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ABSTRACT 

 

Animal movement data, often collected through GPS tracking, is inherently high-dimensional and complex, posing 

challenges for analysis and interpretation. Dimensionality reduction techniques, leveraging linear algebra and 

machine learning, offer powerful tools for extracting meaningful patterns and insights from this data. This paper 

explores various dimensionality reduction methods, including Principal Component Analysis (PCA), Linear 

Discriminant Analysis (LDA), t-distributed Stochastic Neighbor Embedding (t-SNE), and autoencoders. We discuss 

their strengths, limitations, and suitability for different research questions in animal movement ecology, such as 

identifying behavioral states, analyzing migratory patterns, and understanding environmental influences. A case 

study highlighting the use of PCA to analyze bird migration illustrates the practical application of these techniques. 

This paper emphasizes the importance of dimensionality reduction in transforming complex movement data into a 

tractable form, ultimately contributing to a deeper understanding of animal behavior and ecology.    
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The study of animal movement has been revolutionized by 
advancements in GPS tracking technology, providing an 
abundance of data on animal locations, paths, and behaviors. 
However, this wealth of information comes with a challenge: 
high dimensionality. Animal movement data is inherently 
complex and multi-dimensional, making it difficult to analyze 
and interpret using traditional methods. This is where 
dimensionality reduction techniques step in, offering powerful 
tools to simplify this complexity while preserving crucial 
information. 
Dimensionality reduction aims to transform high-dimensional 
data, like the continuous stream of location coordinates from a 
GPS tracker, into a lower-dimensional representation that is 
easier to manage and analyze. This process involves identifying 
and extracting the most important patterns or features in the 
data, discarding noise or less relevant information. By doing so, 
we can uncover hidden structures, relationships, and trends that 
would otherwise remain obscured in the sea of data. 
This paper explores the application of dimensionality reduction 
techniques in the context of animal movement ecology. We will 
delve into various methods, leveraging both linear algebra, with 
techniques like Principal Component Analysis (PCA) and Linear 
Discriminant Analysis (LDA), and machine learning, with methods 
like t-distributed Stochastic Neighbor Embedding (t-SNE) and 
autoencoders. Each of these methods offers a unique approach 
to simplifying data, and we will discuss their strengths, 
limitations, and suitability for different research questions. 
Through this exploration, we aim to demonstrate how 
dimensionality reduction can unlock valuable insights from 
animal movement data, enabling researchers to identify 
behavioral states, analyze migratory patterns, understand 
environmental influences, and ultimately contribute to more 
effective conservation strategies. 
 2. Linear Algebra Techniques 
Linear algebra provides a powerful set of tools for dimensionality 
reduction in animal movement data. Here are two key 
techniques: 
1. Principal Component Analysis (PCA) 

• Concept: PCA is a widely used technique that aims to 
find the principal components of a dataset. These 
components are new, orthogonal axes (uncorrelated) 
that capture the maximum variance in the data. In 
simpler terms, PCA finds the directions of greatest 
spread in the data. 

• Process:  
1. Center the data: Subtract the mean of each 

variable from the data. 
2. Calculate the covariance matrix: This 

matrix shows how the variables are related 
to each other. 

3. Compute eigenvectors and eigenvalues: 
Eigenvectors represent the principal 
components (directions of greatest 
variance), and eigenvalues indicate the 
amount of variance explained by each 
component. 

4. Select principal components: Choose the 
top k eigenvectors based on their 
corresponding eigenvalues, where k is the 
desired dimensionality of the reduced data.    

5. Project the data: Transform the original 
data onto the new axes defined by the 
selected principal components. 

• Applications in Animal Movement:  

o Identifying major movement corridors: PCA 
can reveal the primary directions of 
movement in animal tracking data, 
highlighting important travel routes or 
migration paths. 

o Separating different movement modes: By 
analyzing the principal components, 
researchers can distinguish between 

different types of movement, such as 
foraging, resting, or directed travel. 

o Reducing data complexity for further 
analysis: PCA can simplify the data before 
applying other analytical techniques, making 
it easier to identify patterns and 
relationships. 

