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Abstract

This paper presents a hybrid CNN-LSTM model with an attention mechanism for the early detection of lameness in cattle
using data from a pedometer-type wearable sensor unit. The input feature set includes accelerometer, gyroscope, and
magnetometer measurements, generated statistical activity indicators, and demographic and physiological variables. In
the proposed architecture, CNN layers extract local temporal patterns, LSTM layers model longer-term dependencies,
and the attention mechanism emphasizes diagnostically informative sequence fragments. In preliminary validation on
the available experimental dataset, the model achieved an accuracy of 98.6%. Further evaluation using an independent
test set and data collected under real farm conditions is required to confirm the robustness and practical applicability
of the approach.
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1. Introduction

Lameness is one of the most significant health and welfare problems in cattle farming. It is associated with reduced milk
yield, loss of body weight, impaired reproductive performance, and a lower quality of life for affected animals [1]. As a
result, farms may incur substantial economic losses. Early detection of lameness and timely therapeutic and preventive
measures can reduce these losses, support herd productivity, and decrease veterinary costs.

Modern digital technologies, including sensor-based monitoring systems and artificial intelligence algorithms, offer a
promising approach to the early detection of lameness [2]. In particular, accelerometers, gyroscopes, and
magnetometers can record animal movement parameters and support the automatic identification of patterns
associated with gait abnormalities.

In recent years, animal health monitoring using sensor devices has become an important area of digital livestock
farming. On dairy farms, these technologies make it possible to monitor the general condition of animals more precisely
and to detect possible health disorders at an earlier stage [3, 4]. Machine learning methods are commonly applied to
data collected from sensors. In studies of animal motor activity, methods such as support vector machines [5-8], random
forests [9, 10], and decision trees [11-13] have been used.

However, traditional machine learning methods usually require preliminary manual extraction of features from sensor
signals. Such features may be obtained using frequency analysis of accelerometer data [14] and statistical feature
extraction methods [15]. Although these approaches can be effective, they are labor-intensive, depend strongly on
expert-defined feature sets, and may not fully capture diagnostically relevant movement patterns [16].
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For this reason, increasing attention has been paid to deep learning approaches, which can automatically extract
informative representations directly from raw or minimally processed data. Under appropriate training and validation
conditions, such models can improve classification performance and reduce dependence on manual feature engineering
[17].

One of the key tasks in sensor-based lameness detection is distinguishing movement patterns corresponding to normal
and impaired gait. If manually selected features do not reflect the essential characteristics of a motor disorder, the
algorithm's ability to detect abnormal changes may be limited. Therefore, the present study considers a deep learning-
based approach in which the model learns hidden relationships and temporal patterns in the input data, thereby
forming a more informative representation of animal movement [18-20].

2. Materials and Methods

Monitoring cattle activity can support the early detection of changes in animal health. For such analysis, it is necessary
to collect reliable data on movement parameters with sufficient temporal resolution. In this study, sensor devices were
used to register motor activity in near real time.

During monitoring, the sensors record physical parameters of the animal's movement. The collected data are then
transmitted to a central server, where they are stored and processed for analysis, monitoring, and prediction tasks.

Reliable and continuous data collection requires the selection of wearable sensor devices with sufficient measurement
accuracy and operational stability. In this study, a pedometer-type wearable sensor unit was used as the primary data
collection device. The device combines several motion sensors, enabling a comprehensive assessment of cattle motor
activity.

The pedometer-type device is designed for continuous tracking of movement parameters throughout the day. It
contains an accelerometer and additional motion sensors that record changes in motor activity and store them in digital
form. For continuous monitoring, the device is attached to the leg of the animal and transmits the collected data to a
server. This makes it a central element of the data collection and motor activity analysis system. The use of such
wearable sensor devices offers the following advantages:

e High temporal resolution: the device provides continuous information on animal physical activity and can
register relatively small changes in movement behavior.

e Continuous monitoring: placement of the device on an animal's leg enables round-the-clock data collection and
supports prompt detection of deviations.

e Process automation: the use of wearable sensors reduces reliance on manual observation and decreases the
likelihood of subjective assessment errors.

e Suitability for long-term observation: long-term data collection is important for identifying persistent or
chronic disorders and improving the effectiveness of veterinary interventions.

The pedometer used in this study includes three types of sensors: an accelerometer, a gyroscope, and a magnetometer.
Each performs specific functions in recording movement parameters.

The accelerometer records linear acceleration along the X, y, and z axes. It can be used to estimate step-related activity,
activity duration, acceleration, and deceleration. In the context of this study, accelerometer data make it possible to
assess the animal's overall activity, movement intensity, and periods of immobility.

