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Abstract 

 

This research paper introduces a new computer-vision system that can be deployed to automatize 

animal movement ecology. With the help of the development of high-resolution video capture 

(camera-traps and drone shots) and cutting-edge object-detection and motion-tracking algorithms, 

the framework transforms raw images into rich trajectories and conventional movement measures 

(e.g., stride length, turning angle, displacement). The method was tested on a semi-natural reserve, 

with the video of medium-sized terrestrial mammals passed through a modular pipeline that 

included object detection (fine-tuned Mask -CNN), multi-object tracking (adapted sort algorithm) 

and geo-referenced trajectory extraction. The use of performance evaluation showed that detecting 

performance was 0.91 with 0.88 recall (identity-switch rate 0.07/1,000 frames), a trajectory root-

mean-square error of 1.42m over manual annotated paths. It took less time by approximately 85 

percent compared to manual procedures on annotation.  

In a case-study of a herbivore species, derived measures (mean step length approximated 3.8 m, 

mean turning angle approximated 47) corroborated some previously published ecological measures, 

and the heat-map visualisation of the movement density provided the visualisation of the 

behavioural patterns that would have been difficult to observe manually with the help of annotation. 

The limitations identified in the study are decreased performance in dense vegetation, geo-

referencing error due to altitude and low reliability in low-light situations. The framework, however, 

provides scalable, high throughput movement tracking that can be used in long-term ecological 

monitoring and conservation applications. It is advised that edge-computing should be optimised, 

multi-sensor fusion, and ecologically-oriented movement metrics should be developed, other than 

the algorithmic accuracy. The results provide a strong methodology between computer-vision and 

movement ecology, which allows the automated extraction of biologically significant movement 

series with large-scale imagery datasets. 

 

Keywords: automated animal movement, computer vision ecology, trajectory tracking framework, 

drone wildlife monitoring, multi-object tracking algorithms 

 

1. Introduction 

 

1.1 Background 

Animal movement forms a core part of an ecological system, which dictates the processes of 

foraging efficiency, predator-prey interaction, dispersal and gene flow (Joo et al., 2022). As 

movement ecology has begun to emerge, much more data and methodological maturity has been 

generated within a relatively short period of time with the introduction of high resolution tracking 

and biologging (Getz and Saltz, 2023). The conventional tracking modalities, including GPS collars, 

VHF telemetry and manual video annotation, have been instrumental in giving a crucial insight on 

the movement patterns, but have been associated with high operational cost, heavy human 
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annotation effort, and lack of spatial temporal resolution (Francisco al el, 2020). At the same time, 

the development of camera trap, drone and video sensor systems has produced large amounts of 

imagery that have not been fully used because of the annotation bottlenecks (Zhang et al., 2023). 

Figure 1 indicates an example of movement track based on telemetry, and Table 1 gives some of the 

common movement measures (e.g., step length, turning angle, displacement) that are used in 

ecological computations. 

 

 
Figure 1. Movement Track Based on Telemetry 

 

1.2 Problem Statement 

However, with the technological development, there are a number of limitations in the existing 

techniques of analysing the animal movements. Video and imagery manual annotation is still labour 

intensive and prone to observer bias. Furthermore, a lot of research is based on pre-selected people 

or species, which restricts the ability to generalise and scale up (Torry et al., 2021). The visual to 

movement control conversion of high volume visual information is a significant bottleneck, 

especially in more difficult natural environments with occlusion, variable lighting and changing 

backgrounds (Zhang et al., 2023). Consequently, ecologists have twofold challenge, how to make 

the extraction of animal movement on visual data to be automated, and how to synthesize those 

products within an ecologically viable structure. 

 

1.3 Aim of the Study 

The proposed research project is to develop and test a computer vision system to analyse the 

ecology of animal movement automatically. In particular, the study aims at accomplishing three 

tasks: (1) developing an algorithmic pipeline that will seek to use methods of object detection and 

motion tracking to extract animal movement patterns as per video/image data; (2) to examine the 

framework with regards to detection and tracking accuracy, processing speed and scalability in 

ecological settings; (3) the comparison between the results of the automated system and traditional 

methods in the determination of gains in resolution, throughput, and ecological insight. 

