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Monitoring cattle behavior using deep learning:
An LSTM-based approach with accelerometer data
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ABSTRACT

Behavior data analysis is a crucial factor in the early detection of cow health issues, thereby
optimizing farming processes and improving productivity in large-scale farms. Accelerometers,
attached to the neck or legs of cows, collect movement data, providing a foundation for analyzing
animal behavior. Previous studies have proposed cow behavior classification systems based on
accelerometer data combined with machine learning algorithms. However, with the advancement
of deep learning, the application of Long Short-Term Memory (LSTM) networks can significantly
enhance classification performance. In this study, we utilize an LSTM network to classify four
primary cow behaviors: Eating, Lying, Standing, and Walking. The LSTM model effectively
processes time-series data by retaining essential information while filtering out unnecessary data.
Experimental results demonstrate that the model achieves high classification performance, with
an average accuracy of approximately 90% across all behaviors, outperforming traditional
machine learning algorithms. This research can be implemented in smart farms, integrating with
IoT technology to automate livestock monitoring and management efficiently.
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1. INTRODUCTION

Nowadays, with advances in sensor technology, smart sensors are being integrated into many
"Internet of Things" (loT) systems [1]. Many systems are designed to collect data to classify
human behavior [2], monitor human living environments such as detecting intruders [3],
preventing accidents [4], etc. In the field of agriculture, specifically dairy farming, the current
trend in developed countries is to reduce the number of dairy cows while increasing milk
production. For instance, in the UK, while the number of dairy cows declined from over 3.2
million in 1980 to less than 1.9 million in 2019, milk production saw an increase during the same
timeframe [1]. This increase in productivity is achieved through improvements in the application
of technology in livestock farming, including behavior monitoring. Valuable information about
a cow’s health status can be analyzed through monitoring its behavior [5]. To manage and
improve cattle health issues to enhance farming efficiency, monitoring behavioral activities is a
very useful approach [6-8].

Changes in activity and behavior, such as eating in cows, are often used to predict diseases and
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health conditions [9, 10]. Diseases in cows affect their behavior, leading to reduced activity and
loss of appetite [11,12]. Other factors that can cause behavioral changes include pain, fear, and
reproduction [13]. Implementing procedures and testing during health examinations in a large herd
of cows requires significant time and effort. This drives the development of monitoring systems to
assess cow behavior [6, 14].

Behavior classification requires durable, accurate, and integrable sensors. These are typically
mounted on the neck [6, 15], head [16], or legs [17, 18]. Neck and ear sensors effectively capture
feeding behavior, while leg-mounted sensors are used for detecting standing, lying, and walking
patterns [19, 20]. While traditional machine learning (ML) approaches have been commonly
applied [6, 18], recent studies show that deep learning models, such as RNN/LSTM, can achieve
better classification performance. For instance, Peng et al. [21] used an LSTM-based model to
classify eight cow behaviors from neck-mounted accelerometer data.

Building upon this, our previous work proposed an ML-based behavior recognition system
using triaxial acceleration data from neck-mounted sensors to classify four behaviors: walking,
lying, standing, and feeding [22]. In this study, the classification performance of these behaviors
is evaluated using an LSTM deep learning model and compared with traditional ML methods.
Experimental results demonstrate that the LSTM model outperforms ML algorithms on the same
dataset [22].

2. MATERIALS AND METHODS

2.1. Cow behavior recognition system

The cow behavior recognition system comprises four layers, as shown in figure 1. In Layer 1,
each cow is equipped with two 3-axis accelerometer sensors mounted on the neck and leg (figure
2) to collect data related to eating, lying, standing, and walking behaviors. These sensors also
capture GPS location, battery level, and timestamps. Data is wirelessly transmitted to Layer 2 for
behavior classification, then sent to cloud storage (Layer 3) and accessed by users through web or
mobile applications (Layer 4). The system design is based on the 10T framework proposed in [22].
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Figure 1. Components of the cow behavior classification system.
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Figure 2. Data collection device mounted on cow in Layer 1.
2.2. Behavior classification process
The process of the cow behavior classification system is shown in figure 3 below.
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Figure 3. Cow behavior classification process.

