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Abstract

In recent years, the research focusing on extensive farming systems has attracted con-
siderable interest among experts in the field. Environmental sustainability and animal
welfare are emerging as key elements, assuming a crucial role in global agriculture. In
this context, monitoring animals is important not only to ensure their welfare, but also
to preserve the balance of the land. Inadequate grazing management can in fact damage
vegetation due to soil erosion. Therefore, monitoring the habits of animals during graz-
ing is a challenging and crucial task for livestock management. Internet of Things (IoT)
technologies, which allow for remote and real-time monitoring, may be a valid solution to
these challenges in extensive farms where farmer-to-animal contact is not usual. In this
regard, this paper examined three different methods to classify the behavioral activities of
grazing cows, by using data collected with collars equipped with accelerometers. Three
distinct approaches were compared: the former based on statistical methods, and the other
on the use of Machine and Deep Learning techniques. From the comparison of the results
obtained, strengths and weaknesses of each approach were examined, so to determine the
most appropriate choice in relation to the characteristics of extensive livestock systems. In
detail, Machine and Deep Learning-based approaches were found to be more accurate but
highly energy-intensive. Therefore, in rural environments, the approach based on statistical
methods, combined with LPWAN applications, was preferable due to its long range and
low energy consumption. Ultimately, the statistical approach was found to be 64% accurate
in classifying four behavioral classes.

Keywords: environmental impact; convolution neural networks; statistics; cow behavioral
classification; MEMS; deep learning

1. Introduction

Animal monitoring and observation have long been of interest to researchers in the
field of extensive farming. This activity can provide useful information about how animals
move in their environment, their pasture utilization and preferred areas, behavior and
social interactions within a herd, etc. [1-4].

A better understanding of the connections between grazing ruminant behavior and
surrounding environment, which include elements such as vegetation or soil structural
characteristics, could support the development of practices aimed at improving animal
health and welfare by simultaneously reducing their environmental impact [5-7].
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Livestock management on grazing farms presents different challenges than on inten-
sive farming systems. In extensive grazing environments, animals graze freely in large and
often rugged spaces, making it a challenging task for farmers to manage the whole herd
within a pasture [8]. As a result, daily management practices, such as monitoring water
availability and animal welfare, require more labor than intensive systems.

Knowledge of the spatial distribution of livestock within the grazing area is a key
element of pasture management [9]. Concentration of livestock in specific grazing areas can
lead to localized soil erosion, reduced plant viability, adverse effects on wildlife habitats,
and deterioration of riparian areas [10,11]. The improvement of grazing uniformity can
effectively support sustainable increases in livestock numbers or extended grazing periods,
particularly in large areas characterized by strong non-uniformity in the spatial distribution
of livestock [12].

Smart technologies used in livestock farming, better known as Precision Livestock
Farming (PLF), can help farmers make better decisions especially about production, re-
production, animal health and welfare, environmental impact, etc. [13,14]. Since visual
observation of animals is a laborious activity and depends on the observer subjectivity,
smart technologies could be used to monitor grazing animals, consequently contributing to
the development of strategies capable to optimize farm management [15-17].

The application of the Internet of Things (IoT) paradigm in rural areas seems to be
convenient, since a more comprehensive understanding of animal health and welfare could
be achieved by combining data acquired from GPS with those from different types of
sensors, such as inertial sensors and environmental sensors [18,19]. In the PLF framework,
the IoT paradigm is a significant shift in the enhancement of the connectivity of the Internet,
as loT-based systems connect computing devices, mechanical and digital equipment, items,
animals, or humans to a network and transfer data without requiring human-to-human or
human-to-computer contact. Therefore, IoT enables the implementation of an approach to
agriculture based on real-time data collection, analysis and processing, improving overall
farm management and facilitating farmers” decision-making [20]. Several servers in the
cloud are connected to enhance IoT applications in animal husbandry, such as animal
health monitoring and tracking [21]. In general, the IoT-Livestock cloud platform includes
applications, smart sensors, electronic devices, communication technologies, connection
gateways, and cloud data centers [22]. Figure 1 shows a typical cloud-based platform
for animal health monitoring, which includes the flow of data relevant to animal health
and other applications. Sensors housed within wearable devices send information to
cloud data centers, via a gateway connection, for subsequent analysis and post-processing.
Subsequently, the acquired data are saved in the cloud and made available to livestock
managers and health specialists or can be forwarded to other processing systems. The main
issue in IoT applications is the information sharing, which requires effective and efficient
communication solutions. Secure and reliable communication is especially important for
the real-time exchange of critical information like animal health.