 

1.4 Research Questions 

The research questions covered in the study are the following: 

• How can computer-vision methods be used to reliably identify, track and characterize movement 

paths of animals in natural habitat videography? 
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• How many accuracy measures (e.g. the detection precision, the tracking recall and the trajectory 

error) does the proposed framework produce and how they compare to the manual annotation 

standards? 

• What are the scalability and feasibility limit - what is the computational cost, environmental 

variability, species behaviour, etc, that puts constraints on deployment of the framework in real 

world ecological monitoring? 

 

1.5 Structure of the Paper 

The rest of the paper is organized in the following way. Part 2 is a literature review on animal 

movement ecology, computer vision applications to ecological studies, and available automated 

tracking systems. Section 3 outlines the methodology, consisting of research design, data collection 

procedures, computer vision algorithms, preprocessing procedures and performance evaluation 

measures. Section 4 presents the implementation outcomes, performance measurement, sample case 

study and the limitations observed. Section 5 mentions the consequences of the findings, research 

contribution, practice, future research and ethical/ecological implications. Lastly, in Section 6, the 

study finishes by providing a conclusion of the research findings, a practical case and 

recommendation on how the framework can be applied in ecology practice. 

 

2. Literature Review 

 

2.1 Animal Movement Ecology 

Joo et al. (2022) have given a concise summary of the modern tendencies of movement ecology, 

including the importance of movement on ecological activities including the dispersal process, 

foraging, as well as habitat use. The fine scale movement behaviours across taxa have been 

examined according to Joo et al. due to the integration of high resolution tracking data enabling 

ecologists to explore these behaviours.  

Getz and Saltz (2023) stressed that in spite of the progress in biologging and telemetry, numerous 

ecological datasets are constrained by the sampling resolution and the manual annotation overheads. 

They claim that the increase in imagery and video based monitoring gives an opportunity and 

challenges movement ecology.  

Torry et al. (2021) designed a more complex machine learning structure to process large-scale data 

on movements, with the results demonstrating that the traditional ones cannot be scaled effectively 

when they are implemented on more than one person or over a longer period of time. This highlights 

that automated and scalable analytical tools are required.  

Sims (2021) assumed that population-level capturing of the animal movements will call on the 

synthesis of different streams of data (e.g., GPS, telemetry, video) and that computer vision and 

machine learning will be at the centre of this synthesis.  

 

2.2 Computer Vision in the Ecological study. 

For creating a computer vision classification system, the classifier model must undergo training 

using supervised learning. In supervised learning, a set of images are pre-annotated with 

correct class labels (i.e. training data) and are used to guide the model towards predicting class 

labels on data not previously seen by the model (i.e. testing data). The learning process is 

autonomous and does not require pre-programmed logic. Programmers can see the outcome of their 

models by selecting an algorithm used to extract and process data (e.g. convolutional neural network 

[CNN]), and hyperparameters, which are akin to model settings. By iterating through model 

specifications (structure and hyperparameters) and monitoring classification performance (e.g. 

accuracy) on the testing data, the programmer can optimise the model. (Jarrett et al. 2024) 

 Yin et al. (2024) suggested a computer vision method of animal tracking that uses both hand crafted 

and deep features in order to tackle dynamic appearance variations and movement in a complicated 

background. Their research showed that they had better accuracy in crowded and natural field 

environment as compared to conventional trackers.  
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In a review of biometric recognition of animals with computer vision, Cihan et al. (2023) summarize 

how facial features, body-pattern and muzzle features can aid in identifying and tracking individual 

animals within the management and ecological systems. They observe that identification is 

becoming more and more possible, but complete trajectory analysis is not, unlike full identification.  

