
 

*Corresponding author.  

Email address: w.pongsena@sskru.ac.th 

https://doi.org/10.64960/easr.2026.266990 

Engineering and Applied Science Research 2026;53(5):562-572                                                                                                               Research Article 

 

 
                               Engineering and Applied Science Research 

 

       https://www.tci-thaijo.org/index.php/easr/index          
 

                                   Published by the Faculty of Engineering, Khon Kaen University, Thailand 
 

 

 

Field validation of a proximity-gated AI framework for mounting-based estrus detection in 

dairy cattle 

 
Watthana Pongsena*1), Prakaidoy Ditsayabut2) and Phakpoom Chinprutthiwong1) 

 
1)School of Software Engineering and Artificial Intelligence, Faculty of Liberal Arts and Science, Sisaket Rajabhat University, 

Sisaket 33000, Thailand 
2)Department of Product Research and Development, Hyperm Corporation, Co., Ltd., Nakhonratchasima 30000, Thailand 

 
Received 31 March 2026 

Revised 18 July 2026 

Accepted 21 July 2026 

 

 

Abstract 

 
Accurate estrus detection remains challenging because activity-based monitoring systems may misinterpret non-reproductive 

movements as estrus-related activity. This study hypothesized that mounting-based estrus detection can be improved by conditioning 

accelerometer-based motion classification on inter-animal proximity, where mounting is physically feasible. We developed and field-

tested a proximity-gated AI framework integrating Bluetooth Low Energy (BLE) proximity sensing with tri-axial accelerometer-based 

motion analysis. Unlike conventional activity-only ML/DL approaches, the proposed framework treats estrus detection as an 

interaction-dependent behavioral event by first validating close-contact feasibility and then applying motion classification and event-

level aggregation. Controlled evaluation using 120 manually annotated mounting events achieved an event-level F1-score of 93.2% 

with the LSTM model. A retrospective ablation analysis showed that BLE proximity gating reduced false-positive event candidates 

from 48 to 6 compared with ungated motion-only inference, corresponding to an 87.5% reduction. Precision increased from 70.0% to 

94.8%, while recall decreased slightly from 93.3% to 91.7%. The system was subsequently deployed across three smallholder dairy 

farms using 71 collar-mounted devices. During field deployment, 31 confirmed estrus events were recorded, of which 23 were detected, 

corresponding to a field-level recall of 74.2%; no false-positive alerts were observed within this limited dataset. Among 13 system-

detected cows that underwent artificial insemination, 11 did not return to estrus during the first expected post-insemination cycle 

follow-up, giving a first-cycle non-return proportion of 84.6% (11/13), used as a field proxy rather than confirmed pregnancy. These 

findings support the hypothesis that proximity-gated behavioral validation improves the biological specificity of mounting-based estrus 

detection, although broader multi-site and longitudinal validation remains necessary. 

 

Keywords: AI-Driven estrus detection, Bluetooth Low Energy (BLE) proximity sensing, Mounting event detection, Deep learning, 

Precision livestock farming 

 

 

1. Introduction 

 

Accurate estrus detection is a critical factor influencing reproductive efficiency and economic sustainability in dairy production 

systems. Failure to identify estrus at the appropriate time results in missed insemination opportunities, extended calving intervals, and 

reduced lifetime milk yield [1, 2]. Although smallholder herds are smaller than commercial herds, reliable estrus detection remains 

difficult because estrus behavior is short, intermittent, and often occurs at night or outside routine observation periods. Smallholder 

farms also commonly face constraints in access to advanced commercial monitoring systems, timely reproductive decision support, 

and routine labor scheduling. Therefore, a low-power and biologically specific monitoring system may help reduce missed insemination 

opportunities and unnecessary interventions in resource-constrained farm settings. 

Traditionally, estrus detection relies on visual observation of behavioral signs, particularly standing heat behavior. However, 

manual observation is labor-intensive, subjective, and often restricted to limited observation periods. Moreover, estrus-related 

behaviors frequently occur at night or outside routine monitoring schedules [3]. As herd sizes increase and labor resources decline, the 

limitations of visual observation become more evident, motivating the development of automated estrus detection technologies. 

To address these challenges, various sensor-based monitoring systems have been proposed, including pedometers, accelerometers, 

pressure-sensitive mounting detectors, and rumination monitoring devices [4-6]. Reported performance varies substantially depending 

on sensor type, reference standard, and farm conditions. For example, Valenza et al. [7] reported that an accelerometer-based activity 

system detected 71% of cows in estrus, while heat-mount detectors detected 66% in the same experimental context. In a comparative 

field study, Holman et al. [8] reported sensitivities of 58.9% for neck-collar activity monitoring, 63.3% for pedometers, and 35.9% for 

scratchcard heat-mount detectors, with positive predictive values of 93.5%, 73.5%, and 63.9%, respectively. These quantitative findings 

indicate that conventional tools can support estrus detection but may still miss events or generate uncertainty under practical farm 

conditions. 
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Despite their advantages, activity-based estrus detection approaches often suffer from limited behavioral specificity. Increased 

locomotor activity can arise from various non-reproductive factors, including social competition, feeding disturbances, lameness, or 

environmental stressors [5, 7]. As a result, these systems may generate false-positive alerts that reduce farmer confidence and increase 

unnecessary insemination interventions, especially when the system lacks contextual evidence that a reproductive social interaction is 

physically feasible. 