In this context, most studies have focused on the use of devices embedded with GPS
and accelerometers, attached to the collar of animals grazing in small pastures for short
time intervals; therefore, more research studies are required to validate this technology in
larger environments and for longer monitoring periods [23].

IoT animal-related data can be transmitted by using different wireless communication
systems, including Wi-Fi, 3G/4G, Bluetooth, and ZigBee [24]. In this context, a first
key issue that significantly limits applications in extensive farming is the lack of reliable
and stable telecommunication signals [25] because the performance of IoT-based systems
depends on continuous collection and transferring to cloud or external servers of data
acquired by sensors. Moreover, the coverage range of such networks and the reduced life
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battery of the remote devices do not work well with IoT applications in large pastures, as
proved by several studies [26-28]. In extensive livestock farming systems, long battery life is
essential since direct interaction between the farmer and animals occurs infrequently during
the year. Therefore, the replacement or recharge activities of the battery are problematic as
they would involve significant costs and stress for both farmers and animals. With regard to
network working range, although Bluetooth/ZigBee are low-energy-consumption systems,
several repeaters should be installed due to their limited covered area. This solution is not
always practicable in large pastures.
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Figure 1. Typical cloud-based platform for animal health monitoring.

Low-Power Wide-Area Networks (LPWANSs), e.g., SigFox and LoRa, could offer a
solution for monitoring animal behavior in extensive farms because they are characterized
by both wide coverage range from a single repeater and reduced energy consumption of
the connected devices. However, the identification of animal behaviors in real time requires
the development of classification algorithms working with a large number of data that are
not always transferable through LPWANS due to their limited bandwidth. Therefore, it is
necessary to develop firmware based on low-computational-cost algorithms that can be
directly executed within electronic devices connected to the network.

The aim of this work is to compare three different data analysis methods for identifying
the behavioral activities of grazing cows, ranging from statistical to Deep Learning-based
methods, applied to the same data collection device, highlighting their strengths and
weaknesses in relation to the possible application of LPWANS. The device adopted in all
studies to acquire data was housed in a collar and embedded with triaxial accelerometer,
required for measuring the animals’ movements, and GSM/GPRS modules. Specific
algorithms are implemented and integrated into the firmware of the wearable mobile
device to monitor cow behavioral activities in real time. The preliminary results of these
methods were compared to each other to evaluate the possibility of carrying out onboard
computing, i.e., running such algorithms directly in the devices’ firmware, which would
reduce the amount of data to be transferred via LPWAN to the cloud.
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The first method analyzed was proposed by Porto et al. [29] and was focused on the
use of accelerometers in detecting the activities of grazing cows. It allowed identifying
the acceleration components along the three axes required to statistically define thresholds
for discriminating cow behavioral activities. The second method described by Castagnolo
et al. [30] proposed a convolutional neural network (CNN) model capable of discriminating
the behavioral activities of grazing cows using a fully automatic process. The third method
under examination involves the use of a Machine Learning algorithm: the decision tree to
identify the accelerometer thresholds to discriminate the behavior of the cows. Therefore,
in this work, different types of data processing are analyzed which explore the use of
statistical, Deep Learning, and Machine Learning methods.

2. Materials and Methods
2.1. Data Collection System and Analysis

An innovative device designed by Porto et al. [29] was employed in the three case stud-
ies (Method I, Method II and Method III) examined in this research. This device is equipped
with a triaxial MEMS accelerometer (MEMSIC, Shenzhen, China), omnidirectional anten-
nas, a powerful 32-bit Cortex microcontroller (RAKwireless Technology Limited, Shenzhen,
China), quad-band GSM/GPRS modules (Semtech Corporation, Camarillo CA, USA), a
high-capacity Li-SOCL2 battery (SAMSUNG, Suwon, South Korea) and flash memory.