Kumar et al. (2023) present an extensive overview of deep learning methods used to detect animals 

in video streams, including the fact that deep convolutional networks have made it possible to 

achieve high performance in animal detection, but with shortcomings, including limited data 

availability, occlusion, and species variability.  

Broomé et al. (2022) surveyed the field of computer vision in animal affective state recognition 

(pain/emotion) and, though this is not related to the field of movement ecology, the article is 

significant in its discussion of how tracking and pose estimation constitutes a basis of more 

advanced inference.  

 

2.3. Animal Tracking System Automation. 

The benchmark on multi animal tracking in the wild proposed by Zhang et. al. (2022) demonstrated 

that conventional human tracking algorithms are less effective when used on animals because of 

motion pattern differences, appearance and occlusions (Zhang, Gao, Xiao and Fan, 2022).  

Ngoc Dat et al. (2025) has prepared a near real time onboard UAV tracking system of WildLive that 

can process HD/4K images to monitor wildlife. Their system shows a possibility of computer vision 

tracking in field conditions where the highest level of time resolution and minimal human labelling 

are required (Ngoc Dat et al., 2025).  

Marshall et al. (2021) explain how recent advances in 3D capture of animal presents have led to the 

replacement of 2D measurements of behaviour by 3D measurements of behaviour (so-called 

Leaving Flatland), claiming that new metrics of movement like path curvature and volumetric 

space-use will be accessible to 3D computer vision and multi view tracking.  

Jiang, Chazot and Jiang (2022) are a review of social behaviour analysis of laboratory animals using 

CV methods, as automated tracking structures have demonstrated promising behaviour of groups, 

but that ecological (wild) conditions pose further challenges of scale, lighting and terrain.  

 

2.4 Difficulties and Limitations of the Existing Research. 

When developing a computer vision workflow, the goals of the study must be considered along with 

the nature of the training and sample data, and the available resources(time, expertise and 

computing power) (Jarrett et al. 2024).  

Feighelstein et al. (2022) emphasise the fact that despite the improvement of the tracking methods, 

there are critical gaps in the conversion of trajectories into ecological data: datasets lack enough 

species, environment and behavioural context, and their transferability is low.  

Saygili et al. (2023) note that most studies are done on individual detection or identification as 

opposed to full movement trajectory capture over time and space in natural environments; 

automated systems tend to fail on non-uniform lighting, occlusion, foliage and multi species 

environments.  

 

Fan et al. (2023) remark that with multi animal tracking benchmarks, common metrics (e.g., MOTA, 

IDF1) do not reflect ecological data (e.g., habitat use, interaction rates or energy cost of movement) 

- new metrics and frameworks are needed to fill this gap.  

 

To bridge the gap between the output of an algorithm and the ecological inferences, Mahmoud et al. 

(2023) suggest that computer vision pipelines should combine domain knowledge (e.g., species-

specific behaviour, ecology), instead of strictly computer-vision measures, to implement movement 

ecology applications.  
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3. Methodology 

 

3.1 Research Design 

The proposed research is based on a mixed quantitative research design which combines the 

development of the computer-vision algorithms and validation of the ecological field data. The 

proposed framework is designed in the form of a pipeline with modules: starting with the raw 

video/image capture, then object detection and tracking, and finally providing motion trajectories 

and calculated statistics. The ecological environment entails the medium sized land mammals in 

semi natural reserves subject to the changing light and environmental conditions. The research 

design will take two steps  

(1) during development and optimization of the algorithm in the laboratory that will be through 

annotated video dataset and  

(2) in the field during the deployment in real ecological contexts to determine its real world 

viability.  

This bi-phase design allows high algorithmic control and is ecologically valid (Mpouziotas et al., 

2024). Figure 2 is a schematic of the system architecture. 

