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Abstract12 

Burrowing mammals are widespread and contribute significantly to soil ecosystem services. 13 

However, how to conduct a non-invasive estimation of their actual population size has remained 14 

a challenge. Results support that the number of burrow entrances is positively correlated with 15 

population abundance and burrows’ location indicates their area of occupancy consequently it 16 

provides a benchmark for estimating population size. European souslik is an endangered 17 

burrowing species in decline across its range. We present an imagery-based method to identify 18 

and count animals’ burrows semi-automatically by combining remotely recorded RGB images, 19 

pixel-based imagery (PBI) and Random Forest (RF) classification.  20 

Field images recorded in four colonies were collected, combined and then processed by 21 

histogram matching and spectral band normalisation to improve the spectral distinction between 22 

the categories BURROW, SOIL, TREE, GRASS. Raw or processed images were analysed by 23 

RF classification to compare the change in accuracy metrics as a result of processing. 24 

From accuracy metrics kappa of precision (κBURROW
P) and sensitivity (κBURROW

S) for 25 

BURROW were 95 and 90% respectively. A 10-time bootstrapping of the final model resulted 26 

in coefficients of variation (CV%) of κBURROW
S and κBURROW

P lower than 5%, moreover CV% 27 

values were not significantly different between precision and sensitivity scores. The 28 

consistency of classification results and balanced precision and sensitivity confirmed the 29 

applicability of this approach.  30 
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Our method provides an accurate and user-friendly tool to count the number of burrow 31 

openings and delineate the areas of occupancy as compared to traditional, more invasive 32 

approaches or other computer capacity and end-user expertise demanding methods. 33 

34 

Keywords: Population size, Random forest, Pixel-based imagery, Image processing, Model 35 

stability 36 

37 
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1. Introduction 38 

Ecosystem engineer burrowing mammals occur in five faunal regions (Feldhamer et al. 2007; 39 

Gomes Rodrigues et al. 2016). Their digging changes soil characteristics and resources for other 40 

organisms. This makes them important in maintaining ecosystem functions and services 41 

(Meadows and Meadows 1991; Hansell 1993; Whitford and Kay 1999; Haussmann 2017) 42 

including human health and well-being (Sandifer et al. 2015; Brevik et al. 2020). Several 43 

researchers (Davidson and Lightfoot 2007; Ewacha et al. 2016; Lindtner et al. 2019; Swaisgood 44 

et al. 2019) have argued that their disappearance has contributed to the significant deterioration 45 

of natural grassland ecosystems and loss of related functions and services. However, due to 46 

their underground life-style and uneven activity patterns we know little about the dynamics of 47 

their population density and abundance (Johnson 1990; Butler 1995). 48 

There is still one widespread but endangered and declining medium-sized, solitary, soil-49 

dwelling key species of European shortgrass steppes (primary and secondary), the European 50 

souslik (Spermophilus citellus, Linnaeus, 1766, souslik hereafter) (Ramos-Lara et al. 2014; 51 

Hegyeli 2020). Souslik habitat Pannonic loess and sand steppes are dominated by Festuca 52 

rupicola and F. pseudovina species (Šefferová et al. 2008; Erdos et al. 2014; Győri-Koósz and 53 

Faragó 2017). Sousliks stay in their individual, underground burrows during inactive periods 54 

but they feed on the surface. Burrows go into the soil at an angle of 90 or 25-30 degrees (mounds 55 

at the entrances) against the horizontal surface (Ruzic 1978; Gedeon et al. 2012). Burrow 56 

mounds and openings can be visually identified from their surroundings if vegetation does not 57 
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cover their visibility. Although soil and environmental characteristics determine how burrow 58 

mounds and openings erode or endure and atmospheric, light-shadow conditions can alter their 59 

visibility, they remain separable from their surroundings for years. 60 

Estimation of the abundance of endangered burrowing mammals (i.e. ground dwelling sciurids) 61 

is generally carried out by visual surveys or counting of burrows as proxies for their abundance 62 

or area of occupancy (Biggins et al. 1993; Mcdonald et al. 2011; Willcox et al. 2019). Both 63 

methods have their flaws, however, there is a strong correlation between the number of active 64 

burrows and actual density (Harper and Batzli 1996; Hubbs et al. 2000). Thanks to sousliks’ 65 

legal protection in the EU, their abundance should be and as a result has been surveyed in 66 

various European countries like Austria, Poland, Czech Republic, Slovakia, Serbia, Bulgaria 67 

for several years (Janák et al. 2013). Comparability of monitoring results would require a 68 

standardized method to be carried out in different countries, which has not been solved yet. 69 

Burrow counting carried out in Hungary since 2000 (Csorba and Pecsenye 1997; Váczi et al. 70 

2019) is a promising method. 20-year data suggest that there (1) is a declining population trend, 71 

(2) are sudden extinctions and the population dynamics is asynchronised (Cepáková and Hulová 72 

