +108,89 121,10 % 2,58
3(52.6 %) 180 920,38 730 +190,38 126,08 % 2,88
4 (72.5 %) 150 1059,14 937 +122,14 113,04 % 2,66
5(94.3 %) 165 1663,32 1684 -20,68 98,77 % 1,91
30sec Bagged Tree 2.62 1 (0 %) 60 0 0 0 100 % /
2 (35.7 %) 54 675,16 482 +193,16 140,07 % 9,36
3(52.6 %) 60 1081,16 723 +358,16 149,54 % 10,09

(continued on next page)
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Window size ~ Model RMSE (train)  Video (Grazing time)  n_windows  n_bite estimated  n_bite observed  n_Errors % RMSE (test)
4 (72.5 %) 42 825,81 712 +113,81  115,98% 9,37
5 (94.3 %) 50 1493,66 1523 -29,34 98,07 % 5,86
Medium Neural Network ~ 2.99 1(0%) 60 0 0 0 100 % /
2 (35.7 %) 54 701,93 482 +219,93  145,63% 9,76
3 (52.6 %) 60 1088,93 723 +365,93 150,61 % 10,62
4 (72.5 %) 42 931,49 712 +219,49 130,83% 11,67
5 (94.3 %) 50 1555,51 1523 +32,51 102,13% 6,25
Appendix D

Features calculated to describe the time-series into each time-window, example

for the time-serie Amag.

Features

Equation of features

Mean
Standard deviation (std)

Maximum (max)
Minimum (min)

Range

Median

Q1

Q3

InterQuartile (1Q)
Movement Variation (MV)

Root Mean Square (RMS)

— 1 M
Amag = I EiilaAmagi

1 M I
CAmag = MZi:l (aAmagi — Aamag)
Maxameg = Maximum (aamegi)
Minameg = Minimum (damagi)
Rangeameg = MaXamag — Minameg
Median (0.5)
First quartile (0.25)
Third quartile (0.75)
IQx = Qzx— Qix

1 M-1
(Zizl }aAmﬂgiAl — AAmagi

MV =

References

[1]

[2]

[3]

[4

=

[5]

[6]

71

[8]

[91

[10]

[11]

M.D. Fraser, H.E. Vallin, B.P. Roberts, Animal board invited review : grassland-
based livestock farming and biodiversity, Animal (2022) 100671, https://doi.org/
10.1016/j.animal.2022.100671.

F.P. O’Mara, The role of grasslands in food security and climate change, Ann. Bot.
110 (6) (2012) 1263-1270, https://doi.org/10.1093/aob/mecs209.

M. Duruy, L.D.A.S. Pontes, J. Schellberg, J.P. Theau, O. Therond, Chapter 13 -
grassland functional diversity and management for enhancing ecosystem services
and reducing environmental impacts : a cross-scale analysis, in: G. Lemaire, P.C.D.
F. Carvalho, S. Kronberg, S. Recous (Eds.), Agroecosystem Diversity, Academic
Press, 2019, p. 211-230, https://doi.org/10.1016/B978-0-12-811050-8.00013-3.
L.E. Sollenberger, M.M. Kohmann, J.C.B. Dubeux Jr., M.L Silveira, Grassland
management affects delivery of regulating and supporting ecosystem services, Crop
Sci. 59 (2) (2019) 441-459, https://doi.org/10.2135/cropsci2018.09.0594.

M.E. Biondini, B.D. Patton, P.E. Nyren, Grazing intensity and ecosystem processes
in a northern mixed-grass Prairie, USA, Ecol. Appl. 8 (2) (1998) 469-479, https://
doi.org/10.1890/1051-0761(1998)008[0469:GIAEPI]2.0.CO;2.

A.S. Zubieta, J.V. Savian, W. de Souza Filho, M.O. Wallau, A.M. Gémez, J. Bindelle,
O.J.F. Bonnet, P.C de Faccio Carvalho, Does grazing management provide
opportunities to mitigate methane emissions by ruminants in pastoral ecosystems?
Sci. Total Environ. 754 (2021) 142029 https://doi.org/10.1016/j.
scitotenv.2020.142029.