Among behavioral indicators of estrus, mounting behavior is widely recognized as one of the most biologically meaningful signs 

because it reflects sexually motivated social interaction during the peri-estrus period [9, 10]. Mounting events are closely associated 

with hormonal changes during the estrous cycle and can provide guidance for optimal insemination timing [11, 12]. Unlike generalized 

locomotor activity, mounting requires close physical interaction between animals and therefore provides stronger behavioral specificity 

for estrus expression. However, mounting behavior is typically short in duration, lasting approximately 3-5 seconds, and occurs 

sporadically within complex social interactions, making reliable automated detection technically challenging [8]. 

Recent advances in artificial intelligence (AI) and machine learning have significantly improved the ability to recognize complex 

behavioral patterns from high-frequency sensor data and wearable devices [13-15]. Computer-vision approaches have also been 

investigated for automated livestock behavior analysis [16]. Deep learning architectures such as recurrent neural networks and 

convolutional neural networks enable automated extraction of temporal motion features from wearable sensor signals [17]. AI-driven 

approaches have therefore been increasingly explored for livestock behavior recognition and health monitoring applications [18, 19]. 

However, most existing AI-based estrus detection systems still rely primarily on single-animal activity signals without considering 

the interaction context required for mounting behavior. From a biological perspective, mounting events inherently involve the spatial 

interaction of at least two animals. Ignoring this interaction constraint may lead to misinterpretation of unrelated motion patterns as 

potential estrus signals. The central hypothesis of this study was therefore that mounting-based estrus detection can be made more 

biologically specific by evaluating accelerometer-derived motion patterns only during inter-animal proximity intervals in which 

mounting is physically feasible. 

From a smart farming systems perspective, reliable decision support requires not only accurate signal classification but also 

contextual validation to ensure biological plausibility [20]. In the context of estrus detection, this implies that motion signals should be 

evaluated within interaction-feasible situations rather than analyzed in isolation. 

To address this limitation, this study proposes a proximity-gated AI framework for mounting-based estrus detection. The novelty 

of the proposed framework lies not in the use of ML/DL alone, but in the integration of interaction-aware BLE proximity validation 

before motion classification. This design formalizes estrus detection as a biologically constrained social interaction event rather than 

as an isolated increase in locomotor activity. BLE signals are used to identify short-range interaction intervals between animals, and 

accelerometer signals within these intervals are subsequently analyzed by machine learning and deep learning models to detect 

mounting behavior. 

To establish reliable training data, controlled dummy-mounting experiments were conducted at a bull stud farm where breeding 

bulls repeatedly mount a stationary artificial dummy cow during semen collection procedures. This setup enables accurate annotation 

of mounting events and provides high-quality ground-truth data for model development. Following the controlled calibration phase, 

the system was deployed across multiple smallholder dairy farms to evaluate operational performance under real farm conditions. 

Unlike studies that focus primarily on algorithmic accuracy under laboratory conditions, this research emphasizes system-level 

validation of an integrated estrus monitoring platform. The evaluation considers mounting detection accuracy, the independent 

contribution of proximity gating, field deployability, operational robustness, and reproductive management outcomes. 

The main contributions of this study are summarized as follows: 

1. Development of an AI-driven proximity-gated sensing architecture that integrates BLE-based proximity validation with 

motion-based mounting classification for biologically plausible estrus detection. 

2. Systematic comparison of classical machine learning models and deep learning architectures for mounting-event recognition 

under controlled experimental conditions. 

3. Formal event-level ablation analysis comparing ungated motion-only inference with BLE proximity-gated inference to quantify 

the contribution of proximity gating to false-positive suppression. 

4. Field deployment of 71 collar-mounted sensing devices across three smallholder dairy farms to evaluate operational feasibility 

under real farm conditions. 

5. Field-based validation of estrus detection performance under real farm conditions, including behavioral detection accuracy and 

reproductive management outcomes. 

By combining interaction-aware sensing with AI-based behavioral recognition and real-world deployment, this study suggests a 

scalable and biologically grounded framework for automated estrus monitoring in smallholder dairy production systems. 

 

2. Materials and methods 

 

This section describes the design, implementation, and evaluation methodology of the proposed AI-driven IoT framework for 

mounting behavior detection targeting automated estrus detection in dairy cattle. The emphasis is placed on system architecture, 

proximity-gated inference design, data collection and annotation, temporal signal processing, event-level decision logic, and 

experimental evaluation under controlled calibration prior to real-farm deployment. Hardware components are described only to the 

extent necessary to support reliable and scalable AI-based inference. 

 

2.1 System architecture for automated estrus detection   

 

The overall system architecture is illustrated in Figure 1, presenting an end-to-end IoT–AI pipeline for proximity-gated mounting 

detection targeting automated estrus detection in dairy cattle. 

Each animal is equipped with a collar-mounted sensing unit that continuously acquires proximity and motion data. These 

multimodal data streams are transmitted to a centralized backend server where AI-based inference is performed. The architecture is 

designed to decouple sensing, preprocessing, and decision making, allowing biological and physical constraints to be embedded directly 

into the AI pipeline rather than enforced through device-level rules. 
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Figure 1 End-to-end IoT system architecture for proximity-gated mounting detection 

 

At the sensing layer, Bluetooth Low Energy (BLE)–based proximity information is used to identify candidate interaction intervals 

during which mounting behavior is physically plausible. BLE proximity sensing provides a low-power and scalable mechanism for 

validating short-range interactions in indoor and semi-indoor environments [21, 22]. In the proposed framework, proximity information 

functions as a hard gating mechanism that constrains the temporal segments forwarded to AI models. 