2. Linear Discriminant Analysis (LDA) 

• Concept: LDA is a supervised learning technique that 
aims to find linear combinations of features that best 
separate different classes or groups in the data. Unlike 
PCA, LDA considers class labels when finding the 
optimal directions for projection. 

• Process:  
1. Calculate within-class and between-class 

scatter matrices: These matrices measure 
the variance within each class and the 
separation between different classes. 

2. Compute eigenvectors and eigenvalues: 
Eigenvectors represent the directions that 
maximize the between-class scatter while 
minimizing the within-class scatter. 

3. Select discriminant functions: Choose the 
top k eigenvectors based on their 
eigenvalues, where k is the desired 
dimensionality of the reduced data. 

4. Project the data: Transform the original 
data onto the new axes defined by the 
selected discriminant functions. 

• Applications in Animal Movement:  

o Classifying behavioral states: LDA can be 
used to classify animal movement into 
different behavioral categories, such as 
foraging, resting, or migrating, based on 
labeled training data. 

o Identifying factors influencing movement: 
By analyzing the discriminant functions, 
researchers can identify which features or 
variables are most important for 
distinguishing between different movement 
patterns. 

o Predicting future behavior: LDA can be 
used to build predictive models for animal 
movement based on past behavior and 
environmental conditions. 

Key Differences and Considerations 

• Supervised vs. Unsupervised: PCA is an unsupervised 
technique (doesn't use class labels), while LDA is 
supervised (requires labeled data). 

• Variance vs. Separation: PCA focuses on maximizing 
variance, while LDA aims to maximize separation 
between classes. 

• Choice of Technique: The choice between PCA and 
LDA depends on the specific research question and the 
availability of labeled data. 

By applying these linear algebra techniques, researchers can 
effectively reduce the dimensionality of animal movement data, 
making it more manageable for analysis and revealing hidden 
patterns and insights into animal behavior. 
3. Machine Learning Techniques 
While linear algebra techniques like PCA and LDA offer valuable 
approaches to dimensionality reduction, machine learning 
provides a more diverse and potentially powerful set of tools, 
especially for handling complex, non-linear patterns in animal 
movement data. Here are two prominent machine learning 
techniques: 
1. t-distributed Stochastic Neighbor Embedding (t-SNE) 

• Concept: t-SNE is a non-linear dimensionality 
reduction technique that excels at revealing local 
neighborhood structures in data. It focuses on 
preserving the distances between data points that are 
close to each other in the original high-dimensional 
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space, ensuring that similar points remain close in the 
lower-dimensional representation. 

• Process:  
1. Construct a probability distribution: t-SNE 

calculates the probability of two points 
being neighbors in the high-dimensional 
space based on their Euclidean distance. 

2. Create a similar distribution in low-
dimensional space: It then creates a similar 
probability distribution in the lower-
dimensional space, typically 2D or 3D for 
visualization purposes. 

3. Optimize: t-SNE iteratively adjusts the 
positions of the points in the low-
dimensional space to minimize the 
difference between the two probability 
distributions, using a cost function called 
Kullback-Leibler divergence. 

• Applications in Animal Movement:  

o Visualizing movement clusters: t-SNE is 
particularly effective at visualizing high-
dimensional animal movement data, 
revealing clusters of similar movement 
patterns that may correspond to different 
behavioral states or environmental 
conditions. 

o Identifying hidden patterns: t-SNE can 
uncover non-linear relationships and 
patterns in movement data that might not 
be captured by linear techniques like PCA. 

o Exploring individual variation: t-SNE can 
help visualize and analyze individual 
differences in movement behavior, revealing 
how animals respond differently to similar 
environmental cues. 

2. Autoencoders 

• Concept: Autoencoders are neural networks designed 
to learn a compressed representation of data. They 
consist of two main components: an encoder that maps 
the input data to a lower-dimensional space (latent 
space) and a decoder that reconstructs the original 
data from the latent representation. 

