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 Accurate turtle species identification supports biodiversity monitoring 

and conservation. This study classified seven turtle species using box-

counting fractal dimension a single scalar numerical feature and K-

Nearest Neighbor (K-NN) based on carapace pattern complexity. A 

dataset of 140 dorsal carapace images (20 per species) was compiled 

from iNaturalist Research Grade observations via random sampling with 

rejection-based screening against predefined inclusion criteria. Images 

were preprocessed (crop, resize, Gaussian smoothing, grayscale, Otsu 

thresholding, Canny edge detection) prior to fractal-dimension 

extraction. Stratified 3-, 5-, 7-, and 10-fold cross-validation was repeated 

over ten fixed random seeds. The best-performing observed 

configuration (10-fold, K = 3) achieved 87.14% ± 0.48% accuracy and 

86.75% pooled macro-F1. A dataset-matched GLCM baseline achieved 

61.14% ± 1.76% accuracy under the same setting, with a highly 

significant paired difference (paired t-test, p < 0.001; Wilcoxon signed-

rank, p = 0.001953). 
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1. INTRODUCTION 
Turtles, classified in the order Testudines, are among the oldest surviving groups of reptiles and are 

characterized by a hard shell consisting of a dorsal carapace and a ventral plastron. Despite their long 

evolutionary history and resilience, turtles and tortoises remain among the most threatened groups of vertebrates 

worldwide. Recent global assessments indicate that extinction risk among chelonians is associated with large body 

size, restricted geographic ranges, and intense anthropogenic pressures, with the Indomalayan region identified 

as a major hotspot for threatened biodiversity  [1]. A comprehensive global assessment of reptiles also reported 

significant extinction risks for various reptile species and emphasized the need for targeted conservation efforts 

for turtles and crocodilians [2]. These conditions underscore the importance of reliable species identification 

for biodiversity monitoring and conservation. 

These conservation challenges are further exacerbated by wildlife trade. Several turtle species listed under 

CITES continue to be collected and traded in Indonesia, while market-based studies have reported difficulties 

in distinguishing legal trade from illegal harvesting, as well as violations or circumvention of quota and permitting 

regulations [3]. Recent economic research also indicates that legally permitted trade in freshwater turtles provides 

limited and geographically uneven livelihood benefits to collectors, raising concerns about the sustainability of 

http://jurnal.uinsu.ac.id/index.php/zero/index
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current harvesting practices [4]. In response to these challenges, artificial intelligence (AI) and image-based 

technologies have increasingly been explored for wildlife identification and trade enforcement, including AI-

assisted photographic identification for CITES enforcement [5] and machine learning approaches to distinguish 

acoustically similar wildlife species involved in trade [6]. These developments highlight the need for accurate 

and objective species identification approaches to support conservation monitoring and enforcement. 

Turtle species identification has traditionally relied on expert assessment of morphological characteristics, 

particularly carapace and plastron features such as shell shape, dome height, and scute coloration [7]. Although 

these characteristics provide important taxonomic information, manual identification requires specialized 

expertise and can be time-consuming and subjective. Consequently, image-based computational methods have 

increasingly been investigated as alternatives for automated species identification [8]. Deep learning approaches 

have demonstrated the feasibility of image-based turtle classification, including the classification of turtles 

imported into Korea and ensemble-based classification of turtle species [9], [10]. Multiview deep-learning 

methods have also been applied to fine-grained classification of closely related Malayemys species [8]. Beyond 

turtles, computational image analysis has been widely used for wildlife recognition and identification, including 

ecological camera-trap imagery, lightweight machine-learning systems, dorsal carapace imagery for individual 

sea-turtle recognition, and morphological measurements combined with machine-learning classifiers for cryptic 

species discrimination [11], [12], [13], [14]. While these studies demonstrate the potential of computational 

approaches, they predominantly rely on deep-learning architectures or conventional morphological, color, and 

texture representations. The geometric complexity of turtle carapace patterns remains comparatively unexplored 

as a compact quantitative feature. 