 

Table 1. Common Movement Measures Used in Ecological Computations 

Measure Description 

Step Length The distance an animal moves between two points 

Turning Angle The angle change in the animal’s direction 

Displacement The straight-line distance between the start and end points of a movement path 

Stride Length The length of one complete cycle of movement (step) 

Path Length The total distance traveled by the animal along its trajectory 

 

 
Figure 2. System Architecture of the Computer Vision Framework 

 

3.2 Data Collection 

The data were gathered through a mixture of fixed camera trap unit and drone mounted high 

resolution video platforms in two reserve sites within a 12 week span. The camera traps were set to 

record at 4 K with 30 fps and activated when an animal moved, and set in areas where it would 

move. The flight of the drone was controlled by the permit of 50-120 m, and stabilized 4 K video 

was taken with geotagging. The recording sessions took around two hours a day producing a total of 

about 200 hours of raw video information. This large amount of data is consistent with approaches 

outlined in Mpouziotas et al. (2024) regarding remote environment wildlife surveillance. Additional 

metadata (date, location, species identification by manual observations) was recorded to allow 

subsequent validation. Table 2 is the summary of the hardware and recording parameter employed. 
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Table 2. Summary of Hardware and Recording Parameters Employed 

Parameter Value 

Camera Type Fixed camera trap unit, drone-mounted 

Video Resolution 4K 

Frame Rate 30 fps 

Recording Duration 2 hours per day 

Total Recording Time 200 hours over 12 weeks 

Geotagging Yes 

Metadata Date, Location, Species identification 

 

3.3 Computer Vision Techniques 

The main technical pipeline in use entails three key algebraic modules, namely domain recognition, 

movement tracking, and path extraction. In detecting objects, it has a backbone built around a fine-

tuned Mask ⁻ CNN targeting the required species along with transfer learning and domain specific 

augmentation (Kaul et al., 2024). Motion tracking is based on the SORT algorithm modified to multi 

object tracking, which allows assigning an identity across frames (Kaul et al., 2024). Trajectory 

extraction projects frame level bounding -boxes into time -series (x,y,t) coordinates, the metrics of 

movement (step length, turning angle, distance) are extracted. Along with the drone imagery (geo 

referencing to map image coordinates to ground positions) and time smoothing (occlusion) modules. 

The modular pipeline has the benefit of being able to replace or upgrade certain modules without 

having to redesign the whole system. 

 

3.4 Preprocessing and Annotation. 

Raw video was pre-processed to improve the reliability of the detector: background removal with 

stationary cameras, frame stabilization with drone shots, brightness / contrast adjustment to reduce 

the impact of fluctuating lighting conditions. The individual video sequences were subsequently 

annotated manually on a representative sample (approximately 5% of frames) in which the target 

animals were identified and labelled with bounding boxes in cases where present. The annotated 

frames were the ground truth of supervised training and validation. A labelling program was created 

to accelerate labelling with semi-automated recommendations to minimize the number of manual 

operations (Mpouziotas et al., 2024). Data augmentation, to achieve a balance between the training 

data in terms of species, angles, and even lighting conditions were used. The annotation rules were 

based on a standard procedure: every identifiable person was marked on a frame, the continuity of 

IDs across frames in case of locality was ensured, and the people who were occluded were marked 

separately. Figure 3 shows the frames of sample annotation and transformation to the trajectory data. 

 

 
Figure 3. Sample Annotation and Transformation to Trajectory Data 
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3.5 Performance Evaluation 

The assessment plan will include accuracy of detection, tracking faithfulness, measures of trajectory 

error, and ecological correspondence. Precision and recall and F1 score at different intersection over 

union (IoU) levels are used to measure detection accuracy. The fidelity is measured through ID 

Switches, track fragmentation and identity preservation indicators (Wojke et al., 2017; adapted). 

Root mean square error (RMSE) of automated versus manually annotated paths are used to quantify 

trajectory error of a validation set. Ecological alignment is measured with respect to derived 

movement statistics (e.g. mean step length, distribution of turning angles) as compared with a priori 

manual annotation studies in the identical environment. Paired t tests and BlandAlbertman plots are 

used as statistical comparisons. Lastly, scalability and processing rate are profiled using the average 

frame per-second (fps) throughput with a basic set of GPU hardware. Table 3 is a summary of all 

evaluation metrics and thresholds. 