• Process:  
1. Encoding: The encoder compresses the input 

data into a lower-dimensional 
representation, capturing essential features 
and discarding noise. 

2. Decoding: The decoder attempts to 
reconstruct the original data from the 
compressed representation. 

3. Training: The autoencoder is trained by 
minimizing the difference between the input 
data and the reconstructed data, forcing it 
to learn a compressed representation that 
preserves important information. 

• Applications in Animal Movement:  

o Feature extraction: Autoencoders can 
automatically extract relevant features from 
complex movement data, reducing 
dimensionality while capturing non-linear 
relationships. 

o Anomaly detection: By learning the normal 
patterns of movement, autoencoders can 
identify unusual or anomalous behaviors that 
might indicate changes in environmental 
conditions or animal health. 

o Trajectory prediction: Autoencoders can be 
used to predict future animal movement 
based on past trajectories and 
environmental factors. 

Key Advantages of Machine Learning Techniques 

• Non-linearity: t-SNE and autoencoders can capture 
non-linear relationships and complex patterns in 
animal movement data that might be missed by linear 
techniques. 

• Adaptability: Machine learning models can adapt to 
different types of movement data and research 
questions, offering flexibility and versatility. 

• Scalability: These techniques can handle large and 
complex datasets, making them suitable for analyzing 
the increasing volume of animal movement data being 
collected. 

By incorporating these machine learning techniques into their 
analysis, researchers can gain a deeper understanding of animal 
movement, revealing hidden patterns, behavioral states, and 
environmental influences that shape animal behavior. 
4. Applications in Animal Movement Ecology 
Dimensionality reduction techniques have broad applications in 
animal movement ecology, helping researchers extract 
meaningful insights from complex tracking datasets. Here are 
some key areas where these techniques prove valuable: 

1. Identifying Behavioral States: 

• Animals often exhibit distinct behavioral states, such 
as foraging, resting, traveling, or migrating. 
Dimensionality reduction can help identify and classify 
these states by revealing clusters or patterns in 
movement data. 

• For example, t-SNE can be used to visualize movement 
data, revealing clusters of similar movement 
characteristics that may correspond to different 
behaviors. 

• LDA can be used to classify movement into predefined 
behavioral categories based on labeled training data. 

2. Analyzing Migratory Patterns: 

• Dimensionality reduction can simplify the analysis of 
complex migratory journeys by identifying key 
stopover locations, migratory corridors, and factors 
influencing route selection. 

• PCA can be used to identify the main directions of 
movement during migration, revealing important 
flyways or corridors. 

• By reducing the dimensionality of movement paths, 
researchers can more easily compare and analyze 
individual variations in migration strategies. 

3. Understanding Environmental Influences: 

• Dimensionality reduction can help reveal how 
environmental factors, such as habitat features, 
resource availability, or weather conditions, shape 
animal movement decisions. 

• By analyzing the reduced dimensions, researchers can 
identify which environmental variables are most 
strongly associated with changes in movement 
patterns. 

• This understanding can be crucial for predicting how 
animals might respond to environmental changes, such 
as habitat loss or climate change. 

4. Improving Conservation Strategies: 

• By identifying critical habitats, migration routes, and 
behavioral patterns, dimensionality reduction can 
contribute to more effective conservation planning and 
management. 

• Understanding how animals respond to environmental 
factors can help prioritize conservation areas and 
mitigate the impacts of human activities. 

• Dimensionality reduction can also be used to monitor 
animal populations and detect changes in movement 
behavior that might indicate stress or disturbance. 

Examples of Specific Studies: 

• African Elephants: PCA has been used to identify 
different movement modes in African elephants, 
revealing how they adjust their behavior in response to 



 
48 

environmental factors like rainfall and vegetation 
patterns. 

