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ABSTRACT


Tracking sea turtle migration is hindered by noisy and incomplete geolocation data, as well as irregular sensor transmission. These limitations make it challenging to model trajectories and accurately interpret ecological patterns. This study presents a predictive framework for modelling the trajectories of green turtles (Chelonia mydas) using satellite telemetry and artificial intelligence techniques. Georeferenced data from SPOT-375B tags were pre-processed to address noise, data gaps, and spatial anomalies. A Long Short-Term Memory (LSTM) neural network was trained with normalized time series data to forecast future positions, capturing the temporal dependencies of turtle movement. A Kalman filter was applied post-prediction to enhance trajectory continuity and reduce uncertainty through recursive state estimation. Experimental results show that the approach yields an average MAE of 0.0986, MSE of 0.0307, and RMSE of 0.1288, and reduces mean prediction error by 43.75 % relative to a recurrent neural network (RNN) baseline while requiring ~36 % of its CPU time. This integrated pipeline enhances the reliability of wildlife trajectory forecasting and provides a scalable solution for ecological tracking under uncertain detection conditions, facilitating a deeper understanding of species behavior and more effective conservation strategies.
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1. Introduction

The conservation of threatened marine species, such as the green turtle (Chelonia mydas), demands scientific tools capable of accurately understanding their movement patterns over time (Abang Shakawi et al., 2024). This species undertakes extensive migrations between feeding and nesting grounds, crossing diverse habitats under dynamic environmental conditions (Tariq et al., 2025). Understanding these displacements is essential for identifying critical protection zones, designing safe marine corridors, and establishing public policies to mitigate the effects of climate change, pollution, and other anthropogenic pressures (Perneel et al., 2025). To achieve this, it is crucial to have detailed spatiotemporal data that reflect the mobility of individuals in open ocean areas, where direct observation is virtually impossible (Chambault, Gaspar, et al., 2021; Noguchi et al., 2025).

In this context, satellite biotelemetry has transformed marine wildlife research by enabling remote and continuous monitoring of individuals in the wild (Alsaidi et al., 2024). Through transmitters attached to the turtles’ carapaces, georeferenced coordinates are collected and transmitted via systems such as Argos, allowing researchers to track migratory routes with precision (Ning et al., 2025). However, the data obtained come with several inherent challenges: intermittent transmissions due to animal submersion, signal loss under atmospheric interference, location errors, and irregular time intervals between records (Steenacker et al., 2023). These factors result in a heterogeneous and partially noisy dataset that requires rigorous preprocessing and advanced analytical techniques (Bokani et al., 2025; Chambault, Fossette, et al., 2021).

Over the past five years, the use of machine learning (ML) algorithms has shown steady growth in ecological and conservation applications (Santos et al., 2023). In particular, LSTM neural networks have proven effective in modeling nonlinear temporal sequences, with multiple studies applying them to analyze the movements of marine animals (Restrepo et al., 2023). For example, (Zakry et al., 2024) developed a framework for modeling and predicting animal movement using LSTM networks applied to behavioral and velocity data, demonstrating their utility for long-term simulations. Similarly, (Shakawi et al., 2024) proposed an architecture based on autoencoders and recurrent neural networks to improve trajectory imputation in time series with missing values, achieving notable improvements in accuracy over conventional methods. However, most of these studies do not comprehensively address data quality issues nor incorporate statistical filters to reduce positional uncertainty (Li et al., 2023; Wijeyakulasuriya et al., 2020).

Additionally, recent works have explored integrating predictive models with Bayesian estimation techniques, such as the Kalman filter, to smooth trajectories and enhance spatial coherence. (Rider et al., 2024) introduced a hybrid LSTM-H model that combines LSTM networks with Kalman filters to predict livestock movement in sensor-based monitoring environments, achieving up to 80 % error reduction compared to traditional approaches. Similarly, (Pasanisi et al., 2024) presented the KeySORT algorithm, which integrates an adaptive Kalman filter to estimate animal poses with improved temporal consistency. Nevertheless, these implementations remain scarce in marine studies, where data tend to be more variable, subject to immersion-induced errors, and characterized by extended periods without transmission (Jeantet et al., 2020; Kipnis et al., 2023).

These thematic connections are clearly illustrated in the keyword co-occurrence analysis derived from the scientific literature reviewed in this study, as illustrated in Figure 1. The conceptual map illustrates the clustering structure of key research topics, showing the interdisciplinary ecosystem surrounding sea turtle studies. The central node, «sea turtle», is directly connected to terms such as hawksbill turtle, marine turtle, satellite tracking, and endangered species, underscoring the pivotal role of spatiotemporal tracking and conservation. Several thematic clusters emerge:



•Brown/Central Node (sea turtle): The term sea turtle appears as the largest and most connected node, serving as the central hub linking tracking technologies (satellite/telemetry), ecological themes (foraging, animal movement, endangered species), and computational approaches (machine/deep learning).

•Orange/Blue cluster (AI and deep learning): Includes deep learning, machine learning, neural networks, and artificial intelligence. This group connects with abundance estimation and aerial video footage, reflecting the growing use of computational models for video detection, pattern recognition, and population estimation.

•Turquoise cluster (telemetry and data reliability): Comprises telemetry, satellites, correlative model, and accuracy. It emphasizes data acquisition and validation methods in satellite tracking, highlighting methodological reliability in movement studies.

•Green cluster (movement ecology and conservation): Groups terms such as foraging, animal movement, marine vegetation, and endangered species (along with related nodes like scute pattern and Bayesian hierarchical). This cluster underscores the ecological and conservation-oriented context of long-term behavioral monitoring.

•Red cluster (marine turtles and population monitoring): Encompasses marine turtle, aerial video footage, and abundance estimation, stressing the importance of observation and counting techniques for population assessment.

•Pink cluster (complementary tracking technologies): Includes atlas tracking and accelerometer, linked to satellite tracking. It points to the integration of multiple tracking devices to enhance behavioral and movement inference.

•Purple cluster (satellite tracking and ecological-taxon linkages): Centered on satellite tracking, this cluster connects with tropical ecology and hawksbill turtle, functioning as a bridge between the central sea turtle node and other thematic clusters.
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Figure 1. Map of co-occurrence of key terms in the study of satellite monitoring of sea turtles


This semantic analysis reinforces the methodological approach adopted in this research, which integrates satellite sensors, predictive algorithms, and statistical inference to generate robust and interpretable models of animal behavior in marine environments. The convergence of these domains reflects an emerging scientific agenda that prioritizes data precision, temporal modeling, and applied utility for conservation.

Accordingly, the present study proposes a methodology for predicting and correcting migratory trajectories of green turtles, based on the integration of satellite sensors, machine learning, and geospatial processing. First, SPOT-375B transmitters were deployed on eleven green turtles monitored along the Pacific coast of Panama, generating over 22,000 georeferenced records. A rigorous data cleaning process was followed, including outlier detection, removal of land-based points using marine shapefiles, and temporal normalization. Subsequently, an LSTM network was trained to forecast future coordinates based on the time series of latitude and longitude. These predictions were then refined using a Kalman filter to reduce positional variance and improve trajectory continuity. Unlike prior studies, this approach not only focuses on prediction but also includes an interactive visualization phase through a georeferenced mobile application prototype. Furthermore, the study reports quantitative model performance metrics (MSE, MAE, RMSE) for each sensor, along with a comparative analysis between raw and smoothed data. This methodology enables not only accurate predictions but also coherent trajectories that can be interpreted by biologists, conservation managers, and policymakers. Lastly, the study outlines the potential applicability of the model to other marine species and its adaptability to data-limited scenarios.

