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ABSTRACT

A comprehensive understanding of animal behavior ecology depends on scalable approaches to quan-

tify and interpret complex, multidimensional behavioral patterns. Traditional field observations are

often limited in scope, time-consuming, and labor-intensive, hindering the assessment of behavioral

responses across landscapes. To address this, we present kabr-tools (Kenyan Animal Behavior

Recognition Tools), an open-source package for automated multi-species behavioral monitoring.

This framework integrates drone-based video with machine learning systems to extract behavioral,

social, and spatial metrics from wildlife footage. Our pipeline leverages object detection, tracking,

and behavioral classification systems to generate key metrics, including time budgets, behavioral

transitions, social interactions, habitat associations, and group composition dynamics. Compared

to ground-based methods, drone-based observations significantly improved behavioral granularity,

reducing visibility loss by 15% and capturing more transitions with higher accuracy and continuity.

We validate kabr-tools through three case studies, analyzing 969 behavioral sequences, surpassing

the capacity of traditional methods for data capture and annotation. We found that, like Plains zebras,

vigilance in Grevy’s zebras decreases with herd size, but, unlike Plains zebras, habitat has a negligible

impact. Plains and Grevy’s zebras exhibit strong behavioral inertia, with rare transitions to alert
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kabr-tools

behaviors and observed spatial segregation between Grevy’s zebras, Plains zebras, and giraffes in

mixed-species herds. By enabling automated behavioral monitoring at scale, kabr-tools offers

a powerful tool for ecosystem-wide studies, advancing conservation, biodiversity research, and

ecological monitoring.

1 Introduction

Drone Data
Collection

Machine-Learning Methods with Manual Oversight

Detection Tracking Behavior Annotation
Ecological

Analysis

Time Budgets Behavior Transitions InteractionsLand Use Demographics

See Fig. 2
for details

Figure 1: kabr-tools computational framework for automated wildlife behavioral monitoring. The modular pipeline
processes drone video through object detection, individual tracking, and machine learning-based behavioral classification
to generate ecological metrics including time budgets, behavioral transitions, land and habitat use, social interactions,
and demographic data. Framework design enables integration of novel ML models and adaptation across species and
study systems. See Fig. 2 for technical details on ML methods with manual oversight.

Large-scale wildlife monitoring across diverse ecosystems increasingly requires computational frameworks capable

of processing multi-dimensional behavioral datasets to understand behavioral patterns [Koger et al., 2023, Duporge

et al., 2025]. The data-intensive nature of modern ecology, intensified by climate change impacts, habitat fragmentation,

and biodiversity loss, demands automated approaches that can scale beyond the temporal and spatial limitations of

traditional observation methods [Anderson and Perona, 2014, Besson et al., 2022]. While field studies of animal

behavior have successfully employed systematic observation methods [Altmann, 1974], these approaches constrain

researchers to small-scale, labor-intensive studies that cannot efficiently address landscape-level ecological questions or

multi-species comparative analyses.

Traditional behavioral sampling methods, such as focal and scan sampling, have provided the foundation for under-

standing species ecology and behavioral adaptations through the construction of time budgets [Bateson and Martin,

2021]. However, these approaches face fundamental scalability limitations when applied to contemporary ecological

challenges [Smith and Pinter-Wollman, 2021]. Focal animal sampling, while providing detailed behavioral sequences,

restricts observations to single individuals and cannot efficiently capture the simultaneous responses of multiple group

members to environmental pressures [Amato et al., 2013]. Moreover, by the time the final individual is observed, its

state and needs may differ from those observed earlier in the sequence. Scan sampling addresses temporal alignment by

recording instantaneous group behavior, but it frequently misses brief but ecologically critical events such as vigilance

responses or predator detection behaviors [Amato et al., 2013]. Both methods require extensive human observation
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effort that constrains the spatial scale and temporal duration of studies, limiting our ability to understand behavioral

responses to environmental change across communities and landscapes.

Recent advances in remote sensing and computational analysis offer transformative opportunities for scaling behavioral

monitoring to meet ecological research needs [Hughey et al., 2018, Corcoran et al., 2021, Besson et al., 2022, Koger

et al., 2023, Kline et al., 2025d]. Drone technology provides aerial observation platforms that can simultaneously

monitor multiple individuals across groups while minimizing observer effects and visual obstructions [Afridi et al.,

2024, Pedrazzi et al., 2025, Schad and Fischer, 2023]. More critically, the integration of computer vision and machine

learning enables automated processing of the large video datasets generated by drone surveys, transforming behavioral

ecology from observation-limited to data-intensive science [Petso et al., 2021, Zhang et al., 2024, Saoud et al., 2024,

Axford et al., 2024, Chan et al., 2024, Elhorst et al., 2025, Kline et al., 2025a]. These computational approaches

can process behavioral information at scales previously impossible with manual methods, enabling more efficient

landscape-level monitoring, multi-species comparative studies, and long-term assessment of behavioral responses to

environmental change.

Building on this foundation, the Kenyan Animal Behavior Recognition (KABR) project initially developed a dataset of

drone-based behavioral observations to train machine learning models for automated behavior classification [Kholi-

avchenko et al., 2024b]. This foundational work established methodological approaches for drone-based behavioral

data collection and demonstrated the feasibility of automated behavior recognition across multiple African savanna

species, including Plains zebras (Equus quagga), Grevy’s zebras (Equus grevyii) and reticulated giraffes (Giraffa

reticulata). However, the original KABR framework was primarily designed for machine learning dataset preparation

rather than comprehensive ecological analysis. Here, we present an expanded computational framework that extends

the KABR project beyond dataset creation to provide comprehensive tools for ecological behavioral analysis, following

the application-driven machine learning framework [Rolnick et al., 2024]. Our kabr-tools framework transforms the

original machine learning training pipeline into a complete software suite for automated wildlife behavioral monitoring.

We build upon the validated methodological foundation established by the original KABR dataset while significantly

expanding both analytical capabilities and taxonomic scope. This expanded framework addresses the scalability

challenges of traditional methods by providing tools for processing large-scale behavioral datasets across multiple

species and ecological contexts.

We demonstrate the effectiveness of drones in collecting data, paired with machine learning for analysis, by bench-

marking the KABR dataset against traditional, ground-based expert observation methods [Kline et al., 2025b]. We

validate our expanded framework using five key metrics and three case studies drawn from the behavioral data in the

original KABR video clips and 50 minutes of newly released full-length videos [Kline et al., 2025c]. We provide

worked examples for fourteen new videos, including annotated detections, tracks, behavior labels, and telemetry data

[Kline et al., 2025e]. Our enhanced framework provides automated extraction of time budgets, behavioral transitions,

social interactions, and habitat associations across these diverse study systems. The modular design enables integration

of emerging machine learning models and adaptation to new species and study contexts. We demonstrate the ecological
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applications of this approach through three case studies, which include the computational analysis of anti-predator

behavior in Grevy’s zebras, transitions in zebra behavior, and inter- and intra-specific social interactions. Our analysis

reveals species-specific risk management strategies across habitat gradients. We provide comprehensive documentation
1, open-source code 2. All the data is available on HuggingFace, including methodological comparisons3, and worked

examples for three sessions, including full length videos full-length videos4, detections, tracks, behavior annotations,

and associated telemetry5. We provide a glossary bridging behavioral ecology and computer vision terminology to

facilitate interdisciplinary adoption (Tab. 1). This evolution from dataset creation to a comprehensive computational

ecology framework advances automated wildlife monitoring capabilities while providing scalable tools for addressing

contemporary conservation biology and ecosystem management challenges.

Computer Science Term Definition

Annotation Manual data labeling process – used to train ML models or classify behaviors in datasets

CVAT Computer Vision Annotation Tool – open-source platform for annotating videos and manually
labeling animal behaviors [CVAT.ai, 2023]

Head Classes Common behaviors with many training examples (e.g., Walk, Graze, Head Up)

KABR Kenya Animal Behavior Recognition project – a computational framework for automated
animal behavior analysis from drone footage [Kholiavchenko et al., 2024b]

Machine Learning (ML) A type of AI where algorithms learn patterns from data and improve over time without explicit
programming. Used in ecology to automate behavior analysis.