• Sea Turtles: t-SNE has been used to visualize and 
analyze the migratory routes of sea turtles, revealing 
distinct clusters of migration paths and potential 
factors influencing their navigation. 

• Birds: LDA has been used to classify flight behavior in 
birds, distinguishing between different types of flight, 
such as flapping, soaring, and gliding, based on 
wingbeat patterns and acceleration data. 

By applying dimensionality reduction techniques to animal 
movement data, researchers can gain a deeper understanding of 
animal behavior, ecology, and conservation needs, ultimately 
contributing to more effective strategies for protecting wildlife 
and their habitats. 
5. Let's delve into a case study demonstrating the practical 
application of Principal Component Analysis (PCA) in analyzing 
bird migration data. 
Study: Tracking the migratory movements of the Swainson's 
Thrush 
Dataset: Imagine a dataset comprising GPS locations of multiple 
Swainson's Thrushes tracked over several months during their 
migration between North and South America. Each GPS location 
provides two dimensions (latitude and longitude), and with 
thousands of locations recorded per bird, the dataset becomes 
high-dimensional and complex. 
Applying PCA: 

1. Data Preparation: The latitude and longitude data are 
standardized (mean-centered and scaled) to ensure 
that both variables contribute equally to the analysis. 

2. PCA Calculation: PCA is performed on the 
standardized data to identify the principal 
components. These components represent new axes 
that capture the maximum variance in the birds' 
movements. 

3. Component Selection: The first two principal 
components (PC1 and PC2) are selected, as they 
typically explain the majority of the variance in 
migratory trajectories. 

Interpreting Results: 

• PC1: This component likely represents the primary 
direction of migration, aligning with the north-south 
axis along which the birds travel between their 
breeding and wintering grounds. High PC1 values 
indicate southward movement, while low PC1 values 
indicate northward movement. 

• PC2: This component might capture the east-west 
variation in the birds' movements, reflecting deviations 
from the main migratory direction. These deviations 
could be due to factors like wind conditions, 
geographical barriers, or stopover locations. 

Visualizing Results: 
The transformed data can be visualized on a scatter plot with 
PC1 and PC2 as the axes. This plot would show the migratory 
trajectories of individual birds in a simplified two-dimensional 
space, revealing patterns and clusters in their movements. 
Insights and Implications: 

• Migratory Flyways: The visualization might reveal 
distinct clusters of trajectories, indicating different 
migratory flyways or routes taken by different groups 
of birds. 

• Stopover Sites: Deviations from the main migratory 
direction (PC1) could indicate important stopover sites 
where birds rest and refuel during their journey. 

• Environmental Influences: By overlaying 
environmental data, such as wind patterns or habitat 
maps, onto the PCA plot, researchers can explore how 
these factors influence the birds' movements. 

 6. Challenges and Limitations 
While dimensionality reduction techniques offer powerful ways 
to analyze animal movement data, they also come with inherent 
challenges and limitations. 

• Choosing the Right Technique: Selecting the 
appropriate technique (PCA, LDA, t-SNE, 
autoencoders, etc.) depends heavily on the specific 
research question, the nature of the data, and the 
desired outcome. There is no one-size-fits-all solution, 
and careful consideration is needed to choose the most 
suitable method. 

• Interpretability: Interpreting the results, especially 
for non-linear techniques like t-SNE and autoencoders, 
can be challenging. The reduced dimensions may not 
have clear biological or ecological meanings, making it 
difficult to relate them back to the animals' behavior 
or environment. 

• Data Preprocessing: The quality of the results 
depends heavily on proper data preprocessing. This 
includes handling missing data, smoothing noisy tracks, 
and potentially normalizing or standardizing variables 
to ensure they contribute equally to the analysis. 

• Computational Cost: Some techniques, particularly 
those involving machine learning, can be 
computationally expensive, requiring significant 
processing power and time, especially for large 
datasets. 

• Loss of Information: Dimensionality reduction 
inherently involves some loss of information. While the 
goal is to preserve the most important patterns, some 
finer details might be lost in the process. 