Within these proximity-gated intervals, motion signals acquired from a tri-axial accelerometer are analyzed by machine learning 

(ML) and deep learning (DL) models to infer mounting behavior. Centralized inference allows the AI framework to capture 

discriminative short-duration motion patterns associated with mounting behavior while suppressing false positives caused by unrelated 

movements [10, 23]. Event-level decisions are generated by aggregating window-level predictions in accordance with the biological 

duration of mounting behavior. 

 

2.2 Collar-Mounted sensing device and IoT gateway 

 

Each animal was equipped with a collar-mounted sensing device that provided multimodal input for AI-based mounting detection 

without performing on-device classification. As shown in Figure 2, the collar integrated a Bluetooth Low Energy (BLE) beacon for 

proximity estimation and a GY-61 module with a tri-axial accelerometer. 

 

 
 

Figure 2 Collar-mounted sensing and relay hardware used in the field deployment: (a) collar sensing unit, (b) collar enclosure, (c) 

ESP32 microcontroller integrated with the GY-61 tri-axial accelerometer, (d) battery and BLE module inside the collar enclosure, (e) 

external gateway enclosure, and (f) internal relay electronics used to forward collar data to the server. 

 

The BLE beacon periodically broadcast and scanned wireless signals to estimate inter-animal proximity using the received signal 

strength indicator (RSSI), while the tri-axial accelerometer captured posture-related and dynamic motion patterns associated with 

mounting behavior lasting approximately 3-5 s. BLE close-contact gating was implemented as an operational criterion for interaction-

feasible proximity before motion classification. 

The IoT gateway aggregated data streams from multiple collars, aligned BLE and accelerometer timestamps, performed lightweight 

buffering and packet validation, and forwarded synchronized data for backend inference through Wi-Fi or cellular connectivity. Figure 

2 also includes an example signal relay unit used to transmit collar data to the server, while Figure 3 presents the data transmission and 

synchronization pipeline from collar-level sensing to backend AI inference. 
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Figure 3 End-to-end data transmission and AI inference pipeline for proximity-gated mounting detection. BLE proximity and tri-axial 

accelerometer data from multiple collar nodes are synchronized by an IoT gateway, transmitted to cloud storage, and processed through 

proximity gating, LSTM-based motion classification, and event-level aggregation before generating LINE alerts and farm-dashboard 

reports. 

 

Figure 3 summarizes the end-to-end data flow of the proposed estrus-detection system across five layers: sensing, edge gateway, 

cloud storage, AI inference, and application. Each collar-mounted node collects BLE RSSI data for inter-animal proximity estimation 

and tri-axial accelerometer signals for motion analysis. The IoT gateway aggregates data from multiple collars, synchronizes BLE and 

accelerometer timestamps, validates and buffers packets, and transfers the synchronized records to cloud storage via Wi-Fi or cellular 

connectivity. 

Backend inference is performed in three stages. First, BLE proximity gating retains only close-contact intervals in which mounting 

is physically feasible. Second, the LSTM classifier analyzes 4-s accelerometer windows to estimate mounting probability. Third, 

adjacent positive windows are aggregated into complete mounting events using temporal voting and duration constraints. The resulting 

events are delivered to farmers through LINE alerts and summarized on the farm dashboard. This sequential design improves biological 

interpretability by requiring both interaction feasibility and mounting-related motion before an estrus alert is generated. 

 

2.3 Data collection and ground-truth construction 

 

Mounting behavior data were collected under controlled conditions to establish a calibrated development dataset for proximity-

gated model training and systematic algorithm comparison prior to real-farm deployment. This controlled phase serves as a model 

development and calibration stage within the unified inference architecture, ensuring high-quality ground-truth labels for supervised 

learning and fair model comparison while isolating mounting-specific motion dynamics from uncontrolled social interactions. 

 

2.3.1 Controlled dummy-mounting protocol 

 

Data collection was conducted at a bull stud farm during routine semen collection sessions, where breeding bulls are trained to 

mount a dummy cow. This setting provides a controlled yet biologically relevant environment in which mounting behavior occurs 

repeatedly and can be observed unambiguously. The controlled data collection setup is shown in Figure 4. 

 

 
 

Figure 4 Controlled data collection of mounting behavior. 
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Controlled dummy-mounting enables precise identification of event onset and offset while minimizing confounding from 

overlapping social interactions [10, 24]. This phase ensures that mounting-specific motion signatures can be characterized prior to 

deployment under heterogeneous farm conditions. However, this controlled setting differs from natural cow-cow mounting in real 

herds, and this difference is explicitly considered as a limitation when interpreting generalizability. 

 

2.3.2 Definition of mounting events and annotation 

 

Direct field observation confirmed that individual mounting events typically last 3–5 seconds. Accordingly, a mounting event was 

defined as a continuous interval characterized by sustained physical contact with the dummy cow, a distinct postural change consistent 

with mounting, and elevated dynamic acceleration captured by the tri-axial accelerometer for a minimum duration of 3 seconds. 