E.D. Ungar, N. Ravid, T. Zada, E. Ben-Moshe, R. Yonatan, H. Baram, A. Genizi, The
implications of compound chew-bite jaw movements for bite rate in grazing cattle,
Appl. Anim. Behav. Sci. 98 (3) (2006) 183195, https://doi.org/10.1016/j.
applanim.2005.09.001.

J.V. Savian, R.M.T. Schons, W. de Souza Filho, A.S. Zubieta, L. Kindlein,

J. Bindelle, C. Bayer, C. Bremm, P.C. de Faccio Carvalho, « Rotatinuous » stocking
as a climate-smart grazing management strategy for sheep production, Sci. Total
Environ. 753 (2021) 141790, https://doi.org/10.1016/j.scitotenv.2020.141790.
P.C.D.F. Carvalho, Harry Stobbs Memorial Lecture : Can grazing behavior support
innovations in grassland management? Trop. Grassl. Forrajes Trop. 1 (2013)
137-155, https://doi.org/10.17138/TGFT(1)137-155.

R.P. Gongalves, C. Bremm, F.G. Moojen, D. Marchi, G. Zubricki, L.A.M. Caetano, A.
B. Neto, P.C. Carvalho, F. de, Grazing down process: the implications of sheep’s
ingestive behaviour for sward management, Livest. Sci. 214 (2018) 202-208,
https://doi.org/10.1016/j.1ivsci.2018.06.005.

J.C. Mezzalira, O.J.F. Bonnet, P.C. de F Carvalho, L. Fonseca, C. Bremm, C.

C. Mezzalira, E.A. Laca, Mechanisms and implications of a type IV functional
response for short-term intake rate of dry matter in large mammalian herbivores,
J. Anim. Ecol. 86 (2017) 1159-1168, https://doi.org/10.1111/1365-2656.12698.

13

[12] M.J. Gibb, C.A. Huckle, R. Nuthall, A.J. Rook, Effect of sward surface height on
intake and grazing behaviour by lactating Holstein Friesian cows, Grass Forage Sci.
52 (1997) 309-321, https://doi.org/10.1111/7.1365-2494.1997.tb02361.x.

M. Rombach, K.-H. Siidekum, F. Schori, Influence of pre-grazing herbage mass on
bite mass, eating behaviour, and dairy cow performance on pasture, J. Anim.
Physiol. Anim. Nutr. (2022), https://doi.org/10.1111/jpn.13795 (Berl).

A.L.H. Andriamandroso, J. Bindelle, B. Mercatoris, F. Lebeau, A review on the use
of sensors to monitor cattle jaw movements and behaviour when grazing,
Biotechnol. Agron. Soc. Environ. 20 (2016), https://doi.org/10.25518/1780-
4507.13058.

O.J.F. Bonnet, M. Meuret, M.R. Tischler, .M. Cezimbra, J.C.R. Azambuja, P.C.

F. Carvalho, Continuous bite monitoring: a method to assess the foraging dynamics
of herbivores in natural grazing conditions, Anim. Prod. Sci. 55 (2015) 339-349,
https://doi.org/10.1071/AN14540.

P.C.D.F. Carvalho, R.S. Barro, A. Barth Neto, P.A.D.A. Nunes, A.D. Moraes,

1. Anghinoni, C. Bredemeier, C. Bayer, A.P. Martins, T.R. Kunrath, D.T.D. Santos, F.
D.C. Carmona, T. Barros, W.D. Souza Filho, G.M.D. Almeida, L.A.M. Caetano,

D. Cecagno, F. Arnuti, L.G.D.O. Denardin, J.D.A. Bonetti, C.A.G.D Toni, J.B.

M. Borin, Integrating the pastoral component in agricultural systems, Rev. Bras.
Zootec. 47 (2018), https://doi.org/10.1590/rbz4720170001.