• Sensitivity to Parameters: The results of some 
techniques can be sensitive to the choice of 
parameters (e.g., the number of dimensions to retain 
in PCA or the perplexity parameter in t-SNE). Careful 
parameter tuning and sensitivity analysis are often 
required. 

• Overfitting: With complex machine learning models 
like autoencoders, there is a risk of overfitting the 
model to the training data, which can reduce its 
ability to generalize to new data. 

Despite these challenges, dimensionality reduction remains a 
valuable tool for analyzing animal movement data. By being 
mindful of these limitations and employing appropriate 
strategies to mitigate them, researchers can effectively leverage 
these techniques to gain valuable insights into animal behavior 
and ecology. 
7. Future Directions 
The field of dimensionality reduction for animal movement data 
is constantly evolving, with exciting advancements on the 
horizon. Here are some key future directions: 

• Integrating Multiple Data Sources: Combining 
movement data with other data sources, such as 
environmental data (e.g., temperature, elevation, 
habitat type), physiological data (e.g., heart rate, 
body temperature), or social data (e.g., proximity to 
other individuals) can provide a more holistic 
understanding of animal behavior. This integration can 
lead to more nuanced insights into the factors driving 
movement decisions and patterns. 

• Developing New Techniques: There's always room for 
innovation! Developing new dimensionality reduction 
techniques specifically tailored for the unique 
characteristics of animal movement data could lead to 
more effective feature extraction and pattern 
recognition. This could involve incorporating domain-
specific knowledge, such as the physics of animal 
locomotion or the influence of environmental 
gradients. 

• Incorporating Temporal Dynamics: Many current 
techniques treat movement data as a static snapshot. 
However, animal movement is inherently dynamic and 
changes over time. Developing methods that explicitly 
account for temporal dependencies and changes in 
movement patterns will be crucial for understanding 
behavioral shifts and responses to changing conditions. 
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• Improving Interpretability: While some techniques 
excel at reducing dimensionality, the resulting reduced 
dimensions may be difficult to interpret biologically. 
Future research should focus on developing methods 
that enhance interpretability, allowing researchers to 
more easily relate the reduced dimensions to 
meaningful behavioral or ecological features. 

• Addressing Ethical Considerations: As with any 
technology, it's important to consider the ethical 
implications of using dimensionality reduction in 
animal movement studies. This includes ensuring data 
privacy, minimizing disturbance to animals, and using 
the insights gained responsibly for conservation and 
management purposes. 

By pursuing these future directions, researchers can further 
harness the power of dimensionality reduction to unlock a 
deeper understanding of animal movement, contributing to more 
effective conservation strategies and a greater appreciation for 
the complexity of animal behavior in a changing world. 

  
Dimensionality reduction techniques, encompassing both linear 
algebra methods like PCA and LDA, and machine learning 
approaches such as t-SNE and autoencoders, have become 
essential tools for analyzing animal movement data. These 
techniques address the inherent complexity and high 
dimensionality of movement data, allowing researchers to 
extract meaningful patterns and insights that would otherwise 
remain obscured. By transforming data into a lower-dimensional 
space while preserving crucial information, dimensionality 
reduction enables the identification of behavioral states, 
analysis of migratory patterns, understanding of environmental 
influences, and ultimately, the development of more effective 
conservation strategies. 
While challenges remain, such as choosing the appropriate 
technique, interpreting results, and addressing computational 
costs, ongoing research and development continue to refine 
these methods and expand their applicability. Future directions 
include integrating multiple data sources, developing new and 
more interpretable techniques, incorporating temporal 
dynamics, and addressing ethical considerations. 
In conclusion, dimensionality reduction offers a powerful lens 
through which we can view the intricate world of animal 
movement. By simplifying complexity without sacrificing crucial 

information, these techniques contribute significantly to our 
understanding of animal behavior, ecology, and conservation, 
paving the way for more informed and effective conservation 
efforts in a changing world. 
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