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Abstract: Farmers face increasing pressure to maintain vital populations of the critically endangered 

field hamster (Cricetus cricetus) while simultaneously managing crop damage caused by overlapping 

habitats of field mice. This challenge is closely linked to the United Nations Sustainable Development 

Goals (SDGs) 2 and 15, focusing on food security and mitigating biodiversity loss in terrestrial 

ecosystems. Consequently, hamster activity within agricultural fields needs to be reliably detected. 

In this study, we investigate the potential of drone-based Light Detection and Ranging (LiDAR) data 

for identifying field hamster burrow entrances in agricultural landscapes. We present a geostatistical 

method for identifying local elevation minima as indicators of burrow openings. Our analysis is 

based on four datasets captured at varying flight altitudes and spatial resolutions, supplemented by 

high-resolution reference mapping data. The method successfully detected up to 20 out of 23 known 

burrow entrances and provided additional insights into burrow structure and size. Detection 

accuracy increased and misclassification rates decreased at lower flight altitudes. These findings 

demonstrate the potential of UAV-based laser scanning technology to support species monitoring 

and habitat management in agricultural systems, thereby contributing to the achievement of two 

critical Sustainable Development Goals. 

Keywords: Cricetus cricetus; species monitoring; precision agriculture; LiDAR; UAV; habitat 

detection; biodiversity conservation 

 

1. Introduction 

The European hamster (Cricetus cricetus) is a fossorial rodent species native to Central and 

Eastern Europe that has experienced a dramatic decline in population over recent decades. Once 

widespread across agricultural landscapes, it is now classified as critically endangered throughout 

its entire range [1]. The species’ decline is closely linked to the intensification of agricultural 

practices—particularly the expansion of monocultures, increased mechanization, and extensive use 

of agrochemicals—which have resulted in widespread habitat degradation and the loss of fallow land 

or edge structures critical for burrowing and foraging [2]. 

A major ecological and political challenge arises from the overlap of European hamster habitats 

with those of the common vole (Microtus arvalis), a species known to cause significant crop damage. 

In regions where both species co-occur, rodent control strategies—especially the application of 

second-generation anticoagulant rodenticides—pose a severe threat to non-target organisms [3]. Also 

the European hamster may potentially be affected by rodenticides [4]. This situation exemplifies the 

broader conflict between food production goals and biodiversity conservation, and directly relates to 

the United Nations Sustainable Development Goals (SDGs): Goal 2 ("Zero Hunger") and Goal 15 

("Life on Land"). 
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To resolve this conflict, reliable and scalable monitoring of European hamster populations is 

urgently needed. However, traditional survey methods such as expert-based field mapping are labor-

intensive and time-consuming [5]. In large-scale agricultural landscapes, a manual survey is often 

economically unfeasible, making long-term monitoring efforts challenging to sustain. As a result, the 

integration of non-invasive remote sensing technologies into conservation practices is gaining 

momentum. 

Among the available technologies, Light Detection and Ranging (LiDAR) has proven 

particularly promising due to its ability to generate high-resolution 3D data on terrain structure and 

vegetation cover. LiDAR enables the characterization of vertical and horizontal surface complexity, 

offering significant potential for habitat mapping and species monitoring [6]. Previous studies have 

successfully used LiDAR to delineate nesting habitats for birds, quantify vegetation complexity for 

arboreal mammals such as squirrels, or model habitat suitability for various taxa including insects 

and amphibians [6,7]. One study, for example, combined aerial LiDAR and multispectral imagery to 

identify favorable burrow habitats for the desert tortoise (Gopherus agassizii) based on topographic 

and vegetation characteristics [8]. Another study used topographic features and local elevations to 

identify areas with high potential for burrowing of Kangaroo rats [9]. However, these studies focused 

on predictive modelling of burrow suitability and not on direct detection. Most efforts to locate 

animal burrows have relied on image-based approaches—for example, using hyperspectral UAV 

sensors to detect spectral anomalies associated with rodent burrows in desert steppes [5] or 

employing high-resolution RGB imagery to identify burrow entrances and measure their dimensions 