A.L.H. Andriamandroso, F. Lebeau, Y. Beckers, E. Froidmont, I. Dufrasne,

B. Heinesch, P. Dumortier, G. Blanchy, Y. Blaise, J. Bindelle, Development of an
open-source algorithm based on inertial measurement units (IMU) of a smartphone
to detect cattle grass intake and ruminating behaviours, Comput. Electron. Agric.
139 (2017) 126-137, https://doi.org/10.1016/j.compag.2017.05.020.

D. Pavlovic, C. Davison, A. Hamilton, O. Marko, R. Atkinson, C. Michie,

V. Crnojevi¢, I. Andonovic, X. Bellekens, C. Tachtatzis, Classification of cattle
behaviours using neck-mounted accelerometer-equipped collars and convolutional
neural networks, Sensors 21 (2021), https://doi.org/10.3390/521124050 (Basel)
4050-.

C. Aquilani, A. Confessore, R. Bozzi, F. Sirtori, C. Pugliese, Review: Precision
Livestock Farming technologies in pasture-based livestock systems, Animal 16
(2022) 100429, https://doi.org/10.1016/j.animal.2021.100429.

P.R. Shorten, Acoustic sensors for detecting cow behaviour, Smart Agric. Technol.
3 (2023), https://doi.org/10.1016/j.atech.2022.100071, 100071-.

S. Los, C.A. Miicher, H. Kramer, G.J. Franke, C. Kamphuis, Estimating body
dimensions and weight of cattle on pasture with 3D models from UAV imagery,
Smart Agric. Technol. 4 (2023), https://doi.org/10.1016/j.atech.2022.100167,
100167-.

A. da Silva Santos, V.W.C. de Medeiros, G.E. Gongalves, Monitoring and
classification of cattle behaviour: a survey, Smart Agric. Technol. 3 (2023) 100091,
https://doi.org/10.1016/j.atech.2022.100091.

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]


https://doi.org/10.1016/j.animal.2022.100671
https://doi.org/10.1016/j.animal.2022.100671
https://doi.org/10.1093/aob/mcs209
https://doi.org/10.1016/B978-0-12-811050-8.00013-3
https://doi.org/10.2135/cropsci2018.09.0594
https://doi.org/10.1890/1051-0761(1998)008[0469:GIAEPI]2.0.CO;2
https://doi.org/10.1890/1051-0761(1998)008[0469:GIAEPI]2.0.CO;2
https://doi.org/10.1016/j.scitotenv.2020.142029
https://doi.org/10.1016/j.scitotenv.2020.142029
https://doi.org/10.1016/j.applanim.2005.09.001
https://doi.org/10.1016/j.applanim.2005.09.001
https://doi.org/10.1016/j.scitotenv.2020.141790
https://doi.org/10.17138/TGFT(1)137-155
https://doi.org/10.1016/j.livsci.2018.06.005
https://doi.org/10.1111/1365-2656.12698
https://doi.org/10.1111/j.1365-2494.1997.tb02361.x
https://doi.org/10.1111/jpn.13795
https://doi.org/10.25518/1780-4507.13058
https://doi.org/10.25518/1780-4507.13058
https://doi.org/10.1071/AN14540
https://doi.org/10.1590/rbz4720170001
https://doi.org/10.1016/j.compag.2017.05.020
https://doi.org/10.3390/s21124050
https://doi.org/10.1016/j.animal.2021.100429
https://doi.org/10.1016/j.atech.2022.100071
https://doi.org/10.1016/j.atech.2022.100167
https://doi.org/10.1016/j.atech.2022.100091

N. Tilkens et al.

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

A. Mao, E. Huang, X. Wang, K. Liu, Deep learning-based animal activity recognition
with wearable sensors : overview, challenges, and future directions, Comput.
Electron. Agric. 211 (2023) 108043, https://doi.org/10.1016/j.
compag.2023.108043.