Ground-truth labels were constructed by synchronizing sensor timestamps with manual observation logs. Each interval was 

annotated at the event level as either mounting (positive class) or non-mounting (negative class). Event-level labels were subsequently 

propagated to window-level segments during preprocessing. An example of the resulting raw collar data records is shown in Figure 5. 

 

 
 

Figure 5 Example of raw data records collected from collar-mounted sensing devices. 

 

2.4 Temporal signal characteristics and dataset composition 

 

Example accelerometer signal patterns during confirmed mounting events are illustrated in Figure 6. Sustained high-amplitude 

dynamic acceleration over approximately 3-5 seconds distinguishes mounting behavior from transient non-reproductive activities, 

motivating the formulation of mounting detection as a temporal pattern recognition problem. 

 

 
 

Figure 6 Example of tri-axial accelerometer (GY-61) signal patterns during a confirmed mounting event. 

 

Across all sessions, the controlled dataset comprised 120 confirmed mounting events. The tri-axial accelerometer was sampled at 

approximately 25 Hz, while BLE RSSI measurements were recorded at approximately 1-s intervals. Controlled data collection was 

conducted across 10 semen-collection sessions over 5 days, yielding approximately 18.4 h of synchronized raw recordings prior to 

preprocessing. Using sliding-window segmentation, the annotated events yielded approximately 2,000 mounting windows and 6,000 

non-mounting windows. Given the inherent class imbalance, subsequent model evaluation emphasizes event-level performance metrics 

in addition to window-level accuracy [25]. 
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Figure 7 Overview of the AI development pipeline for proximity-gated mounting detection. 

 

2.5 AI development pipeline overview 

 

Figure 7 summarizes the AI development pipeline used in this study. The workflow comprised proximity-gated interaction filtering, 

temporal segmentation, model training using ML and DL approaches, and event-level aggregation aligned with the biological duration 

of mounting behavior. Detailed experimental settings are presented in Sections 2.7-2.12. 

 

2.6 Field deployment protocol for estrus monitoring 

 

In addition to controlled mounting data collection at the bull stud farm, field deployment was conducted to evaluate practical estrus-

monitoring performance under real farm conditions. Following controlled calibration and comparative model evaluation, the best-

performing model was selected for field deployment. The same proximity-gated AI framework described in Sections 2.1-2.5 was then 

deployed without structural modification to assess robustness and operational feasibility in heterogeneous farm environments. 

A total of 71 collars were installed on breeding cows across three smallholder dairy farms in Sisaket and Buriram provinces, 

Thailand: Sanfun Farm (45 collars), Thong-In Farm (5 collars), and Homkhao Farm (21 collars). The system transmitted collar data 

through IoT gateways using Wi-Fi or cellular connectivity and delivered estrus alerts to farmers through the LINE application, with 

summary reports available through a farm dashboard. During deployment, estrus alerts were verified by farm owners and livestock 

officers, and subsequent return-to-estrus observations during the first expected post-insemination cycle were recorded for reproductive 

performance assessment. 

 

2.7 Experimental design overview 

 

All experiments were conducted using the same dataset, preprocessing pipeline, proximity-gated filtering mechanism, and data 

partitioning strategy described in Section 2. The objective was to isolate the effect of the learning algorithm while controlling for 

variability introduced by sensing, interaction validation, segmentation, and preprocessing procedures. Model performance was 

evaluated at two complementary levels: window-level classification and event-level detection. 

Window-level classification evaluates the ability of models to discriminate mounting-related motion patterns from non-mounting 

activity within short temporal windows derived from proximity-gated accelerometer signals. Event-level detection evaluates 

biologically meaningful mounting events by aggregating window-level predictions over the natural duration of mounting behavior, 

which typically spans 3–5 seconds. This dual-level evaluation ensures that reported performance reflects both algorithmic 

discrimination capability and practical relevance for automated estrus detection, where decisions must correspond to complete 

behavioral events rather than isolated signal fragments [10, 23]. 

 

2.8 Data partitioning strategy 

 

To prevent information leakage and overly optimistic performance estimates, data were partitioned at the session level, consistent 

with the event definitions described in Section 2.3.2. Window-level samples originating from the same mounting event were not 

allowed to appear across different subsets. The dataset was divided into 70% training data for model fitting, 15% validation data for 

hyperparameter tuning and early stopping, and 15% testing data reserved exclusively for final performance evaluation. 

This partitioning strategy ensures that model performance reflects generalization to unseen mounting events rather than 

memorization of specific motion patterns. Event-level separation is particularly important in proximity-gated behavioral detection 

systems intended for deployment under heterogeneous farm conditions [26]. 

 

2.9 Training and validation protocol 

 

For classical ML models, feature normalization parameters were computed using only the training set and subsequently applied to 

the validation and testing sets. Model hyperparameters were optimized using grid search or randomized search based on validation 

performance. 

For DL models, training was performed using mini-batch gradient descent with early stopping based on validation loss to mitigate 

overfitting. Dropout regularization was applied where appropriate. Model checkpoints corresponding to the best validation performance 

were retained for testing. 
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No model-specific data augmentation, heuristic rule injection, or post hoc threshold tuning was applied. All models were trained 

and evaluated under identical proximity-gated constraints and preprocessing configurations, ensuring fairness in performance 

comparison and preserving methodological continuity with subsequent field deployment [17, 27].  