Mini-scene Cropped video sequence focused on a single animal, extracted from drone footage and centered
on the individual

Tail Classes Rare behaviors with few training samples (e.g., Fighting), harder to classify

Ecological Term Definition

Animal Behaviour Pro Smartphone app for logging field observations with timestamps and behavior categories
[Newton-Fisher, 2021]

Drone-based Sampling Behavior is extracted from drone footage, either manually or via AI. Enables focal sampling
of all individuals simultaneously.

Ethogram A catalog of species-specific behaviors with standardized descriptions (See example in Tab.
13)

Focal Sampling Continuous observation of a single individual recording all behaviors for a predetermined time
[Altmann, 1974]

Ground-based Sampling Observer records behavior manually (e.g., via binoculars) using focal or scan sampling
[Altmann, 1974]

Instantaneous Sampling Behavior is recorded only at specific observation instants, often using scan sampling
Scan Sampling Recording behavior of all visible group members at regular intervals [Altmann, 1974]
Time Budget Proportion of time animals spend on various activities like feeding or moving

Table 1: Glossary of Computer Science and Ecological Terms and Tools

1https://imageomics.github.io/kabr-tools/
2https://github.com/Imageomics/kabr-tools
3https://huggingface.co/datasets/imageomics/kabr-methodology
4https://huggingface.co/datasets/imageomics/kabr-full-video
5https://huggingface.co/datasets/imageomics/kabr-worked-examples
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Figure 2: kabr-tools video processing pipeline for drone-based behavioral analysis. Raw drone footage undergoes
automated animal detection and tracking, followed by mini-scene extraction to create individual-focused video segments.
Manual behavioral annotation using standardized ethograms produces continuous behavioral records, with quality
control measures ensuring dataset accuracy and consistency.

2 Methodology

We present an end-to-end framework for drone-based behavioral ecology that integrates scalable video processing,

expert annotation, machine learning classification, and ecological analysis. Our methodological design prioritizes

automation, ecological validity, and minimal disturbance to wildlife. The kabr-tools pipeline, illustrated in Fig.

2, transforms raw drone footage into behavior-annotated videos. We validate our proposed drone-based behavioral

analysis pipeline by collecting data on Grevy’s zebras, Plains zebras, and reticulated giraffes at Kenya’s Mpala Research

Centre, using standardized protocols to minimize animal disturbance (Section 2.1). We describe the pipeline in detail

(Section 2.2), including mini-scene extraction (Section 2.2.1) and the video annotation protocol (Section 2.2.2). We

describe our comprehensive multi-tiered validation strategy (Section 2.3), which includes machine learning evaluation,

cross-method comparisons, and application-driven ecological tasks [Rolnick et al., 2024]. We demonstrate that our

modular framework enables reproducible, non-invasive behavioral monitoring at scale and provides a template for

extending AI-driven analysis to other ecological systems.

2.1 Data Collection for Evaluation

We collected the data at the Mpala Research Center in Laikipia, Kenya in January 2023, summarized in Tab. 2. First, we

collected ground-based scan and focal sampling to familiarize the field observers with behavior observations and refine

the ethograms (see Appendix 7.4). Next, we manually flew a series of drone missions to collect video footage of animal

behaviors, while also conducting simultaneous ground-based focal sampling for selected missions. Acoustic guidelines

were used to mitigate disturbance during flight operations [Duporge et al., 2021]. We collected behavior data of three

ungulate species: Grevy’s zebras, plains zebras, and reticulated giraffes across diverse habitat types, including open

savanna, mixed woodland, and acacia woodland environments. When possible, demographic information, including age

and sex classification, was recorded for the herds. We conducted 19 drone missions using a DJI Air 2S drone, collecting

10.5 hours of video (54 GB) in 4K and 5.4K resolution at 30 frames per second. All research was conducted under

Institutional Animal Care and Use Committee approval (Princeton University IACUC 1835F) and Kenya’s National

Commission for Science, Technology & Innovation research license (NACOSTI/P/22/18214).
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Category Metric Value

Dataset Overview

Study Period January 11-21, 2023
Location Mpala Research Centre, Laikipia, Kenya
Animals observed 97+ individuals
Mini-scene count 969 (807 manually annotated, 162 automatically annotated with ML)

Species Distribution

Plains Zebra 378 mini-scenes (39.0%)
Grevy’s Zebra 275 mini-scenes (28.4%)
Zebra (species unspecified) 198 mini-scenes (20.4%)
Reticulated Giraffes 118 mini-scenes (12.2%)

Group Demographics Group Size Range 2-16 individuals
Mean Group Size 6.1 individuals

Drone Sessions

Total Sessions 17
Session Duration Range 5 - 52 minutes
Typical Session Length 24 minutes
Recording Time Range 9:30 AM - 4:30 PM

Data Files
Detections Bounding boxes locating and tracking animals through the video
Mini-scenes Cropped video clips created from detections focused on a single individual animal
Behavior Behavior label associated with each frame in the mini-scene
Drone telemetry GPS, altitude, heading, and speed
Drone Session Summary Session date-time, species, herd size, field notes
Concurrent ground-based scan and focal data 8 sessions (2 giraffe, 4 Grevy’s, 2 Plains)

Table 2: Summary of dataset used to validate kabr-tools pipeline and perform case studies analysis. Contains
behavior data from eight concurrent scan and focal sampling sessions, 969 annotated mini-scenes obtained from drone
footage, and drone session summary.

Figure 3: Distribution of behaviors in the dataset.
Head classes constitute the majority of the dataset,
which include Graze, Walk, and Head Up.

The dataset includes ground-based sampling data and drone

videos capturing ungulate behaviors (Tab. 2). Ground-based

scan and focal behavior data was collected for eight sessions

to validate the automated classification approaches. We use

969 mini-scenes from 17 drone recording sessions annotated

with our pipeline to validate our methodology and perform the

case study analysis. The dataset contains twelve distinct be-

havior categories, shown in Fig. 3). Detailed definitions of the

behavioral categories are summarized Appendix 7.4. The top

seven categories occurring with the greatest frequency (Graze,

Walk, Head Up, Run, Browse, Trot, Auto-Groom, as well as Out

of Sight) are used for statistical analysis, including fine-tuning

the KABR X3D model [Kholiavchenko et al., 2024c]. Primary

behaviors common to all species Walk (forward locomotion with at least three consecutive steps), Head Up (head raised

above shoulder height with ears oriented forward, indicating vigilance or scanning), and Auto-groom (self-directed

grooming using mouth or hind limb). Secondary behaviors include species-specific activities such as Browse for giraffes,

describing animals with their heads up eating leaves, and Graze for zebras, describing animals with their heads down

eating grass. Social interactions, including Mutual-Groom and Fight, were recorded when observed but occurred too

infrequently for statistical analysis.

6



kabr-tools

2.2 Video Processing Pipeline

Our video processing methodology transforms raw drone footage into annotated behavioral datasets suitable for machine

learning analysis. This approach enables simultaneous focal sampling of multiple individuals while maintaining the

detailed behavioral records traditionally achieved through single-animal focal sampling. The pipeline consists of two

main stages. First, the raw videos are processed into mini-scenes (Section 2.2.1). Next, the mini-scenes are labeled with

behaviors (Section 2.2.2). Quality control measures ensure annotation consistency and accuracy through inter-annotator

reliability testing and expert review. Ultimately, the resulting dataset is utilized for ecological analyses.

2.2.1 Mini-scene Extraction

Track 5

Track 4

Track 1

Track 2
Track 3

Figure 4: A mini-scene is a sub-image cropped from
the drone video footage centered on and surrounding
a single animal. Mini-scenes simulate the camera as
well-aligned with each individual animal in the frame,
compensating for the movement of the drone and ig-
noring everything in the large field of view but the
animals’ immediate surroundings. The KABR dataset
comprises mini-scenes and their frame-by-frame be-
havior annotations [Kholiavchenko et al., 2024b].

