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Abstract

Cattle behavior data is core to the assessment of cow health. Behavior recognition systems using
accelerometers are an appropriate solution. The accelerometer or accelerometer sensor is affordable
and simple to set up, which collects accelerometer data mounted on cattle’s leg and collar, using
machine learning algorithms to provide high classification performance. In our previous work, a cow
behavior classifier was proposed based on synchronized collar and leg-mounted accelerometer data
to increase classification performance. In the actual implementation context, we found that cow
activity can affect the position of the collar mounted sensor; specifically, this sensor’s position can
be deflected from the original position, resulting in changes in data obtained from the accelerometer.
In this study, we simulated data from the sensor attached to the collar in the case of deflection
to evaluate the influence on the results of behavioral classification: lying, walking, feeding, and
standing. Using features (mean, RMS, range, and median) with a data window of 16 seconds (one
sample/second) and the Random Forest (RF) algorithm, the evaluation results in our test cases
with indicators (accuracy, precision, and sensitivity) have a similarity. These results show that the
deflection of the collar mounted sensor does not significantly impact the behavioral classification
results when applying the proposed classification system.
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1 Introduction

With the rapid advancement of sensor technology, smart sensors are being increasingly integrated
into Internet of Things (IoT) systems [1]. Such systems have been widely applied to human monitoring,
[2, 3], monitor residential environments for intrusion detection [4], avoid accidents [5, 6]. These
technologies are currently also being applied in agriculture and the livestock industry [7]. Where
high-tech cattle farming is attracting growing attention and investment. It is well established that
automated technologies can provide valuable information about cow health status through behavioral
monitoring [8]. Pasture based dairy cow monitoring used to be very difficult in the past, however, with
technological advances in data collection tools such as accelerometers and global positioning systems
(GPS), now allow multiple variables to be sampled simultaneously with high temporal resolution at
the same time [9]. Behavioral monitoring has therefore become a valuable approach for improving
herd management, addressing health issues of cows and increasing performance in livestock, behavioral
monitoring is a very useful approach [10, 11, 12, 13, 14, 15, 16].

Changes in feeding behavior and activity in cows are commonly used as early indicators of dis-
ease and health status [17, 18, 19]. These diseases affect cow behavior, reduce activity, and lead
to reduced feed intake [20, 21]. Other factors contributing to behavioral changes include pain, fear,
and reproductive behavior [22]. Conducting manual health checks on large herds is time-consuming
and labor-intensive, which has motivated the development of behavioral monitoring and evaluation
systems for cow’s activity [23, 24, 25, 26, 27, 28].

Accelerometer-based monitoring systems have demonstrated the ability to detect and classify cattle
behaviors [29, 30, 31]. Machine learning algorithms applied to this problem include both supervised
[30, 31] and unsupervised approaches [32, 33, 34, 35]. Based on behavioral activities, activity monitors
(usually accelerometers) can be placed on different parts of the animal’s body. Some studies are based
on neck mounted (collar mounted) accelerometer data [29, 30, 31], others based on leg accelerometer
data [36, 37]. The selection mainly depends on the behaviors that are concentrated on, such as leg
sensors monitoring positions of standing and lying positions and calculating the number of steps,
mounted on the collar to better distinguish feeding behavior.

In the implementation of accelerometers on cows, we observed that cow activity can cause the device
to shift from its original position. On the other hand, technicians often find it difficult to attach the
device in a precisely controlled orientation. With a composition of three fixed axes (X, Y, Z) to collect
acceleration in three directions, so when the sensor is rotated, the obtained accelerometer data will
change, then the classification performance will be affected [10]. Sensor deflection has received limited
attention in the literature [10, 38]. For example, Arcidiacono et al. [10] proposed a classifier that uses
acceleration thresholds on an accelerometer axis to classify standing and feeding behavior. Noted that
sensor rotation can cause behavioral feature overlap, leading to reduced classification accuracy.

In our previous work [39, 40], a dual-sensor classification system using synchronized collar-mounted
and leg-mounted accelerometers was proposed to improve the recognition of four key cattle behaviors:
Feeding, Lying, Standing, and Walking. Building on this foundation, the present study investigates the
robustness of this system under collar sensor deflection. espite the growing adoption of accelerometer-
based cattle behavior monitoring systems, limited attention has been paid to the influence of sensor
deflection on behavioral classification performance. Existing studies have mainly focused on improving
classification accuracy under ideal sensor-placement conditions, while the robustness of dual-sensor
systems under sensor-misalignment scenarios remains insufficiently investigated. To address this gap,
this study systematically evaluates the impact of collar-sensor deflection on a synchronized collar-leg
behavior recognition framework. The main contributions of this study are summarized as follows:

(1) A controlled sensor-deflection simulation framework is proposed based on rotation matrices,
enabling systematic evaluation of collar sensor misalignment under different rotation angles and de-
flection proportions.

(2) Seven benchmark datasets representing realistic collar-deflection scenarios are constructed,
including combinations of 5° and 10° rotation angles and 10%, 30%, and 50% deflection rates.

(3) The robustness of a synchronized dual-sensor system using collar-mounted and leg-mounted
accelerometers is quantitatively evaluated and compared with a collar-only configuration.

(4) Experimental results demonstrate that the proposed dual-sensor system maintains stable clas-
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sification performance under all investigated deflection conditions, whereas the collar-only system
exhibits progressive degradation as sensor deflection increases.

2 Materials and methods

2.1 Cow monitoring framework

Figure 1 shows a schematic diagram of the proposed cow behavior recognition system. The main
components are the two 3-DOF (Degrees of Freedom) accelerometers (2) and (3) mounted on the legs
and collar of the cow. These sensors measure static and dynamic acceleration values in three directions
namely X, Y, Z (Figure 2) from the leg and collar of the cow (1), their data are synchronized in time.
The data obtained from these two sensors will be sent to the digital device (4), where this data will
be used to determine the cow’s behavior (1) by machine learning algorithms. Then the results of this
behavior classification will be sent to the cloud data (7) for storage via the Internet. Users (8) can
use computer devices (5), smartphones (6) through the Internet to access and monitor the status of
each cow in real time.