Data were collected on a semi-natural pasture of approximately 180 hectares near
Aidone, Sicily (Italy) (Figure 2). The farm uses an extensive cow—calf line breeding system,
which keeps calves with their mothers until weaning (6-8 months). Data collection was
carried out, from 18 to 22 May 2021 and from 27 to 30 June 2021, from 6:00 AM to 10:00 AM
and from 6:00 PM to 9:00 PM. During these testing periods, the animals were confined in a
fenced enclosure of approximately 2 hectares near the farmer’s house to take advantage of
the shaded areas and watering trough; the rest of the time, they were free to graze. The
choice of video acquisition intervals throughout the day was made to reduce the risk of
sunstroke for the operator during the hottest hours. The meteorological conditions during
the monitoring period were critical, due to temperature averaging around 27 °C with a
peak of 41 °C recorded on 30 June 2021. The devices were set to sleep mode from 6:00 PM
to 10:00 AM in order to increase battery life. The studies focused on two 19-month-old
cows from a herd of ten Limousine heifers.

The device, housed in a plastic case, was fitted to the cow neck by using a leather-
reinforced mesh collar. The attachment of the case to the collar was achieved using wire
cable ties and adhesive tape. To limit unwanted rotation of the device around the cow neck,
a 1 kg counterweight was applied to the collar. The distance between the device and the
counterweight was appropriately chosen to detect accelerations caused by the oscillations
of the jaw during the Rumination activity (Figure 3).

Accelerations along the x-, y- and z-axes were recorded at a frequency of 4 Hz and
stored in the firmware of the devices. The collected data were periodically sent to a cloud
via the GSM communication module, with batches of data sent every hour.

During the day, an operator recorded the cow behavioral activities and then labeled
them using the video labeling method, identifying the following five behavioral classes:
Feeding while Standing (F-S), Feeding while Walking (F-W), Walking (W), Lying (L), and
Rumination in Lying position (R-L).

The accelerometer data were labeled by assigning a behavior label to each dataset sam-
ple based on the visual examination of the video recordings. However, several behavioral
activities were noticed during the labeling phase, such as rapid movement of the ears and
head and sniffing the ground, which were unrelated to the study. To reduce the number
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of outliers in the acceleration dataset, the acceleration values associated with these minor
behavioral activities were removed.
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Figure 2. Experimental site.

Figure 3. Cow collar device.

2.2. Method I

In the work proposed by Porto et al. [29], the method used for data analysis involved
descriptive statistics. First of all, the acquired acceleration data were subjected to the
Kolmogorov-Smirnov test to verify their distributional correspondence fit to the Gaus-
sian normal distribution. A level of significance (x) of 0.05 was applied to all datasets,
to determine the critical value of each (from Massey’s table [31] and supplemented by
Birnbaum [32]). Having established that, for each dataset, the calculated empirical value
was lower than the respective critical value, the matching with the normal distribution was
demonstrated. So, the mean, maximum, minimum and standard deviation values of the
accelerations measured along the x-, y- and z-axes were calculated, grouped by behavioral
activity and day of observation. Next, the ANOVA parametric test was applied to the data
of each behavioral group considered in order to highlight statistically significant differences
and to define the range of accelerations for each axis. In detail, the ANOVA test compared
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the median accelerations acquired in 1 s (4 Hz sampling) for each behavioral class, with a
level of statistical significance (P) lower than 0.05.

Then, the Tukey test was performed to compare the behavioral activities, identifying
any overlaps in acceleration intervals and which axes could be useful to discriminate each
behavioral activity. This statistical analysis returned the acceleration components needed
to define thresholds suitable for discerning cow behavioral activities.

2.3. Method 11

In the method proposed by Castagnolo et al. [30], a one-dimensional (1D) convolu-
tional neural network (CNN) was used to classify cow behavioral activities, using data
provided by triaxial accelerometers installed in the collars. CNNss are artificial neural net-
works that use convolutional layers to automatically obtain discriminative characteristics
from input data.

The proposed architecture, called Branched Model, is a convolutional neural network
with 1D convolutions (Figure 4). The model processes input data sequences through
several parallel branches, each analyzing different combinations of axial measurements
organized as input feature channels. The main concept is to enable the model to learn
significant features from all axes by implementing an inhibition mechanism that selectively
excludes data from certain axes. This approach is inspired by preliminary experiment
which indicated that for some behavioral activities, accelerations along all three axes were
not necessary for recognition. Therefore, the model was designed to ensure that some of the
extracted features depend solely on specific inputs [29]. Specifically, the model incorporates
multiple branches of 1D convolutional layers, with each branch receiving input samples
from only a subset of axes, covering all possible subsets that include at least two axes.
Additionally, to account for features related to single channels, a branch with shared
kernels across all channels was included to capture global relations and compel the model
to learn axis-agnostic features. The final branch processed the entire input, i.e., all three
channels simultaneously. Subsequently, features from all branches were concatenated and
further processed by a series of convolutional layers interspersed with max pooling blocks
to reduce dimensionality. Finally, the features were flattened and fed into a linear classifier.
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Figure 4. Architecture of the proposed model (Castagnolo et al. [30]).