2002; Stoeva et al. 2016; Gedeon et al. 2017; Győri-Koósz and Faragó 2017; Váczi et al. 2019). 73 

Benefits notwithstanding, the current protocol (Váczi et al. 2019) is inappropriate for estimating 74 

the actual, numerical abundance of animals in a colony (Hubbs et al. 2000; Hoogland 2013) 75 

because (1) the estimated the ratio of the 
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑏𝑢𝑟𝑟𝑜𝑤 𝑜𝑝𝑒𝑛𝑖𝑛𝑔𝑠𝐵𝑢𝑟𝑟𝑜𝑤 𝑠𝑦𝑠𝑡𝑒𝑚  is inaccurate  (Hut and 76 

Scharff 1998; Stoeva et al. 2016), (2) it considers an even density, and (3) complete occupation 77 
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of the habitable area. In reality, sousliks show an uneven spatial distribution and density within 78 

a habitable area due to both extrinsic (e.g. vegetation, food, soil, terrain) and intrinsic factors 79 

(e.g. social structure, life history traits, habitat choice) (Katona et al. 2002). Therefore, an 80 

automatized, still accurate, and non-invasive method that can identify and count burrows in a 81 

colony’s area of occupancy would be welcomed by nature conservation so that changes in their 82 

abundance or area of occupancy could be detected in time (Johnson and Burnham 2012; 83 

Šumbera et al. 2012). 84 

Traditional survey methods of the abundance or spatial distribution of animal populations have 85 

recently been replaced by non-invasively applied conservation drones and image processing 86 

techniques (Velasco 2009; Wilschut et al. 2013; Pettorelli et al. 2014; Swinbourne et al. 2018; 87 

Wang et al. 2018; Wilschut et al. 2018). These aerial methods can decrease the high costs and 88 

labour requirement, overcome difficult access to large, remote areas, and increase accuracy and 89 

precision of the estimation. The automated identification of souslik burrows on images would 90 

enable us to (1) count the number of burrow openings (BOs) on images quickly and efficiently, 91 

(2) follow the change of abundance, density, and distribution of BOs over the entire area of 92 

occupancy, and (3) make a more reliable and accurate estimate on the area of occupancy. A 93 

basic aerial survey method includes several steps until the manual or automated identification 94 

of relevant objects could occur by building an algorithm and then applying a predictive model 95 

to identify relevant objects automatically. Various spectral, topographical, or environmental 96 

variables may be needed and used to build a robust, flexible model, however the necessary 97 
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number and type of predictors for high accuracy of classification depend primarily on the size 98 

of the object to detect and the resolution of images (Boyaci et al. 2017; Berhane et al. 2018a; 99 

Vlachopoulos et al. 2020a, b). For the classification of images pixel- or object-based 100 

classification (segmentation) algorithms are usually applied. Although object-based imagery 101 

(OBI) is considered to perform better (provides higher overall accuracy in classification) it also 102 

requires increased computational capacity and a large amount of user processing. Additionally, 103 

the relatively small size of the “object” of interest (BOs) and the would-be required small scale 104 

of segmentation, and the small number of categories to differentiate indicated a priori that OBI 105 

and PBI would perform with similar accuracy. Moreover, we wanted to show a more user-106 

friendly procedure (less computational and processing tasks, simple RGB sensor, less expensive 107 

UAV), consequently we chose the PBI (Duro et al. 2012; Berhane et al. 2018b; Qu et al. 2021) 108 

in advance for image processing.  109 

Following image processing non-parametric (ensemble) classification methods are more 110 

frequently used for data collected by remote sensing (Rokach and Maimon 2006). Different 111 

studies have recommended the use of the tree-based random forest (RF) classification algorithm 112 

for spectrally noisy, remotely sensed data because of its robustness and superior performance 113 

of accuracy metrics over other non-parametric classifiers (Dormann et al. 2013; Lillesand et al. 114 

2015; Berhane et al. 2018c). RF generates a collection of de-correlated, independent trees, and 115 

then averages them (Breiman 2001). Thanks to its popularity there are readily available 116 

statistics books that explain its benefits as compared to other boosting techniques (Belgiu and 117 
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Drăgu 2016; Smalheiser 2017). Its advantages include high-predictive accuracy and 118 

applicability with highly correlated variables (Delincé 2017). Both circumstances were 119 

expected in our application as we would like to accurately (high-predictive accuracy) identify 120 

burrows, and indices used in model building were derived from spectral variables (correlation).  121 