(8) Users

ot
(6) Smartphone .‘ (5) Computer
|

Cow Internet Cow Behavior

Status | < B m
i |-

ot t

o

-
(7) Cloud DataB
' Storage & Management
N

f

Internet

|
(4) Digital Device

\
)

Syl
""" (3)-DOF Accelerometer
(Collar)

(2) 3-DOF Accelerometer
------- (Leg)

Legend:
====2 Wireless Data Transmission
——> Internet Connection

Figure 1: Cow monitoring wireless sensor network (WSN) diagram.
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2.2 Deflection sensor simulation

If the cow rotates its head or the device is not worn in the position as designed, the sensor (mounted
/ attached to the cow’s collar) can be deflected. This is shown in Figure 2.

Figure 2: The cow worn deflection collar sensor.

Figure 3 shows the axes of the accelerometer in the initial position. z axis points to the ground.
When the cow rotates the head, the sensor will be easily rotated in the z axis, leading to a change in
the y and x coordinates. It indicates that when the sensor’s z axis is rotated by ¢, the x and y axes
are also rotated by an angle .

Figure 3: The simulation of the deflection collar sensor.

The inverse rotation is applied as follows:
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Where ¢ is the rotation in the z axis, 2/,9/, 2’ are the new direction of x,y,z when the z axis
rotates. We can calculate the value 2,1/, 2’ from z,y, z by (1). When the y" axis of the sensor rotates
by angle 0, the 2’ and 2’ axes are rotated by an angle 6 through the rotation R,/ (2). We can calculate
the value 2"y, 2" from 2/, ¢/, 2’ by (2).

In this study, we tested with ¢ = 5° and ¢ = 10° respectively, with the sensor being rotated by
5% and 10% respectively. Applying formula (1) (2), we built the simulation datasets for the deflection
sensor cases.

2.3 Random Forest algorithms for cow behavior classification

Figure 4 illustrates the recognition process of the cow behavior classification system. Accelerometer
data collected from the leg and collar mounted sensors were first synchronized and then recalculated
to simulate sensor deflection. Four statistical features, namely root mean square (RMS), mean, range,
and median, were extracted from the acceleration signals for each data record. Based on direct
observations of cow activities, the data were annotated into four behavioral classes: feeding, standing,
lying, and walking.

About 60% data was training data; the rest (about 40%) was test data. This division has been
proved to be good for the problem of classification of cow behavior [36, 39, 40]. Based on the feature
set (section 2.5) and training data (labeled data), the model was trained. The test data was then
labeled using a categorical model. These classification results were evaluated by comparing actual
observations

The RF algorithm was applied in this work. RF did not use all the training data nor all the
attributes of the data to build a decision tree, so each tree (case) might not predict well in order to
create a predictive model [38]. Implementation of cases of bad predictions was easy, fast and simple
[36]. By iteration, RF trained and combined them to determine the final predictive model. The
proposed model uses the Gini measure with 25 decision trees (n). The work was coded on Python
version 3.5.
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Figure 4: Recognition process of the cow behavior classifier.

RF algorithm was chosen to create the proposed predictive model due to some reasons [39]:

o Data can be lost during the transmission process. RF still performs well in this case (missing
data).

e Model overfitting problem may be avoided.

o It works great with acceleration data.

2.4 Collection of acceleration data

The leg-mounted device has been attached to five cows. The sensor receives twenty data samples
per axis every second, then sends them to the microcontroller. The raw acceleration data is averaged
to smooth and store the data at one sample per second. To exploit the statistical properties of the
collected data, 16 samples were concatenated into a window with 10 overlapping samples (Section
2.3). This frame was used to extract four proposed features: RMS, mean, range, and median.

The experiment data of five cows (ID1, ID2, ID3, ID4 and ID5) were collected as section 2.1. The
sample rate of raw signals is 20 samples/second. A down sampling signal technique was applied to
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average at 1 sample/second. From this dataset, the simulation data were calculated for the case the
accelerometer was deflected. The cow behaviors are defined as follows:

e Feeding behavior means cow obtains food.

Lying behavior means cow is resting in a lying position.

Standing behavior means cow stands on four legs.

Walking behavior refers to locomotion in which the cow takes one or more consecutive steps.

An example record of data is shown in Table 1.

Table 1: Sample feeding data collected from leg-mounted and collar mounted accelerometers
Leg Collar

Acc x (mg) Accy (mg) Accz (mg) Accx (mg) Accy (mg) Accz (mg)

-894.70 -156.20 -40.00 -790.20 -281.00 -389.90
-893.22 -156.56 -46.33 -798.10 -265.80 -373.90
-893.30 -154.20 -39.60 -804.00 -216.20 -401.70
-893.70 -164.60 -38.50 -810.78 -170.78 -404.11
-892.30 -158.40 -54.10 -814.10 -172.60 -387.00
-893.80 -154.90 -47.60 -816.60 -181.90 -384.90
-892.67 -153.44 -63.56 -848.90 -125.80 -350.10
-893.60 -144.20 -58.60 -828.44 -173.67 -333.67
-895.80 -144.40 -35.50 -823.10 -191.10 -346.20
-895.80 -139.80 -26.60 -816.90 -179.20 -388.30
-896.63 -132.13 -31.38 -810.20 -199.40 -390.60
-897.36 -130.36 -27.36 -813.60 -197.70 -383.30
-897.00 -127.70 -22.20 -812.22 -199.33 -380.44
-898.10 -126.00 -20.80 -811.20 -199.10 -382.30
-897.44 -125.44 -17.56 -814.70 -199.30 -381.20
-898.50 -121.20 -14.10 -813.00 -202.70 -380.40

Number of observations in the experimental dataset as Table 2. Note that behavior observations
number of all datasets (experiment data and simulation data) are the same.