[10]. A key limitation of these methods is their reduced effectiveness in densely vegetated areas, 

where burrow entrances are often obscured from view. Unlike image-based methods, LiDAR offers 

strong potential for detecting burrows even in such environments, as it can penetrate the canopy to 

capture ground-level features. Yet, studies specifically using LiDAR for burrow detections were not 

found. However, the above-mentioned studies highlight the potential of remote sensing in burrow 

ecology, but also underscore a crucial gap in the current literature: the absence of a method capable 

of directly detecting burrow entrances based solely on 3D topographic data.  

This study seeks to address that gap by developing and validating a geostatistical method for 

the direct detection of hamster burrow entrances using UAV-based LiDAR data. In addition to its 

canopy-penetrating capabilities, LiDAR datasets can also reveal subtle topographic depressions 

within the point cloud—an approach particularly effective in agricultural landscapes with minimal 

vertical vegetation structure. This makes LiDAR well suited for detecting hamster burrows within 

agricultural fields.  

The detection algorithm is based on a two-step process: (1) identification of local elevation 

minima through quantile filtering, and (2) geometric filtering of candidate depressions using convex 

hull analysis and shape descriptors. Given the limited availability of validated methods for direct 

burrow detection and the high conservation urgency for the European hamster, this study contributes 

both methodologically and practically to the fields of conservation technology and precision 

agriculture. More specifically, the study aims to bridges the gap between ecological monitoring and 

remote sensing innovation. 

The following research questions guide this investigation: 

1. Is it feasible to detect hamster burrow entrances using high-resolution airborne LiDAR data? 

2. What data quality requirements are necessary to ensure accurate detection of hamster burrows? 

To answer these questions, we applied the proposed algorithm to UAV-derived LiDAR datasets 

acquired at varying altitudes and validated the outputs using high-precision reference data from 

differential GPS field surveys and image-based classification. 

2. Materials and Methods 

2.1. Study Area 

For this study, four UAV-based LiDAR datasets were collected over a 0.6-hectare test site near 

Prosigk, Saxony-Anhalt, Germany (Figure 1). The study site was selected based on recent records of 
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active European hamster burrows and its overall suitability as a hamster habitat. Factors include a 

combination of favorable abiotic conditions, such as deep, heavy soils suitable for burrowing, and 

key habitat features, such as the presence of croplands that provide a consistent availability of plant-

based food sources [1]. 

 

Figure 1. Location of the study area, Prosigk, Saxony-Anhalt, Germany. 

The selected field was cultivated with winter wheat (Triticum aestivum) and was managed using 

no-till or direct seeding techniques, resulting in minimal soil disturbance and favorable surface 

visibility. The local soil was classified as Chernozem on loess substrate, a fertile, humus-rich black 

earth known for its high agricultural productivity and high water retention capacity. 

2.2. Collection of Reference Data 

For the validation of the LiDAR-based detection algorithm, manual field mapping of hamster 

burrows took place on April 24, 2023, shortly before the second round of data collection by drone. 

Field conditions were dry and soil visibility was high. The fine-scale ground survey was carried out 

by trained staff. A differential GNSS system (Trimble R10, Trimble Inc., Westminster, USA) was used 

to record the precise geolocation and the depth of the burrow entrances, while the diameter was 

measured with a digital caliper. Further, the width of the feeding circle was measured using a folding 

ruler, and the burrow type—classified as either vertical (drop-hole) or slanting (slip-hole) [11]—was 

recorded.  

In addition to the manual field survey, RGB images taken by the drone were visually inspected 

by experts for hamster burrows that had been overlooked in the field. 