The remainder of the paper is structured as follows: Section 2, Materials and Methods, details the procedures used in data collection, including the instruments, techniques employed, and methods of analysis. Section 3, Theory/Calculation, outlines the theoretical foundations and any relevant calculations or models applied to support the analysis. Section 4, Results, presents the main findings derived from the research. Section 5, Discussion, interprets these findings, highlighting their implications and relevance. Section 6, Limitations of this study, and finally, Section 7 Conclusions and Future Research, conclude by summarizing the key contributions and future steps for this work.

2. Materials and Methods

This section describes the instruments, data, and procedures used to predict and smooth the trajectories of Chelonia mydas. It details the biotelemetry system with SPOT-375B transmitters and the Argos link, as well as the collection of data from eleven turtles on Panama's Pacific coast. Subsequently, the preprocessing applied to clean records, prioritize reliable location classes, eliminate land points using marine masks, and normalize time series is explained. For modeling, the LSTM architecture trained on georeferenced sequences is presented, along with the application of a Kalman filter that smooths trajectories, interpolates missing data, and dynamically adjusts noise according to the quality of the observations. Finally, the evaluation metrics (MSE, MAE, RMSE), the comparison with other reference models, and the development of a mobile visualization application are indicated.

2.1. Methodological Pipeline

As shown in Figure 2, the methodology follows a structured six-step pipeline. This integrated workflow enhances the accuracy and interpretability of sea turtle tracking, offering a robust tool for ecological monitoring and conservation efforts:



1)Data Collection: Eleven green turtles were equipped with SPOT-375B satellite tags, which transmitted location data via the Argos satellite system. These georeferenced records captured movement patterns along the Pacific coasts of Panama.

2)Pre-processing: The raw data were cleaned to remove duplicate entries, null values, and inaccurate positions caused by environmental noise or signal loss. This step also involved normalizing the time series inputs.

3)Modeling with LSTM: An LSTM neural network was trained on the pre-processed time series to learn the temporal dependencies in turtle movement. The model was validated using a split-training approach and optimized using early stopping criteria.

4)Trajectory Smoothing: To improve positional coherence and reduce geolocation uncertainty, a Kalman filter was applied to the model outputs, providing recursive correction and interpolation of the predicted states.

5)Trajectory Prediction: The smoothed output generated continuous trajectories for each turtle, enabling interpretation of their spatiotemporal behavior.

6)Visualization: A mobile application prototype was developed to visualize the predicted trajectories and movement history interactively on a geospatial interface.
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Figure 2. Methodological pipeline for sea turtle trajectory prediction and smoothing


2.2. Biotelemetry System and SPOT Sensor Specifications

Biotelemetry is a fundamental approach in modern wildlife research, enabling continuous and non-invasive monitoring of animal movements, physiology, and behavior through remote sensor systems. It bridges the gap between ecological field observation and quantitative modeling by providing high-resolution spatiotemporal data that reveals migration routes, habitat preferences, and behavioral patterns in dynamic environments. Among the various biotelemetry modalities, satellite telemetry offers the most extensive spatial coverage, making it particularly suitable for marine species that traverse large oceanic areas where direct observation is impossible (Azizan et al., 2023). In this study, SPOT-375B transmitters were attached to the shells of green turtles to record spatial coordinates during their migratory movements in the Pacific Ocean (Miao et al., 2024). Each device transmits signals via the Argos system at a frequency of 401.678 MHz (±30 kHz), with individual identification using a PTT (Platform Transmitter Terminal) code (Benscoter et al., 2022). Transmissions depend on the immersion status of the sensor, which operates under the condition σ ∈ [0.1, 5] S/m ⇔ antenna exposed to air, where σ represents the electrical conductivity of the medium surrounding the antenna. Transmission only occurs when the antenna is exposed to air, generating a set of observations that are not uniformly spaced in time (Mestre et al., 2024).

Let T={t1,t2,…,tn}⊂ℝ+ denote the sequence of valid observation timestamps. The inter-observation intervals are bound by: Δti=t(i+1)−ti,Δti∈[90,600] seconds. Each valid georeferenced observation is represented as a triplet: zi=(ϕi,λi,qi),∀i∈{1,…,n}, where ϕi and λi are latitude and longitude (in WGS84 coordinates), and qi ∈{3,2,1,0,A,B}, is the Argos location class indicating positional accuracy. The temporal density and quality of received data are influenced by biological and environmental factors, including dive duration, satellite pass availability, antenna orientation, and radio interference from nearby devices. These characteristics result in a non-uniform time series, which must be addressed during preprocessing and model design. The SPOT-375 B Argos tag, developed by Wildlife Computers, is a satellite-linked transmitter optimized for marine animals that frequently surface, such as sea turtles, sharks, and marine mammals. At the surface, the tag emits brief Argos transmissions, whose Doppler-shifted frequencies enable precise geolocation, with accuracies reaching approximately 250 meters under optimal conditions. Its pressure-sealed epoxy housing and integrated sensors ensure reliable operation in harsh marine environments and depths of up to 2000 m. The device supports fully programmable transmission schedules and provides key data products, including Argos locations, Time-at-Temperature (TAT) histograms, and Percent-Dry timelines. The SPOT-375B has an estimated operational lifespan of ~915 days and is engineered for minimal hydrodynamic impact, measuring 99 × 55 × 21 mm and weighing 152 g. Table 1 summarizes the complete technical specifications of the SPOT-375 B Argos tag.


Table 1. SPOT-375B (Argos) – Technical Specifications




	Feature

	Specification / Detail






	Model

	SPOT-375B (Hard-Shell Turtle / Argos)




	Localization system

	Argos Doppler (when antenna is surfaced)




	Operating frequency

	401.678 MHz




	Integrated sensors

	Temperature; Wet/Dry sensor




	Temperature sensor range

	-40 °C to +60 °C




	Temperature sensor resolution

	0.05 °C




	Pressure rating / Maximum depth

	~2000 m for most shapes/configurations




	Dimensions (L × W × H)

	~99 mm × 55 mm × 21 mm for the «Hard-Shell Turtle» version




	Weight

	~152 g for that configuration




	Optimal storage temperature range

	0 °C to 5 °C




	Conductivity (Wet/Dry sensor) limits

	0.1 to 5 S/m*




	Estimated deployment/battery life

	~915 days for that configuration (but variable, depending on programming, duty cycle, and environmental conditions)




	Data products transmitted

	Argos locations; Time-At-Temperature histogram (TAT); Percent-Dry timeline




	Attachment / Mounting options

	Over 50 different shapes/configurations available (fin mount, flipper mount, float mount, towed, anchored)




	Recovery pinger (optional)

	UHF pinger for active tracking and recovery when at surface




	Customizable transmission schedule

	User-configurable uplink schedule to optimize battery life and data resolution




	Localization accuracy (Argos)

	Up to ~250 m under good conditions (Argos LC3 class)




	Transmission power

	Nominal 0.5 W (varies by duty cycle).