Table 2: The number observations of experiment data

Observation count
ID01 ID02 1ID03 ID04 1ID0O5 Al

Feeding 841 561 745 729 801 3677
Lying 689 533 133 619 856 2830
Standing 1329 1489 1098 1311 760 5987
Walking 672 399 337 672 519 2599

Total 3531 2982 2313 3331 2936

Behavior

2.5 Feature extraction

In this paper, formulae for three axes are similar. Four features were extracted from each axis as
follows: In this paper, formulae for three axes are similar. Four features were extracted from each axis
as follows: In this paper, formulae for three axes are similar. Four features were extracted from each
axis as follows: In this paper, formulae for three axes are similar. Four features were extracted from
each axis as follows:
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where:

» RMSy;: root mean square of record Y}, measuring the overall signal energy including both static
and dynamic components;

« m(Y}): mean of record Y}, capturing the average acceleration reflecting the cow’s average posture;

« Range(Y}): the difference between the maximum and minimum values within the window, re-
flecting the peak to peak amplitude of movement;

o Median(Yj): the middle value of the sorted samples in record Y}, providing a robust central
tendency estimate that is less sensitive to outliers and transient motion spikes than the mean;

o Y: axis data (X, Y, or Z);

e Yj: record j;

e k: number of samples per window; in this work k = 16;
o y;: the i-th sample of Yj;

* Y(;): the i-th order statistic (sorted sample) of ;.
Note that formulae for the X-, Y-, and Z-axes are similar.

2.6 Evaluation indicators

Accuracy, sensitivity, and precision were used for the evaluation. The formulae for accuracy,
sensitivity, and precision are:

A TP+TN (M)
T =
Y = TP Y TN+ FP+ FN
TP
Hivity —
Sensitivity N TP (8)
TP
Precision = m (9)

where TP (True Positive): the number of predictions when positive class is predicted correctly;
TN (True Negative): the number of predictions when negative class is predicted correctly; FP (False
Positive): the number of predictions when negative class is predicted incorrectly; FN (False Negative):
the number of predictions when positive class is predicted incorrectly.
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3 Results

The test with experiment data and simulation data was implemented to evaluate the impact of
deflection sensors. The classifier performance for seven datasets calculated as (7-9):

o Original dataset (experiment data): DTO01

o 10% data with 5 degrees rotated (simulation of 10% data): DT02
e 30% data with 5 degrees rotated (simulation of 30% data): DT03
o 50% data with 5 degrees rotated (simulation of 50% data): DT04
o 10% data with 10 degrees rotated (simulation of 10% data): DTO05
o 30% data with 10 degrees rotated (simulation of 30% data): DT06

o 50% data with 10 degrees rotated (simulation of 50% data): DT07
The sensor deflection impact was tested in two cases:

o A system used collar mounted sensors (only used acceleration data of a collar sensor on a cow
for behavior classification). The results were shown in Figure 5.

o A system used leg-mounted and collar mounted sensors the proposed system (used synchronized
acceleration data of leg and collar sensor on a cow for behavior classification). The results were
shown in Figure 6.

Figure 5(a) (b) (c) show the comparisons of average accuracy, precision, and sensitivity for the
all behaviors respectively in seven cases when the system used collar mounted sensors. Figure 5(a)
shows that the average accuracy in seven cases is similar. In Figure 5(b) and Figure 5(c), it is shown
that the average precision and sensitivity in the case of DTO01 are significantly better than the rest. It
means the impact of sensor deflection is significant if the system only uses collar mounted sensors.

Figure 6(a) (b) (c) show the comparisons of average accuracy, precision, and sensitivity for the all
behaviors respectively in seven cases when the system used leg-mounted and collar mounted sensors. In
Figure 6(a), Figure 6(b) and Figure 6(c), it indicates the average accuracy, precision and sensitivity
in seven cases are similar. It means the impact of sensor deflection is not significant if the system uses
leg-mounted and collar mounted sensors. These results make sense because of the advantage when
using both leg-mounted and collar mounted sensors [39]. Note that in Figure 6(a), Lying and Walking
lines overlap, Feeding and Standing lines overlap. The similar things can be found in Figure 6(b) and
Figure 6(c). It is not changing the point we concerned.

Table 3 and Table 3 show the results of the average performance in two cases: the system used
collar mounted sensors and the system used leg-mounted and collar mounted sensors. Seven datasets in
Table 3 have similar accuracy, sensitivity, and precision. In Table 3, DTO01 has the highest sensitivity,
and precision. So, the same conclusion can be concluded:

e The impact of sensor deflection is significant if the system only uses collar mounted sensors.

e The impact of sensor deflection is not significant if the system uses leg-mounted and collar
mounted sensors.
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Figure 5: The comparisons of performance for four behaviors of seven datasets when the system used
collar mounted sensors: (a) Accuracy; (b) Precision; (c¢) Sensitivity.
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The average performance when the system used collar mounted sensors

Dataset Accuracy Sensitivity Precision

DTO01 0.90 0.82 0.82
DT02 0.90 0.81 0.82
DTO03 0.89 0.78 0.76
DT04 0.89 0.78 0.78
DTO05 0.90 0.81 0.80
DTO06 0.88 0.78 0.76
DTO07 0.87 0.74 0.75

Table 3: The average performance when the system used leg-mounted and collar mounted sensors

Dataset Accuracy Sensitivity Precision

DTO01 0.98 0.96 0.96
DT02 0.98 0.96 0.96
DTO03 0.98 0.96 0.96
DT04 0.98 0.96 0.96
DTO05 0.98 0.96 0.96
DT06 0.98 0.96 0.96
DTO07 0.98 0.96 0.96

Table 4 presents the per-class classification performance for all five individuals (ID1-ID5) using
DTO1 (no deflection) and DTO07 (the most severe deflection condition) with the dual sensor system.