The gyroscope records angular velocity around the x, y, and z axes. This sensor helps characterize changes in body
orientation, turns, tilts, and gait symmetry, which may be associated with early signs of lameness.

The magnetometer determines the device's orientation relative to the Earth's magnetic field. It complements
accelerometer and gyroscope data by supporting estimation of movement direction and spatial orientation during long-
term observation.

The combined use of accelerometer, gyroscope, and magnetometer data provides a more complete description of the

animal's movement and body orientation. While the accelerometer reflects movement intensity, the gyroscope
characterizes changes in angular position, and the magnetometer supports estimation of movement direction in space.
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A diagram showing the installation of the sensor device on the leg of a cow and the orientation of the sensor axes is
presented in Fig. 1.

Figure 1 Sensor orientation

In this study, parameters obtained from sensor devices, together with generated statistical features and animal-specific
characteristics, were used as input data for the neural network model. The input feature set was divided into three
groups.

2.1. Parameters obtained from sensors installed in the wearable device:

Ax - acceleration along the x-axis;

Ay - acceleration along the y-axis;

A; - acceleration along the z-axis;

Gx - gravitational component along the x-axis;

Gy - gravitational component along the y-axis;

G: - gravitational component along the z-axis;

Ry - angular velocity along the x-axis;

Ry - angular velocity along the y-axis;

Rz - angular velocity along the z-axis;

Roll - angular position relative to the longitudinal axis;
Pitch - angular position relative to the transverse axis;
Yaw - angular position relative to the vertical axis.

2.2. Statistical movement parameters generated from processed sensor data:

Sstep - number of steps per hour;

va - average movement speed per hour;

Tq - duration of the activity period per hour;

Tr - duration of the rest period per hour;

P - number of body position changes, including transitions from standing to lying and vice versa.

3. Demographic and physiological data:

e A-age of the animal;
e IW-body weight of the animal;
e B-breed of the animal.

This set of input features provides a comprehensive characterization of the animal's motor activity. Temporal changes
in acceleration, gravitational components, and angular position describe movement dynamics; statistical features
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summarize activity levels, rest periods, step count, and body position changes; and demographic and physiological data
help account for individual animal characteristics.

Thus, the generated parameter set provides a meaningful basis for developing a neural network model. Based on these
data, the model can learn patterns associated with normal and abnormal movement dynamics and use them for the
classification of lameness-related indicators.

4. Development and Evaluation of a Hybrid Neural Network Model

Preliminary experiments considered the separate application of LSTM and CNN models because sensor-based
movement data are represented as time sequences. LSTM models are suitable for identifying temporal dependencies;
however, they may be less effective at capturing local changes and short-term motion patterns in sensor signals. CNN
models, in contrast, are well suited for extracting local features, but their ability to model long-term dependencies is
limited compared with recurrent architectures. Therefore, this study proposes a hybrid architecture that combines the
strengths of both approaches.

The main idea of the hybrid model is that CNN layers first extract local temporal and spatial features from the sensor
data, after which LSTM layers analyze longer-term dependencies. This structure makes it possible to consider both local
changes in movement and more general gait patterns. However, standard LSTM layers do not explicitly indicate which
time intervals are most diagnostically informative, although different fragments of a sequence may have unequal
importance for lameness detection.

To address this limitation, the model incorporates an attention mechanism. This mechanism allows the neural network
to assign greater weight to informative time points and reduce the influence of less relevant fluctuations in the data. As
aresult, the model can focus on movement fragments that are more strongly associated with lameness-related patterns.
The general structure of the proposed hybrid CNN-LSTM model with an attention mechanism is shown in Fig. 2.
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Figure 2 Proposed neural network architecture

In the proposed architecture, the CNN layers perform two main functions. First, they extract local features, such as rapid
changes in acceleration or angular velocity. Second, together with pooling operations, they reduce the temporal
dimension of the data before passing it to the LSTM layers, thereby improving the efficiency of subsequent time-series
processing.