	Note on shape/config variability

	Specifications (size, weight, battery life) vary depending on shape, mount, and deployment scenario.








The main components of the SPOT-375B satellite tag are shown in Figure 3. The device is attached to the turtle’s carapace following standard biotelemetry protocols to minimize stress and hydrodynamic drag. Each label indicates a functional element: (a) Argos transmission antenna for satellite communication; (b) communication port used for configuration and data retrieval; (c) LED status indicator that provides visual feedback during activation and transmission; (d) magnetic activation switch for manual start or shutdown; and (e) wet/dry immersion sensors that detect surfacing events and control transmission timing. These components directly affect the temporal resolution and positional accuracy of the transmitted data, shaping both the frequency and precision of geospatial observations used throughout this study (Rodríguez-Martínez et al., 2024; Rovetto et al., 2023).
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Figure 3. SPOT-375B sensor specifications: (a) Argos transmission antenna, (b) communication port, (c) LED status indicator, (d) magnetic activation switch, and (e) wet/dry immersion sensors


2.3. Data Collection and Preprocessing

2.3.1. Data Collection

SPOT transmitters generate multiple data files in comma-separated values (CSV) format, each containing up to 32 columns with a mix of telemetry and sensor readings. These outputs are structured to support both location tracking and behavioral inference and require preprocessing prior to modeling. The primary files include:



•All.csv – Raw, undecoded transmissions, often used for device diagnostics.

•Argos.csv – Timestamped location data derived from satellite passes.

•Behavior.csv – Categorical records of inferred behaviors (e.g., surface activity).

•Corrupt.csv – Contains rejected messages, often flagged due to signal degradation.

•DDN.csv – Classifies hourly periods as dry, deep, or undefined immersion states.

•DivePDT.csv – Records depth-temperature profiles when available.

•Histos.csv – Aggregated histograms of activity, such as time spent at depth or temperature bins.



Additionally, the tags integrate Fastloc GPS technology, which enables location estimation even when the antenna is briefly exposed. Fastloc operates using a time-difference-of-arrival approach and a proprietary LocSolve algorithm, solving pseudo-range equations via least squares minimization. This method yields a high-accuracy geolocation point, even with short surfacing windows.

The resulting location data are assigned to Argos location classes based on estimated positional error, with Class 3 indicating the highest precision. These classifications guide subsequent filtering and model training stages. A summary of the location class distribution is presented in Table 2.


Table 2. Types of messages




	Class

	Estimated error

	Messages received per satellite pass






	3

	< 250m

	4 messages or more




	2

	250m << 500m

	4 messages or more




	1

	500m << 1500m

	4 messages or more




	0

	> 1500m

	4 messages or more




	A

	No accurate estimation

	2 messages




	B

	No accurate estimation

	2 messages




	Z

	Invalid location (available only for Service Plus/Auxiliary Location)








2.3.2. Data Preprocessing

Raw data transmitted from SPOT-375B sensors are subject to various sources of distortion during satellite communication, including antenna immersion, signal overlap from neighboring devices, and atmospheric interference (Wang et al., 2022). These factors introduce noise, message loss, and duplication, necessitating a robust preprocessing stage to prepare the data for subsequent modeling (Anselin & Rey, 2022). The collected data were parsed and evaluated according to their Argos location class, which reflects the estimated accuracy of each georeferenced point. As shown in Table 3, most records fall into low-precision categories (Classes 1 and «Others»), yet a significant portion (19 %) corresponds to Classes 2 and 3, which offer sufficient spatial reliability for trajectory analysis. During preprocessing:



•Corrupted or duplicated entries were removed.

•Records classified as Class 2 or 3 were prioritized for model training and evaluation.

•Lower-accuracy data were retained only when their displacement magnitudes were within biologically plausible thresholds.


Table 3. Records by SPOT and percentage by category




	SPOT ID

	Total Data

	Percent category messages Classes




	3

	2

	1

	Others






	241136

	3474

	6.56

	8.69

	16.12

	68.62




	241137

	1328

	10.47

	12.50

	18.30

	58.73




	241138

	1064

	5.17

	8.08

	21.33

	65.41




	241139

	2284

	6.09

	8.89

	17.78

	67.25




	241140

	1451

	5.31

	11.58

	25.16

	57.96




	241141

	1544

	7.51

	11.98

	27.53

	52.98




	241142

	1201

	9.08

	5.50

	18.82

	66.61




	241143

	1354

	8.79

	11.45

	19.42

	60.34




	262534

	1978

	16.38

	6.37

	20.98

	56.27




	262536

	3239

	7.41

	14.26

	28.00

	50.32




	262537

	3853

	10.17

	11.06

	22.50

	56.27




	Averages

	8.45

	10.03

	21.45

	60.07








Additionally, georeferenced points falsely located on land were identified using a marine mask shapefile and excluded from the dataset. This ensured that all retained data points correspond to realistic sea-based movements. Table 3 summarizes the distribution of data quality per SPOT ID. On average, only 8.45 % of records were classified as Class 3, and 10.03 % were classified as Class 2, with over 60 % belonging to unclassified or low-confidence categories.

Table 4 reports the active tracking periods per transmitter. The average monitoring duration across the eleven SPOT devices was approximately 50 days, with some tags exceeding 90 days of transmission. These time ranges provide sufficient temporal resolution to analyze mid-scale migratory behavior and evaluate predictive model performance under varied tracking lengths. The selection of Class 2 and Class 3 data also aligns with statistical consistency:


Table 4. Time of measurement




	SPOT ID

	Initial Date / Hour

	Final Date / Hour

	Days






	241136

	02/26/23 13:24

	05/28/23 3:04

	90.57




	241137

	02/26/23 13:25

	03/30/23 1:55

	31.52




	241138

	02/26/23 13:24

	03/25/23 0:37

	26.47




	241139

	02/26/23 13:25

	04/26/23 11:19

	58.91




	241140

	04/18/23 1:02

	05/26/23 23:19

	38.93




	241141

	04/18/23 1:01

	05/24/23 4:32

	36.15




	241142

	04/18/23 1:00

	05/21/23 15:35

	33.61




	241143

	04/18/23 1:01

	05/24/23 15:46

	36.61




	262534

	03/31/24 11:23

	05/18/24 15:59

	48.19




	262536

	03/31/24 11:27

	05/31/24 23:32

	61.50




	262537

	03/31/24 11:29

	06/24/24 2:37

	84.63




	Averages (± 50 days)

	49.74










•Standard deviation for Class 3: 106.71

•Standard deviation for Class 2: 130.03

These are significantly lower than the deviations for Class 1 (241.53) and unclassified categories (603.56), justifying their use for most calculations.

3. Theory/Calculation

3.1. Geometric Foundations for Trajectory Estimation

To analyze the migratory trajectories of Chelonia mydas, two complementary distance metrics were employed: Euclidean distance and the Haversine formula, each suitable for different spatial modeling contexts (Goodwin et al., 2022). This dual-metric framework enhances the interpretability of movement patterns under different spatial and temporal resolutions, reinforcing the methodological rigor of the predictive modeling pipeline (Alia et al., 2022).