The results indicate that sensor deflection has minimal impact on classification performance across
most behaviors and individuals. For Feeding, the overall sensitivity decreases slightly from 0.93 (DT01)
to 0.89 (DTO7), while precision remains relatively stable at 0.84 and 0.86, respectively. The most
notable change occurs in ID3, where sensitivity drops from 0.82 to 0.76, and in ID2, where sensitivity
decreases from 0.92 to 0.79. Feeding is the behavior most affected by collar sensor deflection because
feeding involves continuous head movement and neck rotation, directly affecting the orientation of the
collar-mounted accelerometer. As the sensor rotates, the acceleration components measured along the
sensor axes change, causing greater variability in the extracted statistical features and increasing the
overlap between Feeding and Standing patterns. Consequently, Feeding exhibits a larger reduction in
sensitivity than the other behaviors under severe deflection conditions.

Lying demonstrates the highest stability across both datasets, with accuracy, sensitivity, and
precision all maintained at or near 1.00 for every individual. This can be attributed to the static and
highly distinctive acceleration pattern associated with the lying posture, which is largely independent
of collar orientation and remains easily identifiable even under deflection conditions.

For Standing, overall performance remains consistent, with accuracy maintained at 0.94 across both
datasets. Sensitivity shows a slight increase from 0.87 (DT01) to 0.90 (DT07), while precision decreases
from 0.96 to 0.94. Individual variation is observed; for example, ID5 shows the lowest sensitivity at 0.65
in DTO01, increasing to 0.77 in DT07. This reflects the overlap between the acceleration characteristics
of Standing and Feeding. Nevertheless, the overall impact of sensor deflection on Standing remains
limited.

Walking exhibited the highest robustness among the four behaviors, with accuracy, sensitivity,
and precision all maintained at 0.99 or 1.00 across all individuals and both datasets. The strong
kinematic signature of walking, characterized by high amplitude periodic acceleration measured by
the leg sensor, remains largely unaffected by collar rotation. Consequently, Walking is one of the most
reliably classified behaviors under all deflection conditions.

In summary, although sensor deflection leads to minor decreases in sensitivity for Feeding in certain
individuals, the dual sensor system maintains consistently high performance across all behaviors and
all five cows. These results confirm the robustness of the proposed system for real world deployment
scenarios where precise collar positioning cannot always be guaranteed.
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Table 4: Classification performance of all individual cows (ID1-ID5) on datasets DT01 and DTO07

COW ID Behavior DTO1 DTo7
ACC SEN PPV ACC SEN PPV
Feeding 098 096 0.98 0.99 0.97 0.98
D1 Lying 1.00 098 1.00 0.99 0.97 1.00
Standing 098 0.99 0.97 099 099 097
Walking 1.00 1.00 1.00 1.00 1.00 1.00
Feeding 093 092 0.77 092 079 0.77
D2 Lying 1.00 1.00 1.00 1.00 1.00 1.00
Standing 093 090 0.97 092 091 0.92
Walking 1.00 0.99 1.00 1.00 0.99 1.00
Feeding 0.89 0.82 0.84 0.87 0.76 0.82
D3 Lying 1.00 1.00 1.00 1.00 1.00 1.00
Standing 0.89 0.89 0.88 0.87 0.89 0.85
Walking 1.00 1.00 099 1.00 1.00 0.99
Feeding 0.96 097 0.87 096 094 0.89
D4 Lying 1.00 1.00 1.00 1.00 1.00 1.00
Standing 096 093 098 096 094 097
Walking 1.00 099 1.00 1.00 0.99 1.00
Feeding 091 1.00 0.75 094 0.99 0.82
D5 Lying 1.00 1.00 1.00 1.00 1.00 1.00
Standing 091 0.65 1.00 094 0.77 0.99
Walking 1.00 1.00 1.00 1.00 1.00 1.00
Feeding 094 093 0.84 093 0.89 0.86
All Lying 1.00 1.00 1.00 1.00 0.99 1.00
Standing 094 087 096 094 090 0.94
Walking 1.00 1.00 1.00 1.00 1.00 1.00
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Figure 8: Confusion matrix of the RF algorithm on the DTO07 dataset.
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Figures 7 and 8 present the confusion matrices obtained from DTO01 (no sensor deflection) and
DTO07 (the most severe deflection condition, where 50% of the samples were rotated by 10°) for all
five cows using the proposed dual sensor system.

The confusion matrices reveal that the dominant source of classification error in both datasets is
the confusion between Feeding and Standing. In DTO01, the number of Feeding samples misclassified
as Standing ranges from 0 (ID5) to 53 (ID3), whereas the number of Standing samples misclassified as
Feeding ranges from 5 (ID1) to 106 (ID5). Under the severe deflection condition in DT07, the pattern
remains largely unchanged. The number of Feeding to Standing misclassifications decreases slightly
in ID1 (14 to 10), but increases in ID2 (17 to 46), ID3 (53 to 70), ID4 (8 to 16), and ID5 (0 to 2).
Conversely, the number of Standing to Feeding misclassifications decreases in most individuals, from
5 to 3 in ID1, 61 to 53 in ID2, 39 to 32 in ID4, and 106 to 69 in ID5, while increasing slightly from
48 to 50 in ID3. These results indicate that sensor deflection mainly affects the decision boundary
between Feeding and Standing, while the overall classification structure remains stable.