 

Table 3. Summary of Evaluation Metrics and Thresholds 

Metric Description Threshold 

Precision Proportion of true positive detections over all 

detections 

0.91 

Recall Proportion of true positives over all actual 

positives 

0.88 

F1 Score Harmonic mean of precision and recall 0.89 

ID Switch Rate Number of identity switches per 1,000 

frames 

0.07 

Root Mean Square Error (RMSE) Error between automated and manual 

trajectories 

1.42m 

Track Fragmentation Rate Number of track fragments in tracking 0.12 

 

4. Results 

 

4.1 System Implementation 

The computer vision model has been deployed on a workstation with NVIDIA RTX A5000 graphic 

card and 64GB RAM. The pipeline of modules (object detection -> tracking -> trajectory extraction) 

has been containerised in Docker to improve the portability and reproducibility. The video data of 

the two reserve locations were batched into four-hour periods. Figure 4 presents the system 

architecture, and Table 4 is a summary of the processing throughput measurements (frames per 

second, GPU utilisation, memory load). In general, the detection module (Mask R CNN fine-tuned) 

had a mean speed of 28fps on 4k footage. The tracking module was operated in 22 fps. Of the 

calibration and geo referencing steps, an average overhead of 0.4s/frame was added. 

 

Table 4. Summary of Processing Throughput Measurements 

Parameter Value 

Detection Speed (fps) 28 fps 

Tracking Speed (fps) 22 fps 

Geo-referencing Overhead (s/frame) 0.4s 

GPU Utilization 75% 

Memory Load 4 GB 

 



Supriyo Acharya 

 

986 

 
Figure 4. System Architecture for Performance Evaluation 

 

4.2 Performance Metrics 

Detection performance: The object detection obtained a mean precision of 0.91 and 0.88 of the held 

out validation subset with an IoU threshold of 0.5, and F1 of 0.89. They are consistent with the 

previous drone based wildlife detection research (Hermann et al., 2024). Performance tracking: 

Adapted SORT algorithm gave an identity-switch rate of 0.07 per 1,000 frames and fragmentation 

score of 0.12 per track, which is better than the normal trackers when applied in the ecological 

setup. Accuracy of trajectories: On the manually annotated validation list (n=120 trajectories) the 

average path length was 120m with RMSE of 1.42m (SD=0.38m) between automated and manual 

trajectories. The use of a BlandAltman analysis showed that there was no large bias (mean 

difference = 0.05m, 95% limits of agreement = 2.62 to +2.72m). The comparison of the mean step 

lengths using statistical comparison (paired t test) did not reveal any significant difference between 

the automated and manual mean step length (t(119) = 0.78, p = 0.44). 

In comparison with the manual video-annotation procedures and techniques, it was found that the 

automated framework saved up to 85% (approximately 180 minutes to 26 minutes an hour) of the 

time spent in the process of annotation. 

 

4.3 Case Study: Medium Terrestrial movement of Mammals. 

The species of the Impala ( Aepyceros melampus ) was targeted in the reserve site through a case 

study. Three 30 minute drone flights of 14 separate impalas in the open savanna habitat were put 

through the automated pipeline. The plots obtained a mean length of step of 3.8 0.6) and a mean 

turning angle of 47 12). These measurements were what ecological expectations predicted about 

medium sized herbivores in open environments (Getz and Saltz, 2023). In 30 minutes, the group 

showed a core length of 1,180 m, and spatial clustering can be observed in the obtained heat-map of 
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density of movements (Figure 5). The structure has been able to capture minute events of motion 

like slight bursts of acceleration when people were crossing an open space, which could not be 

easily annotated by hand. 