•Euclidean Distance: Let Pi=(xi ,yi) and Pi+1=(xi+1,yi+1) be two consecutive projected GPS points in a local planar coordinate system. The Euclidean distance between these points is computed as: dE(Pi,Pi+1)=(xi+1−xi)2+(yi+1−yi)2. This measure assumes flat Earth approximation and is computationally efficient. It was applied primarily for short-range displacement estimations within localized regions after coordinate projection (e.g., UTM).

•Haversine Formula for Geodesic Distance: Given the global nature of sea turtle migration, the Earth's curvature must be considered. For this, the Haversine formula computes the great-circle distance dH between two points A=(ϕ1,λ1) and B=(ϕ2,λ2) defined by their latitude and longitude in radians:

Δϕ=ϕ2−ϕ1,Δλ=λ2−λ1,a=sin2⁡(Δϕ2)+cos⁡ϕ1cos⁡ϕ2sin2⁡(Δλ2),c=2arctan⁡2(a,1−a),dH=R∗c

where: R = 6371 km is the Earth's mean radius, ϕ denotes latitude, and λ denotes longitude, and dh yields the distance in kilometers. The Haversine method was applied to all raw GPS coordinates prior to any spatial filtering, enabling robust inter-point distance measurement over curved surface domains. It was particularly suitable for: Cross-region movement tracking, Error-tolerant interpolation between distant measurements, Validation of displacement magnitudes against known migratory bounds.

•Daily Displacement Calculation: Let Ti={tf,ϕf,λj}j=1ni,, where ni be the time-ordered position dataset of the turtle i. The total displacement over the tracking period is:

Di=∑j=1ni−1⋅dH((ϕj,λj),(ϕj+1,λj+1))

•And the average displacement per day: dı―=DiΔti,Δti=tni−t11day, i.e., total great-circle distance divided by the number of elapsed days. These metrics were tabulated for each SPOT-tagged individual to characterize individual migratory behavior.

3.2. Predictive Model

To model and predict the migratory behavior of Chelonia mydas, we implemented a supervised Deep Learning model based on LSTM networks, a variant of recurrent neural networks (RNNs) designed to learn from temporal sequences with long-range dependencies (Labrada-Martagón et al., 2024). LSTMs address the problem of gradient vanishing due to their internal architecture, which features gates that regulate the flow of information (Hardin et al., 2024). Specifically, each LSTM cell contains three main gates: the input gate, which decides what new information is incorporated into the cell's state; the forget gate, which removes irrelevant information from the past; and the output gate, which determines what part of the internal state is used to generate the output. This structure allows LSTMs to capture complex temporal patterns, making them widely used in tasks such as language modeling and time series prediction (Nathan et al., 2022). Their ability to retain and update information in a controlled manner makes them a powerful tool for problems where context and data sequence are critical (Cullen et al., 2024).

Problem Setup: Given a time-ordered sequence of positions S={(ϕt,λt)}t{(ϕt,λt)}t=1T, (WGS84) where ϕt and λt are the latitude and longitude at time t, the goal is to learn a function fθ parameterized by θ, such that: (ϕ^t+1,λ^t+1)=fθ((ϕt,λt),…,(ϕt−k+1,λt−k+1),ut−k+1:t), where k is the length of the input sequence (lookback window), (ϕt−k+1,λ^t−k+1) denotes the predicted coordinates for the next time step, and denotes optional covariates (e.g., time-gap ∆t, Argos class indicators). We report one-step-ahead errors; longer horizons are obtained by recursive rollout.

3.2.1. LSTM Architecture

We use length-10 input windows of GPS pairs (ϕ,λ), z-score standardized (zero mean, unit variance) to stabilize training (Kot et al., 2022). The network consists of two LSTM layers (150 and 100 units), followed by a fully connected layer with two outputs (latitude and longitude). Standard LSTM nonlinearities are used inside the cells (sigmoid gates and tanh activation); no ReLU is applied within LSTM cells. To mitigate overfitting, a dropout rate of p = 0.30 is applied after each LSTM layer. An LSTM cell at time step t maintains an internal state ct∈ℝh and a hidden state ht∈ℝh, updated with input xt and previous hidden/state (ht−1,ct−1):

ft=σ(Wfxt+Ufht−1+bf),(forget gate),it=σ(Wixt+Uiht−1+bi),(input gate)

ot=σ(Woxt+Uoht−1+bo),(output gate),c~t=tanh⁡(Wcxt+Ucht−1+bc),(cell input)

ct=ft⊙ct−1+it⊙c~t,ht=ot⊙tanh⁡(ct)

where xt∈ℝd is the input at time t, ⊙ element-wise multiplication, and σ sigmoid activation function. The LSTM maps the full sequence to a predicted position y^t∈ℝ2 (latitude, longitude) y^t=Wy∗ht+by.

Figure 4 illustrates the architecture used in this study. Left: schematic of a single LSTM cell with forget (F), input (I), and output (O) gates; σ denotes the sigmoid activation and tanh the state nonlinearity. The cell receives the previous hidden state ht–1 and cell state ct–1 and produces ht and ct. Right: stacked LSTM layers followed by a dense layer mapping the input sequence {x1,…,xn} to predictions {y1,…,yn}. Panel labels and icons (scaling/adding) indicate gate operations; arrows show data flow.
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Figure 4. LSTM Architecture Model Overview


3.2.2. Model Training and Optimization

Let the input sequence of georeferenced positions be defined as a time series: x={xt}t=1T,xt∈ℝd, where each vector xt encodes the multivariate features at time t, such as: latitude and longitude, velocity or displacement, sensor quality indicators, and environmental covariates. All sequences are normalized using the z-score method: x′=x−μσ, with μ and σ calculated per feature (latitude, longitude). The preprocessed dataset is split into training and testing sets while preserving temporal order. Given a ground-truth target sequence {yt}t=1T′ the model is trained by minimizing the empirical loss over the prediction window:

LMSE=1n∑i=1n⋅[(ϕi−ϕ^i)2+(λi−λ^i)2]

where the optimizer is Adam with a learning rate η, and to prevent overfitting, regularization (Early stopping) based on validation loss with a patience of 10 epochs is applied. The trained model is applied to the full sequence to predict future points recursively. The model was trained using mean squared error (MSE) as the loss function (on scaled latitude and longitude), optimized with Adam at a learning rate of 1×10-3, a batch size of 32, and a look-back window of k = 10 steps. Training was performed for up to 9,500 epochs with Early Stopping (patience = 20, restoring the best weights), applying L2 weight decay of 1×10-3, on recurrent and dense kernels, global-norm gradient clipping at 1.0, and model checkpointing based on validation MSE.

We apply z-score standardization fit exclusively on the training split and reuse the same transform for validation/test. Model inputs include (ϕ, λ) (latitude, longitude) plus optional covariates: the normalized inter-observation interval Δt and a one-hot encoding of Argos class {3, 2, 1, 0, A, B}. Sequences are constructed at the observed timestamps; irregular sampling is handled explicitly by providing Δt as a feature. Targets are de-standardized after prediction to compute downstream geodesic errors in kilometers.