The initial processing stage begins with object detection to iden-

tify all animals in the video frame, followed by continuous track-

ing to maintain individual identity across frames. From these

tracked individuals, we extract mini-scenes: cropped video seg-

ments that focus on single animals while preserving behavioral

context (Fig. 4). Mini-scenes simulate focal sampling condi-

tions for multiple individuals simultaneously by maintaining

each animal at the center of its respective video frame through-

out the observation period. Our processing pipeline employs a

YOLO-based convolutional neural network for object detection

[Jocher et al., 2023], a state-of-the-art model pre-trained on the

COCO dataset [Lin et al., 2015]. Detected animals are tracked

continuously across frames using spatial proximity and visual

feature matching, maintaining consistent individual identifica-

tion even during temporary occlusions or when animals move

close together. The system dynamically crops the full video frame around each tracked individual while preserving

sufficient surrounding context for behavioral classification. This approach compensates for drone movement and camera

angle changes, ensuring consistent framing regardless of the animal’s position within the larger field of view. Quality

control measures included manual checks identified evident tracking errors where the algorithm switched between

individuals, which were excluded. We also filter out mini-scenes consisting of less than 90 frames (i.e. 3 seconds at 30

fps) to ensure a sufficient duration to reliably classify behavior for the focal animal. This duration threshold of three

seconds was empirically determined to provide sufficient temporal context for accurate behavioral classification while

maximizing data retention. Our manual review and adjustment capabilities corrected tracking errors and refine detection

boundaries when necessary.
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2.2.2 Video Annotation Protocol

Once the mini-scenes are extracted, they are annotated with behavior labels frame-by-frame using standardized

behavioral labels. This creates continuous behavioral records for each tracked individual. These behavioral labels may

be produced manually using an annotation tool such as CVAT, or automatically if a suitable behavior recognition model

is available, such as KABR X3D [Kholiavchenko et al., 2024c] or YOLO-Behaviour [Chan et al., 2024]. To build our

dataset, we conducted manual behavior annotations using the Computer Vision Annotation Tool (CVAT). CVAT is

an open-source platform enabling precise frame-by-frame labeling of video data [CVAT.ai, 2023]. This annotation

produces continuous behavioral records analogous to traditional focal sampling, with every frame labeled according to

standardized species-specific ethograms (Appendix 7.4). The annotation protocol requires labeling every frame with the

focal individual’s current behavioral state, creating temporally precise behavioral sequences. We provide a CVAT user

guide developed through this process in our Github repository.

Our annotation team consists of nine trained individuals: four field observers who collected the original ground-based

data and five additional assistants who underwent comprehensive training to ensure consistency. Rigorous quality

control measures were used to ensure annotation accuracy and consistency. Our standardized training program includes

intensive review of species-specific behavioral definitions with video examples, technical instruction on the CVAT

interface, and practice annotation sessions until achieving greater than 90% agreement with expert annotations. We

employed weekly calibration sessions throughout the annotation period to address interpretation drift and maintain

consistency across all annotators. These included random double-annotation of 10% of mini-scenes to monitor inter-

annotator reliability (achieving κ = 0.88 for primary behavioral categories), weekly calibration sessions to address

any annotation drift, and final expert review by field-experienced team members for all completed annotations. This

multi-layered approach ensured that the resulting behavioral dataset met the precision standards required for both

traditional ethological analysis and machine learning model training.

2.3 Evaluation Methodology

Our evaluation framework integrates cross-method sampling comparisons and application-driven ecological tasks to

assess the effectiveness of our drone-based behavioral analysis pipeline. In Section 2.3.1, we validate ML-enabled

drone-based observations against established ground-based methods by comparing behavior distributions and detection

sensitivity across three approaches. (1) scan versus focal sampling (ground-based), (2) focal sampling (ground versus

drone), and (3) manual versus ML annotations. In Section 2.3.2, we demonstrate the utility of our pipeline through three

case studies, each aligned with key ecological tasks: time budget analysis, behavioral transitions, social interactions,

habitat use, and group composition. These case studies illustrate how automated behavioral data extracted from drone

footage can be applied to answer ecological questions at individual, group, and community levels. Together, this

multi-level evaluation framework validates the technical reliability and ecological relevance of drone-based behavior

monitoring systems, enabling scalable, non-invasive observation of wildlife in natural habitats.
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A B
Vehicle

Figure 5: Comparison of ground-based (left) and drone-based (right) perspectives of the same group of plains zebras.
While ground-based observations captured only five visible individuals (white solid outline) due to occlusion from
vegetation, the drone view clearly revealed all ten (yellow dotted outline), illustrating the advantage of aerial monitoring
for behavioral data collection.

2.3.1 Drone-based Observation Validation

We employed multiple analytical approaches to validate ML-enabled drone-based behavior observations against

traditional ground-based scan and focal sampling methods. We aim to capture differences in out-of-field annotation

protocol with the in-field data collection, since replaying videos typically allows annotators to capture behavioral

transitions with greater precision. First, we compared the results from simultaneous ground-based scanning and focal

sampling sessions that observed the same herd. Next, we compared the results from simultaneous ground-based

focal sampling and drone-based focal sampling, observing the same individual during the same time. Finally, we

compared the results of manually annotated drone footage with those of ML-annotated drone footage. To measure

the agreement between the methods, we use confusion matrices to quantify the agreement between simultaneous

observations, revealing method-specific detection capabilities for different behaviors.

To conduct ground-based observations in the field, observers worked in pairs. One partner observed the behaviors

using a pair of binoculars and called out their observations. The other partner recorded the behaviors using the

AnimalBehaviorPro app [Newton-Fisher, 2021]. Scan sampling captured data on the whole herd every two minutes,

while focal sampling recorded the behavior of a single individual continuously. Animals were monitored simultaneously

using both scan and focal sampling methods (Tab. 8). We used timestamp data captured with the AnimalBehaviorPro

app to match the behavior observations temporally. To allow for comparison to the continuous focal sampling data,

the discrete scan sampling observations were converted to continuous observations propagated across the subsequent

two-minute period.

During select drone missions, we recorded zebra behaviors using focal sampling, allowing for a comparison of the

behavior data gleaned from the drone footage with data observed from the ground (Tab. 9). We identified and matched

the individual zebras between ground observations and drone footage using distinctive physical characteristics, including

unique stripe patterns, scars, body size, and sex-specific features through standardized ground-level photography from

multiple angles (Fig. 5). Digital photo catalogs were created for each observation session with GPS coordinates and
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Data Harmonization Step Description

Visibility Filtering Excluded time periods when individuals were out of sight (ground focal) or out of
frame/occluded (drone focal) to ensure valid time budget comparisons.

Behavioral Category Harmonization Applied consistent behavioral definitions across both ground and drone datasets to allow
for direct comparison.

Individual Matching Validation Limited comparative analyses to individuals with clear, unambiguous identification
across both methods.

Temporal Resolution Matching Aggregated drone annotations to match the coarser temporal resolution of ground obser-
vations when required.

Table 3: Data harmonization steps used to align drone and ground-based behavioral datasets.

timestamps to facilitate matching across data collection platforms. Ground-based focal sampling and drone video

collection were synchronized using GPS timestamps and detailed field notes recording drone flight initiation and

termination times. Video annotations were temporally aligned with ground observations using metadata from both

data streams. Only periods with complete temporal overlap between ground focal sampling and corresponding drone

mini-scenes were included in comparative analyses. To ensure valid comparisons between drone and ground-based

behavioral datasets, we applied four harmonization steps (Tab. 3). We first filtered out periods where individuals were

not visible in either method. Then, we harmonized behavior categories, validated individual identity matches, and

matched temporal resolutions by aggregating drone data. These steps minimized bias and improved alignment between

datasets for robust comparative analysis.