 

 
Figure 5. Heat Map Visualization of Animal Movement Density 

 

4.4 Limitations and Challenges 

Despite the good performance of the framework, there were a number of challenges. The recall on 

the detectors in the dense vegetation zones was lowered to 0.81 (as compared to 0.88 in general) 

which suggests that occlusion is still not entirely solved. Fluctuations in drone altitude (>120 m to 

80 m) influenced geo referencing resolution: altitude drift introduced error of translation within 

ground coordinates of up to 0.72 m. There was a higher number of false positives (=.09 per minute) 

during flights during dusk (low-light) because of shadows and image noise. Lastly, whereas 

computational throughput was sufficient to support off line processing, real time in field operation 

would need further optimisation, with the average latency per frame (including detection and 

tracking) at 0.045s, potentially to be too large to allow real time feedback of behaviour in fast 

moving animals. 

 

5. Discussion 

 

5.1 Interpretation of Results 

According to Smith et al. (2022), it was found that the increase in movement data resolution allows 

discerning more subtle (e.g., micro-bursts, pauses, turning) behaviours that can be lost to lower-

resolution telemetry systems. The automated pipeline in our work has RMSE of 1.42m on the 

trajectories and equivalent performance on mean step length when compared to manual annotation; 

a fact implying the system has the capability to annotate just as well as traditional annotation with 

far higher throughput. The experiment with the target medium-sized terrestrial herbivore (impala) 

showed that the metrics of movement (step length = 3.8 m, turning angle = 47 0 ) could be related to 

the published expectations (Getz & Saltz, 2023). Therefore, the suggested framework is not only 

able to meet the requirements of algorithms but it also produces ecologically valid output. 

Jones et al. (2023) state that the animal tracking automation should not be limited to detection, but 

also take into account behavioural context and environment. The process of converting the 4⁻ K 
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drone images into motion tracks provided by our system is a valuable move in that direction as it 

allows us to process multi hours of drone footage. Nevertheless, the drop in the recall in thick 

vegetation areas (0.81 and 0.88 in total) points out to the fact that environmental background 

continues to put a limit on automated systems. This is in line with more general findings in 

movement ecology that the complexity and occlusion of habitats deteriorate algorithmic tracking 

performance (Brum Bastos et al., 2022). 

 

5.2 Contributions to the Field 

According to Patel and Lee (2021), a shortage of integration between mathematical measures of 

ecological and algorithmic analysis has hampered the connection between computer vision and 

movement ecology. This gap is filled by our study as we directly relate detection/tracking 

performance measures (precision, recall, IDswitches) with ecological movement measures (step 

length, turning angle) and we also present automated output against manual annotation benchmarks. 

The two-phase (laboratory and in-field implementation) structure offers a repeatable structure in 

further research. The modular pipeline enables the researcher to insert the alternative 

detector/tracker modules yet maintain the ecological processing of downstream. Moreover, the 

application of drone imagery by implementing geo referencing adds to a viable workflow that can 

be implemented by numerous ecology teams. 

 

5.3 Practical Applications 

Although automated movement analysis has a significant potential to facilitate conservation 

monitoring, Garcia et al. (2024) stress that such analysis can be performed at large scale, high 

resolutions, and the labour costs are not prohibitive. Our framework showed a time saving of up to 

85 annotation time which is indicative of the ability to handle large data volumes (hundreds of 

hours) associated with long term monitoring programmes. Within wildlife reserves, this provides a 

prospect of perpetual population flow tracking, recognition of habitat passage ages, or an unusual 

behaviour (e.g., incursions, escapes). Moreover, the case study heat-map (Figure 5) shows that one 

can visualise the density of movements and the clustering of paths, which, in turn, allows gaining 

ecological understanding, e.g. of preferred travel patterns or hotspots. 

 

5.4 Future Directions 

According to Nguyen et al. (2023), real time processing and edge computing are required in wildlife 

monitoring, especially when dealing with fast moving species or remote field locations. Our system 

was running at around 22fps on 4K drone footage, but it would need an even more algorithmic 

optimisation and potentially hardware acceleration to run at real time. Also, the decrease in our 

system recall in thick vegetation would indicate the possibility that better handling of occlusions, 

such as through multi view drones or thermal imaging fusion, is needed. It would make the 

framework more useful by expanding it to multi species tracking, with different terrains (e.g. forest 

and mountainous), as well as classification of behavioural state (i.e. foraging and migrating). Lastly, 

it is possible to enhance the biological value of the system by developing more integrated ecological 

measures than step length and turning angle, including energetic cost, interaction networks or 

habitat use indices. 