Our primary aim in this study was to explore the combination of UAV imagery and PBI with 122 

an RF classification technique to identify souslik BOs on images, which are good proxies for 123 

the actual abundance and location of sousliks. The premise of our approach was that burrows 124 

and other characteristic objects (soil, trees and shrubs, grass) have special-spectral 125 

characteristics (spectral signatures) that can be used to identify and differentiate them in 126 

remotely sensed imageries. Another aim of this study was to support the notion of aggregated 127 

souslik burrows in a colony. We expected this special pattern but this premise was needed to 128 

be tested to underline the importance of surveying large areas for an accurate estimation of the 129 

number and location of burrows. The final aim was to assess how applicable or useful our 130 

method was for detecting and distinguishing active souslik BOs from the surroundings by 131 

estimating the RF model’s accuracy and stability after image processing. 132 

133 

2. Materials and Methods 134 

2.1 Field survey 135 
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We collected images on four souslik colonies including the sampled areas between 1 and 31 136 

July 2019 in Hungary by UAV imagery. Study sites were in coordinate system UTM/Zone 33 137 

(Figure 1). The colonies were found in different regions of Hungary and represented different 138 

vegetation heights from short to medium-height grass (Gedeon et al. 2012). Preliminary studies 139 

indicated that tall grass height (mean > 18 ± 1.5cm) disabled the application of UAV imagery 140 

and semi-automated detection due to the obscuration of BOs. Therefore we excluded one site 141 

from the analysis in advance. We designated study areas as Bakonykúti, Gerecse I., Gerecse II., 142 

and Kisoroszi. 143 

All four colonies were located in the Pannonian grassland ecoregion. Xerophilous loess 144 

grassland of Salvio nemorosae-Festucetum rupicolae dominated three colonies (Bakonykúti, 145 

Gerecse I. and Gerecse II.; (Zolyomi and Fekete 1994) and Festucetum vaginatae characterised 146 

the open sand grassland of the Kisoroszi colony (Győri-Koósz and Faragó 2017). Annual grass, 147 

perennial herbs, shrubs and small trees dominated all grasslands. Each study site was under 148 

legal protection and located in a national park. This allowed little tourism on study sites and 149 

they primarily served conservation aims. Grazing by sheep maintained short or medium-short 150 

vegetation all year around at all four sites which benefited sousliks’ survival and helped detect 151 

BOs in the field and on images.  152 

We marked the exact location of active animal BOs in the field with red-white-yellow flags. 153 

Then we made the first images for each area. Then we removed the flags and repeated the image 154 

recording process. This approach enabled us to find almost all BOs on each image visually and 155 



10 

to use the flag-free images for further processing. The reports of the annual state monitoring 156 

and our visual observations of animals or their pellets at the BOs validated all four colonies as 157 

active souslik populations, and determined the core area of the colonies reliably. 158 

We conducted the aerial surveys at all four test sites using a UAV with a visible range (RGB) 159 

camera onboard after we surveyed the area and marked each BO. After a few pilot surveys 160 

(with a 16 Mpx Ricoh GR II camera) on the Gerecse areas, we found a 24 Mpx Fuji X-T20 161 

camera appropriate for the survey (main features: APS-C sensor, focal length of 14 mm, f/2,8 162 

mm, Automatic ISO speed, automated exposure time based on the sharpness, colour saturation 163 

and brightness of input images). We performed the aerial surveys in a fully automatic flight 164 

mode above the study area with image overlap of 80% and sidelap of 60% to ensure 165 

photogrammetric processing later.  Focal length and resolution at an altitude of 25 m was found 166 

to be sufficient for recording BOs on a number of pixels. For later image orthorectification we 167 

placed four or more ground control points at each site with a real-time kinematic correction 168 

GPS receiver unit (South Galaxy G1) with a maximum 1 cm error (horizontal and vertical 169 

accuracy). We used those ground control points to transform raw images into a Hungarian 170 

national coordinate system (EOV/HD72 - EPSG:23700). 171 

2.2 UAV imagery and spectral data pre-processing 172 

The image processing started with red, green and blue (RGB) unmanned aircraft system 173 

imagery in the field. A photogrammetric workflow including orthorectification followed UAV 174 

imagery, which resulted in an orthophoto mosaic to be processed by a supervised PBI 175 
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(Sibaruddin et al. 2018; Vlachopoulos et al. 2020a, b). The latter resulted in RGB derived 176 

spectral indices calculated from cloud-free and corrected RGB reflectance bands of any point 177 

(pixel) on the image. The raw images were processed in Agisoft Metashape Professional 178 

(Version 1.6.1) (Agisoft 2016) to create RGB orthomosaics and digital elevation models (DEM) 179 

of the study sites. Thus we ended up with four datasets, each transformed into the UTM/Zone33 180 

coordinate system at 1 cm spatial resolution. At this scale one average burrow opening (3-4 cm 181 

in diameter) covered ~7-12 pixels which was enough to find a “pure” burrow pixel. 182 

To increase orthomosaic similarity between images of the study sites for spectral sampling of 183 

field categories, consecutive, processing steps were carried out on the mosaic images: histogram 184 

matching and spectral band normalization (together as Spectral Normalization, SN). First, we 185 

chose the orthomosaic of Kisoroszi site as a reference histogram because atmospheric and 186 

flying conditions (at noon, without clouds) were optimal. Then we transformed all other 187 

histograms in comparison with that reference site. Secondly, we generated spectral indices 188 

based on the raw values of RGB bands. Then those raw values were normalized and centred. 189 