Each convolutional layer is followed by batch normalization and the hyperbolic
tangent activation function. The training techniques involve the use of Adam as optimizers
and Cross-Entropy as loss functions. To address class imbalance, a weighted random
sampling operation was used during training so to ensure that the model received an
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equal number of inputs from each class, with repetitions. The network proposed uses a
combination of accelerometer data processing and Machine Learning techniques to classify
the behavioral activities of cows accurately and efficiently.

2.4. Method 111

The method analyzed in this paragraph involves the use of decision trees to determine
the accelerometric thresholds for the identification of cow behaviors. As is known, decision
trees are Machine Learning tools that help to make decisions through a hierarchical struc-
ture. Each node of the tree represents a question based on a data feature and each branch
represents a possible answer that can lead to another question or to the final decision.
The leaf nodes represent the final decisions. In this specific case, the input features to
the decision tree are represented by the median calculated on windows of samples with
duration of 5 s acquired at 4 Hz.

The dataset acquired using the device described above was pre-processed. The pre-
processing phase includes removal of outliers and minor behaviors, grouping of samples
in 5 s windows, and calculation of the median for each axis (x, y, z) considering windows
of samples of 5 s. Once Grid Search analysis was carried out, it was found that the best
depth of the decision tree is 10 as it was a good compromise between the performances
of the developed model and the number of comparisons to be implemented in the device
firmware. The acquired dataset presents some imbalances between the classes; therefore,
it was decided to oversample the less represented classes using SMOTE 0.8.0 (Synthetic
Minority Over-sampling Technique) [33]. SMOTE is a widely used method in Machine
Learning for addressing class imbalance in datasets. It is particularly effective when dealing
with datasets where one class (the minority class) has significantly fewer samples than the
other classes (the majority class), which can lead to biased models that perform poorly on
the minority class.

2.5. Software and Hardware Used

Statistical analysis and analysis of variance of the accelerometer data in Method I were
performed with SAS 9.4 software.

The following libraries were used in data processing activities: Numpy 1.23, Pandas
1.4.3, Scipy 1.9. In Machine Learning methods (decision tree-Method III), Scikit-learn 1.1
was the library adopted. Scikit-learn 1.1.2 was used in validation techniques and matrix
calculation. Deep Learning methods were performed by Torch 1.12 and Torchvision 0.13.

Regarding the hardware used, data processing was carried out using a workstation
equipped with AMD Ryzen 9 3950 X processor, 32 GB DDR4 RAM, GeForce RTX 3060
12 GB performance-segment graphics card by NVIDIA.

3. Results and Discussion
3.1. Method I

In Porto et al. [29], ANOVA and Tukey tests were performed to determine which
acceleration components can discriminate a certain behavior.

The ANOVA test provided information on the number of samples N, mean value of the
acceleration A;,qqn, standard deviation ¢, and 95% confidence interval for each acceleration
component as defined by the following equation:

196 ¢
950/0 CI == Amean Zl: W (1)
where 1.96, known as a z-score, is a critical value of the standard normal distribution
corresponding to a level of confidence equal to 95%.
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These parameters were determined for the specific axis and associated with each
behavior. The accelerometer thresholds for each behavioral class were derived from their
respective confidence intervals. Figure 5 shows the average acceleration values along the
three axes for each behavioral group. By applying the ANOVA test to the component
along the x-axis, some behavioral classes were found to overlap, such as Lying with
Rumination (L-R) and Walking (W). The study found that acceleration along the x-axis
can only distinguish between Feeding activities while Standing (F-S) or Walking (E-W).
Similarly, acceleration along z-axis effectively distinguishes between Lying (L) and Feeding
activities, whether Standing or Walking. This study found acceleration components for
identifying specific cow behaviors as follows: x- and y-axes for Rumination (R); y- and
z-axes for Lying with Rumination (R-L); y- and z-axes for Walking (W); and all three axes for
Lying (L), Feeding while Standing (F-S), and Feeding with Walking (F-W) (Tables 1 and 2).
For clarity, in Table 2, “Required” indicates that no overlap was found for that given
interval; “Not required” indicates multiple overlaps; and “Uncertain” indicates partial
overlaps. This approach was validated directly in the field on a group of three cows. The
overall accuracy found was 64% considering four behavioral classes (Table 3). The Feeding
behaviors were merged in a single class Feeding.
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Figure 5. Mean values of acceleration along x-, y-, z-axes as the behavioral group changes from
ANOVA test (F-S = Feeding while Standing; F-W = Feeding while Walking; W = Walking; L = Lying;
R-L = Lying with Rumination).