After processing by the convolutional layers, the data are passed to LSTM blocks, where patterns that occur over longer
time intervals are analyzed. The attention mechanism is then used to focus the model on key sequence fragments that
are most relevant for lameness prediction. The convolutional layers use same padding; therefore, the sequence length
is preserved before max-pooling operations. The model structure and trainable parameters of its layers are presented
in Table 1.
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Table 1 Structure of the proposed model and number of trainable parameters

No. | Layer type Output shape | Number of trainable parameters
1 InputLayer (72, 20) 0

2 Conv1D (64, k=3) (72, 64) 3,904
3 BatchNormalization | (72, 64) 128

4 MaxPooling1D (p=2) | (36, 64) 0

5 Conv1D (32, k=3) (36,32) 6,176
6 BatchNormalization | (36, 32) 64

7 MaxPooling1D (p=2) | (18, 32) 0

8 LSTM (64) (18, 64) 24,832
9 LayerNormalization | (18, 64) 128

10 | LSTM (32) (18,32) 12,416
11 | LayerNormalization | (18, 32) 64

12 | Attention (18,32) 0

13 | Concatenate (18, 64) 0

14 | LSTM (16) (16) 5,184
15 | Dropout (0.3) (16) 0

16 | Dense (32, ReLU) (32) 544
17 | Dense (1, sigmoid) (1 33

The training behavior of the proposed hybrid CNN-LSTM model with an attention mechanism was evaluated using
accuracy and loss values calculated for the training and validation subsets. The accuracy dynamics are presented in Fig.
3, whereas the corresponding loss dynamics are shown in Fig. 4.
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Figure 3 Training and validation accuracy curves of the proposed hybrid CNN-LSTM model with an attention

mechanism
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Figure 4 Training and validation loss curves of the proposed hybrid CNN-LSTM model with an attention mechanism

To reduce the risk of overfitting, the training procedure was configured for a maximum of 100 epochs, and an early
stopping strategy was applied. The training process was terminated at the 87th epoch because subsequent epochs did
not result in a substantial improvement in validation performance. This indicates that the model reached its most
effective state before the predefined maximum number of epochs.

As shown in Fig. 3, both the training and validation accuracy values increased steadily during the learning process. The
relatively small difference between these curves suggests that the model did not merely memorize the training data but
learned representations that remained effective on the validation subset. Minor fluctuations in the validation curve are
expected in supervised learning experiments and do not indicate pronounced instability of the proposed model.

Fig. 4 demonstrates a consistent decrease in loss values for both the training and validation subsets. The absence of a
continuously widening gap between the two curves indicates that the training process remained stable and that no clear
signs of severe overfitting were observed within the reported training interval.

On the validation subset, the proposed hybrid CNN-LSTM model with an attention mechanism achieved an accuracy of
98.6%. This result should be interpreted as performance obtained under the conditions of the experimental dataset.
Therefore, further validation on independent datasets and in real farm environments is required to confirm the
robustness and practical applicability of the model. From an architectural perspective, the CNN layers contribute to the
extraction of local temporal and spatial features, the LSTM layers model long-term dependencies in sensor sequences,
and the attention mechanism emphasizes diagnostically informative time intervals relevant to lameness detection.

The obtained results suggest that the proposed approach can analyze cattle movement parameters with high accuracy
on the available experimental dataset and may serve as a basis for developing intelligent systems for early lameness
detection. At the same time, the achieved accuracy should be interpreted cautiously because the stability of the model
must be verified under real farm conditions, where data can be affected by the external environment, individual animal
characteristics, sensor placement, and the operational quality of sensor devices.

5. Conclusion

This paper presented an approach to the early detection of lameness in cattle based on sensor data and deep learning
methods. The input feature set was formed using parameters obtained from an accelerometer, a gyroscope, and a
magnetometer, together with statistical, demographic, and physiological indicators. This combination of data provides
a comprehensive description of animals' motor activity and supports the identification of deviations associated with
gait abnormalities.

The proposed hybrid CNN-LSTM architecture with an attention mechanism combines the advantages of convolutional

and recurrent neural networks. The CNN layers extract local features from sensor signals, the LSTM layers analyze long-
term temporal dependencies, and the attention mechanism enables the model to focus on the most informative parts of
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a sequence. The training results showed that the model can achieve high classification accuracy on validation data and
maintain stable generalization performance within the available experimental conditions.

The scientific and practical significance of the proposed approach lies in its potential to automate animal health
monitoring and reduce the time required to identify early signs of disease. Further research should focus on expanding
the experimental sample, using an independent test set, evaluating additional metrics such as precision, recall, F1-score,
and ROC-AUC, testing the model under real farm conditions, and assessing its robustness across different breeds, age
groups, and housing conditions.

References

[1]

[2]

[3]

[4]

8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

Chapinal N. et al. Using gait score, walking speed, and lying behavior to detect hoof lesions in dairy cows //
Journal of Dairy Science. 2009. T. 92. N2 9. C. 4365-4374.

Geldibayev B. et al. Early detection of lameness in dairy cows // AIP Conference Proceedings. AIP Publishing LLC,
2025.T.3331.Ne 1. C. 070006.

Suresh Neethirajan. Recent advances in wearable sensors for animal health management // Sensing and Bio-
Sensing Research. 2017. T. 12. C. 15-29.