2.3. Collection of LiDAR Data 

The data acquisition was carried out using two different sensor-platform combinations under 

similar environmental conditions in August 2022 and May 2023 to enable a comparative performance 

evaluation across varying flight altitudes and point cloud densities. Criteria were stable atmospheric 

conditions (dry, cloudless weather, early morning hours) to minimize the effects of wind, 

temperature gradients, and solar radiation on sensor stability, and low vegetation cover to maximize 

the ground surface detectability. 
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The Mapper+ Dataset (2022) was acquired on 31 August 2022 using a YellowScan Mapper+ 

sensor mounted on a DJI Matrice 600 (M600) UAV platform. The Mapper+ scanner had a precision of 

2.5 cm, an accuracy of 3 cm, and supported up to three echoes per pulse. The flight was conducted at 

an altitude of 30 m, yielding a point density of 6,360 pts/m².  

The Voyager Datasets (2023) were acquired on 5 May 2023 using the YellowScan Voyager sensor, 

mounted on an Acecore NOA UAV platform. The Voyager sensor had a precision of 0.5 cm, an 

accuracy of 1 cm, and the ability to record up to 15 echoes per laser pulse. Flights were conducted at 

20 m, 30 m, and 120 m altitudes, producing respective point densities of 22,583 pts/m², 14,587 pts/m², 

and 2,972 pts/m². 

All point clouds were recorded in LAS 1.4 format and georeferenced using post-processed 

kinematic (PPK) corrections from a Trimble R10 base station, operating in the ETRS89 / UTM Zone 

32N coordinate system. No initial ground filtering or classification was applied to preserve all surface 

features relevant for burrow entrance detection. 

Each flight followed a cross-flight (lawnmower) pattern with parallel flight lines and systematic 

turns at the end of each pass to ensure comprehensive and evenly distributed coverage. This 

configuration minimized scan shadows and ensured a high point density across the field. The flight 

speed was kept consistent at 4 m/s across all altitudes. The overall survey setup—including start and 

end points, orientation of flight lines, and extent of the study area—is illustrated in Figure 2. 

 

Figure 2. Flight pattern, start point, end point and area of fine mapping. 

Table 1 provides a summary of the key acquisition parameters, sensor characteristics, and 

resulting point cloud metrics for each dataset included in the study. 

Table 1. Overview of UAV-based LiDAR datasets used in the study, including sensor specifications, platform 

types, flight altitudes, acquisition dates, and resulting point cloud densities. 

Dataset name Mapper+ Voyager 20m Voyager 30m Voyager 120m 

Sensor 

YellowScan 

Mapper+ 

YellowScan 

Voyager 

YellowScan 

Voyager 

YellowScan 

Voyager 

UAV platform DJI M600 Acecore NOA Acecore NOA Acecore NOA 

Flight date 31. Aug 22 5 May 2023 5 May 2023 5 May 2023 

Altitude [m] 30 20 30 120 

Precision [cm] 2.5 0.5 0.5 0.5 

Accuracy [cm] 3 1 1 1 

Maximum echoes 3 15 15 15 

Point density 

[pts/m²] 6360 22583 14587 2972 

Used in accuracy 

evaluation No* Yes Yes Yes 

* Due to the significant temporal gap between the Mapper+ dataset and the 2023 reference mapping, it was 

excluded from the main detection accuracy analysis. 
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2.4. Burrow Entrance Detection Algorithm 

2.4.1. Concept 

The detection method developed in this study aims to automatically identify hamster burrow 

entrances in agricultural landscapes using high-resolution UAV-based LiDAR data. It combines 

localized depth analysis and geometric filtering techniques to derive candidate burrow entrance 

features directly from the 3D point cloud, avoiding the loss of precision typically introduced by 

raster-based surface models.  

The primary objective of the developed method was the automatic identification of burrow 

entrances of the European hamster based on elevation anomalies in high-resolution LiDAR point 

clouds. Hamster burrow entrances typically manifest as small, round surface depressions with 

distinctive geometric characteristics that are otherwise difficult to capture using conventional raster-

based methods. To illustrate the overall logic of the detection method, a flowchart is provided in 

Figure 3. It outlines the sequential steps, from data import and quantile filtering to convex hull 

construction, polygon merging, attribute calculation, and final classification. 