Lying exhibits the highest classification accuracy among all behaviors. Perfect classification is
achieved for 1D2, ID3, ID4, and ID5 in both datasets. For ID1, only six samples are misclassified,
including three samples incorrectly classified as Feeding and three samples incorrectly classified as
Standing. Importantly, the confusion pattern remains unchanged between DT01 and DT07, suggesting
that the static acceleration characteristics associated with lying are largely insensitive to collar sensor
deflection.

Similarly, Walking demonstrates strong robustness across both datasets. Misclassification errors
are extremely rare and are limited to one or two samples in a few individuals. In DTO01, only one
Walking sample is misclassified as Standing in ID1, ID2, and ID4, while two samples are misclassified
as Feeding in ID4. Nearly identical results are observed in DT07, with only minor variations of one
sample. The consistently high classification accuracy of Walking can be attributed to its distinctive
periodic acceleration pattern captured by the leg-mounted sensor, which is largely unaffected by collar
rotation.

Overall, the confusion matrices demonstrate that sensor deflection has only a limited effect on
the performance of the proposed dual sensor system. Although minor changes are observed in the
classification boundary between Feeding and Standing, the dominant confusion pattern remains the
same in both datasets. In contrast, Lying and Walking maintain almost identical classification results
under both conditions. These findings further confirm the robustness of the proposed system against
sensor deflection and support its suitability for practical livestock monitoring applications.

4 Discussion

The parameters and movement patterns of individual cows can influence classification performance.
Variations may stem from differences in body size, activity level, or collar attachment position, leading
to non-uniform sensor signals across individuals. As observed in the confusion matrices for DT01 and
DTO07, misclassification between Feeding and Standing varies considerably across individuals. For
example, the number of Standing samples misclassified as Feeding ranges from 5 in ID1 to 106 in ID5
in DTO01, reflecting inherent inter-individual differences in feeding posture and acceleration patterns.
Despite this variability, the dual sensor system maintains consistent overall performance across all five
cows in both datasets, demonstrating its robustness to individual-level variation.

Versluijs et al. [41] demonstrated high classification accuracy for free-ranging cattle behaviors using
collar mounted accelerometers at 10 Hz, but did not address the impact of sensor misalignment on
model performance. Oudshoorn et al. [38] reported that firmly attached sensors outperformed loosely
attached ones in estimating grazing time (80.4% versus 77.8%), implicitly acknowledging that sensor
positioning affects outcomes. Arcidiacono et al.[10] further showed that collar sensor deflection causes
behavioral feature overlap, leading to reduced classification performance in threshold-based systems.
The present study extends these observations by constructing seven controlled simulation datasets with
explicitly defined rotation angles (5° and 10°) and deflection proportions (10%, 30%, and 50%). The
experimental results demonstrate that the proposed dual sensor system maintains stable performance
with an accuracy of 0.98, sensitivity of 0.96, and precision of 0.96 even when up to 50% of collar sensor
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data is affected by misalignment, whereas the collar-only system experiences significant degradation
in sensitivity and precision under the same conditions.

The robustness of the dual sensor system against collar deflection can be attributed to the comple-
mentary nature of leg and collar acceleration signals. The leg-mounted sensor captures stable postural
and locomotion features, particularly the near-zero variance during Lying and the high-amplitude pe-
riodic pattern during Walking, that are independent of collar orientation. When the collar sensor is
deflected, its contribution to Feeding and Standing classification is partially degraded; however, the
RF classifier effectively leverages the stable leg sensor features to compensate, maintaining overall
accuracy. This implicit feature-level compensation explains why the dual-sensor system achieves con-
sistent performance regardless of deflection angle or proportion, while the collar only system, lacking
this redundancy, degrades substantially even under the mildest deflection scenario.

Regarding the influence of rotation angle and deflection proportion, the results reveal an asym-
metric pattern between the two configurations. For the collar only system, performance degrades
progressively as deflection increases accuracy drops from 0.90 (DT01) to 0.87 (DT07), while sensitiv-
ity decreases from 0.82 to 0.74 and precision from 0.82 to 0.75, indicating that a single collar mounted
sensor is consistently affected by increasing misalignment. This degradation can be explained by
the fact that collar sensor rotation alters the orientation-dependent acceleration components used to
characterize Feeding and Standing behaviors. As the deflection angle and the proportion of affected
samples increase, the statistical distributions of these behaviors become increasingly overlapped, re-
ducing the discriminative power of the extracted features. Consequently, the RF classifier produces
more Feeding-Standing confusion, leading to lower sensitivity and precision. For the dual sensor
system, neither the rotation angle nor the deflection proportion produces any meaningful difference;
accuracy, sensitivity, and precision remain constant at 0.98, 0.96, and 0.96 respectively across all
seven datasets. This complete insensitivity demonstrates consistent robustness across the full range
of deflection scenarios tested.

Among the four behaviors, Lying and Walking demonstrate the strongest robustness to deflection
in both sensor configurations. Lying is characterized by near zero variance on the leg sensor, producing
a highly stable and distinctive signal unaffected by collar rotation. Walking produces strong periodic
acceleration on the leg sensor that is similarly insensitive to collar orientation. In contrast, Feeding
and Standing share similar posture related acceleration patterns, making them the most susceptible
to confusion. As shown in the confusion matrices, this Feeding Standing misclassification pattern is
present in both DT01 and DTO07, confirming that it originates from the inherent similarity of these
behaviors rather than from deflection itself.

Recent studies have increasingly explored deep learning and sequence-based approaches, including
CNN, LSTM, CNN-BiLSTM, and Transformer-based architectures for livestock behavior recognition.
These models can automatically learn temporal dependencies from raw sensor signals and have re-
ported strong classification performance. However, such approaches generally require substantially
larger training datasets, higher computational resources, and greater energy consumption than con-
ventional machine-learning methods. In contrast, the objective of this work is to evaluate the robust-
ness of a lightweight dual-sensor classification framework under sensor deflection conditions. Despite
using only four statistical features and a Random Forest classifier, the proposed system achieved stable
performance across all simulated deflection scenarios, maintaining an average accuracy of 0.98, sen-
sitivity of 0.96, and precision of 0.96. Future work will investigate deep learning and sequence-based
models to further assess the trade-off between classification performance, computational complexity,
and deployment cost in practical IoT livestock monitoring systems.