We use a time-based, walk-forward split per tag: for each SPOT transmitter, the earliest 80 % of its timeline forms the training set and the latest 20 % the test set, strictly preserving temporal order to prevent leakage. From the training period, a temporally stratified 10 % slice is held out for validation. To assess sensitivity to temporal cut points, we perform 5× rolling-origin resamples within each tag and report the mean across resamples. Additionally, we run five random seeds for weight initialization and batching, and average the results across seeds.

We mitigate overfitting with dropout 0.30 after each LSTM layer (applied to inputs of the subsequent layer), L2 regularization of 1×10-3 on recurrent and dense weights, and global-norm gradient clipping at 1.0 to stabilize training under heterogeneity. Evaluation is group-aware: splits are strictly time-ordered within each tag to prevent identity leakage and optimistic errors. The network uses ReLU activations in the hidden layers and the architecture LSTM(150) → Dropout(0.30) → LSTM(100) → Dropout(0.30) → Dense(2), where the final dense layer outputs the predicted latitude and longitude.

3.2.3. Evaluation Metrics

To assess predictive performance, the following metrics were computed, where yi=(ϕi,λi) are true positions and y^i the predicted ones. This formulation enables robust modeling of non-linear spatial-temporal dynamics inherent in sea turtle migration patterns (Gupte et al., 2022). The LSTM effectively captures dependencies in the input sequence, while the structured loss minimization guides learning toward accurate geospatial predictions (Sharmila & Sabarish, 2021). Metrics are reported per tag and averaged across tags/seeds; this avoids planar distortions and reflects true geodesic error.

MAE=1n∑i=1n‖yi−y^i‖,MSE=1n∑i=1n‖yi−y^i‖2,RSME=MSE

3.3. Kalman Filter for Geospatial Smoothing and Interpolation

The Kalman filter was employed not merely as a denoising tool, but as a recursive Bayesian estimator over sequential geospatial observations, enabling prediction and correction under sensor uncertainty and missing measurements (Christiaanse et al., 2024). This section introduces an extended vector-state formulation adapted to two-dimensional geographical positions with temporal evolution (Li et al., 2021). Let xk∈ℝn be the latent state vector at time step k, representing the true (but unobserved) geospatial position of a turtle (e.g., latitude, longitude, velocity components) (Hays et al., 2021).

The filter is initialized from the first valid observation. The starting state is set to x0=[ϕ1,λ1,vϕ,0,vλ,0]⊤ (with velocities initialized from nominal priors), and the starting state covariance is a diagonal matrix: P0=diag(σ∅,02,σλ,02,σνϕ,02,σνλ,02), where σ∅,02,σλ,02 are derived from the Argos location class of the first fix (position uncertainty), and σvϕ,02,σvλ,02, reflect the initial uncertainty in velocities. This setting encodes the initial positional accuracy while allowing the filter to learn velocities from subsequent observations.

In this implementation, the Kalman Gain Adaptation with Dynamic Noise Calibration, where to account for time-varying measurement quality, the observation noise matrix Rt can be adapted dynamically (DiMatteo et al., 2021). For each message class c ∈ {3, 2, 1, 0, A, B, Z}, empirical variances σc2 are computed, and Rt is assigned. This strategy allows the Kalman filter to weight GPS data according to confidence category, reducing the influence of low-quality fixes while maximizing the reliability of high-quality observations. The Kalman filter is a recursive estimator that operates in two phases: prediction and update, adapting to noisy satellite telemetry data (Cai et al., 2022).



•State-Space Model for Position Estimation

Let the hidden state vector at time t be: xk=[ϕkλkνθ,kνλ,k],zk=[ϕkGPSλkGPS], where (ϕt,λt) denote the latitude and longitude, and (ϕt′,λt′) their respective temporal derivatives (velocity components). The system evolves linearly under the dynamic model:

xt+1=Fxt+wt,with F=[10Δt0010Δt00100001]

and wt~N(0,Q) representing process noise, capturing environmental and behavioral irregularities (e.g., drift, tide response). The transition uses the observed time step Δt. During long intervals without transmissions (Δt≥600s), the filter runs in prediction-only mode and inflates process noise to reflect growing uncertainty; operationally, Qt is scaled with Δt (i.e., Qt∝Δt) so that covariance growth matches the gap length. This down-weights subsequent extrapolations and prevents overconfident tracks until the next valid update arrives, at which point the class-conditioned Rt is used in the measurement update.



•Geospatial Filtering of Terrestrial Points



Given that SPOT telemetry may erroneously report points on land, a spatial filtering procedure was applied using high-resolution coastline shapefiles. Let:



D={d1,…,dn}, where di=(ϕi,λi) is a GPS location (latitude and longitude).

L={P1,…,Pn}, a set of polygonal landmass representations from Natural Earth.

Contains (Pj ,di) is a boolean function that returns true if di∈Pj.

We define the on-land indicator function: OnLand(di)=Vj=1m Constains (Pj,di).

The filtered dataset is then: Dsea={di∈D}∣OnLand(di)}.

This ensures that all retained data points are strictly oceanic, aligning the dataset with realistic migration behavior and eliminating spatial anomalies before model evaluation.



•Observation Model with Missing Data Handling



The measurement model is defined as: zt=Hxt+νtwith H=[10000100],νt~N(0,R).

However, due to submerged intervals or satellite occlusion, we define a masked observation model: zt(M)=Mtzt,Mt∈{0,1}2×2, where Mt is a diagonal masking matrix indicating the availability of latitude/longitude at time t. During missing observations, the filter switches to a prediction-only mode.



•Trajectory Confidence Quantification via Covariance Propagation



Rather than relying on the filtered state alone, we propagate the full state covariance matrix Pt to quantify uncertainty over time. For each predicted position, we construct an elliptical confidence region via the Mahalanobis distance: ξα={x∈ℝ2:(x−x^t)TSt−1(x−x^t)<=x2,α2} with: x^t=Hx^tposterior, projected position estimate, St = HPtHT + R innovation covariance, x2,α2 quantile of the chi-squared distribution at confidence level α. These ellipses were rendered per step to visualize geospatial uncertainty, adding interpretability to the model beyond pointwise predictions.



•Kalman Gain Adaptation with Dynamic Noise Calibration



To account for time-varying measurement quality (as determined by message class in SPOT telemetry), we introduce a data-driven adjustment to the observation noise matrix R. For each class c ∈ {3, 2, 1, 0, A, B, Z}, we compute empirical variances σc2, and assign: Rt=σct2∗I2. This strategy allows the Kalman filter to dynamically weight GPS data by confidence category, reducing the impact of class B or Z positions while maximizing the utility of class 3 readings.

4. Results

4.1. Analysis of Distances Traveled

Based on the corrected and smoothed geolocation data, the total distances traveled by each turtle during its respective tracking period were calculated. For each route, the Haversine formula was used with latitude and longitude coordinates expressed in radians, which allowed for accurate estimation of the geodesic distances between successive points on the Earth's surface. The results reveal substantial variability in migratory behavior. Turtle SPOT ID 262537 recorded the longest total distance, traveling 320.87 km in 84.63 days, representing a daily average of 3.79 km/day. In contrast, turtle 241138 exhibited the least mobility, with a distance of 13.80 km traveled in 26.47 days, equivalent to 0.52 km/day, as shown in Table 5. The overall average daily displacement among all active turtles was 1.92 km/day, noting that those with longer tracking periods tended to show greater cumulative distances, although not necessarily at a constant rate of displacement. These findings reinforce the importance of adequate temporal resolution to accurately capture interindividual migration patterns. Table 5 summarizes these results, enabling a comparison of both the total displacement and the daily pace for all individuals monitored.