Accelerometer data collected from sensors mounted on the cow’s neck is segmented into fixed-
length records of 15 seconds using a 5-second sliding window with overlap. All records are
normalized, labeled based on video observations, and split into training (70%) and testing (30%)
sets. The data processing procedure follows the methodology described in [22]. The classification
model is trained using the LSTM algorithm [13] with the training dataset. The classification results
from the test dataset are evaluated by comparing them with actual observations (ground truth
labels) to assess the model's performance.
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2.3. Acceleration data collection

Data was collected from five cows under normal conditions, with no behavioral restrictions.
Sensors were mounted on the neck and leg and synchronized during data acquisition. The
behaviors of the cows in this study are described as follows:

Eating: The cow consumes food.
Lying: The cow is lying down, with its legs and belly in contact with the ground.
— Standing: The cow is standing on all four legs.
Walking: The cow is moving using its legs.
The number of behavior samples is 18,230 labeled records used for training and testing [22].
2.4. Feature extraction

In this study, the two features we used are the root mean square (RMS) value and the mean
value, as defined by the following formulas (1) and (2):

IS ald )

RMSy, = | i 1)
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Where: RMS,, is the root mean square value of the record Y, m(Y;) is the mean value of the
record Y;, Y is y-axis data, Y; is the record t with N samples, y, is the k-th sample of record Y;.

The formula for the x-axis and z-axis is similar.
2.5. Deep learning model: LSTM

An LSTM model with two stacked layers containing 64 and 32 hidden units is used to classify
cow behaviors from time-series accelerometer data. Batch Normalization and Dropout (rate = 0.3)
are applied between layers to enhance stability and prevent overfitting. The output is flattened and
passed through a Dense layer with 4 units corresponding to the behaviors: Eating, Lying, Standing,
and Walking, with Softmax activation for multi-class classification.

The model is trained using the Adam optimizer (learning rate = 0.001), categorical cross-
entropy loss, batch size of 64, and 200 epochs. The total number of parameters is approximately
17,000-20,000, making the model lightweight and suitable for real-time deployment in livestock
monitoring systems.

2.6. Evaluation indicators

The evaluation indicators Accuracy, Sensitivity, and Positive Predictive Value (PPV)
calculated as follows:

TP+ TN
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Where:

— TP (True Positive): The number of intentions correctly labeled compared to observations.

— FN (False Negative): The number of intentions incorrectly labeled as other intentions.

— FP (False Positive): The number of other intentions incorrectly labeled as the intention
under consideration.

— TN (True Negative): The number of other intentions correctly labeled compared to observations.
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3. RESULTS AND DISCUSSIONS

The proposed application of the LSTM model in cow behavior classification demonstrates
significant improvement in performance compared to traditional machine learning approaches,
specifically Random Forest (RF) the best-performing ML model for this dataset as reported in [22].

As presented in table 1, the LSTM model achieved high classification accuracy across four
behaviors: Feeding (91%), Lying (90%), Standing (78%), and Walking (88%). Corresponding
sensitivities were 85%, 81%, 73%, and 69%, while PPVs were 85%, 71%, 73%, and 77%,
respectively, as detailed in table 2. The confusion matrix further indicates that Feeding behavior
had the highest correct classification rate (1129/1326), whereas Standing was most often confused
with other behaviors, particularly Lying (145 instances) and Walking (253 instances), explaining
its relatively lower performance.

Table 1. Confusion matrix on the dataset of five individual cows.

Predicted behavior
. . . . Total
Dataset Feeding Lying | Standing Walking
Feeding 1129 2 153 42 1326
Observed behavior Lym_g 14 723 241 42 1020
Standing 187 145 1572 253 2157
Walking 4 27 186 746 963
Sum 1334 897 2152 1083 5466
Table 2. Experimental results.

Behavior Acc Sen PPV

Feeding 91% 85% 85%

Lying 90% 81% 71%
Standing 78% 73% 73%
Walking 88% 69% 7%
Average 86,6% 7% 76,5%

Comparative analysis between LSTM and RF is illustrated in figures 4(a—c). Regarding
classification accuracy (figure 4a), the LSTM model consistently yields higher results across all
behaviors. For Feeding, LSTM achieves an accuracy of 91%, exceeding the 84% recorded by RF.
Similarly, LSTM attains 90% for Lying, whereas RF only reaches 80%. In the case of Standing,
the improvement is more substantial, with LSTM reaching 78% in contrast to RF’s 66%. For
Walking, the LSTM model delivers an accuracy of 88%, outperforming the 79% achieved by RF.
These results indicate that LSTM not only maintains consistent performance but also offers
improved classification in both frequent and transitional behaviors.

In terms of sensitivity (figure 4b), LSTM again surpasses RF in nearly all categories. The model
reaches 94% sensitivity for Feeding, significantly higher than the 85% obtained by RF. For Lying,
LSTM achieves 92%, while RF achieves only 81%. Similarly, Standing behavior is better captured
by LSTM with 80% sensitivity, compared to 70% for RF. The only exception is observed in
walking behavior, where RF slightly outperforms LSTM at 86% compared to 83%. However, this
small difference does not impact on the overall advantage demonstrated by LSTM.