To improve methodological transparency, the main implementation settings of the best-performing LSTM model and the 

computationally simpler GBDT classifier are reported here. For the LSTM model, each input sequence consisted of 100 time steps 

derived from a 4-s accelerometer window sampled at approximately 25 Hz, with three input features corresponding to the x-, y-, and 

z-axis acceleration signals. The LSTM architecture consisted of two recurrent layers with 64 and 32 units, respectively. The first LSTM 

layer returned the full temporal sequence, whereas the second LSTM layer returned the final hidden representation. Dropout 

regularization with a rate of 0.2 was applied after each LSTM layer. The recurrent representation was passed to a dense hidden layer 

with 16 units and ReLU activation, followed by a single sigmoid output unit for binary mounting probability estimation. The model 

was trained using the Adam optimizer with a learning rate of 0.001, binary cross-entropy loss, a batch size of 32, and early stopping 

based on validation loss with a patience of 10 epochs. 

For the GBDT classifier, engineered features were extracted from each sliding accelerometer window. These features included 

axis-wise statistical descriptors from the x, y, and z-axis acceleration signals, including mean, standard deviation, maximum, minimum, 

root mean square, and signal-magnitude-related descriptors, resulting in 18 window-level features. Hyperparameters were selected 

using grid search on the validation set. The final GBDT configuration used 150 estimators, a learning rate of 0.05, maximum tree depth 

of 5, subsampling rate of 0.8, and log-loss as the optimization criterion. 

 

2.10 Evaluation metrics 

 

Given the inherent class imbalance between mounting and non-mounting samples, multiple evaluation metrics were employed. 

Overall classification accuracy was reported to provide a general measure of correctness. Precision quantified the proportion of detected 

mounting instances that were true positives, while recall (sensitivity) quantified the proportion of true mounting events correctly 

detected. The F1-score, defined as the harmonic mean of precision and recall, was used as a balanced performance metric. 

Precision and recall are particularly important for automated estrus detection systems. False positives may lead to unnecessary 

alerts and interventions, whereas false negatives may result in missed estrus events and reduced reproductive efficiency [5, 25]. 

Accordingly, event-level metrics are emphasized as the primary indicators of biological and operational reliability. 

 

2.11 Event-Level evaluation criteria 

 

The event-level evaluation was adopted to align AI decisions with the natural duration of mounting events (3–5 seconds). Window-

level predictions were aggregated into event-level decisions using a voting strategy within each annotated event interval. 

An event-level detection was considered correct only if it occurred within the ground-truth event duration and within proximity-

gated interaction windows, thereby enforcing both temporal consistency and spatial feasibility. This biologically constrained 

aggregation strategy reduces sensitivity to transient motion artifacts and sensor noise while preserving meaningful detection outcomes 

for automated estrus monitoring [25]. 

 

2.12 Consistency and fairness across models 

 

To ensure statistical consistency and unbiased performance comparison, identical data partitions were used for all evaluated models. 

Preprocessing parameters, including proximity-gated filtering, window length, step size, and event aggregation rules, were held 

constant across experiments. No model-specific heuristics or post-processing techniques were applied. 

Performance was reported using the same evaluation metrics at both window and event levels, with particular emphasis on event-

level precision, recall, and F1-score, as these metrics directly reflect the operational reliability of automated estrus detection systems. 

For field-level proportions derived from deployment outcomes, exact 95% confidence intervals were additionally computed to support 

cautious interpretation. Formal statistical significance testing between models was not performed because the controlled evaluation 

was based on a single event-partitioned holdout design and the field deployment was intended primarily as system validation rather 

than hypothesis testing. This controlled and proximity-consistent experimental design nevertheless enables meaningful interpretation 

of accuracy-complexity trade-offs between ML and DL models and supports conclusions regarding their suitability for subsequent real-

farm deployment. 

 

2.13 Ablation analysis of proximity-gated inference 

 

To quantify the independent contribution of BLE-based proximity gating, a retrospective ablation analysis was performed using 

the same controlled event-level test partition, LSTM classifier, preprocessing pipeline, model decision threshold, and event-level 

aggregation rule. The only difference between the two inference configurations was whether BLE proximity gating was applied before 

event-level decision making. 

Tri-axial accelerometer signals sampled at approximately 25 Hz were segmented into 4-s windows with a 2-s step size, 

corresponding to 50% overlap. Each window therefore contained 100 accelerometer samples. BLE RSSI measurements were recorded 

at approximately 1-s intervals and synchronized with accelerometer windows. In the ungated motion-only configuration, all 

accelerometer windows classified as mounting by the LSTM model were retained as mounting candidates regardless of BLE proximity 

status. In the proximity-gated configuration, a window was retained as a mounting candidate only when it was classified as mounting 

by the LSTM model and satisfied the predefined BLE close-contact criterion used by the system. 

Window-level predictions were converted into event-level decisions using majority voting over the biologically plausible 

mounting-duration interval. Adjacent positive event candidates separated by 2 s or less were merged into a single predicted event. 