  

Figure 3. Workflow of the burrow entrance detection algorithm, showing all core processing steps from LAS 

import to polygon classification. 

2.4.2. Data Preprocessing 

To preserve the full vertical and spatial fidelity of the terrain structure, the analysis was 

conducted directly on the 3D point cloud, rather than through derived raster products such as digital 

terrain models. 

To manage the extremely large volume of raw LiDAR data—often exceeding several billion 

points per dataset—the LAS files were converted into a PostgreSQL (v14.8) spatial database using the 

open-source Point Data Abstraction Library (PDAL v2.5.0) [12]. This database structure enabled 

query-based access and scalable integration with R-based preprocessing. 

Each dataset was then subdivided into regular, non-overlapping 1 × 1 meter tiles (hereafter 

referred to as "patches") using the filters.splitter function. This tiling enabled localized analysis of 

elevation patterns and allowed consistent referencing across datasets collected at different flight 

altitudes and point densities. The patch size was selected to balance resolution and processing 

efficiency, as smaller patches might fragment burrow entrance structures and larger patches might 

dilute terrain signals due to slope variation. 

2.4.3. Detection of Local Depth Minima 

In order to detect local depth minima, statistically significant surface depressions within the 

point cloud were identified by applying a quantile-based threshold to the elevation values of each 

spatial unit. The approach is conceptually adapted from methods for identifying local maxima in 
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canopy height models, particularly those used to delineate individual tree crowns [13], but is here 

inverted to detect negative relief features such as burrow entrances. 

Within each patch, the vertical distribution of all elevation points was statistically analyzed, and 

only the lowest subset of points were extracted. Specifically, a low quantile threshold was defined for 

each dataset to isolate micro-depressions in the terrain surface by removing higher-elevation noise, 

thereby enhancing the contrast of fine-scale topographic anomalies. The selection of the quantile 

value was iteratively optimized to reflect the point cloud density of each flight altitude. Higher point 

densities increase the likelihood of a laser pulse to penetrate directly into burrow depressions, 

allowing a more reliable capture of low-elevation signals. Conversely, lower-resolution datasets 

require less selective thresholds to avoid missing relevant features. Accordingly, the following 

quantile thresholds were applied for the respective flight altitudes of the Voyager sensor: 0.1 % 

quantile (20 m flight altitude), 0.2 % quantile (30 m flight altitude) and 1.0 % quantile (120 m flight 

altitude). These thresholds reflect a trade-off between minimizing false positives and maintaining 

sensitivity to shallow surface features across varying data qualities. The principle of this filtering 

process is illustrated in Figure 4, which visualizes a representative 1 × 1 m patch with its lowest 0.1 % 

of elevation points highlighted. These selected points serve as the foundation for subsequent convex 

hull construction and geometric classification steps. 

 

Figure 4. Visualization of a 1 × 1 m patch with LiDAR point cloud classified by height. Points in the 0.1 % quantile 

(lowest elevation) are highlighted in magenta, representing candidate local depressions. 

2.4.4. Convex Hull Generation 

After isolating candidate low-elevation points through quantile filtering, the next step involves 

the spatial delineation of potential burrow structures based on their local clustering and geometric 

cohesion. This is accomplished through the construction of convex hulls. To ensure robust coverage 

of the surface and reduce the risk of missing depressions located at tile boundaries, a dual-grid 

(fishnet) approach was applied to each 1 × 1 meter patch. The primary grid divided each patch into 

uniform square search windows. The secondary grid was offset by 50% of the search window size in 

both horizontal and vertical directions to capture features that straddle the edges of the primary grid 

cells.  

Within each search window of both grids, a convex hull was generated around the quantile-

filtered points—if a minimum number of points (empirically set to 10) was present to form a valid 

polygon. Convex hulls generated within the same grid were examined for spatial proximity. 