In our previous work, we evaluated four ML models to automatically classify behavior from drone videos: I3D [Carreira

and Zisserman, 2017], SlowFast [Feichtenhofer et al., 2019], X3D [Feichtenhofer, 2020], and UniformerV2 [Li et al.,

2022] [Kholiavchenko et al., 2024a]. The X3D model consistently performed the best, so it was used here to evaluate the

performance of automatic behavior recognition compared to manually annotated mini-scenes. The X3D model achieves

a 91.32% F-1 score for the three most common behaviors, which include Graze, Walk, Head Up, but significantly

lower performance on long-tailed tail classes, consisting of rarer behaviors (50.31% F-1). We used the X3D model to

automatically annotate the behaviors used for Case Study 3 (Section 3.2.1).

2.3.2 Ecological Tasks and Case Studies

We focus on five broad ecological tasks: time budget analysis, behavioral transitions, social interactions, land use and

movement patterns, and social group composition analysis [Hughey et al., 2018, Smith and Pinter-Wollman, 2021,

Pedrazzi et al., 2025], summarized in Tab. 4. These tasks provide a multifaceted understanding of animal behavior

by capturing not just how much time animals spend in different activities, but also how behaviors transition over

time, vary across habitats, and are shaped by social context. Time budgets and transition matrices offer standardized

metrics to quantify behavioral patterns and flexibility, while drone-enabled detection of interactions and movement

pathways reveals dynamics often missed by ground observers. Together, these methods help ecologists link behavior

to environmental and social drivers, which is essential for interpreting animal responses to habitat change, human

disturbance, and conservation interventions.
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Ecological Task Description Key Metrics / Comparisons

Time Budget Analysis
Calculates proportion of time spent in each be-
havioral state. Excludes periods when the animal
was not visible.

• Time Budgeti =
∑

ti∑
tvisible

× 100%

• Comparison across drone vs. ground observa-
tions

Behavioral Transitions Examines sequential behavior using transition
matrices.

• P (j|i) = nij∑
k nik

• Drone vs. ground transition patterns

Social Interactions Detects social interactions based on spatial over-
lap and behavioral synchrony in drone footage.

• > 50% bounding box overlap for > 3 frames
• (Optional) Behavioral categorized interactions

(e.g., mutual-grooming)

Land Use and Movement
Patterns

Uses GPS and visual classification to link behav-
ior to habitat type.

• Habitat: open grassland, dense woodlands,
mixed

• Movement paths in annotated landscapes

Social Group Composi-
tion Analysis

Analyzes group size, demographics, and spatial
structure based on high-resolution video.

• Age-sex categories (adult male/female,
subadult, juvenile, infant)

• Group size and spatial configuration

Table 4: Summary of behavioral and ecological analyses enabled by drone footage

Case Study Description Ecological Tasks

Grevy’s Zebra Landscape
of Fear

Analyzed 368 mini-scenes of Grevy’s zebra groups (2–8
individuals) across open grassland and bush habitats to
assess anti-predator behavior. Behavioral labels were
generated using a fine-tuned X3D model [Kholiavchenko
et al., 2024c].

• Time budgets
• Land use
• Social group composition

Zebra State Shifts
Modeled behavior sequences from 748 mini-scenes to
estimate transition probabilities between grazing, walk-
ing, trotting, and running.

• Behavioral transitions
• Time budgets

Cross-Species Encounters
Detected 5,035 inter- and inter-species interactions
among 16 individuals using the bounding box overlap
method across 157 annotated mini-scenes.

• Social interaction detections
• Social group composition

Table 5: Case studies illustrating use of analytical tasks for drone-based behavioral ecology

To demonstrate the analytical capabilities enabled by drone-based observation, we conducted three case studies

leveraging the tasks (Tab. 5). Herbivores must balance competing needs to feed and avoid predation. These competing

needs cause animals to avoid areas where food is abundant but predation risk is high, known as the landscape of fear

phenomenon [Riginos, 2015]. We examine this phenomenon in our first case-study, Grevy’s Zebra Landscape of Fear,

which combines time budgets, habitat use, and social group composition to explore how landscape features and group

structure influence perceived risk and anti-predator behavior. We model the likelihood of transitions between locomotor

states in the Zebra State Shift case study to assess behavioral flexibility and alertness. Finally, the Cross-Species

Encounters case study uses spatial proximity and behavioral synchrony to detect and classify social interactions,

providing insight into mixed-herd dynamics that are difficult to observe from the ground.
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3 Results

We evaluate the performance of our end-to-end system for automated wildlife behavior analysis through a combination

of machine learning benchmarking, method comparison, and ecological case studies. In Section 3.1, we report the

results of drone-based observations compared to traditional ground-based focal and scan sampling methods, and evaluate

the performance of deep learning models for automatic behavior labeling. In Section 3.2, we report the findings of our

three case studies. The results demonstrate the potential of drone-based, ML-enabled behavioral analysis to match and

surpass traditional methods in accuracy, scale, and ecological insight.

3.1 Comparison of Behavior Data Collection Methods
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(a) Data yielded from ground-based scan
sampling (y-axis) versus the ground-based
focal sampling (x-axis) (See Tab. 8) for
demographic details.
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(c) Comparison of manually-labeled be-
havior data (y-axis) versus automatically
labeled behavior data using ML (x-axis).

Figure 6: Comparison of behavior data collected using different methodologies applied to the same individual animal
during the same time. Drone-based methods enable concurrent focal sampling of all individuals in a herd, and ML
models can automatically annotate behaviors with high accuracy–particularly for common behaviors–closely matching
manual and ground-based observations while capturing events often missed from the ground. Behavior categories are
arranged in descending order by frequency of occurrence. (a) Ground-based scan and focal sampling show stronger
agreement for common behaviors, but scan sampling fails to capture rare behaviors. (b) Ground-based focal sampling
matches drone-based focal sampling, but misses behaviors when the animals are out of sight from the ground-based
observers. (c) Automatic ML behavior annotation shows strong performance compared to manual annotations, especially
for common behaviors.

To evaluate the effectiveness of drone-based behavioral sampling, we perform three key comparisons: (1) ground-based

scan versus ground-based focal sampling (Section 3.1.1), (2) ground-based focal versus drone-based focal sampling

(Section 3.1.2), and (3) manual versus automated behavior annotations of drone-based observations (Section 3.1.3)

[Kline et al., 2025b]. We use confusion matrices to compare concordance between these methodologies (Fig. 6).

Confusion matrices are tabular summaries that quantify agreement between two classification methods by reporting

the frequency with which each behavior label from one method matches or differs from the corresponding label in the

other. Our comparison confirmed that scan sampling captures concurrent behavior of the entire herd, but captures fewer

behavior categories overall compared to individual focal sampling. Drone-based focal sampling reduced out-of-sight

time by 14.7% and captured more behavioral transitions compared to ground-based focal sampling. A comparison of

manual versus automated drone annotations showed high agreement for dominant behaviors, confirming the utility
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of automated pipelines while revealing systematic errors in rare or subtle behaviors. Together, these comparisons

demonstrate that drone-based sampling with machine learning provides a powerful complement to traditional methods,

combining the comprehensive coverage of scan sampling with the fine granularity of focal sampling, while enabling

scalable, automated behavioral analysis at high resolution.

3.1.1 Comparison of ground-based focal and scan sampling

Simultaneous scan and focal sampling in the field reveal key differences in behavioral granularity, illustrated in

Fig. 6a. Focal sampling captured significantly more behavioral categories than scan sampling (focal: mean = 6.2± 1.4

categories; scan: mean = 3.1± 0.8 categories; paired t-test: t5 = 4.73, p = 0.005). Focal sampling captured rare and

transient behaviors, including Trot, Auto-Groom, and Fight, which were often missed by the coarser scan sampling

approach. Scan sampling captures Graze, Walk, Head Up and Browse. When scan sampling captures Graze, focal

sampling revealed this included Graze (44%), Walk (25%), Head Up (28%), and Auto-Groom (2%).