Event-level true positives, false positives, and false negatives were determined by matching predicted events with manually annotated 

ground-truth mounting events. Each ground-truth event was matched to at most one predicted event. Predicted events without overlap 

with any ground-truth event were counted as false positives, whereas ground-truth events without a matched predicted event were 

counted as false negatives. Precision, recall, F1-score, and false-positive event reduction were used to compare gated and ungated 

inference. 
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3. Results  

 

This section presents the results obtained during the controlled calibration phase and subsequent field deployment. All models were 

evaluated within the unified proximity-gated inference framework prior to and during real-farm implementation. Performance is 

reported at both window and event levels to ensure alignment between statistical classification accuracy and biologically meaningful 

mounting-event detection. 

 

3.1 Controlled calibration results and model evaluation 

 

3.1.1 Window-Level classification performance 

 

Window-level classification evaluates the ability of each model to distinguish mounting-related motion patterns from non-mounting 

activity within short temporal windows derived from proximity-gated tri-axial accelerometer signals, as defined in Section 2. 

 

Table 1 Window-level classification performance of machine learning and deep learning models. 

 

Model Accuracy (%) Precision (%) Recall (%) F1-score (%) 

Logistic Regression (LR) 88.3 81.2 74.6 77.8 

Decision Tree (DT) 86.9 79.5 72.1 75.6 

k-Nearest Neighbors (kNN) 89.4 83.1 76.8 79.8 

Support Vector Machine (RBF) 91.6 86.7 79.9 83.1 

Random Forest (RF) 93.2 89.5 83.7 86.5 

Gradient Boosting Decision Trees (GBDT) 94.1 91.3 85.6 88.4 

1D Convolutional Neural Network (1D-CNN) 93.8 90.7 84.9 87.7 

Long Short-Term Memory (LSTM) 94.0 91.0 86.2 88.5 

 

As presented in Table 1, ensemble-based machine learning (ML) models and deep learning (DL) models consistently outperformed 

linear and shallow classifiers across all evaluation metrics. Logistic regression and single decision tree models exhibited comparatively 

lower recall values, indicating limited capacity to model non-linear and temporally distributed acceleration patterns associated with 

mounting behavior. 

Among the classical ML approaches summarized in Table 1, Gradient Boosting Decision Trees (GBDT) achieved the highest 

window-level F1-score (88.4%), demonstrating strong discriminative power when operating on engineered accelerometer features. 

Deep learning models, including 1D Convolutional Neural Network (1D-CNN) and Long Short-Term Memory (LSTM), achieved 

comparable performance (87.7% and 88.5% F1-score, respectively) by learning temporal representations directly from raw 

accelerometer sequences [26, 27]. 

However, consistent with the evaluation rationale described in Section 2, window-level performance alone does not fully determine 

suitability for automated estrus detection, as isolated window predictions may not necessarily correspond to complete biologically 

meaningful mounting events. This limitation motivates the subsequent event-level aggregation analysis presented in Section 3.1.2. 

 

3.1.2 Event-Level mounting detection performance 

 

To align algorithmic outputs with biologically defined mounting behavior, window-level predictions were aggregated over 3–5 

second intervals, consistent with the event-level criteria described in Section 2. 

Event-level aggregation substantially improved detection performance across all evaluated models compared with window-level 

evaluation. This improvement confirms the importance of embedding biological duration constraints into AI decision logic rather than 

relying solely on fragment-level classification [10, 23]. 

 

Table 2 Event-level mounting detection performance of ML and DL models. 

 

Model Precision  

(%) 

Recall  

(%) 

F1-score  

(%) 

Logistic Regression (LR) 86.1 78.3 82.0 

Decision Tree (DT) 84.5 77.5 80.9 

k-Nearest Neighbors (kNN) 88.2 81.7 84.8 

Support Vector Machine (RBF) 91.6 85.8 88.6 

Random Forest (RF) 94.1 89.2 91.6 

Gradient Boosting Decision Trees (GBDT) 95.3 90.0 92.6 

1D Convolutional Neural Network (1D-CNN) 94.6 90.8 92.7 

Long Short-Term Memory (LSTM) 94.8 91.7 93.2 

 

Among all evaluated models reported in Table 2, the LSTM achieved the highest event-level F1-score (93.2%), indicating the 

strongest overall performance in detecting complete mounting events under proximity-constrained evaluation. However, the 

performance margin relative to Gradient Boosting Decision Trees (GBDT) was modest (92.6%). Notably, GBDT achieved near-

optimal event-level performance with substantially lower computational complexity, highlighting its practical suitability for real-time 

deployment within the proposed proximity-gated estrus detection framework. 

 

3.1.3 Impact of BLE proximity-gated processing 

 

A formal event-level ablation analysis was conducted to directly quantify the contribution of BLE proximity gating. The analysis 

compared the proposed proximity-gated inference configuration with an ungated motion-only configuration using the same LSTM 
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classifier, controlled test partition, decision threshold, preprocessing pipeline, and event-level aggregation rule. Therefore, the 

comparison isolates the effect of the BLE proximity gate on mounting-event detection. 

 

Table 3 Event-level ablation analysis of LSTM inference with and without BLE proximity gating. 

 

Config. TP FP FN Precision Recall F1 FP reduction 

Motion-only (ungated) 112 48 8 70.0 93.3 80.0 Ref. 