Polygons separated by less than a defined neighborhood distance (typically 15 cm) were merged to 
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form continuous objects. This step addressed the fragmentation of a single burrow depression into 

multiple sub-polygons. Further, the resulting hulls from both grids were then merged by overlay 

comparison. If two polygons overlapped, the one with the higher roundness was retained, assuming 

it better represented a cohesive, circular burrow entrance. Non-overlapping polygons from either 

grid were retained in full.  

2.4.5. Geometric Feature Classification and Filtering 

Once candidate depressions were isolated, they were evaluated using a set of vector-based shape 

descriptors including roundness, surface area, vertical range, and local contrast to the surrounding 

terrain. This classification of the geometric features draws upon techniques from digital 

geomorphometry, such as those employed in the automated detection and morphological analysis of 

sink-holes and dolines [14].  

In the final stage of the detection process, the geometric descriptors were used to filter the 

candidate polygons and identify those that most likely represent hamster burrow entrances. The 

filtering process applied empirically derived threshold values (Table 2), which were optimized 

through exploratory analysis of both true positive and false-positive detections and subsequently 

validated against the reference dataset.  

Table 2. Overview of geometric features and thresholds applied to filter potential burrow entrances. 

Attribute Description or calculation 
Filter 

threshold 
Justification 

Roundness 

Calculated using the common circularity 

index  

𝑅 =
4∗𝜋∗𝐴𝑟𝑒𝑎

𝑃𝑒𝑟𝑖𝑚𝑒𝑡𝑒𝑟2
, where values close to 1 

indicate a near-perfect circle and values near 

0 indicate elongation or irregularity [15]. 

≥ 0.54 

Excludes elongated or 

fragmented shapes not 

consistent with burrow 

entrance morphology. 

Area The surface area enclosed by the convex hull. ≤ 0.05 m² 

Based on maximum observed 

burrow footprint in field 

measurements. 

Depth 1 

The vertical range within the convex hull, i.e., 

the difference between its highest and lowest 

point. 

≥ 0.07 m 

Ensures sufficient vertical 

depression within the 

polygon. 

Depth 2 

The difference between the average elevation 

in a 10 cm radius surrounding the polygon 

and its lowest point, providing a measure of 

its contrast to the immediate neighborhood. 

≥ 0.15 m 

Captures the relative 

depression compared to the 

local terrain. 

nPoints 
The number of quantile-selected points 

forming the polygon. 
≥ 10 

Guarantees a minimal 

structural density and 

prevents noise-driven 

detections. 

Polygons that did not fulfill all of these criteria were excluded from further analysis. This 

conservative approach maximized precision by favoring clear, morphologically consistent features 

over ambiguous signals. The final set of filtered polygons—comprising all geometries satisfying the 

above criteria—constitutes the output of the detection algorithm. These potential burrow entrance 

locations are further assessed through spatial validation against the compiled reference dataset. 

3. Results 

3.1. Confirmed Hamster Burrows 

A total of 16 distinct burrow entrances were identified and recorded during the ground survey 

in April 2023. In addition to the hamster burrows detected during manual mapping, seven further 
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burrow entrances were visually confirmed to be actual hamster burrows by experts based on RGB 

images. The spatial distribution can be obtained from Figure 5 and the burrow characteristics from 

Table 3. 

 

Figure 5. Confirmed hamster burrow entrances from manual field mapping (white) and additionally identified 

burrows on RGB images (black) within the fine mapping area (red outline). 

Table 3. Morphometric properties of manually mapped European hamster burrow entrances from the field 

survey. 

Type of 

hole 
Number 

Burrow depth [cm] 
Burrow entrance 

diameter [cm] 

Feeding circle diameter 

[cm] 

Minimum Maximum Mean Minimum Maximum Mean Minimum Maximum Mean 

Drop-hole 14 23.0 119.0 61.7 4.5 8.5 6.7 20.0 40.0 28.6 

Slip-hole 2 28.0 50.0 39.0 6.0 7.0 6.5 40.0 60.0 50.0 

3.2. LiDAR Dataset Quality 
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A representative example of a retained polygon that satisfies all threshold criteria is shown in 

Figure 6. The figure illustrates both the geometric footprint and the vertical profile of the detected 

depression, thereby demonstrating the typical morphology of a hamster burrow entrance. 