Table 1. CI of 95% for each axis, grouped by behavior group, from ANOVA test (Porto et al. [29]).

x-axis [mg] y-axis [mg] z-axis [mg]
E-S 799.89-808.03 —545.87-—530.53 —78.19-—66.10
F-W 779.83-784.78 —589.77-—580.45 —109.29-—-101.95
W 929.15-937.20 —158.70-—143.54 146.63-158.58
L 902.05-912.15 —122.58-—-93.55 162.41-177.41

R-L 930.10-938.52 —48.50-—-32.30 189.82-202.31
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Table 2. Tukey test outcomes (Porto et al. [29]).

Acceleration Components

x-axis y-axis z-axis
E-S required required required
F-W required required required
W not required required required
L required required required
R-L not required required uncertain

Table 3. Results obtained in the field with thresholds computed in Porto et al. [29].

Behavioral Activity Accuracy
F 74.78%
\ 42.00%
L 50.00%
R-L 70.00%
Weighted 64.00%

As reported in Table 3, with the thresholds computed in Porto et al. [29], it is possible
to recognize Feeding and Rumination in Lying with an accuracy, respectively, of 74% and
70%. The accuracy for Walking and Lying behaviors is low—respectively, 42% and 50%.

3.2. Method II

As reported in the study carried out by Castagnolo et al. [30], the pre-processed dataset
contained a variety of behavioral activities, with the majority being Rumination while Lying
and the least being Lying (Table 4). Two trials were carried out, one involving all classes
(five-class scenario) and the other combining Feeding activities into a single class (four-class
scenario). Tenfold cross-validation was applied. The Branched Model was compared to
two basic neural network architectures: a one-dimensional CNN model that processes data
from all axes and a multi-layer perceptron (MLP).

Table 4. Number of samples acquired for each behavioral activity.

Behavioral Activity Number of Samples Percentage [%]
E-S 12,185 15.17
F-W 16,222 20.19
W 15,498 19.30
L 9194 11.45
R-L 27,220 33.89
Total 80,319 100

The results found that all models performed better in the four-class scenario than in
the five-class scenario, and the Branched Model performed worse for Feeding activities in
the five-class scenario, which might be attributed to the similarity of the acceleration values
observed for the two behavioral classes (Tables 5 and 6). In particular, in Table 5, F1 Score
is the harmonic mean of precision and recall:
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2 x precision * recall
precision + recall

()

F1 score =

where the precision is the ratio between True Positive (correctly predicted positive cases)
and the sum of True Positive and False Positive (incorrectly predicted positive cases), and
the recall is the ratio between True Positive and the sum of True Positive and False Negative
(incorrectly predicted negative cases). So, while the precision measures how many of the
predicted positive cases are actually correct, the recall measures how many of the actual
positive cases the model can correctly identify.

Table 5. Test performance of the Branched Model in 5- and 4-class scenarios considering 10-folds.

5-Class Scenario 4-Class Scenario

Behav. Groups F1 Score (%)  Precision (%)  Recall (%) F1 Score (%)  Precision (%)  Recall (%)
F-S 62.00 £ 6.87 65.75+7.08 5875+ 7.50
F-W 7675+ 411 7375+401  80.25£3.94 P25£050 9550057 9500 =081
\ 84.204+238 83.75+221 8575+3.40 85.00£3.70 8475+£3.60  85.00 £ 4.01
L 7850 £532 7400+860 83.75+150 81.25+4.00 7925+£250  83.25+£4.50
R-L 86.25+350 9250+2.08 8875250 9025+275 91.50+£3.02  90.00 £2.16
Weighted average  81.50 £1.29  81.00 = 0.81 80.75+0.95 90.01 +=1.49 90.10 = 1.20  89.89 £ 0.91

Table 6. Test performance of both scenarios proposed considering 10-fold (Castagnolo et al. [30]).