BLE proximity-gated 110 6 10 94.8 91.7 93.2 87.5 

 

As shown in Table 3, the ungated motion-only configuration achieved high recall but produced many false-positive event 

candidates. Specifically, ungated LSTM inference detected 112 true mounting events but generated 48 false-positive events, resulting 

in a precision of 70.0%, recall of 93.3%, and F1-score of 80.0%. After applying BLE proximity gating, the number of false-positive 

events decreased from 48 to 6, corresponding to an 87.5% false-positive event reduction. Precision increased substantially from 70.0% 

to 94.8%, while recall decreased only slightly from 93.3% to 91.7%. Consequently, the event-level F1-score improved from 80.0% to 

93.2%. These results demonstrate that BLE proximity gating contributed directly to false-positive suppression rather than serving only 

as a conceptual component of the system architecture. The slight reduction in recall suggests that a small number of true mounting 

events may have been excluded by proximity filtering, possibly due to short-term BLE signal fluctuation or collar orientation effects. 

However, the large reduction in false-positive events indicates that requiring both motion evidence and close-contact feasibility 

substantially improves the biological specificity of mounting-based estrus detection. 

 

3.1.4 Accuracy–Complexity trade-off between ML and DL models 

 

While DL models, particularly LSTM, achieved the highest event-level detection performance, their advantage over advanced ML 

models remained limited under the controlled proximity-gated setting. Given the short-duration and structured nature of mounting 

behavior, engineered-feature-based models such as Gradient Boosting Decision Trees effectively captured discriminative acceleration 

patterns without requiring deep temporal representation learning. 

Considering training stability, inference latency, and deployment simplicity within IoT-based livestock monitoring systems, GBDT 

represents a favorable trade-off between accuracy and computational complexity. In contrast, DL models may be preferred in scenarios 

involving larger datasets, higher behavioral variability, or richer multimodal integration [17, 28]. 

Based on this comparative evaluation, the LSTM model, which achieved the highest event-level F1-score (93.2%) under the 

proximity-gated configuration, was selected for subsequent field deployment. 

 

3.2 Field deployment results 

 

To evaluate real-world applicability, the LSTM model selected from the controlled phase was deployed without farm-specific 

retraining across three smallholder dairy farms in Sisaket and Buriram provinces, Thailand. A total of 71 estrus-monitoring collars 

were installed: 45 at Sanfun Farm, 5 at Thong-In Farm, and 21 at Homkhao Farm. 

 

3.2.1 Field detection performance 

 

During the monitoring period, the platform generated estrus alerts for 23 dairy cows. All 23 cases were subsequently verified by 

farm owners or livestock officers and confirmed as true estrus events. No false-positive estrus alerts were recorded during the 

observation period; all 23 alerts corresponded to confirmed estrus events within this dataset. Given the limited field sample, this finding 

is reported descriptively in counts rather than emphasized as a percentage estimate; the exact 95% lower confidence bound for precision 

was 85.2%. 

In parallel, farm observation identified 8 additional cows that were in estrus but were not detected by the system. According to 

farmer reports, most of these cows exhibited silent estrus, characterized by reduced or absent mounting behavior despite underlying 

ovarian cyclicity [3, 29]. Silent estrus is widely reported in dairy cattle, particularly under metabolic stress, environmental challenges, 

or health disorders [3, 30]. 

Because the proposed framework relies on proximity-confirmed mounting behavior as its primary detection criterion, estrus cases 

without overt behavioral expression were not identifiable by design. Considering both detected and undetected estrus cases, the total 

number of confirmed estrus events during the study period was 31. Based on this value, the field-level sensitivity (recall) of the system 

was 74.2% (23/31; exact 95% CI: 55.4-88.1%). 

The reduction in sensitivity was therefore more plausibly attributable to biological expression variability than to observed instability 

in the classification model and should be interpreted as a limitation of behavior-dependent estrus monitoring rather than as evidence of 

unstable inference under the present deployment conditions. 

 

3.2.2 Reproductive management outcomes 

 

Among the 23 cows detected by the system, 13 underwent artificial insemination (AI), while 10 were not inseminated. The primary 

reason for withholding insemination was lumpy skin disease infection, which required veterinary management and posed potential 

reproductive risks. Farmers therefore postponed insemination for affected animals. Post-insemination follow-up was conducted during 

the first expected return-to-estrus cycle. 

Of the 13 inseminated cows, 11 cows (C001, C003, C004, C005, C007, C008, C009, C010, C011, C012, and C013) did not exhibit 

a subsequent estrus event during the first expected post-insemination cycle follow-up. Two cows (C002 and C006) returned to estrus 

on days 22 and 24 after AI, respectively, indicating return to the next estrous cycle rather than an immediate false alert. Accordingly, 

the first-cycle non-return proportion was calculated as 11/13 x 100 = 84.6% (exact 95% CI: 54.6-98.1%). This metric was used as a 

practical field proxy for reproductive outcome and should not be interpreted as a confirmed pregnancy rate. 

Although non-return rate does not replace confirmatory pregnancy diagnosis through ultrasonography or hormonal assays, it 

remains an established and operationally feasible fertility metric in routine dairy practice [31]. The observed non-return rate suggests 
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that system-generated estrus alerts were biologically meaningful and appropriately timed for insemination decision-making, but it 

should not be interpreted as a confirmed pregnancy rate [32]. 

These results indicate that the proposed platform can function not only as a behavioral estrus detection system but also as a practical 

reproductive decision-support tool under smallholder farm conditions, while acknowledging that the reproductive evidence remains 

preliminary. 