L.A. Gonzdlez, G.J. Bishop-Hurley, R.N. Handcock, C. Crossman, Behavioural
classification of data from collars containing motion sensors in grazing cattle,
Comput. Electron. Agric. 110 (2015) 91-102, https://doi.org/10.1016/j.
compag.2014.10.018.

D.W. Bailey, M.G. Trotter, C.W. Knight, M.G. Thomas, Use of GPS tracking collars
and accelerometers for rangeland livestock production researchl, Transl. Anim.
Sci. 2 (2018) 81-88, https://doi.org/10.1093/tas/txx006.

M. Bouchon, S. Scully, M. Coppa, E. Ollion, M. Bruno, P. Maitre, Can grazing
behaviour measured by activity collars tell us about dairy cow performances?.
26eme Rencontre Recherchers Ruminants INRAE, 2022, pp. 1-4. https://hal.inrae.
fr/hal-03889858.

S. Hu, R. Arablouei, G.J. Bishop-Hurley, A. Reverter, A. Ingham, Predicting bite
rate of grazing cattle from accelerometry data via semi-supervised regression,
Smart Agric. Technol. 5 (2023), https://doi.org/10.1016/j.atech.2023.100256,
100256-.

P. Shine, M.D. Murphy, Over 20 years of machine learning applications on dairy
farms: a comprehensive mapping study, Sensors 22 (2021), https://doi.org/
10.3390/522010052.

L. Riaboff, L. Shalloo, A.F. Smeaton, S. Couvreur, A. Madouasse, M.T. Keane,
Predicting livestock behaviour using accelerometers: a systematic review of
processing techniques for ruminant behaviour prediction from raw accelerometer
data, Comput. Electron. Agric. 192 (2022) 106610, https://doi.org/10.1016/j.
compag.2021.106610.

E.R. Dickinson, P.A. Stephens, N.J. Marks, R.P. Wilson, D.M. Scantlebury, Best
practice for collar deployment of tri-axial accelerometers on a terrestrial
quadruped to provide accurate measurement of body acceleration, Anim. Biotelem.
8 (2020) 9, https://doi.org/10.1186/s40317-020-00198-9.

E.A. Laca, E.D. Ungar, M.W. Demment, Mechanisms of handling time and intake
rate of a large mammalian grazer, Appl. Anim. Behav. Sci. 39 (1994) 3-19, https://
doi.org/10.1016/0168-1591(94)90011-6.

L. Hanninen, M. Pastell, CowLog: open-source software for coding behaviours from
digital video, Behav. Res. Methods 41 (2009) 472-476, https://doi.org/10.3758/
BRM.41.2.472.

B. Fida, I. Bernabucci, D. Bibbo, S. Conforto, M. Schmid, Pre-processing effect on
the accuracy of event-based activity segmentation and classification through
inertial sensors, Sensors 15 (2015) 23095-23109, https://doi.org/10.3390/
5150923095 (Basel).

L. Riaboff, S. Aubin, N. Bédere, S. Couvreur, A. Madouasse, E. Goumand,

A. Chauvin, G. Plantier, Evaluation of pre-processing methods for the prediction of
cattle behaviour from accelerometer data, Comput. Electron. Agric. 165 (2019)
104961, https://doi.org/10.1016/j.compag.2019.104961.

P.C.P. Khanh, N. Dinh Chinh, T.T. Cham, P.T. Vui, T.D. Tan, Classification of cow
behaviour using 3-DOF accelerometer and decision tree algorithm, in: Proceedings
of the 2016 International Conference on Biomedical Engineering (BME-HUST),
2016, pp. 45-50, https://doi.org/10.1109/BME-HUST.2016.7782100. Presented
at the 2016 International Conference on Biomedical Engineering (BME-HUST).