Models Scenarios F1 Score (%) Precision (%) Recall (%)
Branched Model 5-class 81.50 + 1.29 81.00 £ 0.81 80.75 + 0.95
Simple 1D CNN 5-class 78.96 + 0.97 79.01 + 1.02 78.93 4+ 1.06

MLP 5-class 74.76 + 1.26 75.11 + 1.14 7442 +1.32
Branched Model 4-class 90.01 & 1.49 90.10 & 1.20 89.89 4 0.91
Simple 1D CNN 4-class 87.26 + 0.35 87.21 + 0.75 87.32 + 0.62

MLP 4-class 84.79 £ 0.65 85.13 £ 1.10 84.45 + 1.36

The confusion matrix showed that the model source of indecision related to the
Feeding while Walking and Feeding in Standing position classes, and the model accuracy
in recognizing Feeding activity increased significantly when the two classes were combined
(Figure 6).

3.3. Method 111

The data processed using decision trees are the same as in the previous paragraph.
Also in this case, as in the previous one, cross-validation was carried out on 10 folds.
Furthermore, two scenarios were also considered in this case (five-class scenario and
four-class scenario). In Tables 7 and 8, the obtained results are shown.

For the five-class scenario, the decision tree showed high precision for the F-S group,
indicating that most predictions for this class were correct. However, slightly lower recall
suggests that some F-S examples were not identified. Overall, high precision balanced by
moderate recall reflects an accurate but not exhaustive classification of this group. The
precision for the F-W group is significantly low, indicating that many predictions for this
class were false. The higher recall suggests that the model was able to identify a good
portion of the F-W examples, but at the cost of numerous False Positives. The metrics for
the W group show moderate performance. Precision and recall are balanced, suggesting
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that the model has reasonably good classification ability for this class, but not outstanding.
The moderate F1 Score indicates that there is room for improvement. For group L, the recall
is relatively high, suggesting that the model is able to identify most of the examples of this
class. However, the precision is lower, indicating that there are many False Positives. This
reflects a good sensitivity of the model but an improved specificity. The R-L group shows
high precision and good recall, suggesting that the model is very effective in correctly
classifying this class. The high F1 Score reflects a positive balance between precision and
recall, indicating a solid performance of the model for this group.

Confusion matrix Confusion matrix
FS «n 0.06 0.28 0.00 0.00
0.8
0.8
w4 0.07
0.6
£ 0.6
T -
E 2
o FW 1 0.22 2
Qv
B - 0.4 2
(S 0.4
L{ 0.04
0.2 F0.2
RL4 0.00
T —- 0.0 . . v —L 0.0
123
< < { v P
Predicted label Predicted label

Figure 6. Confusion matrix for Branched Model in 5-class scenario and 4-class scenario (Castagnolo
et al. [30]).

Table 7. Test performance, per class, of both scenarios proposed considering 10-fold for decision tree.

5-Class Scenario 4-Class Scenario

Behav. Groups

F1 Score (%)

Precision (%)

Recall (%)

F1 Score (%)

Precision (%)

Recall (%)

E-S 79.80 £0.02  90.28 + 0.01 71.02 £0.01 9339 £ 0.06 9637 + 006  90.61 & 0.02
F-W 4753 £0.02 3620£0.02 69.17 £0.02
w 5756 £0.02 51.01£0.02 6615003 55884004 4856+0.02 65.80 =+ 0.03
L 62.66 £0.02 5476 £0.04 73.61+0.05 6139+0.04 5405003 71.25+0.04
R-L 78.56 £ 0.01 86.96 £0.02 71.71+£0.03 78.73+£0.02 85.35£0.01 73.08 =£0.02
Weighted average 72.83 £0.01 77394 0.01 71.0240.01 8247 4+ 0.02 84.28+0.01 81.53 & 0.01

Table 8. Test performance of both scenarios proposed considering 10-fold for decision tree.