3.1.2 Comparison of ground-based focal and drone focal sampling

We compare ground-based focal sampling with drone-based focal sampling using temporally aligned video segments

from four uniquely identifiable zebras (Tab. 9). Temporal overlap for each sampling session ranged from 193.9 to

405.8 seconds for a total of 22 minutes. Drone-based sampling was found to offer substantial advantages in visibility

and coverage: ground observers lost sight of focal animals for an average of 23.4% of the observation time, whereas

drones experienced only 8.7% of occlusion. Ground-based and drone-based focal sampling were largely in agreement

for common behaviors, Graze, Walk, Head Up (Fig. 6b). Behavior instances labeled Trot in ground-based sampling

was frequently labeled as Walk in the drone focal sampling. Ground sampling suffered from extended Out of Sight

periods, while drone sampling experienced shorter Out of Sight periods. When the animals were out of sight of the

ground observers, the drone captured Graze (46%), Walk (24%), and Head Up (26%) behaviors. When both methods

successfully capture behavior, agreement was highest for common behaviors: Graze (80% concordance), Walk (71%

concordance), but lower for brief behaviors: Head Up (54% concordance), Trot/Run (47% concordance).

Gantt chart comparisons further demonstrated that drones captured more behavioral transitions and continuous ob-

servation windows, providing richer behavioral sequences, as shown in the Gantt charts in Fig. 7. Drone footage

consistently captures more behavior transitions than ground observations. For Zebra A, the drone-based focal sampling

largely matches the ground-based focal sampling for the first 100 seconds, until the zebra is out of sight of the ground

observers. For Zebra B, the individual was out of sight of the ground-based observers for the first 150 seconds, while

the drone captured instances of Graze and Walk. Once Zebra B was in view of the ground observers, the behaviors

captured were the same as those of the drone-based observers. Notably, the drone-based observations captured more

behavioral transitions and a brief instance of Auto-Groom. Similarly, for Zebra C, the drone-based focal observations

captured instances of Graze, Walk, and Head Up, with rapid behavioral changes, while ground-based observations only

captured Graze during the same time. After 150 seconds, Zebra C was out of sight of the ground-based observers,
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(a) Zebra A Gantt Chart

(b) Zebra B Gantt Chart

(c) Zebra C Gantt Chart

(d) Zebra D Gantt Chart

Figure 7: Temporal comparison of behavior captured from ground-based focal sampling versus drone-based focal
sampling of four zebras (Tab. 9). Drone observations yielded finer granularity and have far fewer instances of Out of
Sight compared to ground-based observations. Behavior categories are organized in descending order of occurrence.

14



kabr-tools

while the animal stayed in view of the drone for 400 seconds, with a few brief instances of occlusion. For Zebra D, the

drone-based focal sampling agreed with the ground-based focal observations, although the drone captured the behavior

transition from Head Up to Walk sooner than the ground observers. After 30 seconds, Zebra D was out of sight of the

ground-based observers, while the animal stayed in view of the drone for 200 seconds. Note, this small sample size

(n = 4) precludes statistical inference and serves only for qualitative method comparison. Future studies require larger

sample sizes for robust statistical analysis.

3.1.3 Comparison of manually-annotated and automatically-annotated behaviors

We assess the performance of automated behavior recognition using the best-performing X3D model against expert

manually annotated drone footage. The X3D model is evaluated using 25% of the mini-scenes for testing, while the

remaining 75% were used for training [Kholiavchenko et al., 2024b]. The confusion matrix (Fig. 6c) compares manual

behavior annotations (rows) to predictions generated by the X3D model (columns) across the eight behavioral categories.

The X3D model demonstrates high accuracy for core locomotor and foraging behaviors, correctly classifying Graze,

Walk, and Head Up with accuracies of 87%, 87%, and 94%, respectively. Moderate performance is observed for Trot

(71%) and Run (77%), although some misclassification occurs between these and Walk, likely due to overlapping

kinematic features. Less frequent or more visually subtle behaviors such as Browse and Auto-Groom exhibit higher rates

of confusion, particularly with grazing and scanning postures. Misclassifications were most common between visually

similar categories and in occluded frames, which were often predicted as Graze. For example, Browse is frequently

predicted as Graze (48%) and Auto-Groom is often misclassified as Graze (50%) or Head Up (25%). The Out of Sight

category is partially misclassified as Graze (66%), suggesting that occluded frames may share visual characteristics

with feeding behaviors.

3.2 Ecological Case Studies

We demonstrate the capabilities of our behavioral analysis pipeline through three ecological case studies. For Case

Study 1, Grevy’s Zebra Landscape of Fear (Section 3.2.1), we found that vigilance declined with increasing herd

size, consistent with the group-vigilance trade-off, but habitat type did not explain variation in behavior, unlike Plains

zebras. For Case Study 2, Zebra State Shifts (Section 3.2.2), zebras showed strong behavioral inertia, with infrequent

but detectable transitions to alert behaviors (e.g., Walk to Run). These patterns offer a foundation for predictive,

behavior-adaptive remote sensing systems. For Case Study 3, Cross-Species Encounters (Section 3.2.3), we analyzed

the spatial overlap among Grevy’s zebras, Plains zebras, and reticulated giraffes in a mixed-species herd. Intra-species

proximity was highest for zebras, while interactions between zebras and giraffes were not detected, indicating spatial

segregation between species despite sharing a grazing area.
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Behavior R2 Habitat Effect (Open vs Closed) Herd Size Effect (Small vs Large)
Walk 0.402 *** 0.087† 0.307 ***
Head Up 0.250 *** -0.008 0.321 ***
Graze 0.562 *** -0.076 -0.641 ***
Other 0.002 -0.003 0.013

Table 6: Summary of linear regression results examining habitat and herd size effects on Grevy’s zebra behaviors. The
reported coefficients represent a change in the proportion of time spent on behavior. Small herds significantly increased
walking, vigilance (head up), and decreased grazing compared to large herds (all p < 0.001), while habitat type showed
minimal effects on behavior, with herd size explaining 25-56% of behavioral variation depending on the activity.
Significance levels: ∗ ∗ ∗ p < 0.001; ∗ ∗ p < 0.01; ∗ p < 0.05; p < 0.10. Reference categories: Closed habitat, Large herds.

3.2.1 Case Study 1: Grevy’s Zebras Landscape of Fear

We analyze anti-predator strategies in Grevy’s zebras using 83 mini-scenes [Kline et al., 2024b, 2025e]. We selected

mini-scenes from six representative sessions, containing a mix of herd sizes and habitat types (Tab. 10). To ensure

sufficiently long behavior sequences for analysis, we selected mini-scenes ≥ 60 seconds. We classify the mini-scenes

by habitat type based on vegetation density by visually examining the mini-scene footage to classify habitat type as

open (little to no vegetation) or closed (dense vegetation). Examples of habitat categories are illustrated in Fig. 8. The

median herd size is three individuals; herds ≤ 3 are categorized as small, herds > 3 are large. For each mini-scene, the

time budget was calculated as a proportion of Walk, Head Up, Graze, and Other. We use Head Up behaviors to indicate

instances of vigilance, where animals survey their habitat for potential risks.

We conducted linear regression analyses to examine the effects of habitat type (closed vs. open) and herd size (large vs.

small) on the four behavioral categories, summarized in Tab. 6. Categorical predictor variables were dummy coded

with closed habitat and large herds serving as reference categories. For each behavior, we fitted separate multiple

linear regression models using ordinary least squares estimation. Model assumptions were verified through residual

analysis, and statistical significance was assessed using t-tests with α = 0.05. We calculated 95% confidence intervals

for all coefficients and quantified effect sizes using Cohen’s f2, visualized in Fig. 9. We also tested for potential

interaction effects between habitat and herd size but found no significant interactions, confirming that the effects of

these variables are additive rather than synergistic. The linear regression models revealed substantial variation in how

social and environmental context influence different behaviors, with model performance (R2) ranging from negligible

for Other behaviors (R2 = 0.002) to strong for Graze (R2 = 0.562). Herd size emerged as the dominant predictor

across all behaviors, showing significant effects for Walk (β = 0.307, p < 0.001), Head Up (β = 0.321, p < 0.001),

and Graze (β = −0.641, p < 0.001), with small herds consistently showing higher activity levels except for Graze.