14

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

Smart Agricultural Technology 8 (2024) 100522

S. Benaissa, F.A.M. Tuyttens, D Plets, T. de Pessemier, J. Trogh, E. Tanghe,

L. Martens, L. Vandaele, A. Van Nuffel, W. Joseph, B. Sonck, On the use of on-cow
accelerometers for the classification of behaviours in dairy barns, Res. Vet. Sci. 125
(2019) 425-433, https://doi.org/10.1016/j.rvsc.2017.10.005.

L. Qasem, A. Cardew, A. Wilson, 1. Griffiths, L.G. Halsey, E.L.C. Shepard, A.

C. Gleiss, R. Wilson, Tri-axial dynamic acceleration as a proxy for animal energy
expenditure; should we be summing values or calculating the vector? PLoS One 7
(2012) https://doi.org/10.1371/journal.pone.0031187 e31187-e31187.

L. Lush, R.P. Wilson, M.D. Holton, P. Hopkins, K.A. Marsden, D.R. Chadwick, A.
J. King, Classification of sheep urination events using accelerometers to aid
improved measurements of livestock contributions to nitrous oxide emissions,
Comput. Electron. Agric. 150 (2018) 170-177, https://doi.org/10.1016/j.
compag.2018.04.018.

D.W. Aha, D. Kibler, M.K. Albert, Instance-based learning algorithms, Mach. Learn.
6 (1991) 37-66, https://doi.org/10.1007/BF00153759.

A. Rahman, D.V. Smith, B. Little, A.B. Ingham, P.L. Greenwood, G.J. Bishop-
Hurley, Cattle behaviour classification from collar, halter, and ear tag sensors, Inf.
Process. Agric. 5 (2018) 124-133, https://doi.org/10.1016/j.inpa.2017.10.001.
K. Erekalo, S.M. Pedersen, T. Christensen, S. Denver, M. Gemtou, S. Fountas,

G. Isakhanyan, Review on the contribution of farming practices and technologies
towards climate-smart agricultural outcomes in a European context, Smart Agric.
Technol. 7 (2024) 113, https://doi.org/10.1016/j.atech.2024.100413.

R.M.T. Schons, E.A. Laca, J.V. Savian, J.C. Mezzalira, E.A.N. Schneider, L.A.

M. Caetano, A.S. Zubieta, M.A. Benvenutti, P.C.D.F. Carvalho, ‘Rotatinuous’
stocking: an innovation in grazing management to foster both herbage and animal
production, Livest. Sci. 245 (2021) 104406, https://doi.org/10.1016/j.
livsci.2021.104406.

M.W. Jordon, K.J. Willis, P.C. Biirkner, G. Petrokofsky, Rotational grazing and
multispecies herbal leys increase productivity in temperate pastoral systems — a
meta-analysis, Agric. Ecosyst. Environ. 337 (2022) 108075, https://doi.org/
10.1016/j.agee.2022.108075.

S. Vandermeulen, C. Ramirez-Restrepo, Y. Beckers, H. Claessens, J. Bindelle,
Agroforestry for ruminants: a review of trees and shrubs as fodder in silvopastoral
temperate and tropical production systems, Anim. Prod. Sci. 58 (2018), https://
doi.org/10.1071/AN16434.

L.L. Trieu, D.W. Bailey, H. Cao, T.C. Son, D.R. Scobie, M.G. Trotter, D.E. Hume, B.
L. Sutherland, C.T. Tobin, Potential of accelerometers and GPS tracking to remotely
detect perennial ryegrass staggers in sheep, Smart Agric. Technol. 2 (2022),
https://doi.org/10.1016/j.atech.2022.100040, 100040-.

R. Arablouei, Z. Wang, G.J. Bishop-Hurley, E.J. Liu, Multimodal sensor data fusion
for in-situ classification of animal behavior using accelerometry and GNSS data,
Smart Agric. Technol. 4 (2023) 100163, https://doi.org/10.1016/j.
atech.2022.100163.