This image processing eventually resulted in predictors to be used in Random Forest (RF) 190 

classification (Table 1).  191 
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192 

Table 1. List and description of input variables (predictors) for the four RF models (M1.1, 1.2, 193 

2.1, 2.2). 194 

We digitized the individually flagged BOs on orthomosaics in QGIS (QGIS Development 2021) 195 

by placing vector points on the central pixel. The burrow openings were always the darkest 196 

pixels on images. Therefore those darkest pixels could always represent the BOs 197 

unambiguously. Burrows, trees, grass, and soil were the most characteristic and redundant field 198 

cover features of the sites. For the better determination of category specific spectral 199 

characteristics, we generated a different number of samples for the categories TREE, GRASS, 200 

and SOIL. The more difficult was to distinguish a category from BURROW, the more samples 201 

we generated for that category to encompass its natural, spectral variability. Since category 202 

GRASS was the noisiest for BURROW, such as shadows by grass tussocks near BOs, we 203 

generated a high number of samples representing grass. We found a total number of 93 burrows 204 

Variable
Acronym

Variable's Long Name Type Reference or Description Model

R Red Spectral Red colour band M1.1-2, M2.1-2
G Green Spectral Green colour band M1.1-2, M2.1-2
B Blue Spectral Blue colour band M1.1-2, M2.1-2
GLI Green Leaf Index Spectral Louhaichi et al. 2001 M1.1-2, M2.1-2
CI Coloration Index Spectral Escadafal et al 1994 M1.1-2, M2.1-2
Intnsty Intensity Spectral Escadafal et al 1994 M1.1-2, M2.1-2
NGRDI Normalized Green/

Red Difference Index
Spectral Zarco-Tejada et al. 2001 M1.1-2, M2.1-2

RI Redness Index Spectral Bannari et al. 1995 M1.1-2, M2.1-2
SLP Slope Topographical Travis et al. 1975 M1.1
ASP Aspect Topographical Zevenberger and Thorne 1987 M1.1
TPI Topographioc Position Index Topographical Guisan et al. 1999 M1.1
TRI Topographic Ruggedness Index Topographical Riley et al. 1999 M1.1
Rghness Roughness Topographical Riley et al. 1999 M1.1
DEM Digital Elevation Model Topographical Hengl and Reuter 2008 M1.1, M2.1
Grass height Grass height Topographical Estimated height of surface point M1.1
Site Study site Environmental Study site M1.1
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on four sites. In addition we generated 108 tree, 165 soil, and 1383 grass random points on all 205 

four sites.  206 

207 

2.3 Random Forest classification of pixels 208 

The main purpose of RF classification was to correctly identify BOs on images (category 209 

BURROW). Following the recommendations of statistical textbooks (Breiman 2001; Hastie et 210 

al. 2017; Breiman et al. 2017) the number of decision trees (ntree) and randomly chosen input 211 

variables (mtry) was set to 500 and 4 or 3, respectively (mtry= p1/2, where p is the total number 212 

of predictors; Breiman, 2001; Table 1). For decreasing model complexity we identified 213 

important predictors from the initial set of predictors (spectral, topographic, and environmental 214 

variables and indices) based on the variable importance scores (VIS). This approach clarified 215 

the simplest but still most robust model for the classification. We used a total of 16 predictors 216 

and raw images in the initial Model 1.1 (M1.1). Then the number of predictors were reduced (p 217 

= 9) and a new RF model, Model 1.2 (M1.2), was built. The 3rd (Model 2.1, M2.1) (p = 9) and 218 

4th (Model 2.2, M2.2) models (p = 8) used Spectrally Normalized images. Predictor Site 219 

represented the general characteristics of the habitat (Table 1). Since we wanted to see if SN 220 

could improve model performance, we ran RF classification on both raw (M1.1 and 1.2) and 221 

Spectrally Normalized images (M2.1 and 2.2). Various metrics of overall and per-class 222 

accuracy of classification were to tell how successfully each model could identify BOs on 223 
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images. During RF model building 63% of the original dataset was set for training and 37% for 224 

testing to avoid overfitting (Xu and Goodacre 2018).  225 

226 

2.4 Evaluation of RF classification 227 

The correctness of the classification procedure was measured by the number of correct or 228 

incorrect classifications of points. Actual values could be “True” or “False”, and predicted 229 

values could be “Positive” or “Negative”. The terms “True Positive” (TP), “False Positive” 230 