With respect to positive predictive value (figure 4c), LSTM continues to show superiority. It
records a PPV of 91% for Lying, compared to 82% for RF. For Standing, the values are 79% for
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LSTM and 68% for RF, while in Walking, LSTM reaches 87% and RF 78%. Although RF yields
a slightly higher PPV for Feeding-87% compared to 84% from LSTM-this marginal difference is
outweighed by the consistent improvements seen in the remaining behaviors.
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Figure 4. Classification performance of the LSTM model and Random Forest (the best machine
learning model for this dataset [22]).

In the study by Peng et al. [21], an accelerometer sensor attached to the cow's neck was used to
classify eight behaviors. With a 3.2-second data window, the classification model using the
RNN/LSTM algorithm achieved 88% accuracy, 88% sensitivity, and 88% PPV. Their study also
demonstrated that the LSTM-RNN model outperformed the CNN model in classification performance.

Overall, if the real-time factor is not considered in the behavior classification process, the
study's results confirm that the LSTM (Deep learning) outperforms the RF (ML) in most
classification metrics. However, the slightly lower specificity in Walking behavior suggests that
relying solely on temporal dependencies may not be sufficient for optimal classification of this
behavior. Enhancing the feature extraction process or integrating hybrid modeling approaches
could further improve performance. Our future research will expand to larger, more diverse
datasets and investigate the application of hybrid models to improve classification accuracy.

4. CONCLUSIONS

In this study, we demonstrated that using the LSTM model provides higher classification
performance compared to machine learning models when utilizing the dataset obtained from
sensors worn on the cow's neck. We conducted experiments on machine learning algorithms and
the LSTM model using the same dataset collected from five cows, and the classification results of
the LSTM model achieved ideal outcomes. Specifically, the accuracy for eating behavior was 91%,
Lying was 90%, Standing was 78%, and Walking was 88%. The sensitivity for Eating behavior
was 85%, Lying was 81%, Standing was 73%, and Walking was 69%. The PPV for Eating
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behavior was 85%, Lying was 71%, Standing was 73%, and Walking was 77%. Future studies will
experiment with other deep learning methods, such as Transformer or CNN-LSTM, to assess their
potential for improving classification performance. Additionally, integrating data from various
types of sensors, such as motion sensors and biometric sensors, could enhance the accuracy and
applicability of the system in smart livestock farming.
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TOM TAT

Giam sat hanh vi bo sir dung hoc sau:
Phwong phap dua trén mang LSTM va dir li€u gia toc

Viéc phan tich div liéu hanh vi la yéu té quan trong givip phdt hién sém cdc van dé vé
tinh trang sirc khée cia bo, tiv d6 ti wu héa quy trinh chdn nudi va ndng cao ndng sudt tqi
cdc trang trai 1om. Gia toc ké (cam bién gia toc) dwoc gin trén ¢é hodc chdan bo giap thu
thép dit liéu chuyén dong, tao co sé cho viée phan tich hanh vi cia déng vit. Trong cdc
nghién cuu trudc day, hé théng phan logi hanh vi cua bo da dwoc dé xudt dua trén dir liéu
gia toc két hop véi cdc thudt todn hoc may. Tuy nhién, véi sie phdt trién ciia hoc sdu, viéc
dp dung mang bg nhé dai-ngdn han (LSTM) c6 thé cdi thién dang ké hiéu sudt phan loai.
Trong nghién ciu nay, ching t6i sir dung mang LSTM dé phan loai bon hanh vi chinh cia
bo: an, nam, dung va di. Mo hinh LSTM c6 kha nang xu Iy dir liéu chuoz thoi gian hiéu qua
nho co ché ghi nhé thong tin quan trong va loai bé dir liéu khong can thiét. Két qua thir
nghiém cho thdy mé hinh dat hiéu sudt phan logi cao, véi do chinh xdc trung binh xdp xi
90% cho tdt cd cdc hanh vi, cao hon so véi cac thudt toan hoc mdy truée do. Nghién ciru
nay cé thé dwoc trién khai trong cdc trang trai thong minh, két hop véi cong nghé IoT dé ti
dong hoa viéc giam sat va quan ly dan gia suc mot cach hiéu qua.

Tir khoa: Cam bién gia t5¢c; Phan loai hanh vi; LSTM; Giém sét.
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