K. Obermeyer, M. Kayser, On-farm assessment of grazing behaviour of dairy cows
in two pasture management systems by low-cost and reliable cowtrackers, Smart
Agric. Technol. 6 (2023) 100349, https://doi.org/10.1016/j.atech.2023.100349.
K.J. Soder, G.E. Brink, E.J. Raynor, M.D. Casler, Relationship between temperate
grass sward characteristics and the grazing behaviour of dairy heifers, Agronomy
12 (2022) 1584, https://doi.org/10.3390/agronomy12071584.


https://doi.org/10.1016/j.compag.2023.108043
https://doi.org/10.1016/j.compag.2023.108043
https://doi.org/10.1016/j.compag.2014.10.018
https://doi.org/10.1016/j.compag.2014.10.018
https://doi.org/10.1093/tas/txx006
https://hal.inrae.fr/hal-03889858
https://hal.inrae.fr/hal-03889858
https://doi.org/10.1016/j.atech.2023.100256
https://doi.org/10.3390/s22010052
https://doi.org/10.3390/s22010052
https://doi.org/10.1016/j.compag.2021.106610
https://doi.org/10.1016/j.compag.2021.106610
https://doi.org/10.1186/s40317-020-00198-9
https://doi.org/10.1016/0168-1591(94)90011-6
https://doi.org/10.1016/0168-1591(94)90011-6
https://doi.org/10.3758/BRM.41.2.472
https://doi.org/10.3758/BRM.41.2.472
https://doi.org/10.3390/s150923095
https://doi.org/10.3390/s150923095
https://doi.org/10.1016/j.compag.2019.104961
https://doi.org/10.1109/BME-HUST.2016.7782100
https://doi.org/10.1016/j.rvsc.2017.10.005
https://doi.org/10.1371/journal.pone.0031187
https://doi.org/10.1016/j.compag.2018.04.018
https://doi.org/10.1016/j.compag.2018.04.018
https://doi.org/10.1007/BF00153759
https://doi.org/10.1016/j.inpa.2017.10.001
https://doi.org/10.1016/j.atech.2024.100413
https://doi.org/10.1016/j.livsci.2021.104406
https://doi.org/10.1016/j.livsci.2021.104406
https://doi.org/10.1016/j.agee.2022.108075
https://doi.org/10.1016/j.agee.2022.108075
https://doi.org/10.1071/AN16434
https://doi.org/10.1071/AN16434
https://doi.org/10.1016/j.atech.2022.100040
https://doi.org/10.1016/j.atech.2022.100163
https://doi.org/10.1016/j.atech.2022.100163
https://doi.org/10.1016/j.atech.2023.100349
https://doi.org/10.3390/agronomy12071584
https://www.researchgate.net/publication/382750542

	Quantification of grass-severing bites performed by grazing cattle using halter-mounted accelerometers and machine learning
	1 Introduction
	2 Materials and methods
	2.1 Description of the sensor
	2.2 Acquisition of the video recordings of the animal behaviour
	2.3 Video preprocessing and compilation with IMU data
	2.4 IMU data pre-processing
	2.4.1 Cleaning the raw signals
	2.4.2 Selection of additional time-series
	2.4.3 Calculation and selection of the features
	2.4.4 Segmentation

	2.5 Model development phase 1: classification of unitary behaviours
	2.5.1 Data splitting
	2.5.2 Choosing classification method
	2.5.3 Evaluation of the best classification model

	2.6 Model development phase 2: quantification of the bites
	2.6.1 Data splitting
	2.6.2 Choosing regression methods
	2.6.3 Evaluation of the best regression model to quantify the bites


	3 Results
	3.1 Algorithm calibration for phase 1 - identification of the “ingestion” behaviour
	3.2 Validation of the model to use for phase 2
	3.2.1 Algorithm calibration for phase 2 – quantification of bites within ingestion-only sequences


	4 Discussion
	5 Conclusion
	CRediT authorship contribution statement
	Declaration of competing interest
	Data availability
	Acknowledgment
	Appendix
	References