Table 5. Kms traveled




	SPOT ID

	Total Kms

	Kms x Day






	241136

	185.13

	2.04




	241137

	72.81

	2.31




	241138

	13.80

	0.52




	241139

	69.71

	1.18




	241140

	60.46

	1.55




	241141

	61.59

	1.70




	241142

	72.12

	2.15




	241143

	47.68

	1.30




	262534

	70.43

	1.46




	262536

	144.57

	2.35




	262537

	320.87

	3.79








Figure 5 presents a comparative visualization of the average daily displacement for each SPOT ID. There is marked variability between individuals, with turtle 262537 standing out with a displacement of more than 3.7 km/day, in contrast to 241138, whose daily average was less than 0.6 km/day. This graph allows for the immediate identification of differences in migratory behavior, possibly associated with individual, (inter-nesting or post-nesting movements), environmental, or tracking quality factors.


[image: ]

Figure 5. Average daily displacement (km/day) per SPOT ID


4.2. Performance of the LSTM Model in Trajectory Prediction

The predictive model based on LSTM neural networks was evaluated using time series of geo-referenced coordinates obtained from SPOT sensors. For each turtle, the model was trained with historical latitude and longitude sequences, generating predictions of future positions that were compared against actual trajectories. Accuracy was assessed using three standard metrics: Mean Squared Error (MSE), Mean Absolute Error (MAE), and Root Mean Squared Error (RMSE). Table 6 reports the errors obtained for each transmission. The average error across all devices was 0.0307 (MSE), 0.0986 (MAE), and 0.1288 (RMSE). The best performance was observed in SPOT ID 262534 (RMSE = 0.0130), while the highest error corresponded to SPOT ID 241141 (RMSE = 0.3754), reflecting the impact of noisy or incomplete records. These results demonstrate that the LSTM model effectively captures nonlinear temporal dependencies in animal telemetry data, providing reliable estimates of turtle locations even during periods without signal reception.


Table 6. Error measurement parameters




	No

	SPOT ID

	MSE

	MAE

	RMSE






	1

	241136

	0.0842

	0.2516

	0.2903




	2

	241137

	0.0017

	0.0269

	0.0417




	3

	241138

	0.0034

	0.0523

	0.0587




	4

	241139

	0.0458

	0.1438

	0.2141




	5

	241140

	0.0014

	0.0280

	0.0384




	6

	241141

	0.1409

	0.3017

	0.3754




	7

	241142

	0.0008

	0.0218

	0.0284




	8

	241143

	0.0002

	0.0114

	0.0153




	9

	262534

	0.0001

	0.0100

	0.0130




	10

	262536

	0.0394

	0.1460

	0.1985




	11

	262537

	0.0203

	0.0914

	0.1426




	 
	Minimum

	0.0001

	0.0100

	0.0130




	 
	Maximum

	0.1409

	0.3017

	0.3754




	 
	Average

	0.0307

	0.0986

	0.1288








To contextualize these findings, the LSTM model was compared with other representative neural architectures: conventional Recurrent Neural Networks (RNN), feed-forward Deep Neural Networks (DNN), and temporal Convolutional Neural Networks (CNN). The results, summarized in Table 7, reveal a clear performance gradient across the models. RNNs exhibited limitations in handling irregular and long temporal sequences, resulting in lower predictive accuracy and higher computational demands. CNNs achieved moderate improvements by effectively capturing local temporal features, while DNNs further enhanced performance by leveraging deeper nonlinear transformations, albeit without explicit temporal memory. LSTMs, in contrast, demonstrated a distinct advantage by combining sequence memory with computational efficiency, enabling more accurate and robust trajectory predictions under the challenging conditions of noisy biotelemetry data.


Table 7. Average performance comparison across models




	Model

	MSE

	MAE

	RMSE

	CPU Time (%)






	RNN

	0.0545

	0.1747

	0.2290

	100




	CNN

	0.0412

	0.1391

	0.1903

	78




	DNN

	0.0368

	0.1237

	0.1724

	65




	LSTM

	0.0307

	0.0986

	0.1288

	36








Figure 6 illustrates the average error values for MSE, MAE, and RMSE across the four models. The grouped bar plot clearly shows that LSTM consistently achieves the lowest error in all three metrics, followed by DNN and CNN, while RNN exhibits the highest error.
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Figure 6. Comparative error metrics (MSE, MAE, RMSE) for RNN, CNN, DNN, and LSTM


Beyond predictive accuracy, efficiency is a critical factor for practical deployment. Figure 7 presents the relative comparison of prediction error, CPU time, and computational resources, with RNN normalized to 100 %. The results show that while CNN and DNN reduced prediction error by 24.4 % and 32.5 % relative to RNN, LSTM achieved the largest improvement with a 43.75 % reduction. In terms of computational cost, CNN and DNN required 78 % and 65 % of RNN runtime, respectively, whereas LSTM required only 10.43 %. Similarly, LSTM’s computational resource usage was 36.46 % of the RNN baseline.
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Figure 7. Relative performance comparison (RNN baseline = 100 %)


Overall, these results confirm that although CNN and DNN provide efficiency gains compared to traditional RNNs, the LSTM architecture offers the best balance of predictive accuracy and computational efficiency. This makes it particularly suitable for near-real-time applications in sea turtle migration monitoring, where both precision and efficiency are essential for operational feasibility.

4.3. Results of Geospatial Smoothing and Filtering

The application of the Kalman filter to the predicted trajectories markedly enhanced the spatial coherence of the movement data. By integrating statistical smoothing with error correction, the method not only interpolated missing positions during periods without transmissions but also reduced abrupt displacements associated with noise and signal instability. As shown in Figure 8, the contrast between the raw trajectory (panel A) and the filtered version (panel B) highlights how the process reconstructs continuous and biologically plausible routes, generating intermediate points that bridge gaps in areas of limited satellite coverage. This refinement provides a more accurate basis for ecological interpretation, ensuring that the reconstructed tracks reflect migratory behavior rather than artifacts of data acquisition.


[image: ]

Figure 8. Kalman Filter effect: (A) Raw SPOT-375B positions (blue points). (B) Kalman-filtered trajectory (red points)


In Figure 9, for each location sequence, the model estimated new smoothed coordinates that corrected abrupt variations generated by noise or signal loss. Panel A displays all the original points reported by the SPOT ID 241139 transmitter, categorized by age (green = old; red = recent). This representation includes duplicate values, null positions, and erroneous locations on land. In contrast, Panel B shows the result after applying quality filtering and geographic exclusion, retaining only valid and accurate coordinates in the open sea, which drastically reduces the volume of data but improves its reliability.
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Figure 9. Geospatial cleaning: (A) Raw positions reported by SPOT ID 241139 (green = older, red = recent), including duplicates, nulls, and on-land fixes. (B) Positions after filtering (removal of duplicates/nulls and exclusion of on-land points), retaining only valid open-sea locations


In addition to smoothing, a geospatial filtering process was implemented that eliminated coordinates located on land. These erroneous positions, which represent a considerable fraction of the original records in some transmitters, were detected through a geometric intersection operation with coastal polygons from the Natural Earth dataset. As a result, only the subset of ocean points was retained, ensuring that the analysis accurately reflected marine mobility. The combination of both processes, Kalman smoothing and geospatial inspection, resulted in a significant reduction in the number of points considered valid. This adjustment contributed to a more accurate and reliable representation of actual movement patterns, strengthening the quality of predictions and their usefulness for marine conservation decision-making.