Fractal dimension offers a mathematical representation of the geometric complexity of irregular structures 

and can be estimated from digital images using box-counting methods. Previous studies have examined 

methodological aspects of box-counting estimation [15], its limitations for complex biological boundaries [16], 

and its application to species discrimination and biometric recognition [17], [18]. Fractal dimension has also 

been used as an input feature for classification methods, including K-Nearest Neighbor (K-NN) and other 

machine-learning approaches [19], [20], [21]. Similarly, texture descriptors such as Gray-Level Co-occurrence 

Matrix (GLCM) features have been combined with K-NN for image classification tasks [22], [23]. These studies 

establish the potential of fractal and texture-based representations for classification but do not directly address 

turtle carapace pattern complexity. In the present study, fractal dimension is deliberately evaluated as a single 

scalar feature, rather than using a multifractal spectrum, lacunarity, or a combination of multiple texture 

descriptors. This choice provides a compact and computationally efficient representation that allows the 

classification capability of geometric pattern complexity itself to be evaluated directly, while avoiding the 

additional dimensionality and interpretive complexity introduced by multi-feature representations. K-NN is 

consequently appropriate for this setting because it can classify low-dimensional numerical representations based 

on feature similarity [24]. Because fractal dimension is estimated after image preprocessing, the influence of 

image resolution, Gaussian smoothing, and edge-detection thresholds is also examined through sensitivity 

analysis to assess the robustness of the resulting feature. 

However, existing turtle-identification studies have focused primarily on deep-learning-based image 

classification [8], [9] or conventional morphological, color, and texture features, leaving the geometric complexity 

of carapace patterns insufficiently investigated as a quantitative representation. Moreover, previous applications 

of box-counting fractal dimension have largely concerned non-shell biological structures and other image 

domains [16], [19], which differ substantially from carapace patterns in terms of structural regularity and 

complexity. The combination of box-counting fractal dimension with K-NN classification for turtle carapace 

patterns has therefore received limited attention, particularly in the Indonesian context. Box-counting fractal 

dimension was selected because it provides a quantitative and computationally efficient measure of the 

complexity of irregular carapace patterns [15], [16]. However, because the feature is calculated after 

preprocessing, its reliability may be affected by segmentation quality, image resolution, illumination conditions, 

and camera angle. K-NN is suitable for classification using low-dimensional numerical features, making it 

appropriate for evaluating fractal dimension values as classification inputs. 

Building on this research gap, the present study classifies seven turtle species Trachemys scripta elegans, 

Manouria emys, Centrochelys sulcata, Geochelone elegans, Stigmochelys pardalis, Testudo hermanni, and 

Heosemys spinosa representing a range of IUCN conservation statuses [25], [26] based on carapace pattern 

complexity using box-counting fractal dimension and K-NN. Classification performance was evaluated using 

four-fold-count schemes, namely 3-fold, 5-fold, 7-fold, and 10-fold stratified cross-validation, with K values of 3, 

5, 7, and 9. The cross-validation procedure was repeated using ten fixed random seeds (1-10) to assess the 

stability of the results. In addition, sensitivity analysis was performed to examine the effects of image resizing, 

Gaussian filtering, and Canny threshold settings on fractal-dimension estimation. Therefore, this study aimed to 

evaluate whether a single box-counting fractal-dimension value can represent turtle carapace pattern complexity 

sufficiently for species classification and to identify the best-performing observed K-NN configuration among 

the evaluated experimental settings. 
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2. RESEARCH METHOD 
2.1 Research Design and Data 

This study employed a quantitative computational approach to classify seven turtle species based on 

carapace pattern complexity. Fractal-dimension values extracted using the box-counting method served as 

numerical features, while species identity served as the classification target. 

 

 
Figure 1. Research Procedure Flowchart 

 

The secondary data used in this study consisted of dorsal carapace images obtained from the citizen-

science platform iNaturalist (https://www.inaturalist.org) in JPG format. A total of 140 images were 

collected, comprising 20 images from each of seven turtle species. This sample size and its implications for 

statistical power and generalizability are discussed in Section 3.7. The seven species represented a range of 

IUCN conservation statuses, from Critically Endangered to Least Concern, as summarized in Table 1 [25], 

[26]. 