This study has several limitations that should be acknowledged. First, the deflection scenarios are
simulated using fixed rotation matrices applied to static datasets, whereas real world collar displace-
ment involves dynamic and irregular rotation during activities such as feeding, walking, and lying
transitions, which may differ from the controlled angles tested here. Second, the dataset comprises
five cows from a single farm, which may limit the generalizability of the findings to other breeds, farm
configurations, or device attachment methods. Third, only two rotation angles (5° and 10°) were
evaluated; larger deflection angles may produce different degradation patterns. Future work should
include experiments with physically displaced sensors under real deployment conditions, a larger and
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more diverse animal cohort, and evaluation across a wider range of deflection angles to establish more
comprehensive robustness thresholds for practical deployment.

5 Conclusion

From the experiment data collected from the fixed mounted sensor, various datasets were created
that simulate the sensor mounted/attached to the collar being deflected. The main contribution of
this study is that we have shown that wearing the sensor deflected on the collar has comparable
performance to that of a fixed sensor using the proposed system (using the RF algorithm with mean,
RMS, range, and median features for synchronized acceleration data). For the system using a collar
sensor on a cow, the performance reduces significantly if the device deflects. It means the proposed
method can be implemented in practice in terms of not wearing the device in a rigorous position;
making it easier to monitor animals such as cows.

Acknowledgment

Thanks to Institute of Information Technology (IOIT), VAST for supporting this research and
allowing us to use the “IoT and Robot intensive laboratory” equipment.

Funding

This research was funded by Vietnam Academy of Science and Technology (VAST), code VAST01.01/26-
27.

Author contributions

The authors contributed equally to this work.

Conflict of interest

The authors state that they have no conflicts of interest with respect to this study.

References

[1] Shalini Sharma Goel, Anubhav Goel, Mohit Kumar, and Germéan Molt6. A review of internet of
things: Qualifying technologies and boundless horizon. Journal of Reliable Intelligent Environ-
ments, 7(1):23-33, 2021. doi: 10.1007/s40860-020-00127-w.

[2] Cédric Demongivert, Kévin Bouchard, Sébastien Gaboury, Bruno Bouchard, Maxime Lussier,
Maxime Parenteau, Catherine Laliberté, Mélanie Couture, Nathalie Bier, and Sylvain Giroux.
A distributable event-oriented architecture for activity recognition in smart homes. Journal of
Reliable Intelligent Environments, 7(3):215-231, 2021. doi: 10.1007/s40860-020-00125-y.

[3] Nur Sultan Salahuddin, Michel Paindavoine, Sri Poernomo Sari, Aqilla Rahman Musyaffa,
Suryadi Harmanto, and Trini Saptariani. Portable neonatal incubator monitoring and control
system: Integration of IoT communication and control technology. International Journal of
Computers Communications € Control, 20(5):7049, 2025. doi: 10.15837 /ijccc.2025.5.7049.

[4] P. K. Keserwani, M. C. Govil, E. S. Pilli, and P. Govil. A smart anomaly-based intrusion detection
system for the Internet of Things (IoT) network using GWO-PSO-RF model. Journal of Reliable
Intelligent Environments, 7:3-21, 2021. doi: 10.1007/s40860-020-00126-x.

[5] M. Laghrouche, L. Montes, J. Boussey, D. Meunier, S. Ameur, and A. Adane. In situ calibration
of wall shear stress sensor for micro fluidic application. In Procedia Engineering, volume 25, pages
1225-1228. Elsevier, 2011. doi: 10.1016/j.proeng.2011.12.302.



https://doi.org/10.15837 /ijccc.2026.6.7506 18

[6]

7]

[11]

[12]

[15]

J. Andrew Onesimu, Abhishikt Kadam, K. Martin Sagayam, and Ahmed A. Elngar. Internet of
things based intelligent accident avoidance system for adverse weather and road conditions. Jousr-
nal of Reliable Intelligent Environments, 7(4):299-313, 2021. doi: 10.1007/s40860-021-00132-7.

Yindong Li, Yang Chen, and Wang Wang. Monitoring the growth status of rice based on hyper-
spectral satellite remote sensing data. International Journal of Computers Communications €
Control, 20(1):6910, 2025. doi: 10.15837/ijccc.2025.1.6910.

G. L. Charlton, V. Bouffard, J. Gibbons, E. Vasseur, D. B. Haley, D. Pellerin, J. Rushen, and
A. M. de Passillé. Can automated measures of lying time help assess lameness and leg lesions
on tie-stall dairy farms? Applied Animal Behaviour Science, 175:14-22, 2016. doi: 10.1016/j.
applanim.2015.02.011.

Derek W. Bailey, Mitchell B. Stephenson, and Marco Pittarello. Effect of terrain heterogeneity
on feeding site selection and livestock movement patterns. Animal Production Science, 55(3):
298-308, 2015. doi: 10.1071/AN14462.

Claudia Arcidiacono, Simona Maria Carmela Porto, Massimo Mancino, and Giovanni Cascone.
Development of a threshold-based classifier for real-time recognition of cow feeding and standing
behavioural activities from accelerometer data. Computers and Electronics in Agriculture, 134:
124-134, 2017. doi: 10.1016/j.compag.2017.01.021.

Anuj Kumar and Gerhard P. Hancke. A Zighee-based animal health monitoring system. IEEFE
Sensors Journal, 15(1):610-617, 2015. doi: 10.1109/JSEN.2014.2349073.