 

4. Discussion 

 

4.1 Controlled-versus-field performance and precision-oriented design 

 

The controlled experimental phase demonstrated strong mounting classification capability, achieving an event-level F1-score of 

93.2% under the proximity-gated LSTM configuration. During field deployment, sensitivity decreased to 74.2% (95% CI: 55.4-88.1%), 

reflecting the expected gap between structured validation and heterogeneous farm operation in precision livestock systems. No false-

positive alerts were observed during the study period in this dataset, so field precision is interpreted descriptively rather than as a 

definitive population parameter. 

A central design objective of the proposed framework was to prioritize high precision, because false estrus alerts can increase 

insemination costs and reduce user trust. The ablation analysis provides quantitative evidence for this design rationale. Compared with 

ungated motion-only inference, BLE proximity-gated inference reduced false-positive event candidates by 87.5% and improved 

precision from 70.0% to 94.8%. This result indicates that many abrupt acceleration patterns that resembled mounting at the motion-

signal level were not biologically plausible when inter-animal proximity was considered. Therefore, the proximity gate improved the 

biological specificity of the detection pipeline by requiring both motion evidence and interaction feasibility before generating event-

level mounting decisions. 

 

4.2 Biological limitation of behavior-dependent estrus detection 

 

The eight undetected estrus events were categorized as silent estrus cases. Silent estrus is widely documented in dairy cattle and is 

characterized by minimal or absent overt mounting behavior despite ovulation [3, 29]. Because the proposed framework relies on 

observable mounting interactions, detection capability is inherently constrained by behavioral expressivity. 

These missed detections should therefore be interpreted as biological limitations of behavior-based estrus monitoring rather than 

algorithmic instability. Additional limitations also warrant caution: field validation covered three farms within a specific geographic 

region and a relatively small number of confirmed estrus events, reproductive outcomes were assessed using a first-cycle non-return 

proportion as a practical proxy rather than confirmed pregnancy diagnosis, and the study did not include longitudinal multi-cycle 

monitoring. Broader multi-site, multi-season, and longitudinal validation is required to assess generalizability across herd sizes, housing 

systems, environmental conditions, and management practices. 

 

4.3 Practical implications and study limitations 

 

Scalable smart farming systems require contextual validation beyond signal classification alone. By formalizing estrus detection 

as a socially constrained behavioral event rather than a single-animal activity spike, the proposed proximity-gated framework supports 

biologically interpretable and farmer-oriented decision support in resource-constrained dairy environments. 

Practical deployment of the proposed framework requires attention to device maintenance, data connectivity, and user training. 

Collar-mounted devices should be checked routinely for fit, physical damage, battery condition, and sensor orientation because loose 

collars or rotated sensor modules may affect accelerometer signal quality. Gateway placement is also important because BLE RSSI 

values are sensitive to animal body obstruction, pen structure, multipath propagation, and temporary signal fluctuation. In this study, 

collar data were transmitted through an IoT gateway using Wi-Fi or cellular connectivity before backend inference and alert generation. 

Therefore, reliable network coverage and local buffering are important for minimizing data loss during temporary connectivity 

interruptions. 

From the user perspective, farmers need simple training on LINE alert interpretation, dashboard review, visible estrus confirmation, 

insemination decision-making, and reporting of health conditions such as lumpy skin disease. These operational factors are particularly 

important for smallholder farms, where ease of maintenance, trust in alerts, and low management burden strongly influence adoption. 

 

5. Conclusions 

 

This study tested the hypothesis that mounting-based estrus detection can be improved by constraining accelerometer-based motion 

classification to biologically feasible inter-animal proximity intervals. The results support this hypothesis. In the controlled evaluation, 

the proximity-gated LSTM configuration achieved an event-level F1-score of 93.2%. More importantly, the ablation analysis showed 

that BLE proximity gating reduced false-positive event candidates from 48 to 6 compared with ungated motion-only inference, 

increasing precision from 70.0% to 94.8% and improving the F1-score from 80.0% to 93.2%. These findings indicate that the main 

contribution of the proposed framework lies not only in AI-based motion classification but also in interaction-aware validation of 

biological plausibility. 

Field deployment across three smallholder dairy farms demonstrated operational feasibility using 71 collar-mounted devices, with 

23 of 31 confirmed estrus events detected and no false-positive alerts observed within the limited field dataset. Post-insemination 

follow-up showed that 11 of 13 inseminated cows did not return to estrus during the first expected post-insemination cycle follow-up, 

corresponding to a first-cycle non-return proportion of 84.6%. This reproductive outcome should be interpreted as a field proxy rather 

than confirmed pregnancy. 

Several limitations should be acknowledged. First, the controlled training dataset was collected from breeding bulls mounting a 

stationary dummy cow, which enabled accurate annotation but may not fully represent the movement dynamics, acceleration forces, 

and behavioral variability of natural cow-cow mounting in real farm environments. Second, field validation was limited to three farms 

in two Thai provinces and involved a relatively small number of confirmed estrus events. Third, the system depends on overt mounting 

behavior and therefore may miss silent estrus cases. Future work should include larger multi-site and multi-season validation, natural 
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cow-cow mounting datasets, longitudinal reproductive follow-up with confirmatory pregnancy diagnosis, and multimodal integration 

with additional physiological or behavioral indicators. 
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