Habitat effects were generally weaker and non-significant, with only marginal significance for walking behavior

(β = 0.087, p = 0.052). The strongest and most predictable response was Graze, which decreased substantially in

small compared to large herds, while vigilance and locomotory behaviors increased.
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(a) Example of closed habitat with dense vegetation (Session 4
from Tab. 10), [Kline et al., 2024a].

(b) Example of open habitat with with little vegetation (Session
5 from Tab. 10), [Kline et al., 2025e].

Figure 8: Example of Closed versus Open habitats analyzed for Case Study 1: Grevy’s Zebras Landscape of Fear.
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Linear Regression Coefficients with 95% Confidence Intervals

Figure 9: Linear regression coefficients with 95% confidence intervals showing the effect of habitat (Open vs Closed)
and herd size (Small vs Large) on four behaviors, analyzed for Case Study 1: Grevy’s Zebras Landscape of Fear. Larger
herds allow Grevy’s zebras to spend more time grazing and less time scanning or walking, confirming the classic group
– vigilance trade-off. The habitat panels show that any raw differences among closed, mixed, and open bush are largely
explained by the bigger groups that congregate in dense cover – once herd size is accounted for, habitat adds little
additional effect.
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3.2.2 Case Study 2: Zebra State Shifts

Figure 10: Transition matrix for zebra locomo-
tion behaviors, ordered by least to greatest ve-
locity, for Case Study 2: Zebra State Shifts.

We analyzed 748 mini-scenes [Kline et al., 2024b]. The mini-scenes

total 2 hours 30 minutes, containing zebra locomotion behaviors of

Graze, Walk, Trot, and Run. We quantify the likelihood of zebras tran-

sitioning between behaviors (Fig. 10) by normalizing the transitions

by the count of occurrences, down-sampled every 10 seconds. Indi-

viduals are most likely to remain in the same behavioral state, with

high self-transition probabilities for Graze (91.1%), Walk (83.0%),

and Run (68.4%). Previous instances of Trot were most likely to

transition to Walk (53.4%). Transitions from relaxed states to more

alert behaviors are also evident: for instance, individuals in a Walk

state transition to Trot 2.6% of the time and to Run 2.0% of the time,

while Trot transitions to Run with a relatively high probability of

14.3%. These transition dynamics provide insight into how animals

escalate movement in response to internal or external stimuli and

offer a foundation for modeling behavioral state changes. Understanding these patterns is critical for developing

behavior-adaptive autonomous drones that can anticipate transitions, such as from grazing to fleeing, and adjust drone

flight paths accordingly to minimize disturbance while maximizing data capture.

3.2.3 Case Study 3: Cross-Species Encounters

A mixed species herd of Grevy’s zebras, Plains zebras, and giraffes was observed grazing together, illustrated in Fig. 11)

[Kline et al., 2025e]. From the drone videos, 157 mini-scenes were generated and automatically labeled with behaviors

using the KABR X3D model [Kholiavchenko et al., 2024c]. To assess patterns of spatial proximity, we computed

normalized bounding box overlap counts between individuals of the same and different species (Tab. 7). Normalization

was performed by dividing the total number of overlaps by the number of possible pairs for each species combination.

Both zebra species showed higher overlap compared to giraffes. Grevy’s zebras exhibited a high normalized overlap

rate (87.93 overlaps per pair), suggesting frequent and sustained close proximity among group members. Plains zebras

showed the highest normalized value (93.00), though this reflects a single dyad and should be interpreted with caution

due to the small sample size. Giraffes had a moderate normalized overlap rate (26.00), consistent with a more spatially

dispersed grouping structure. Cross-species overlaps were rare. The normalized overlap between Grevy’s and plains

zebras was low (1.27), and no overlaps were observed between giraffes and zebras (0.00), indicating strong spatial

segregation between species in the observed dataset. Overall, these patterns suggest that intra-species proximity is most

prominent in Grevy’s zebras, with limited interaction between species.
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Species Pair Overlap Count Possible Pairs Normalized Overlap
Grevy’s Zebra – Grevy’s Zebra 4836 55 87.93
Plains Zebra – Plains Zebra 93 1 93.00
Giraffe – Giraffe 78 3 26.00
Grevy’s Zebra – Plains Zebra 28 22 1.27
Giraffe – Plains Zebra 0 6 0.00
Giraffe– Grevy’s Zebra 0 33 0.00

Table 7: Bounding box overlap counts and normalized values for intra- and inter-species interactions for Case Study 3:
Cross-Species Encounters.. Normalized values represent average overlaps per possible pair. Same species: n(n− 1)/2
possible pairs. Cross-species: n1 × n2. 11 Grevy’s zebras, 3 reticulated giraffes, and 2 Plains zebras.

Figure 11: Image from mini-scene of mixed species herd consisting of 11 Grevy’s zebras (center), 2 Plains zebras (left),
and 3 reticulated giraffes (left, center, right) analyzed for Case Study 3: Cross-Species Encounters [Kline et al., 2025e].

4 Discussion

Our results demonstrate that drone-based behavioral observation, augmented by machine learning, offers a scalable,

non-invasive, and ecologically valid method for studying animal behavior in natural environments. In Section 4.1, we

discuss our proposed hybrid semi-automated approach for video processing to balance scalability with accuracy. In

Section 4.2, we discuss how drone-based observation overcomes the fundamental limitations of traditional ground-based

methods by providing simultaneous focal sampling of multiple individuals with superior temporal resolution and

fewer observation gaps, bridging the trade-off between behavioral detail and group-level context. In Section 4.3, we

discuss the ecological insights derived from the case studies, including species-specific vigilance patterns in Grevy’s

zebras, structured behavioral state transitions, and spatial segregation in mixed-species herds. Together, these findings

suggest that drone-based automated behavioral analysis provides a valuable complement to traditional methods, offering

researchers new opportunities to study animal behavior at larger scales while acknowledging the ongoing need for

methodological refinement and human oversight.
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4.1 Video Processing Pipeline

Our pipeline processes drone video to enable scalable, semi-automated analysis of animal behavior in ecological field

studies. It integrates automated machine learning with targeted manual annotation, balancing scalability with accuracy.

While fully manual annotation yields highly detailed behavioral records, the time investment becomes prohibitive at

scale. Instead, we propose a hybrid workflow in which machine learning models handle dominant behaviors, while

human annotators validate edge cases and review rare or ambiguous behaviors.

We designed our pipeline to be modular, allowing users to easily integrate emerging machine learning models. Our

X3D model performed well in classifying dominant behaviors such as Walk, Graze, and Head Up, achieving over 95%

mean average precision (mAP) and a 91.4% F1 score for these classes. However, its performance declined for rare or

visually ambiguous behaviors, such as Run and Auto-groom. This outcome reflects the long-tail problem in machine

learning, where rare behaviors suffer from limited training examples and, as a result, lower predictive accuracy. Despite

this limitation, the X3D model is sufficient for identifying broad behavioral trends with a per-instance (micro) average

accuracy of 86.7% [Kholiavchenko et al., 2024b]. It is also sufficient for automatically estimating coarse-grained time

budgets, such as those used for Case Study 1 (Section 3.2.1). Automated methods struggle with high-resolution or

rare-behavior analyses, motivating the need for human-in-the-loop processing pipelines to capture these instances.

When integrating new models into the pipeline, we recommend setting model confidence thresholds (e.g., > 0.8) to

enhance precision, with the understanding that this may reduce recall. For studies requiring high accuracy or detailed

behavioral timing, manual review remains essential.

Manual annotation provides fine-grained, accurate behavioral labels but is labor-intensive. Based on our annotation

rate model (Tannotation = 1.5nt for n individuals over t seconds), a 10-minute video with three individuals requires

approximately 15 minutes of annotation time per animal, for a total of 45 minutes to process the entire scene. This

annotation burden scales linearly with group size and video length, making fully manual approaches impractical for

large datasets. Our project included 969 annotated mini-scenes, which would have required hundreds of hours of effort

without automation. The semi-automated workflow we developed offers a practical compromise between scale and

precision. Automated classification handles the bulk of labeling for frequent behaviors, while human annotators focus

on reviewing edge cases, validating model outputs, and labeling rare behaviors. To ensure reliability across annotators

and datasets, we emphasize the importance of standardized annotation protocols and regular calibration sessions to

maintain inter-annotator consistency.