 

 

(a) (c) 

 

 

(b) (d) 

Figure 6. Example of a filtered candidate burrow polygon showing: (a) convex hull within a 1 × 1 m patch, (b) 

attribute summary of a hamster burrow, (c) vertical profile along the x-axis, and (d) vertical profile along the y-

axis. 

In general, the data from lower flight altitudes was able to depict the burrow entrances more 

accurately than from 120 m altitude. The difference in detail between the 120 m altitude dataset with 

a spatial distribution of around 3000 pts/m² and the 21,000 pts/m² obtained from the 20 m dataset can 

be seen in Figure 7. While in the point clouds from 20 and 30 m the burrow entrance is clearly visible 

and extends as a vertical hole to a certain depth, the 120 m dataset shows only a slight depression 

that cannot be clearly identified as a hole. 

 
(a) 
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(b) 

 
(c) 

Figure 7. Laser scan of a specific hamster burrow entrances displayed as a point clouds from three different 

datasets, (a) Voyager 20m, (b) Voyager 30m, and (c) Voyager 120m. 

Looking at a larger section of the LiDAR point cloud, the 20 m dataset enabled the direct visual 

identification of hamster burrow entrances. These features appeared as compact depressions that 

were distinguishable from natural terrain undulations and validated against ground-truth GNSS 

locations. A representative subset of the 20 m data, showing five confirmed burrow structures, is 

presented in Figure 8. 

 

Figure 8. View of the 20 m LAS File with outlined hamster burrow entrances. 

3.3. Burrow Entrance Detection Accuracy 

The detection algorithm's performance varied significantly across the tested Li-DAR datasets 

(Voyager 20 m, 30 m, 120 m), largely reflecting differences in spatial resolution and temporal 
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alignment with reference data. Figure 9 summarizes the number of mapped reference locations, and 

the number of true and false positive detections. Across all datasets, the 30 m Voyager flight produced 

the best results, detecting 20 out of 23 reference burrow entrances with five unmatched detections. 

The 20 m dataset yielded identical detection accuracy but produced six false positives. In contrast, 

the 120 m dataset demonstrated substantially reduced performance, detecting 14 of 23 burrow 

entrances and yielding nine false positives. In the Mapper+ dataset (collected in 2022), a total of seven 

detected depressions were found, of which five were identified as likely burrow entrances through 

visual inspection, while two were categorized as false positives. 

 

Figure 9. Detection outcomes across all LiDAR datasets. 

The 30 m Voyager and 20 m datasets achieved the highest F1-scores, reflecting a strong balance 

between detection accuracy and false positive rate. In contrast, the 120 m dataset showed a lower 

recall due to a higher number of missed detections. The Mapper+ dataset exhibited lower precision 

due to a greater proportion of false positives. A detailed summary of recall, precision, and F1-scores 

for all datasets is provided in Table 4.  

Table 4. Detection performance metrics for the four datasets. 

Metric Mapper+ Voyager 20m Voyager 30m Voyager 120m 

Precision 0.71 0.77 0.80 0.61 

Recall - 0.87 0.87 0.61 

F1-score - 0.82 0.83 0.61 

3.4. Evaluation of the Burrow Entrance Detection Algorithm 

Among the five filter criteria, the nPoints attribute—representing the number of quantile-

selected points inside each candidate—proved particularly valuable for distinguishing true burrow 

entrances from noise. As shown in Figure 10, almost all reference-confirmed burrows are associated 

with polygons exceeding 10 points, while polygons with lower values rarely matched known 

locations. This justified the adoption of a minimum nPoints threshold of 10 in the final filter logic. 
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Figure 10. Scatterplot of the nPoints attribute for all candidate polygons in the 20 m dataset. Red points indicate 

points within confirmed burrow entrances, while black points represent all polygons detected by the algorithm. 