(FP), “True Negative” (TN), and “False Negative” (FN) covered all options regarding the 231 

classification results. The different number and ratio of those probabilities expressed by overall 232 

accuracy, Cohen’s kappa, precision and sensitivity, and F-score were used to evaluate the 233 

performance of the classification models, in other words how accurately the models classified 234 

actual pixels into one of the four RF categories. The classification models’ overall performance 235 

was compared by overall accuracy (OA; (TP+TN)/Total). Cohen’s kappa (κ) 236 

κ = observed accuracy − chance agreement1 − chance agreement237 

(Cohen 1968; Lillesand et al. 2015) evaluated the agreement between predicted classification 238 

and actual values. It evaluated the correctness of the classification performed in comparison to 239 

randomly assigning values to one of the four categories. The κ can generally range from 0 to 1. 240 

A positive value would indicate that the classification is better than a random classification, 241 

while 0 would indicate that the classification does not perform better than a random 242 
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classification process. According to our premise we punished a misclassification of a souslik 243 

burrow (FN) or a misclassification of anything as a burrow (FP) equally as we wanted to 244 

identify souslik BOs and the correct or false classification of other objects in the environment 245 

(GRASS, TREE, SOIL) was left out of this evaluation. Per-class Cohen’s kappa (κBURROW) for 246 

producers’ (Sensitivity, S, TP/(TP+FN)) and users’ accuracies (Precision, P, TP/(TP+FP), and 247 

F-score ( 
2×𝑆×𝑃S+P  ), which punished extreme values and differences between these two values 248 

more than other means, characterised category BURROW specific performance of the models 249 

and the relationship between the predicted and actual number of souslik BOs.  250 

251 

2.5 Model stability 252 

We evaluated the stability of the best model by a 10-time bootstrapping. The number of decision 253 

trees (ntree) and number of input variables (mtry) were set to 500 and 3 respectively. By this 254 

iteration process, we could calculate and compare standard deviation (SD) and coefficient of 255 

variation (CV%) of κ between models (M2.21, M2.22,…, M2.210). One test of model stability 256 

involved testing if the variance of κBURROW for P and S (One sample test for variance) (1) was 257 

smaller than the average of the CV% of κBURROW for P and S of models 1.1, 1.2, 2.1, and (2) 258 

could remain ≤ 5% for either S or P. We defined CV% of a parameter in a population as the 259 

ratio of the standard deviation (SD) to the mean and it was a dimensionless measure and 260 

considered a measure of stability of a population parameter. In our case, κBURROW for P and S 261 
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could be those parameters whose low variance across the iteration could be used to evaluate the 262 

stability of the final RF model. Since the test of a single variance assumed a normal distribution 263 

of the population parameters, we tested normality by a modified Kolmogorov-Smirnov-264 

Lilliefors test for small sample size. 265 

266 

2.6 Spatial distribution of burrows (mounds or/ and BOs) 267 

We performed point pattern analysis to investigate the spatial distribution of burrows at the 268 

study sites and to explore the potential interaction between the burrows. This meant to justify 269 

the need for our method compared to the notion that animals occupy the space randomly or 270 

uniformly. We computed the 𝐺(𝑟) nearest neighbour distances distribution function and the 271 

𝐹(𝑟) empty space function for all study sites, assuming that the burrows constitute a point 272 

pattern 𝐗 at a study site. This was to explore whether there was an interaction between the 273 

location of the burrows, and if there was then what type of interaction it could be. The 𝐺(𝑟)274 

function measured the distribution of the distances from an arbitrary burrow to its nearest 275 

neighbour (i.e., the burrow nearest to it) that is 276 

𝐺(𝑟) = P{𝑑(𝑢,𝐗 \ {𝑢}) ≤ 𝑟 | 𝑢 ∈ 𝐗}277 

where 𝑢 is an arbitrary burrow, and 𝑑(𝑢,𝐗 \ {𝑢}) is the shortest distance from 𝑢 to the point 278 

pattern 𝐗 excluding 𝑢 itself. The 𝐹(𝑟) function measured the distribution of all distances from 279 

an arbitrary point of the plane to its nearest burrow that is 280 
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𝐹(𝑟) = 𝑃{𝑑(𝑣,𝐗) ≤ 𝑟}281 

where 𝑣 is an arbitrary point of the plane, and 𝑑(𝑣,𝐗) is the distance from 𝑣 to the point pattern 282 

𝐗. At all study sites we compared the observed 𝐺(𝑟) and 𝐹(𝑟) functions to the Poisson point 283 

process (complete spatial randomness, CSR), which helped us decide the type of interaction 284 

that existed between the BOs. If the observed 𝐺(𝑟) (𝐹(𝑟)) function was below (above) CSR, 285 

then the distribution of BOs at the study site was rather regular. If the 𝐺(𝑟) (𝐹(𝑟)) was above 286 

(below) CSR, then the burrows showed a clustered pattern. To test whether this difference 287 

between the observed functions and CSR was significant, we simulated the upper and lower 288 

envelopes of CSR at each study site using the Monte Carlo approach. 289 

290 

2.7 Statistical Analyses 291 

We performed all statistics using TIBCO Statistica (2018; Version 13.5.0.17) and R (Version 292 