4.4. Prototype Interface Application for Trajectory Visualization

As part of the practical validation of the proposed model, a prototype mobile interface called Turtle Tracker was developed for the interactive tracking of sea turtles equipped with SPOT-375B sensors. In its current version, the application enables users to visualize estimated and smoothed trajectories generated by the LSTM model and Kalman filter, focusing on reconstructed paths from the turtles monitored in this study. The system integrates basic features for historical consultation, user authentication, and visualization of the current location on georeferenced maps.

The prototype was built using AppGyver Community Edition, a cross-platform low-code framework that enables the deployment of mobile and web applications from a unified component-based model. The app connects to a Firebase backend responsible for user authentication (email/password), data storage (Cloud Firestore), and file management (Cloud Storage) for captures and metadata. Cloud Functions orchestrate periodic tasks, including the ingestion and normalization of new Argos transmissions, the deserialization and publication of LSTM and Kalman predictions, and expose verified endpoints for secure app communication. Geospatial visualization is implemented using LeafletJS and OpenStreetMap layers, rendering historical trajectories (as lines and temporal markers) and the most recent state for everyone. To enhance robustness and minimize latency, the app maintains local caching on the device and utilizes near-real-time Firestore subscriptions when network connectivity is available. In offline mode, it switches to deferred reads and automatic synchronization once the connection is restored. All trajectory data are synchronized with the Argos repository through an integration pipeline (ingestion → validation → terrestrial filtering → Kalman smoothing → geographic tiling for maps), ensuring consistency between the displayed tracks and model outputs. This modular architecture facilitates future integration of cloud-based inference services and webhooks for operational alerts and management dashboards.

Figure 10 illustrates the four screens of the Turtle Tracker prototype and clarifies their role in the workflow: the splash screen presents the app identity; the authentication screen provides email/password fields with «Log in», «Forgot password?» and «Sign up» options; the welcome screen introduces the purpose of the app and offers a single call-to-action («Start Tracking») to enter the tracking module; the exploration panel shows a feed of map thumbnails with reconstructed routes along the Panamanian coast; each card corresponds to one tracked turtle and is rendered from SPOT-375B positions filtered to remove on-land records and smoothed (LSTM + Kalman) to ensure spatial continuity. A top bar with the app logo and menu icon, and a bottom navigation (Explore / Saved / Updates) indicate the current section and available views.
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Figure 10. Mobile interface of the Turtle Tracker prototype: (left-right). (a) Splash/logo screen. (b) User authentication. (c) Welcome screen. (d) Exploration


It is essential to note that Turtle Tracker is presented as a prototype, currently limited to visualizing turtle trajectories. However, its modular design anticipates further development. Future updates are planned to incorporate additional functionalities such as the ability to select individual turtles, overlay multiple trajectories for comparison, filter data by date or transmission quality, and access metadata linked to each position. Advanced features envisioned for conservation managers include automated alerts for anomalous behavior, dashboards summarizing traveled distances and time spent in key habitats, overlap analysis with high-risk zones such as fishing corridors, and annotation tools for integrating field observations. This phased development approach ensures that while the present version serves as a proof-of-concept for translating model outputs into a mobile interface, the roadmap aims to transform it into a comprehensive decision-support platform. By doing so, the system will evolve from a visualization prototype into a practical management tool that can enhance ecological monitoring and support marine conservation initiatives.

5. Discussion

This study shows that combining LSTM-based trajectory prediction with Kalman filtering substantially improves the reliability of satellite telemetry analysis for Chelonia mydas. The two-stage architecture effectively addressed the common challenges of marine tracking data, including positional noise, temporal irregularity, and the occurrence of outliers. Empirical evaluation, as measured by MSE, MAE, and RMSE, confirmed that the smoothed outputs achieved higher spatial coherence, yielding trajectories that are more consistent with ecological expectations.

A key contribution lies in the selective use of data with varying accuracy levels. While over 60 % of the raw location records fell into low-confidence categories, the model retained useful patterns by prioritizing high-quality Argos Classes 2 and 3 and applying geospatial filtering through shapefiles. This strategy preserved biologically meaningful sequences without overfitting or discarding large segments of data, a limitation present in many existing approaches.

The use of SPOT-375B tags under real-world conditions validated their capacity to deliver temporally dense, georeferenced inputs across different immersion profiles. The Fastloc GPS system proved particularly effective during short surfacing intervals, enhancing spatial resolution and enriching the training data with high-precision points. An average tracking duration of nearly 50 days per turtle enabled the model to learn both short-range movement and broader migratory behavior, essential for meaningful ecological interpretation.

Kalman filtering further enhanced the robustness of predictions by interpolating across missing intervals and reducing artificial fluctuations. Unlike linear interpolation, this statistical estimator preserved movement continuity without distorting the underlying biological signal. This is particularly valuable in marine environments, where long transmission gaps are common due to submersion or satellite occlusion.

The model also benefited from ecological constraints integrated into preprocessing, such as the removal of terrestrial points using high-resolution coastline shapefiles and the enforcement of biologically plausible displacement thresholds. These safeguards ensured that the output remained interpretable and ecologically valid. Furthermore, the mobile application prototype successfully translated predictive data into an accessible visualization platform, bridging computational results with field-based conservation needs.

Compared to prior studies, this work presents a unified pipeline that encompasses telemetry acquisition, ML-based prediction, error correction, and user-oriented visualization. Although similar hybrid models have been applied to terrestrial species, their adaptation to oceanic tracking remains limited. This research confirms that applying such methods to marine contexts is both feasible and advantageous, given the specific noise characteristics and transmission constraints of aquatic telemetry.

6. Study Limitations

•Temporal coverage and sampling: The model’s effective resolution is bounded by Argos duty cycles and surfacing behavior; long dives create irregular gaps that may miss fine-scale movements. Walk-forward evaluation reduces leakage, but short monitoring windows (≈approximately 50 days on average) limit the ability to make seasonal inferences.

•Sample size and selection: Results are based on 11 individuals and predominantly post-nesting females from specific rookeries; this introduces selection and site biases and constrains generalization to other populations or life stages. The study generated ~22,000 recordings, which is a reasonable but still limited number for broad inference.

•Telemetry/measurement quality: Location accuracy varies by Argos class and satellite geometry. Filtering (e.g., removing on-land fixes) and class prioritization improve quality but may introduce bias toward favorable conditions. Tag loss or transmission failure causes informative censoring (two tagged turtles failed to transmit their tags).

•Preprocessing dependence: Outcomes depend on thresholds (e.g., plausibility bounds, land-mask resolution) and coordinate choices; different settings can slightly shift errors and path continuity.