J. M. Hooker, B. B. de Medeiros, C. Saha, T. Abdulrahman, and A. A. C. Alves. Multitask
contrastive learning for individual dairy cow recognition across different behavior classes based on
small image sets. Journal of Dairy Science, 109(2):1800-1815, 2026. doi: 10.3168/jds.2025-26731.

Gustavo Paixdo, Fernando Mata, Joaquim Cerqueira, and José Pedro Aratjo. Weather and
seasonal effects in behavioural patterns for grazing cattle. Applied Animal Behaviour Science,
208:106935, 2026. doi: 10.1016/j.applanim.2026.106935.

Jennifer R. Weinert-Nelson, Jessica Werner, Alayna A. Jacobs, Les Anderson, Carey A. Williams,
and Brittany E. Davis. Effects of heat stress on the accuracy of an ear-tag accelerometer for
monitoring rumination and eating behavior in dairy-beef cross cattle using an automated gold
standard. Journal of Dairy Science, 108(1):735-749, 2025. doi: 10.3168/jds.2024-24858.

Ranran Wang, Yingxiu Li, Fuyang Tian, Yumeng Liu, Zhuolin Wang, Chunhong Yuan, and
Xin Lu. Estrus detection in dairy cows using advanced object tracking and behavioral analysis
technologies. Computers and Electronics in Agriculture, 235:110331, 2025. doi: 10.1016/j.compag.
2025.110331.

Daniel Edison Essien, Saviour Inyang, and Imeh Umoren. Evaluating machine learning classifiers
and explainability for monitoring cow behaviour with wearable nose rings. Preventive Veterinary
Medicine, 244:106630, 2025. doi: 10.1016/j.prevetmed.2025.106630.

Xinglin Ni, Zhenjie Hou, En Lin, Xing Li, Jiuzhen Liang, and Xinwen Zhou. IMTFF-Networks:
A deep learning model for cattle behavior classification integrating multimodal time-frequency
features. Applied Animal Behaviour Science, 286:106627, 2025. doi: 10.1016/j.applanim.2025.
106627.

Katrine Kop Fogsgaard, Christine Maria Rgntved, Peter Sgrensen, and Mette S. Herskin. Sickness
behavior in dairy cows during Escherichia coli mastitis. Journal of Dairy Science, 95(2):630-638,
2012. doi: 10.3168/jds.2011-4350.

Jutta Siivonen, Suvi Taponen, Mari Hovinen, Matti Pastell, B. Joop Lensink, Satu Pyoréld, and
Laura Hénninen. Impact of acute clinical mastitis on cow behaviour. Applied Animal Behaviour
Science, 132(3-4):101-106, 2011. doi: 10.1016/j.applanim.2011.04.005.



https://doi.org/10.15837 /ijccc.2026.6.7506 19

[20]

[21]

[22]

23]

[24]

[25]

[29]

[30]

T. Halasa, K. Huijps, O. Osteras, and H. Hogeveen. Economic effects of bovine mastitis and
mastitis management: A review. Veterinary Quarterly, 29(1):18-31, 2007. doi: 10.1080/01652176.
2007.9695224.

Pilar Sepilveda-Varas, Kathryn L. Proudfoot, Daniel M. Weary, and Marina A. G. von Key-
serlingk. Changes in behaviour of dairy cows with clinical mastitis. Applied Animal Behaviour
Science, 175:8-13, 2016. doi: 10.1016/j.applanim.2014.09.022.

Reza Arablouei, Greg J. Bishop-Hurley, Neil Bagnall, and Aaron Ingham. Cattle behavior recog-
nition from accelerometer data: Leveraging in-situ cross-device model learning. Computers and
Electronics in Agriculture, 227:109546, 2024. doi: 10.1016/j.compag.2024.109546.

Duc-Nghia Tran, Phung Cong Phi Khanh, Vijender Kumar Solanki, and Duc-Tan Tran. A robust
classification system for southern yellow cow behavior using 3-DoF accelerometers. Journal of
Intelligent & Fuzzy Systems, 43(2):2211-2218, 2022. doi: 10.3233/JIFS-219319.

Yi Zhang, Yu Zhang, Hailong Jiang, Haitao Du, Aidi Xue, and Weizheng Shen. New method
for modeling digital twin behavior perception of cows: Cow daily behavior recognition based on
multimodal data. Computers and Electronics in Agriculture, 226:109426, 2024. doi: 10.1016/j.
compag.2024.109426.

Phung Cong Phi Khanh, Duc-Tan Tran, Van Tu Duong, Nguyen Hong Thinh, and Duc-Nghia
Tran. The new design of cows’ behavior classifier based on acceleration data and proposed
feature set. Mathematical Biosciences and Engineering, 17(4):2760-2780, 2020. doi: 10.3934/
mbe.2020151.

Matas Malickas, Pavel Stefanovi¢, and Simona Ramanauskaité. Identification of facial features
in face templates using deep neural network models. International Journal of Computers Com-
munications €& Control, 21(2):7294, 2026. doi: 10.15837/ijccc.2026.2.7294.

Khamta Pongsanun, Tadsorn Apirak, Leklerdsiriwong Aekaluck, Chunithipaisan Sanphet, and
Inchaisri Chaidate. Classification of individual dairy cow behaviors using accelerometer, gy-
roscope, and integrated sensor models. BMC Veterinary Research, 21(1):677, 2025. doi:
10.1186/s12917-025-05092-1.

Xiaohan Liu, Ying Li, Yuzhuo Zhao, Lijun Dong, Zihui Hong, and Jing Li. Multi-objective feature
selection for acute hypotension prediction models: a quantum particle swarm optimization-based
study. International Journal of Computers Communications € Control, 21(2):7065, 2026. doi:
10.15837 /ijcce.2026.2.7065.