4.0.1.3 (Bivand and Gebhardt 2000; TIBCO Software Inc. 2018; R Core Team 2020). More 293 

specifically, the algorithm used for calculating accuracy metrics was developed in R but the 294 

confusion matrix and RF classification were calculated in Statistica. We also used R for 295 

analysing spatial pattern, and spectral transformation and index generation using the Raster and 296 

RSToolbox packages. If we did not determine a level of significance in a specific analysis then 297 

we generally used a P < 0.05. 298 

299 
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3. Results 300 

3.1 Evaluation of RF classification 301 

OA of each model (from M1.1 to M2.2) (Table 2) was above 90%, which in other words meant 302 

a less than 10% overall or misclassification error for each model.  303 

304 

Table 2. Overall accuracies and kappa statistics, per-class BURROW kappa for S (𝜅𝐵𝑈𝑅𝑅𝑂𝑊𝑠 ) 305 

and P (𝜅𝐵𝑈𝑅𝑅𝑂𝑊𝑃 ), and their parameter estimates for each RF model. Coefficient of variation 306 

(CV%), confidence intervals (CI). 307 

308 

Model 1.1 Model 1.2 Model 2.1 Model 2.2
Overall Accuracy 92.49 95.01 92.10 91.31

Standard Deviation 1.16 0.97 1.18 1.24
CV% 1.30 1.00 1.30 1.40
95% CI lower 90.12 93.00 89.68 88.79
95% CI upper 94.85 97.02 95.42 93.83
Cohen's Kappa 0.76 0.84 0.76 0.74

Standard Deviation 0.04 0.03 0.04 0.04
CV% 4.6 3.6 4.6 5.0
95% CI lower 0.69 0.78 0.69 0.66
95% CI upper 0.83 0.90 0.83 0.81

0.90 1.00 1.00 0.95

Standard Deviation 0.07 0.00 0.00 0.05
CV% 7.40 0.00 0.00 4.90

0.75 0.59 0.91 0.90

Standard Deviation 0.09 0.10 0.06 0.07
CV% 11.70 16.80 6.70 8.10

κ𝐁𝐔𝐑𝐑𝐎𝐖𝐏
κ𝐁𝐔𝐑𝐑𝐎𝐖𝐒
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Predictors R, G, B, GLI, CI, Intensity, NGRDI, and RI were important for all four models 309 

(Table 1). Those eight, spectral predictors remained relevant in models M1.2, M2.1, and M2.2, 310 

while other environmental or topographic predictors were ignored based on VIS. The κ 311 

indicated the highest overall performance for M1.2 (Table 2). The other models performed 312 

worse according to κ, though the difference between M1.2 (the highest score) and M2.2 (the 313 

lowest score) was small (0.84 vs. 0.74). 314 

315 

Per-class (BURROW) model performance (PBURROW, SBURROW, κBURROW) was the primary focus 316 

of our classification as we wanted to train our models to automatically identify souslik burrows 317 

on images and achieve high and balanced precision and sensitivity. The confusion matrix could 318 

show all performance measurement values, however, here-below we focused only on those 319 

values that reflected per-class BURROW model performances. M2.1 showed the highest (0.96) 320 

and M1.2 (0.75) the lowest F-scores. The other two models’ F-scores are in line with the 321 

distinction between the accuracy metrics based on raw or Spectrally Normalised data (F-322 

scoreM1.1 = 0.83; F-scoreM2.2 = 0.91). Regarding the difference between PBURROW and SBURROW323 

values, M2.2 showed the lowest difference (0.08) while M1.2 showed the greatest difference 324 

(0.4). Concerning κBURROW for P and S, models 1.2 and 2.1 showed equally the highest values 325 

while M2.2 was trailed by 0.05 and M1.1 by an additional 0.05 (Table 2). 326 

327 

3.2 Model stability 328 
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Standard deviation of κ was significantly less than the test variance, which was determined as 329 

the average SD of κ of models 1.1, 1.2, and 2.1 (𝐴𝑉𝐺𝑆𝐷𝑀1.1,1.2,2.1 = 0.034, N=10, Chi-Square of 330 

κ = 5.19*10-4, P = 1.36*10-18; Table 3). 331 

332 

Table 3. How per-class (BURROW) Cohen's kappa, Standard Deviation (SD), and Coefficient 333 

of variation (CV%) for Precision and Sensitivity changed during the 10-time iteration. For each 334 

iteration different training (63%) and test (37%) subsets were selected randomly from the 335 

complete dataset. 336 

337 

Levene’s test of the homogeneity of variances showed that the variance of CV% for κBURROW338 

for P and S did not differ significantly (N = 10, F = 1.74, P = 0.20). Moreover, the average 339 