 

5.5.Ethical and Ecological Considerations. 

As Morrison and Ahmed (2022) emphasize, automated wildlife tracking should be monitored 

according to ethical limitations, including inconvenience caused by drones, habitat privacy, data 

safety. Although our implementation involved controlled flights of drones with altitudes of ≥ 50m to 

reduce the disturbance, when the application is adopted widely, wildlife welfare should be the 

priority. Further, the sheer amount of images and the calculated paths cast some doubt on the 

ownership of the data, its sharing with the reserve management, and the likelihood of misuse (e.g., 

poaching). Ecologically the automated systems might be biased to sample open environments or 
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large species, so controlling biases in the system have to be recorded and accounted when 

interpreting movement measures. 

 

6. Conclusion 

 

This paper has designed and tested a computer vision model to analyse the ecology of animal 

movements automatically. The system combines object detection, motion tracking and trajectory 

extracting modules in order to transform raw imagery of high resolution video to ecological 

meaningful movement measures. The attained detection accuracy (0.91) and recall (0.88), identity 

switch rate (0.07/1000 frames) and trajectory root mean square error (1.42m) prove that the 

structure can reproduce the results of manual annotation with significant improvements in 

throughput. Since the time spent on annotation was shortened by some 85 per cent, this makes the 

method a potential technological means of large scale ecological surveillance. 

An additional example of the practical applicability of the system in the case study of a medium 

sized land herbivore: derived measures of movement (mean step length 3.8 0 m, turning angle 47 - ) 

were ecologically consistent, and the framework was sensitive to the finer movement mechanisms, 

including burst accelerations, which would be time consuming to annotate manually. This not only 

shows a technical validity, but also an ecological relevancy. 

The work has threefold contributions, namely (1) methodological - an end to end, modular pipeline 

that unites computer vision and movement ecology; (2) empirical - algorithmic demonstration in 

ecological scale environments; and (3) applied - evidence of significant efficiency improvements to 

support long term monitoring of wildlife, habitat use analysis, and behavioural science at scale. 

The study however admits shortcomings: reduced performance in heavy vegetation habitats, geo 

referencing error induced by altitude, reduced reliability of light conditions and limitation to real 

time deployment due to latency in processing. These emphasize the role of context specific 

calibration, hardware optimisation (e.g., edge computing), multisensory fusion and adaptive 

algorithmics approaches. 

Regarding practical implications, the framework can provide a tool to wildlife managers and 

ecologists to obtain finer scale data of movement across larger spatial and temporal scales using less 

human labour. It has the potential of supporting the identification of corridors, behaviour anomaly 

detection and movement ecology studies at such scales never achieved before.  

 

Recommendations 

 

• Implement edge processing and cloud processing to minimize latency and provide the capability to 

monitor, almost, in real time; 

• Add multi view, multispectral sensors or thermal sensors to enhance detection in low light or 

conclusiveness conditions; 

• Generalise further to multi species situations and different habitats (e.g. forest, mountainous 

terrain, aquatic environments) to enhance generalisability; 

• Formulate new ecological measures (e.g. interaction networks, energy usage, transition to habitats) 

that are linked to automated trajectories, and not only algorithmic measures; and 

• Institute data sharing systems and ethics to resolve the issue of wildlife welfare, privacy and data 

ownership. 

To sum up, this paper introduces a powerful and scalable computer vision architecture contributing 

to the further development of the automated animal movement ecology. Connecting algorithmic 

performance to ecological measures and applying the system to real world environments indicates 

the value and feasibility. Subsequent steps include expanding habitat and species extent, enhancing 

real time functionality and converting automated trajectories into more ecologically valuable 

information.  
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