Table 1. Characteristics of the Seven Turtle Species Used in This Study 

Species Family Carapace Characteristics IUCN Status 

Trachemys scripta 

elegans 

Emydidae Oval, light brown with yellow stripes, serrated 

marginal scutes 

Least Concern 

Manouria emys Testudinidae Flattened, concentric growth ring pattern, 

serrated anterior-posterior margins 

Critically 

Endangered 

Centrochelys 

sulcata 

Testudinidae 

 

Dome-shaped, yellowish brown with dark 

brown scute borders 

Endangered 

Geochelone 

elegans 

Testudinidae Star-shaped radiating yellow lines on a dark 

background 

Vulnerable 

Stigmochelys 

pardalis 

Testudinidae High-domed, irregular black blotches on a 

cream to yellowish background 

Least Concern 

Testudo hermanni Testudinidae Domed, yellow to olive green with dark brown 

to black blotches 

Near 

Threatened 

Heosemys spinosa Geoemydidae Oval, brown to blackish brown with sharply 

serrated marginal scutes 

Endangered 

https://www.inaturalist.org/
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For each species, 20 images were randomly selected from iNaturalist Research Grade observations and 

screened according to three inclusion criteria: (1) a clear dorsal view of the carapace, (2) minimal obstruction 

by other body parts or background objects, and (3) sufficient image resolution to allow the carapace pattern 

to be observed. Representative dorsal carapace images of the seven turtle species included in the dataset 

are shown in Figure 2. 

 

(a) Trachemys 

scripta elegans  

(b) Manouria emys  (c) 

Centrochelys 

sulcata 

(d) 

Geochelone 

elegans  

 

(e) Stigmochelys 

pardalis  
(f) Testudo 

hermanni  

(g) Heosemys 

spinosa 

Figure 2. Images of the Seven Turtle Species 

(Source: iNaturalist observations, accessed in 2026) 

 

2.2 Image Preprocessing and Fractal Dimension 

Each image was manually cropped to isolate the carapace region, excluding the head, limbs, and extraneous 

background, and then resized to 200 × 100 pixels. The resized RGB image was converted to grayscale using the 

luminance transformation: 

𝐺𝑟𝑎𝑦𝑠𝑐𝑎𝑙𝑒 = (𝑅 × 0.2989) + (𝐺 × 0.5870) + (𝐵 × 0.1140) (1) 

 

where R, G, and B denote the red, green, and blue intensity components, respectively. A Gaussian filter 

with σ = 2 was then applied to the grayscale image to reduce image noise. The grayscale image was 

subsequently segmented using Otsu's automatic thresholding method [27]. The binary image was expressed 

as: 

𝑠(𝑥, 𝑦) =  {
1, if 𝑓(𝑥, 𝑦)  ≥  𝑇
0, if 𝑓(𝑥, 𝑦) <  𝑇

 (2) 

  

To separate the foreground carapace-pattern structures from the background and produce a binary 

representation. Canny edge detection was then applied to the resulting binary image [28] . In this workflow, the 

binary image served as an intermediate representation that constrained the edge-detection step to the 

segmented foreground structure, while Canny was used to identify the boundaries within that 

representation. Consequently, the box-counting procedure quantified the geometric complexity of the 

edges derived from the Otsu segmented image rather than intensity gradients from the original grayscale 

image. Fractal dimension values were calculated from each edge-detected image using the box-counting 

method, based on fractal geometry theory [29], with methodological considerations regarding grid-size 

selection and box-counting estimation [15] and the practical scope and limitations of box-counting fractal 

analysis for complex biological boundary structures [16]. In this method, the edge image was covered with 

square boxes of different sizes, and the number of boxes containing at least one edge pixel was counted. 

The relationship between the number of occupied boxes N (r)  and the box size r  is expressed as: 

𝑁(𝑟) =  
1

𝑟𝐷
 (3) 

 

where 𝑁 (𝑟)  denotes the number of occupied boxes, 𝑟 is the box size, and 𝐷 is the fractal dimension. 