CV% of models 1.1, 1.2, and 2.1 for κBURROW for P and S were 2.47 (P) and 11.73 (S).  The 340 
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variance of CV% of either κBURROW for P or S was significantly smaller than the hypothetical 341 

(test) variance of 5% (CV% = 5, n = 10, Chi-Square of κ for P = 0.022, P = 1.23*10-12; Chi-342 

Square of κ for S = 0.0023, P = 1.17*10-17). Both the Kolmogorov-Smirnov-Lilliefors and 343 

Shapiro-Wilk tests of normality suggested that both S and P followed a normal distribution 344 

therefore the ‘one sample test for variance’ could be used and the normality assumption was 345 

not violated (P: Shapiro-Wilk statistic = 0.87, P = 0.086; KS-Lilliefors statistic = 0.23, P = 0.10; 346 

S: Shapiro-Wilk statistic = 0.93, P = 0.39; Lilliefors statistic = 0.16, P = 0.20). 347 

348 

3.3 Spatial pattern of BOs 349 

The point pattern analysis (G(r): the nearest neighbour metric, F(r): the so-called empty-space 350 

function metric) performed on the souslik BOs as proxies for the presence and location of 351 

animals indicated clustered spatial patterns at (i) Bakonykúti and Kisoroszi: a statistically 352 

significant and strong spatial aggregation point pattern, (ii) Gerecse I.: a statistically significant 353 

but week spatial aggregation. A nearly random spatial pattern was present at Gerecse II. 354 

(Supplementary Figure S1). The results showed that the spatial distribution of the BOs tended 355 

to appear in groups rather than in regular or uniform patterns. 356 

357 

4. Discussion 358 
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Our results supported the aggregated distribution of souslik burrows. This highlights the need 359 

for the survey of BOs in the whole area of occupancy if spatial boundaries or density changes 360 

of colonies over large areas are to be detected. Souslik colonies can cover several hectares 361 

consequently the estimation of their abundance or area of occupancy by detecting and counting 362 

burrow openings would require a comprehensive survey of large areas. Our UAV-imagery 363 

based method has achieved an accurate and reliable detection of burrows semi-automatically. 364 

The final model (M2.2) was stable (Stokes et al. 2010; Pettorelli et al. 2014; Stephenson 2019) 365 

and showed (1) a balanced number of FN and FP detections, (2) high and balanced per-class 366 

(BURROW) accuracy metrics between training and testing subsets or P and S values, (3) a user-367 

friendly (less costly and complicated) and straightforward counting method of BOs.  368 

Nevertheless, the number of burrow openings of a burrow system belonging to one individual 369 

requires a narrower estimation in the future by other proximal sensing techniques. On the other 370 

hand, automated detection and counting of BOs were addressed successfully by our method 371 

(Supplementary Figure S2). It means that it is ready for getting established in the management 372 

of endangered souslik populations or modified to the characteristics of other burrowing 373 

mammals’ burrows. Censusing of animal populations is a prerequisite for their adequate 374 

management (Plumptre 2000; Wang et al. 2018) and BOs provide good proxies for population 375 

estimation.  376 

377 

4.1 Techniqual issues  378 
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The use of a 24Mpx RGB sensor, SN including correction and standardisation of illumination 379 

and colour by using a reference site improved the accuracy of detection of burrows. The optimal 380 

whether conditions for imagery at one site could provide a good reference for correcting other 381 

images. Those conditions (less obscuration of BOs and strong natural light illumination) at the 382 

reference site could provide less spectral noise or overlap which otherwise could have decreased 383 

the performance of RF classification (Agjee et al. 2018). That image processing substantiated 384 

RF classification of image pixels into categories effectively with high P and S. RF classification 385 

on raw images resulted in a few FPs (high P, low overestimation) but S was low and much 386 

fewer than P. It meant a high number of FNs, consequently we had missed a number of burrows 387 

on those raw images. In a survey it would have resulted in the underestimation of BOs, which 388 

would have indicated lower abundance or smaller area of occupancy than the actual one. The 389 

unbalance between the number of FNs (high) and FPs (low) of the category BURROW was 390 

smoothed out (measured by κBURROW for P and S) by the application of SN. That SN could 391 

generate a smaller difference between FNs and FPs and still high TPs and TNs (Table 2). 392 

Although a small decrease in these accuracy measures was experienced after SN, κBURROW for 393 

S and P remained high (0.9) (Congalton 2001) and FN*FP-1 ratio was balanced. Balanced and 394 

still high S and P values were superior compared to higher and unbalanced S or P values as 395 

either under- or overestimation would have been equally misleading (Assal and Lockwood 396 

2007). Notwithstanding, those balanced values may not remain stable for other samples so how 397 

stable this FN*FP-1 ratio remains should be tested in the future. 398 
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Results indicated the irrelevance of predictors DEM or micro-relief (unexpected) and Site 399 