The lower density of confirmed detections below 10 points supports the selected threshold. 

4. Discussion 

4.1. Limitations and Uncertainty of Reference Data 

Despite the overall successful detection of burrow entrances, several limitations must be 

acknowledged when interpreting detection performance. The manual field mapping and the LiDAR 

data collection were conducted approximately ten days apart. During this period, new burrows may 

have been created or existing ones may have collapsed or been obscured by soil or rainfall effects. 

Besides, even under ideal field conditions, it is unlikely that all burrows were detected in the manual 

survey or through inspection of RGB images. Burrow entrances located at the edge of visibility, 

hidden beneath crop residue, or exhibiting a degraded appearance could have been overlooked. 

Thus, a minor risk of misclassification remains. Nonetheless, a considerable number of burrow 

entrances were correctly identified by the detection approach. 

Another limitation of the remote sensing approach is that the reference dataset indicates the 

presence of burrow entrances but does not confirm whether a hamster actively used it at the time of 

LiDAR acquisition. Besides, the field was managed using minimal intervention agriculture, so that 

some burrows may originate from the previous season, without being actively used in the current 

season. In contrast, on traditionally cultivated fields with higher soil disturbance, it is unlikely that 

unused burrow entrances would persist for long periods. Therefore, in such intensively managed 

areas, the presence of visible burrows would be a stronger indication of active use by hamsters.  

Lastly, it must be acknowledged that burrow entrances may sometimes be confused with those 

of other digging species, particularly in agricultural landscapes where several small mammals may 

coexist. One potential approach to reduce this uncertainty could involve analyzing burrow entrance 

characteristics such as size and shape, which are usually related to the body dimensions of the animal 

and can support species-level differentiation.  
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4.2. Differentiation Between Hamster and Vole Burrows 

Particularly during vole outbreaks in agricultural areas during rodenticide applications, or in 

the context of building permission procedures, it is essential to reliably demonstrate the absence of 

hamsters. This helps prevent unintended harm to the species and avoid potential legal consequences. 

Therefore, surveys based on remote-sensing approaches must ensure that no hamster burrows are 

overlooked. At the same time, it is equally important to avoid misclassifying burrows of other species 

as hamster burrows, as this could unnecessarily hinder crop production or building projects.  

As the diameter of circular burrow entrances correlates with an animal’s body size [10], one 

potential approach for distinguishing between hamster and vole burrows could be based on the 

entrance diameter. Adult hamsters are much larger than voles, typically weighing between 150 and 

650 g and having a body length between 17 and 30 cm [16]. In contrast, adult voles typically weigh 

only 28 g, but their weight can range up to over 60 g [17]. Although the size difference between adult 

hamsters and voles is considerable, juvenile hamsters that have recently left their natal burrow are 

much smaller, typically weighing only between 80 and 100 g [18]. Thus, distinguishing a vole burrow 

from that of a juvenile hamster based solely on the hole diameter may be challenging. Vole burrow 

entrances are reported to have a diameter ranging between 2.5 and 7.5 cm [19], while hamster burrow 

openings typically range from 6 to 10 cm for adults [20,21], but can be as small as 4 cm for young 

hamsters [22]. Therefore, a detection algorithm for entrances of hamster burrows should not only 

identify location of the entrances, but also measure the diameter. In cases where the diameter falls 

within the overlap range between hamster and vole burrow entrances, further inspection will be 

necessary for accurate identification. 

Assessing the diameter of burrow entrances has been successfully performed using high-

resolution RGB images [10]: The method involved using RGB-DN histograms to differentiate burrow 

openings from the sediment based on reflectance values and the diameter was measured by 

identifying the two furthest points on the perimeter and drawing a circle around them. This method 

turned out to be very accurate with a correlation coefficient of 0.94 between the calculated and 

actually measured diameters for a flight altitude of 6 m and a ground sampling distance of < 0.8 mm. 