Models Scenarios F1 Score (%) Precision (%) Recall (%)
Decision Tree 5-class 72.83 = 0.01 77.39 £+ 0.01 71.02 £+ 0.01
Decision Tree 4-class 82.47 £+ 0.02 84.28 £ 0.01 81.53 £ 0.01

For the four-class scenario, the decision tree reached better results in discriminating
Feeding, compared to the previous case. This suggests that the model is very effective
at recognizing this combined class, reducing errors that occurred when the classes were
separated. The metrics decrease slightly compared to the five-class scenario, with an
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F1 Score of 55.88%, precision of 48.56%, and recall of 65.80%, indicating that the model
continues to have moderate difficulty with this class. As for L and R-L, the model maintains
good performance, and the results are comparable with the previous scenario. As with
Method II, in this case too, by combining the two classes relating to Feeding, there were
significant improvements.

Also in this case, the confusion matrix showed that the model accuracy in recognizing
Feeding activity increased significantly when the two classes were combined (Figure 7).

Predicted

0.7 0.9
0.6 F 0.8
0.7
0.5
0.6
L
0.4 o 0.5 g
= 404 F
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L-R
8 0.3
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1 1 | L ] 00
L o0 F L L-R W
Predicted

Figure 7. Confusion matrix for decision tree in 5-class scenario and in 4-class scenario.

In this study, three distinct methodologies for classifying the behaviors of grazing cat-
tle were examined: statistical methods, neural networks, and decision trees. Each method
offers specific advantages and disadvantages, which must be carefully considered, particu-
larly in relation to the technological and energy constraints typical of rural environments.

Deep Neural Networks (DNNs) are renowned for their high accuracy in classifying
animal behaviors. Due to their ability to learn complex representations from data, they
can effectively distinguish between different activities of grazing cattle, such as Walking,
Feeding and Lying. However, implementing Neural Networks on microcontrollers requires
advanced hardware with higher computational power and memory capacity, leading to
a significant increase in costs. Additionally, neural networks demand high energy con-
sumption due to the large number of computational operations needed for inference. This
is problematic in rural settings where frequent battery recharging is impractical. There-
fore, although the neural network approach could lead to higher accuracy in recognizing
different behavioral activities, the need to transfer a large amount of raw data to a data
processing unit limits its practical application. Moreover, performing edge computing of
classification behavioral algorithms in wearable devices is not a real solution because it
would increase energy consumption due to the computational costs of neural networks,
reducing battery life.

An alternative approach involves transmitting accelerometric raw data to an external
server for remote processing. This method leverages the computational power of the cloud
to execute complex Machine Learning algorithms, including Deep Learning. However, con-
tinuous data transmission necessitates telecommunications networks with high bandwidth
capacity, resulting in high energy consumption to maintain connectivity. Furthermore, in
grazing areas, 4G and 5G network coverage may be insufficient or entirely lacking, limiting
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the reliability and feasibility of this approach. In the study conducted by Arcidiacono
et al. [34], it emerged that by adopting Bluetooth Low-Energy (BLE) communication and
transmitting the raw data measured by a triaxial accelerometer (raw data), the overall
power consumption would be acceptable. In fact, it was found that, by operating at a
sending frequency of 10 Hz, the power consumption is about 160 pA. By reducing the
frequency, the consumption would be further reduced (10 pA at a frequency of 0.2 Hz).
However, as reported in Mancuso et al. [26], the range covered by BLE is short; therefore
in large grazing areas that characterize extensive livestock systems, this solution is not
feasible. Certainly, by using repeaters, gateways, and antennas, the range of action can be
extended; however, the feasibility of using this communication technique depends on the
size of the area to be covered and the availability of a reliable electrical network.

LPWANSs could overcome the limits of short-range communication systems for moni-
toring animal behavior in extensive farms because they can cover large grazing areas (up
to 10 km) by using a single repeater while preserving the battery life of wearable devices.
However, due to the reduced bandwidth, classification models based on neural networks
are not applicable because of the large amount of data that needs to be transmitted.

In contrast, the use of accelerometric thresholds, which can be calculated using both
statistical methods and Machine Learning algorithms such as decision trees, represents
a more practical and sustainable solution. These methods can be implemented directly
in the firmware of microcontrollers, drastically reducing the need to transmit real-time
data. Consequently, energy consumption is significantly lower, extending the battery life
of the devices. For example, decision trees can be executed with a reduced number of
computational operations compared to neural networks, allowing for efficient classification
with less powerful and less energy-demanding hardware. Based on research carried out by
the authors of this work, statistical methods with classifiers implemented within wearable
devices could be suitable to work with LPWANSs. Preliminary tests using a prototype
of a cows’ behavior monitoring system operating through a LoRa network proved its
feasibility, thanks to its low energy consumption. From preliminary tests, operating at a
4 Hz frequency, the energy consumption was found to be nearly 180 pA. Using a high-
capacity 6600 mAh Li-SOCL2 battery, this consumption should lead to a battery life of at
least 2 years, making the system suitable for the purpose.