(expected) in classifying and detecting BOs successfully (M1.2, 2.2). This could be explained 400 

by the homogeneity of sites and insignificant difference between the frequency of BOs on 401 

elevations and depressions. Grass Height was found to be unimportant in the RF classification 402 

but yet shadows generated by grass tussocks could obscure the few cm large BOs. In other 403 

words, the shadows could be confused with the darkness of BOs in the RGB channels and 404 

frequencies (spectral mixing). This phenomenon may suggest that if further spectral channels 405 

were added to sensing by the application of hyper/ multispectral or thermal cameras this 406 

obscuration could be distinguishable from natural BOs by unique spectral fingerprints and could 407 

decrease the number of FN detections.  408 

Literature suggests that aggravated pattern of sousliks and burrows is due to behavioural 409 

(nepotism) or habitat characteristics (elevations) (Sherman 1981; Weddell 1989). Therefore, 410 

more mountainous souslik habitats with steep slopes like areas in the Mediterranean (e.g. 411 

Greece, Bulgaria) might show a different picture from the perspective of site homogeneity and 412 

spatial distribution of animals. Certain micro-elevations can help sousliks survive flooding or 413 

avoid predators (Katona et al. 2002; Gedeon et al. 2012) but its importance is probably habitat 414 

specific and may change by the steep slope of an area.  415 

Homogenous habitat and physiological characteristics through the distribution range of a 416 

species and model stability are prerequisites to good model transferability though there has not 417 

been a standardized way to measure that (Sequeira et al. 2018). Therefore testing the final 418 
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model’s stability was crucial for the method’s application. To improve stability and the potential 419 

of transferability careful attention was paid to sampling, data quality, and model parsimony. 420 

For careful sampling, we took images on areas with souslik burrows after meticulously searched 421 

the area of occupancy for BOs. Finding quasi-each and verified burrow on sites increased the 422 

sample size. BOs appear almost identical (dark holes) and the inter-category spectral 423 

differences between BURROW, SOIL, GRASS and TREE were expected to be much larger 424 

than the intra-category variation due to different plants, souslik burrows, soil types (calcareous 425 

soils including sandy loess, loess or chernozem) at different locations. Sampling at various 426 

locations with larger environmental dissimilarities improves model transferability (Wenger and 427 

Olden 2012; Sequeira et al. 2018), however, the environmental similarity of souslik habitats in 428 

the Pannonian ecoregion did not support colonies sampled far away because it would not have 429 

meant larger environmental difference. Consequently, the relative proximity of selected 430 

colonies (Figure 1) did not theoretically decrease model transferability. For increased data 431 

quality and a more universal model the four datasets were merged and 63% training part was 432 

randomly selected from the combined dataset to train RF classification. The approach of Jin et 433 

al. (2018) contributed to build a more location-independent model. For a more parsimonious 434 

model, the simplest model with high and balanced accuracy was chosen as the best model 435 

(between S and P; small variation of Cohen’s kappa and its standard deviation; Table 2). All 436 

these considerations have helped and supported that the final model could be a good candidate 437 

for a universal model (reasonable, feasible, with good transferability potential) in spite of the 438 
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small number of local populations in this study. Future research will encompass the study of 439 

transferability in different souslik populations. Besides, we plan to expand the method into other 440 

ground dwelling species (Sequeira et al. 2018). 441 
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Figure 1. Location of studied souslik colonies in Hungary, and area and spatial position of 681 

images used for image processing. 682 

Supplementary Figure S1. Point pattern analysis for the four sites.  𝐺𝑜𝑏𝑠(𝑟) (with black solid 683 
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r is distance in metres. 689 



33 

Supplementary Figure S2. How different tasks are connected during the process of 690 

identification of souslik burrows from UAV imagery through Spectral Normalization to RF 691 

classification and test of model stability. Symbols (shapes) represent the following meanings: 692 

Ellipses are for start or end points in the process; rectangles are for steps in the process; 693 

parallelograms and rhombuses are for inputs or outputs in the process. 694 

695 

Table legends 696 

Table 1. List and description of input variables (predictors) for the four RF models (M1.1, 1.2, 697 

2.1, 2.2). 698 

Table 2. Overall accuracies and kappa statistics, per-class BURROW kappa for S (𝐾𝐵𝑈𝑅𝑅𝑂𝑊𝑠 ) 699 

and P (𝐾𝐵𝑈𝑅𝑅𝑂𝑊𝑃 ), and their parameter estimates for each RF model. Coefficient of variation 700 

(CV%), confidence intervals (CI). 701 

Table 3. How per-class (BURROW) Cohen's kappa, Standard Deviation (SD), and Coefficient 702 

of variation (CV%) for Precision and Sensitivity change during the 10-time iteration. For each 703 

iteration different training (63%) and test (37%) subsets were selected randomly from the 704 

complete dataset. 705 

706 

Figures (including supplementary figures): In separate files. 707 



Figures

Figure 1

Location of studied souslik colonies in Hungary, and area and spatial position of images used for image
processing.
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