Similarly, LiDAR has been successfully applied to measure the diameters of objects, particularly trees, 

either in combination with RGB image analysis [23] or as a standalone method [24–26].  

4.3. Technological Innovations and Future Potential 

While the geostatistical detection method demonstrated high sensitivity and specificity when 

applied to high-resolution datasets such as from 20 m and 30 m flight altitudes, it is highly 

recommended to include the burrow entrance diameter into the assessment. As lower spatial 

resolution caused a decrease in the algorithm performance, a low point density of < 3000 pts/m² as 

used in the Voyager 120m dataset, is not considered suitable for a reliable detection of hamster 

burrow entrances. The fact that the Mapper+ dataset identified only five burrow entrances correctly 

may have also been related to the relatively low point density, though it is not known how many 

burrows were actually present on the field during the data collection. 

At the same time, the results show that a very high point density can lead to an increased number 

of false positive detections, as small depressions within the topography may mistakenly be 

interpreted as burrow entrances. Therefore, a medium-dense point cloud at flight altitudes at which 

hamster burrows would be visible also on RGB images may provide the best balance. At this medium-

high level of detail, it should also be possible to estimate burrow entrance diameter, which is 

important for distinguishing between species. 

Other technologies used in burrow detection, particularly where a thick layer of vegetation 

covers the burrow entrance, include ground-penetrating radar (GPR). GPR has been used in levee 

assessments to identify subsurface animal burrows, which can compromise the structural integrity 

of the levee during floods [27]. Though drones can be equipped with GPR sensors, the detection of 

animal burrows may require the sensor to be in close proximity to the ground. For screening a large 
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area such as agricultural fields, a very low flight altitude would sharply increases dataset size and 

processing time, potentially reducing efficiency. 

An alternative approach includes the combination of traditional sensors such as RGB or LiDAR, 

with machine learning algorithms, which makes processing large datasets more efficient [28,29]. 

Techniques such as supervised classification, thermal anomaly detection, and convolutional neural 

networks (CNNs) show strong potential for automatically distinguishing hamster burrows from 

other ground features: In a methodologically related study, it was shown that analyzing RGB images 

through machine learning algorithms is generally suitable for the detection of hamster burrows [30]. 

This method could be especially powerful when incorporating additional indicators, such as feeding 

traces commonly found around active burrows [31], allowing for a more comprehensive and precise 

analysis based on the full range of collected data, while LiDAR would be effective in areas with lower 

ground visibility.. 

However, before fully automating hamster surveys, a visual inspection of the output is always 

advisable. Particularly when the diameters of the burrow entrances fall in the overlapping dimension 

between hamster and vole burrows, a visual check of RGB images for indicators such as feeding 

circles or even manual visits in the field may be needed.  

Overall, LiDAR data can be highly effective as an initial screening tool, helping to select areas 

for more detailed assessments and reducing the need for large-scale ground surveys. Especially the 

integration of various remote sensing technologies has a high potential to improve species 

monitoring and a wide range of ecological applications. A drone-based multi-sensor approach offers 

a non-intrusive, cost-effective, and accurate method of collecting comprehensive ecological data, 

thereby supporting targeted conservation efforts and sustainable ecosystem management. 

5. Conclusions 

This study demonstrated that UAV-based LiDAR data combined with a geostatistical detection 

algorithm could reliably identify hamster burrow entrances in agricultural landscapes. High 

detection performances of above 80 % were achieved at low flight altitudes (20 m and 30 m), 

confirming the critical role of point cloud density for successful detection. The results showed that 

variations in flight altitude and spatial resolution significantly affect detection accuracy, underlining 

the need for carefully adapted acquisition parameters and algorithm settings. The method offers a 

promising and efficient tool for species monitoring and conservation management, supporting efforts 

to protect the critically endangered European hamster. 
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