Geldibayev B. Y., Ollamberganov F. F. Sog‘in sigirlarda ogsoqlikni erta aniglashning mashinali o‘gitishga
asoslangan algoritmi // O‘%zbekiston Respublikasi Fanlar Akademiyasi Qoraqalpog‘iston Bo‘limining
Axborotnomasi. 2024. Ne 3(276). C. 7-14.

Hamilton A. W,, Davison C., Tachtatzis C., Andonovic 1., Michie C., Ferguson H. J., Somerville L., Jonsson N. N.
Identification of the rumination in cattle using support vector machines with motion-sensitive bolus sensors //
Sensors. 2019. T. 19. Ne 5.

Benaissa S., Tuyttens F. A. M., Plets D., de Pessemier T., Trogh |J., Tanghe E., Martens L., Vandaele L., Van Nuffel A,
Joseph W., Sonck B. On the use of on-cow accelerometers for the classification of behaviours in dairy barns //
Research in Veterinary Science. 2019. T. 125. C. 425-433.

Martiskainen P., Jarvinen M., Skén ].-P., Tiirikainen ]., Kolehmainen M., Mononen ]J. Cow behaviour pattern
recognition using a three-dimensional accelerometer and support vector machines // Applied Animal Behaviour
Science. 2009. T. 119. Ne 1. C. 32-38.

Geldibayev B. Y., Turmuxanov N. K., Elmuratov Q. Q. Chorva mollarida ogsoqlikni erta aniqlashda tayanch vektor
mashinalari algoritmini qo‘llash // Muhammad al-Xorazmiy avlodlari. 2024. T. 29. Ne 3. C. 79-83.

Shahinfar S., Khansefid M., Haile-Mariam M., Pryce ]. E. Machine learning approaches for the prediction of
lameness in dairy cows // Animal. 2021. T. 15. Ne 11. C. 100391.

Neupane R, Aryal A,, Haeussermann A., Hartung E., Pinedo P., Paudyal S. Evaluating machine learning algorithms
to predict lameness in dairy cattle // PLOS ONE. 2024. T. 19. N2 7. e0301167.

Gonzalez L. A, Bishop-Hurley G. ., Handcock R. N., Crossman C. Behavioral classification of data from collars
containing motion sensors in grazing cattle // Computers and Electronics in Agriculture. 2015. T. 110. C. 91-102.

Abell K. M., Theurer M. E., Larson R. L., White B. ., Hardin D. K., Randle R. F. Predicting bull behavior events in a
multiple-sire pasture with video analysis, accelerometers, and classification algorithms // Computers and
Electronics in Agriculture. 2017. T. 136. C. 221-227.

Kasfi K. T., Hellicar A., Rahman A. Convolutional Neural Network for Time Series Cattle Behaviour Classification:
TSAA’16. Association for Computing Machinery. C. 8-12.

Shrestha A., Loukas C., Le Kernec ]., Fioranelli F., Busin V., Jonsson N., King G., Tomlinson M., Viora L., Voute L.
Animal lameness detection with radar sensing // IEEE Geoscience and Remote Sensing Letters. 2018. T. 15. Ne 8.
C.1189-1193.

Balasso P., Marchesini G., Ughelini N., Serva L., Andrighetto I. Machine learning to detect posture and behavior in
dairy cows: information from an accelerometer on the animal’s left flank // Animals. 2021. T. 11. Ne 10.

Pavlovic D., Davison C., Hamilton A., Marko 0., Atkinson R., Michie C., Crnojevi¢ V., Andonovic 1., Bellekens X.,
Tachtatzis C. Classification of cattle behaviours using neck-mounted accelerometer-equipped collars and
convolutional neural networks // Sensors. 2021. T. 21. Ne 12.

1106



[17]

[18]
[19]

[20]

International Journal of Science and Research Archive, 2026, 19(02), 1100-1107

Lu ], Zheng X., Sheng M., Jin |, Yu S. Efficient human activity recognition using a single wearable sensor // IEEE
Internet of Things Journal. 2020. T. 7. Ne 11. C. 11137-11146.

Dara S., Tumma P. Feature extraction by using deep learning: a survey. C. 1795-1801.

Fan G.-F., Han Y.-Y,, Li ].-W,, Peng L.-L., Yeh Y.-H., Hong W.-C. A hybrid model for deep learning short-term power
load forecasting based on feature extraction statistics techniques // Expert Systems with Applications. 2024. T.
238.C.122012.

Jiang B., Song H., Wang H., Li C. Dairy cow lameness detection using a back curvature feature // Computers and
Electronics in Agriculture. 2022. T. 194. C. 106729.

1107