Taking the logarithm gives: 

𝑙𝑜𝑔(𝑁(𝑟))  =  𝐷 𝑙𝑜𝑔 (
1

𝑟
) (4) 

  

𝐷 =  
𝑙𝑜𝑔 𝑁(𝑟)

𝑙𝑜𝑔 (
1
𝑟

)
 (5) 
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The fractal dimension D was then obtained as the slope (α) of the linear regression between  log (N(r)) and 

 log (
1

r
), calculated as: 

𝛼 =  
𝑛(∑ 𝑥𝑦𝑛

𝑘 ) − (∑ 𝑥𝑛
𝑘=1 )(∑ 𝑦𝑛

𝑘=1 ) 

𝑛(∑ 𝑥2𝑛
𝑘=1 ) − (∑ 𝑥𝑛

𝑘=1 )2
 (6) 

 

where x =  log (
1

r
),  y =  log (N(r)), and 𝑛denotes the number of box-size scales used in the regression . The 

resulting fractal dimension quantified the geometric complexity of each carapace pattern and was used as the 

numerical feature for the subsequent K-NN classification. 

The box-counting procedure was implemented as a custom MATLAB function rather than a built-in 

routine. Each 200 × 100-pixel edge image was zero-padded to a square image of size 2𝑝 × 2𝑝, where (𝑝) was 

the smallest integer satisfying 2𝑝 ≥ 200. Thus, (𝑝 = 8), resulting in a 256 × 256 pixels padded image. Box 

sizes were defined as powers of two, (𝑟 = 20, 21. . . , 2(𝑝−1)) pixels, corresponding to (1, 2, 4, 8, 16, 32, 64, and 

128) pixels, giving (𝑛 = 8) scales. The largest box size, (𝑟 = 28 = 256) pixels was excluded from the regression 

because it produces a single trivial count covering the entire image. For each box size, (N(r)) was obtained by 

counting the number of non-overlapping 𝑟 × 𝑟 blocks containing at least one edge pixel. The fractal dimension 

was then estimated using an ordinary least-squares linear regression (polyfit in MATLAB) fitted to the eight pairs 

of log (N(r)),  against log (
1

r
). 

 

2.3 Sensitivity Analysis 

A sensitivity analysis was conducted to examine the effect of selected image-processing parameters on 

the extracted fractal dimension. Three preprocessing factors were evaluated: image resolution, Gaussian-

filter parameter, and Canny edge-detection threshold. For image resolution, three sizes were compared: 

150 × 75, 200 × 100, 𝑎𝑛𝑑 250 × 125 pixels. For Gaussian filtering, 𝜎 = 1, 𝜎 = 2, 𝑎𝑛𝑑 𝜎 = 3 were 

evaluated. The Canny edge detector was evaluated using the automatic threshold and three manually specified 

threshold ranges: [0.05, 0.15], [0.10, 0.20], 𝑎𝑛𝑑 [0.15, 0.30]. The relative difference between an 

alternative configuration and the reference configuration was calculated as: 

𝑅𝐷 =  
|𝐷𝑎𝑙𝑡 − 𝐷𝑟𝑒𝑓|

𝐷𝑟𝑒𝑓

× 100% (7) 

 

Where 𝐷𝑎𝑙𝑡  denotes the mean fractal dimension obtained using the alternative configuration and 𝐷𝑟𝑒𝑓  denotes 

the mean fractal dimension obtained using the reference configuration of 200 × 100 pixels, 𝜎 = 2, and automatic 

Canny thresholding. Crop tightness and Otsu thresholding were not independently varied because the cropping 

procedure was standardized and Otsu thresholding was adaptively determined for each image. Otsu's method 

determines an automatic global threshold based on the gray-level histogram [27]. The sensitivity results were 

used to assess the extent to which the estimated fractal dimension changed under alternative preprocessing 

configurations. 