Shuwen Hu, Reza Arablouei, Greg J. Bishop-Hurley, Antonio Reverter, and Aaron Ingham. Pre-
dicting bite rate of grazing cattle from accelerometry data via semi-supervised regression. Smart
Agricultural Technology, 5:100256, 2023. doi: 10.1016/j.atech.2023.100256.

Y. Ueda, F. Akiyama, S. Asakuma, and N. Watanabe. Technical note: The use of a physical
activity monitor to estimate the eating time of cows in pasture. Journal of Dairy Science, 94(7):
3498-3503, 2011. doi: 10.3168/jds.2010-4033.

Duc Nghia Tran, Thi Thu Nguyen, and Duc-Tan Tran. Design of real-time cow behavior mon-
itoring system based on wireless sensor networks and K-Means clustering algorithm. Ingenieria
Solidaria, 17(3):1-18, 2021. doi: 10.16925/2357-6014.2021.03.11.

S. Viazzi, C. Bahr, T. van Hertem, A. Schlageter-Tello, C. E. B. Romanini, I. Halachmi,
C. Lokhorst, and D. Berckmans. Comparison of a three-dimensional and two-dimensional camera

system for automated measurement of back posture in dairy cows. Computers and Electronics in
Agriculture, 100:139-147, 2014. doi: 10.1016/j.compag.2013.11.005.



https://doi.org/10.15837 /ijccc.2026.6.7506 20

33]

[39]

[40]

[41]

Simona M. C. Porto, Claudia Arcidiacono, Umberto Anguzza, and Giovanni Cascone. The auto-
matic detection of dairy cow feeding and standing behaviours in free-stall barns by a computer
vision-based system. Biosystems Engineering, 133:46-55, 2015. doi: 10.1016/j.biosystemseng.
2015.02.012.

Emanuela Tullo, I. Fontana, D. Gottardo, K. H. Sloth, and M. Guarino. Technical note: Validation
of a commercial system for the continuous and automated monitoring of dairy cow activity.
Journal of Dairy Science, 99(9):7489-7494, 2016. doi: 10.3168/jds.2016-11014.

Mark F. Hansen, Melvyn L. Smith, Lyndon N. Smith, K. Abdul Jabbar, and D. Forbes. Au-
tomated monitoring of dairy cow body condition, mobility and weight using a single 3D video
capture device. Computers in Industry, 98:14-22, 2018. doi: 10.1016/j.compind.2018.02.011.

Weizheng Shen, Aijing Zhang, Yu Zhang, Xiaoli Wei, and Jian Sun. Rumination recognition
method of dairy cows based on the change of noseband pressure. Information Processing in
Agriculture, 7(4):479-490, 2020. doi: 10.1016/j.inpa.2020.01.005.

Ying Guo, Peter 1. Corke, Geoff Poulton, Tim Wark, Greg Bishop-Hurley, and Dave Swain.
Animal behaviour understanding using wireless sensor networks. In Proceedings of the 2006 31st
IEEE Conference on Local Computer Networks (LCN), pages 607-614, Tampa, FL, USA, 2006.
IEEE. doi: 10.1109/LCN.2006.322023.

Frank Willem Oudshoorn, Cecile Cornou, Anne Louise Frydendahl Hellwing, Hanne Helene
Hansen, Lene Munksgaard, Peter Lund, and Troels Kristensen. Estimation of grass intake
on pasture for dairy cows using tightly and loosely mounted di- and tri-axial accelerometers
combined with bite count. Computers and Electronics in Agriculture, 99:227-235, 2013. doi:
10.1016/j.compag.2013.09.013.

Duc-Nghia Tran, T. N. Nguyen, P. C. P. Khanh, and Duc-Tan Tran. An IoT-based design using
accelerometers in animal behavior recognition systems. IEEE Sensors Journal, 22(18):17515—
17528, 2022. doi: 10.1109/JSEN.2021.3051194.

Viet-Manh Do, Quang-Huy Tran, Van Son Nguyen, Van Thanh Pham, Canh Minh Nguyen, Duc-
Nghia Tran, and Duc-Tan Tran. The effect of sensor position deflection on behavior classification
performance. In 2022 International Conference on Advanced Technologies for Communications
(ATC), pages 126-129, Hanoi, Vietnam, 2022. IEEE. doi: 10.1109/ATC55345.2022.9942988.

Erik Versluijs, Laura J. Niccolai, Mélanie Spedener, Barbara Zimmermann, Anna Hessle, Morten
Tofastrud, Olivier Devineau, and Alina L. Evans. Classification of behaviors of free-ranging cattle
using accelerometry signatures collected by virtual fence collars. Frontiers in Animal Science, 4:
1083272, 2023. doi: 10.3389/fanim.2023.1083272.



https://doi.org/10.15837 /ijccc.2026.6.7506 21

Copyright ©2026 by the authors. Licensee Agora University, Oradea, Romania.

This is an open access article distributed under the terms and conditions of the Creative Commons
Attribution-NonCommercial 4.0 International License.

Journal’s webpage: http://univagora.ro/jour/index.php/ijccc/

C/O PE

Member since 2012
JM08090

This journal is a member of, and subscribes to the principles of,
the Committee on Publication Ethics (COPE).
https://publicationethics.org/members/international-journal-computers-communications-and-control

Clite this paper as:

Do, V.-M.; Tran, D.-T.; Thuong, V.T.; Tran, D.-N.; Solanki, V. K.; Balas, V.E. (2026). Animal
behavior classification performance in a case deflection of an attached device, International Journal
of Computers Communications & Control, 21(6), 7506, 2026.

https://doi.org/10.15837 /ijccc.2026.6.7506



	Introduction
	Materials and methods
	Cow monitoring framework
	Deflection sensor simulation
	Random Forest algorithms for cow behavior classification
	Collection of acceleration data
	Feature extraction
	Evaluation indicators

	Results
	Discussion
	Conclusion