•Modeling assumptions: The LSTM is trained on (ϕ, λ) sequences with limited covariates; the Kalman filter uses a simple kinematic model and class-conditioned noise. These choices may oversmooth tortuous segments or underreact to abrupt reorientations.

•Uncertainty and evaluation: Errors are reported on de-standardized coordinates, but uncertainty is summarized mainly via point metrics (MAE/MSE/RMSE); interval calibration and per-segment confidence are not yet reported.

•External validity and domain shift: Trained on Panama’s Pacific coast, the model has not been externally validated on other regions/species; covariate shift (bathymetry, currents, fisheries pressure) may degrade performance.

•Environmental drivers omitted: Oceanographic covariates (e.g., sea-surface temperature, surface currents) are not included here by design. The goal of this study was to develop a predictive/corrective pipeline directly from raw satellite positions (LSTM + Kalman). Additionally, obtaining consistent, gap-free oceanographic fields aligned in space/time with all tracks for the full monitoring period was not feasible within the scope. We therefore rely on indirect proxies already present in the data (e.g., Δt between fixes and Argos class indicators) and explicitly acknowledge that excluding environmental drivers can restrict ecological realism and reduce predictive stability under anomalous conditions. Future work will incorporate a small set of harmonized environmental layers to assess incremental benefit relative to the baseline model.

•Scale and feasibility constraints: Deployments were carried out under contract No. 191-2022 (SENACYT, Panama). Tagging free-ranging turtles requires substantial field effort and strict attachment protocols to avoid harm/stress; tag loss is common in green turtles due to the oily carapace. Costs are a limiting factor (≈ US$2,000 per sensor plus ≈ US$600/tag for ARGOS service), which constrains sample size and tracking duration. Despite these constraints, the study scale is comparable to prior work with similar numbers of satellite tags in Costa Rica.

•System constraints: The mobile app is a visualization prototype; it does not perform on-device inference, and its outputs depend on the offline pipeline.

6.1. Ethical and Operational Considerations

•Animal welfare and permitting: Tagging follows national permits and welfare protocols to minimize handling time, stress, and hydrodynamic drag; nevertheless, attachment and adhesives can fail, and cumulative impacts must be monitored. Only animals that meet the health/size criteria are tagged, which can introduce selection bias.

•Sensitive location data: High-resolution tracks of a protected species entail disclosure risks. Data sharing should follow governance policies (including temporal/spatial blurring where appropriate) and be controlled to ensure access to sensitive sites.

•Field logistics and costs. Hardware, satellite service, and vessel time constraints limit sample size and tracking duration, thereby affecting statistical power and temporal coverage.

•Computing scalability and real-time use: Real-time operation at scale would require: (i) cloud ingestion with bandwidth-aware telemetry compression, (ii) low-latency inference services, (iii) fault tolerance and queueing for satellite pass bursts, (iv) automated drift monitoring/retraining, and (v) cost/battery budgeting aligned with duty cycles.

•Reproducibility and security: Software versions, model checkpoints, and preprocessing scripts must be versioned; the prototype app should enforce authentication, least-privilege access, and secure storage of telemetry and metadata.

7. Conclusions and Future Research

This study proposed and validated a hybrid architecture that combines LSTM neural networks with Kalman filters to predict and correct the migratory trajectories of the green turtle (Chelonia mydas) based on satellite biotelemetry data collected via SPOT-375B sensors. The results reveal that this methodology not only enhances the continuity and spatial accuracy of the trajectories but also enables a more realistic representation of migratory behavior under real oceanic conditions. The model’s ability to mitigate the inherent limitations of satellite telemetry, such as positional errors, irregular temporal intervals, and signal loss due to submersion, constitutes a substantial contribution to the ecological monitoring of marine species.

One of the main strengths of the proposed approach lies in its capacity to integrate data of varying quality without compromising the ecological validity of the predictions. While a significant fraction of the data was classified into low-accuracy categories, the application of geospatial filters, the selective use of reliable Argos classes, and the statistical analysis of positional deviation enabled the construction of robust trajectories consistent with the known behavior of the species. This ability to preserve biologically meaningful information, even in the presence of noise or uncertainty, represents an advancement over previous methodologies that typically discard such records or fail to quantify the impact of their modeling.

Moreover, the inclusion of an interactive mobile visualization application provides an effective bridge between computational models and their practical application in management and conservation. The ability to explore smoothed trajectories on georeferenced maps in near real-time adds value not only to scientific research but also to decision-making processes of environmental institutions, NGOs, and government authorities.

Based on these findings, multiple research avenues emerge that could further strengthen and expand the scope of this methodology. One approach involves enriching the current models by incorporating environmental variables such as ocean currents, sea surface temperature, or salinity gradients, which directly influence turtle navigation. Although GPS position information provides insight into ocean dynamics that include these variables, this model's information is limited. Including this information would enable the model to operate in a deeper ecological context, allowing for more responsive predictions that are better suited to the physical environment. Ocean currents play a crucial role in helping turtles navigate, while temperature influences their food resources and habitats. Finally, salinity contributes to currents that indirectly shape turtle routes and food availability.

Additionally, there is potential to evolve towards multimodal deep learning architectures that combine geospatial data with behavioral signals extracted from the sensors themselves (e.g., dive patterns or surface activity). This approach could capture more complex relationships between movement and behavior, supporting the simultaneous prediction of location and physiological state. From an algorithmic perspective, integrating attention mechanisms or more advanced architectures, such as Transformers adapted for time series, could enhance the model's sensitivity to abrupt events or long-term patterns, including route changes or reproductive behaviors. These mechanisms could complement the Kalman filter, enhancing the system’s adaptability to nonlinear or interrupted trajectories.

Another promising direction is adapting the model to other marine species with similar conservation needs. Although the methodology was calibrated for Chelonia mydas along the Pacific coast of Panama, it can be applied to different contexts, such as hawksbill turtles, sharks, or migratory pelagic fish, through adjustments or retraining processes, especially when transfer learning strategies are employed. The adjustment processes for hawksbill turtles will be less complex due to their similarity to the green turtle, as both belong to the same family, Chelonia, and inhabit the Pacific coast of Panama. The methodology would work similarly for other species, such as sharks or migratory pelagic fish, where only the data obtained by GPS sensors would need to be verified. This would also apply in other geographic contexts. This versatility would expand the model's impact in comparative studies or in ecosystems that are less intensively monitored. In parallel, the model’s predictive capabilities can be used to simulate trajectories under different environmental or management scenarios, such as in response to climate change, industrial fishing zones, or commercial shipping routes. These simulations would provide critical insights for planning marine protected areas and implementing safe migratory corridors, anticipating potential conflicts between marine fauna and human activities.

Finally, the integration of this approach into real-time monitoring platforms is anticipated, which would enable continuous and automated tracking of individuals, with early warnings in the event of unusual deviations or potential risks. This operational application, combined with accessible visualization capabilities, would consolidate a decision-support system based on ecological intelligence, well-suited to addressing the challenges of marine conservation in the 21st century.

In future work, expanding collaboration across international telemetry networks and integrating larger multi-species datasets will be essential for enhancing both the robustness and generalizability of the proposed methodology. Similarly, the adoption of standardized data pipelines and open-access platforms would accelerate reproducibility, ensure methodological transparency, and strengthen the translation of predictive models into actionable policies for biodiversity management.
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