However, the use of accelerometric thresholds has certain limitations compared to
neural networks. The accuracy of behavior classification can be lower, as these methods
tend to rely on less complex features of the data. Moreover, they may not capture the
variability and complexity of animal behaviors’ as effectively as neural networks, which
can model nonlinear relationships between data features. Another critical aspect to consider
is the need for access to a wide variety of data to develop robust and reliable accelerometric
thresholds. Unfortunately, access to such data is not always guaranteed, which can limit
the ability to generalize models to different grazing conditions and animal behaviors.

In summary, as schematized in Table 9, while neural networks offer the highest ac-
curacy in classifying grazing cattle behavior, technological and energy constraints make
their implementation challenging in rural contexts. Methods based on accelerometric
thresholds and Machine Learning, although less accurate, provide a better balance be-
tween energy efficiency, cost, and practicality, making them a more suitable solution for
analyzing animal behavior in resource-limited environments. Environmental sustainability
aspects must be given due consideration. Indeed, as stated by Primi et al. [35], research
attention to the role of ruminant farming in promoting sustainability has grown in recent
years. The increasing use of artificial intelligence tools, combined with the development
of GPS tracking techniques, enables continuous monitoring and contributes to improving
management practices, especially in the case of grazing livestock. Then, the choice of the
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most appropriate method should consider the specific operational conditions, the available
technological resources, and the availability of sufficiently diverse and representative data
to train robust models.

Table 9. Schematic comparison among the three classification criteria analyzed.

Method Benefits Drawbacks
Implementable on firmware, Medium-level accurac
Statistical LPWAN benefits, acceptable power y

consumption (180 pA at 4 Hz) (64%)

High computational power,
high memory capacity
required

High flexibility, very high accuracy

Neural Network (until 90%)

High computational power,
Decision Tree High computing power high energy consumption
for connectivity

In general, by combining inertial sensors with GPS tracking units, the accuracy of
animal grazing behavior classification could be significantly increased (Herlin et al. [36]).
For instance, Cabezas et al. [37] found a weighted accuracy of 0.93 in classifying behavioral
activities for grazing cows through collars instrumented with low-cost 3D accelerometers
and GPS sensors. These accuracy values are comparable with those obtained using the
neural network approach.

In any case, as stated by Bernabucci et al. [38], by measuring the time animals spend
in each behavioral activity, it is possible to obtain indications of their well-being. In fact,
unusual behaviors, excessive rest, abnormal gaits, and the absence of neck movements can
indicate illness or stress in the animal.

4. Conclusions

The introduction of IoT into PLF, aimed at facilitating livestock management, faces
practical challenges such as limited battery life and unreliable telecommunication signals.

This study investigated three different methods for identifying the behavioral activ-
ities of grazing cows using data acquired by accelerometers placed in collars. The three
approaches, statistical, Deep Learning and Machine Learning, were evaluated to highlight
the advantages and drawbacks.

Although the neural network-based method offers better adaptability to variable con-
ditions and higher accuracy in classifying cow behavioral activities, its training constitutes
an operational complexity that requires the transfer of a large amount of raw data to an
external data processing unit. On the other hand, its high computational costs discourage
any edge computing solution aimed at the classification of cow behaviors. Furthermore, its
application is incompatible with LPWANSs, characterized by a wide coverage range but a
small bandwidth.

For this purpose, the application of the statistical method based on accelerometer
thresholds seems more suitable, if it operates with LPWAN:Ss, specifically designed for
combining a moderate energy consumption with a low bit rate, allowing operation in large
spaces without connectivity.

In summary, although neural networks offer greater accuracy, to determine the behav-
ioral activities of grazing livestock in real time, it is more convenient to use the method
based on the statistical definition of accelerometer thresholds for implementing specific
firmware that can be installed on the collars, taking advantage of the long working range



Appl. Sci. 2025, 15, 11116 150f 17

(from 100 m to 10 km), the low energy consumption, and the low bit rate of LPWANSs such
as LoRa or Sigfox.
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