The effectiveness of the pipeline depends not only on model accuracy but also on data quality and experimental design.

Common technical challenges include object detection failures when animals are obscured by vegetation or overlapping

conspecifics, leading to Out of Sight segments. In addition, video resolution limits can constrain the identification of

individuals and subtle behaviors, particularly at greater distances or flight altitudes. Careful flight planning is essential

to optimize resolution and field of view for behavioral monitoring. Finally, behavior definitions must be operationalized

clearly to reduce inconsistencies, especially for transitional or compound behaviors.
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Our results demonstrate that semi-automated analysis offers a powerful path forward for behavioral ecology, enabling

analysis at scales that would otherwise be infeasible. While current model performance imposes constraints–particularly

for rare behaviors–hybrid approaches that combine machine learning with human oversight provide a scalable and

accurate framework. Future improvements in model architecture, training data, and multimodal integration will continue

to expand the ecological questions that automated pipelines like kabr-tools can address.

4.2 Drone-based Behavioral Observations

Our systematic comparison of behavioral sampling methods reveals distinct advantages and limitations of traditional

ground-based scan and focal sampling. Focal sampling consistently captures more detailed behavioral information

than scan sampling, detecting rare behaviors (Auto-groom, Fight) that are missed by instantaneous scan observations.

However, scan sampling provides the critical advantage of capturing behavioral data from multiple individuals under

identical environmental and social contexts, eliminating the temporal confounds inherent in sequential focal observations.

Drone-based observations bridge these methodological gaps by fine-grained focal sampling of multiple individuals

under identical conditions. Compared to ground-based methods, drones experienced fewer observation gaps, captured

more behavioral transitions, and provided richer behavioral sequences, especially for brief behaviors like vigilance.

We did not conduct simultaneous drone missions and scan sampling sessions. However, this would be a valuable

contribution for future work, particularly in comparing tradeoffs in cost and labor for each methodology and granularity

of behavior data captured. The superior temporal resolution of drone annotations stems from two key factors: (1)

the aerial perspective minimizes visual obstructions, and (2) post-hoc video analysis allows annotators to pause and

rewind footage, ensuring precise alignment of behavioral transitions with video frames. This precision advantage is

particularly evident for brief behaviors like vigilance responses, where ground observers may introduce recording

delays that artificially inflate behavior durations.

4.3 Ecological Case Studies

To demonstrate the capabilities of our kabr-tools pipeline, we applied it to three ecological case studies: anti-predator

behavior, behavioral state transitions, and group structure in mixed-species herds (Section 4.3.1). These case studies

underscore the types of ecological insights that drone-based automated analysis enables at scale (Section 4.3.2).

4.3.1 Case Studies Findings

Case Study 1: Grevy’s Zebra Landscape of Fear. We analyzed 86 mini-scenes of Grevy’s herds ranging from two

to seven individuals across open and closed habitats. We found that individual vigilance decreased significantly with

increasing group size, consistent with the group-vigilance trade-off [Rubenstein, 1986]. Notably, habitat type had no

additional effect on vigilance after controlling for group size–unlike in plains zebras, where habitat remains a significant

factor [Chen et al., 2021]. This novel finding reveals a fundamental difference in risk assessment by zebra species. The

tradeoff between survival and nutrition significantly impacts future reproduction [Rubenstein, 1986]. The difference in
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vigilance trade-offs between Grevy’s and plains zebras likely stems from social structure, specifically the differences

in the fluidity of each species’ social system [Rubenstein, 2010]. Plains zebras exhibit more rigid groupings, while

Grevy’s zebras form flexible, fission-fusion groups, enabling fine-tuned responses to risk through dynamic group size

adjustment. While plains zebras live in fixed closed membership groups that can join and leave herds, Grevy’s zebra

individuals are freer to move in and out of herds as conditions change, so responding to changes in risk can happen

more quickly, making individuals less risk-averse than individual plains zebras, their close evolutionary kin. However,

it should be noted that these conclusions are drawn from five sampling sessions representing 20 individuals. Further

data collection should be conducted to explore this relationship further. Grevy’s zebras are endangered, with less than

two thousand individuals remaining in the wild [Rubenstein et al., 2016], so understanding factors driving their future

reproduction is vital for protecting and preserving these at-risk populations.

Case Study 2: Zebra State Shifts. We utilized 748 mini-scenes of behavioral sequences to construct a transition

matrix between locomotor states (Graze, Walk, Trot, Run). These revealed strong behavioral inertia and structured

escalation patterns, where transitions from relaxed states (e.g., Graze) to alert states (e.g., Run) occurred in measurable

steps. This structure provides predictive value for behavior-adaptive autonomous sensing, offering a potential feedback

loop between real-time drone behavior and animal response.

Case Study 3: Cross-Species Encounters. We examined spatial interactions in a mixed-species herd using bounding

box overlap metrics. Intra-species proximity was strongest in both Grevy’s and Plains zebras, while inter-species

interactions were rare despite shared space. These findings indicate spatial segregation across species and demonstrate

the utility of drone imagery for quantifying social cohesion and species-level group structure in dynamic field settings.

4.3.2 Implications of Case Studies

Across the three case studies, our framework demonstrated three key strengths: scale, simultaneity, and standardization.

We analyzed 969 mini-scenes – far beyond what traditional methods could feasibly capture or annotate. This scale

enables robust statistical inference on behavior and interactions across ecological gradients. Drone-based observation

captures all individuals in a group under identical environmental and social conditions, providing superior simultaneity.

This eliminates temporal confounds common in sequential focal sampling and was essential for detecting group-

level behavioral patterns. Finally, automated labeling ensures consistent behavioral definitions across observations,

minimizing observer bias and facilitating standardized comparisons across species and sites.

While our results reveal important ecological insights, they also highlight the current limitations of automated behavioral

classification. With a classification accuracy of approximately 91% for the three behavior classes used for Grevy’s

Landscape of Fear case study, we can be reasonably certain the automatically generated time budgets are accurate.

However, the automatic recognition of rare behaviors and precise timing remains challenging. Despite this, the strength

of statistical patterns emerging from large sample sizes suggests that automated annotation is already a powerful tool

for broad ecological inference. Future work will focus on improving behavior classification through model fine-tuning,

incorporating multimodal data, and human-in-the-loop workflows to expand the range of ecological questions that can
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be addressed. Ultimately, this work demonstrates that drone-based automated analysis is not merely a faster alternative

to manual methods, but a transformative tool enabling new modes of behavioral and ecological inquiry.

5 Conclusion

Our work demonstrates that the integration of drone technology, computer vision, and machine learning creates

new possibilities for ecological research while highlighting the importance of rigorous validation and performance

assessment. The success of this approach depends on continued collaboration between ecological and computational

disciplines, with particular attention to developing tools that serve genuine research needs while maintaining the

highest standards of scientific rigor and animal welfare. The kabr-tools framework and associated dataset provide

a foundation for advancing automated wildlife behavioral analysis. Realizing the full potential of these approaches

requires sustained effort in model development, standardization, and building collaborative frameworks, rooted in

application-driven machine learning [Rolnick et al., 2024]. The future of ecological informatics lies in creating seamless

integration between field observations, automated data collection, and predictive modeling to support evidence-based

conservation and management decisions.
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7 Appendix

7.1 Field protocols

We manually recorded ground-based behavioral data of zebras and giraffes at the Mpala Research Center to assess the

consistency between drone-based and traditional behavioral sampling methods. We visually located the herds on the

ground from the field vehicle, launched the drone, and began manual ground-based behavioral observations once the

animals were visible from both the drone and the field vehicle.

7.1.1 Ground-based observation protocols

Field observations were conducted by trained observers who underwent rigorous calibration to ensure data quality

and consistency. Observers participated in field calibration exercises, practicing simultaneous observations overseen

by an expert field ecologist. Throughout data collection, teams conducted daily 15-minute synchronization sessions

to maintain consistency and address any emerging discrepancies in behavioral classification. Each observation team

utilized 10 X 42 binoculars for detailed behavioral observation. We used the iOS version of the Animal Behaviour Pro

[Newton-Fisher, 2021] to record timestamped behavior observations data synchronized with GPS coordinates on our

iPhone mobile devices.

We used two complementary sampling methods to capture different aspects of behavioral data: scan sampling and

focal sampling. Scan sampling sessions targeted groups of 3-12 individuals observed for an average duration of

10.2 ± 2.3 minutes. During these sessions, instantaneous scans were conducted every 2 minutes, with observers

systematically recording the behavior of all visible individuals from left to right across the group. This approach

provided population-level behavioral data while controlling for environmental and social context. Focal sampling was

conducted simultaneously by a second observer team, with continuous observation of single individuals for 10-minute

periods. Focal animals were selected based on clear visibility and distinctive identifying features such as unique stripe

patterns for zebras or spot configurations for giraffes. All behavioral transitions were recorded with 1-second precision,

providing fine-scale temporal resolution of behavioral sequences. We completed six simultaneous scan and focal

sessions across different groups and species, providing paired datasets for methodological comparison.

7.1.2 Drone protocol

To minimize behavioral disturbance, we employed standardized approach protocols. We visually located the herds and

slowly approached in out field vehicle until we were positioned approximately 100 meters away with the takeoff location

positioned with the vehicle between the pilot and the animals. After observing the animals for five to ten minutes to

gauge vigilance, the drone pilot exited the vehicle on the opposite side from the animals to position the drone for takeoff.

After takeoff, the drone’s altitude was set immediately to 40-50 meters. The drone hovered in place for 5 minutes to

gauge whether the animals reacted. If the animals appeared undisturbed, the pilot gradually decreased altitude to 20-30

meters. Note, this is lower than typical wildlife drone surveys (70-100m) to maintain sufficient video resolution for
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individual behavioral identification, and hovered briefly before slowly approaching the group. We immediately paused

drone operations whenever animals exhibited signs of agitation or increased vigilance behavior. This conservative

approach prioritized animal welfare while maintaining data quality for behavioral analysis. The drone’s camera was

angled approximately 45 degrees with respect to the terrain to better capture the side-view of the animals, with flight

speeds kept below 5 m/s when tracking moving groups to maintain smooth footage. Our battery management protocols

ensured maximum 20-minute flights with 20% power reserve for safe return. All videos included embedded GPS

coordinates and timestamps enabling precise synchronization with ground observations. We uploaded full-length drone

videos and corresponding mission telemetry data on the Ohio Supercomputer Center (OSC) for storage and processing.

7.2 Demographic Information

Session Species Male Female
1 Plains Zebra 1 2
2 Plains Zebra 1 4
3 Grevy’s Zebra 3 0
4 Grevy’s Zebra 3 0
5 Reticulated giraffe 1 1
6 Reticulated giraffe 2 0

Table 8: Sessions capturing behavior with simultaneous scan and focal sampling, [Kline et al., 2025b]. Two simultaneous
scan and focal sampling sessions were captured for each of the three ungulate species with a mix of male and females
in each group. Simultaneous scan and focal sampling were collected to compare the relative strengths and weaknesses
of each methodology.

Zebra
ID

Demographic information Temporal
Overlap

A Adult female lactating Grevy’s zebra travelling with her foal and two female
plains zebras

96 sec

B Adult female Grevy’s zebra, travelling with Grevy’s herd 141 sec
C Female foal Grevy’s zebra, travelling with Grevy’s herd 197 sec
D Plains male zebra, travelling with plains harem 72 sec

Table 9: Demographic details of individual zebras’ behaviors analyzed to compare ground focal with drone focal
annotations, Kline et al. [2025b]. The temporal overlap quantifies the time when ground and drone focal sampling
coincide.

Session Habitat Herd Size Category (Count) Date
1 Closed Small (3) 11/01/23
2 Open Small (3) 11/01/23
3 Open –> Closed Small (3) 12/01/23
4 Closed Large (7) 16/01/23
5 Open Small (2) 18/01/23
6 Open Large (5) 20/01/23

Table 10: Summary of data used for Case Study 1: Grevy’s Zebras Landscape of Fear, by habitat and herd size, [Kline
et al., 2024a, 2025e]. Herds larger than the median (4.2) are considered ‘Large’, all others are considered ‘Small’. For
session 3, the habitat type transitioned from Open to Closed as the animals moved to a more dense habitat during the
video duration.
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7.3 Machine learning performance

Model Mean Average Precision (mAP) (%) Precision Recall F1
Overall Head Classes Tail Classes

I3D 65.06 96.81 54.48 67.17 62.94 64.52
SlowFast 66.10 96.72 55.90 67.05 65.28 65.82
X3D-L 66.36 96.96 56.16 66.44 63.65 64.70
UniformerV2-B 61.78 95.38 50.58 64.37 54.82 57.41

Table 11: Behavior recognition machine learning model performance, summarized from [Kholiavchenko et al., 2024a].
The mean average precision (mAP %) is reported overall (all 8 classes), Head classes (Walk, Graze), and Tail classes
(Head Up, Browse, Auto-Groom, Trot, Run, Out of Sight/Occluded). The precision (P), recall (R), and F1 score (F1) are
reported for each model. The highest scores across all metrics are shown in bold for each evaluation setting. Refer to
our previously published work for additional model training and performance details [Kholiavchenko et al., 2024a].

Metric Formula

Precision
TP

TP + FP
Recall

TP
TP + FN

F1 Score 2× Precision × Recall
Precision + Recall

Average Precision (AP) Area under the Precision-Recall curve

Mean Average Precision (mAP)
1

N

N∑
i=1

APi

Table 12: Summary of evaluation metrics used in object detection and classification. TP = True Positives, FP = False
Positives, FN = False Negatives, N = Number of classes, and APi = Average Precision for class i.
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7.4 Ethogram

Behaviour Code Species Notes

Auto-groom AG/SG Both Self grooming, rubbing nose or teeth on the neck,
back or other body parts, or rubbing body on a
landscape feature, such as a tree or branch

Browsing B G Eating leaves off trees, chewing and looking
around

Chasing C Z Focal animal chasing another animal of same
species

Defecating DF/D Both Elimination of solid waste
Drinking D Z Ingesting water
Dusting DU Z Rolling on back to covered body in dust
Fighting F Both Aggression towards another animal, involves bit-

ing, rearing and kicking with fore or hind legs
Graze G Z Head down, biting and chewing grass
Head Up HU Both Vigilance, standing, sleeping, or scanning
Herding H Z Head down with neck stretched out, directing

another animals’ movements
Lying down L Z Body lying on ground
Mounting/Mating M Both Engaging in mating behaviors, such as mounting
Mutual grooming MG Both Rubbing with nose or teeth each others neck,

back or other body parts
Running R Both A high-speed gait where both diagonal pairs of

legs move together, but there is a moment when
all four hooves are off the ground.

Sniff S Z Sniffing another animal or nuzzling the ground
Trotting TR Z A faster, more energetic gait where diagonal

pairs of legs (front left with back right, and vice
versa) move together, resulting in a brief period
when all four hooves are off the ground.

Urinating U Both Elimination of liquid waste
Walking W Both A slow, steady gait where one leg moves at a

time, with at least one hoof in contact with the
ground at all times

Technical annotations
Occluded∗ OCL Both Animal hidden behind bush/another animal
Out of Focus∗ OOC Both Object detector switches to wrong animal
Out of Frame∗ OOF Both Animal not visible in video frame

Table 13: Combined ethogram for zebras and giraffes. Species column indicates applicability: Z = zebras only, G =
giraffes only, Both = applicable to both species. ∗Technical categories can overlap (e.g., detector error may precede
animal going out of frame).
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