 

2.4 K-NN Classification and Cross-Validation 

The resulting fractal-dimension values were classified using the K-Nearest Neighbor (K-NN) 

algorithm. Because each image was represented by a single fractal-dimension value, the main experiment 

constituted a one-dimensional feature space. Accordingly, the Euclidean distance between a training sample 

𝑥 and a validation sample 𝑦 reduced to the absolute difference between their fractal-dimension values: 

 

𝐷(𝑥, 𝑦)  =  |𝑥 − 𝑦| (8) 

 

where D(x, y) represents the distance between the fractal-dimension value x of a training sample and the 

fractal-dimension value y of a validation sample. Classification followed the standard K-NN procedure [24]. 

For each validation sample, the distance to all training samples was calculated using Equation (8), the 

resulting distances were sorted in ascending order, the 𝐾 nearest training samples were selected as 

neighbors, and the predicted class was determined based on the majority class among the selected 

neighbors. 

Model performance was evaluated using stratified k-fold cross-validation with four-fold-count 

schemes: 3-fold, 5-fold, 7-fold, and 10-fold. Stratified k-fold cross-validation was adopted because it 

maintains approximately equal class proportions across folds and improves the stability of accuracy 

estimates relative to non-stratified sampling, particularly for datasets with a limited number of samples per 

class [30]. The dataset was partitioned into 𝑘 subsets of approximately equal size, D1, D2, … , Dk. In each of 
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the 𝑘iterations, one subset 𝐷𝑖served as the validation set while the remaining 𝑘 − 1 subsets served as the 

training set. This procedure was repeated until every subset had been used as the validation set exactly 

once. 

To prevent data leakage, fractal dimension was extracted independently for each image prior to cross-

validation, since this image level operation like the preceding grayscale conversion, Gaussian filtering, and Otsu 

thresholding used neither class labels nor information derived from other images. Within each fold, the mean 

and standard deviation used for feature normalization were computed exclusively from the training subset and 

then applied to both the training and validation subsets, ensuring that validation data never contributed to the 

estimation of normalization parameters. This procedure reduced the risk of data leakage and provided a 

more appropriate estimate of model performance under the evaluated cross-validation schemes [31]. 

Classification performance was evaluated using four neighborhood sizes, K = 3, 5, 7, and 9, to examine the 

effect of neighborhood size on classification accuracy. 

For the dataset matched baseline, Gray-Level Co-occurrence Matrix (GLCM) texture features were 

extracted from the same 140 preprocessed images after grayscale conversion, without the Otsu and Canny stages 

used for fractal-dimension extraction. The grayscale images were quantized to 32 gray levels. GLCMs were 

computed using distances of 1, 2, and 4 pixels and directions of 0°, 45°, 90°, and 135°, with symmetric matrices. 

Four texture descriptors contrast, correlation, energy, and homogeneity were calculated and averaged across all 

selected distances and directions. These features were classified using the same K-NN values, stratified fold-

count schemes, ten fixed random seeds, and training-fold-only normalization as the fractal-dimension 

experiment. 

 

2.5 Evaluation Metrics and Software 

Classification accuracy was calculated as: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = ∑
𝑇𝑃𝑐

𝑁

𝐶

𝑐=1
× 100% (9) 

 

where 𝑇𝑃𝑐  denotes the number of correctly classified samples belonging to class 𝑐, 𝐶is the number of 

classes, and 𝑁 is the total number of evaluated samples. For multiclass evaluation, precision and recall for 

each species were calculated as: 

Precision =
𝑇𝑃 

𝑇𝑃 +  𝐹𝑃
 (10) 

and 

Recall =
𝑇𝑃 

𝑇𝑃 +  𝐹𝑁
 (11) 

 

The F1-score for each species was calculated using: 

 

F1 = 2
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×  𝑅𝑒𝑐𝑎𝑙𝑙 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑅𝑒𝑐𝑎𝑙𝑙
 (12) 

  

 For statistical comparison among K-NN configurations, paired Wilcoxon signed-rank tests were applied to 

the ten seed-level accuracies of the 10-fold experiments, comparing K = 3 with K = 5, K = 7, and K = 9. Holm 

correction was applied to the three pairwise comparisons, with a significance level of α = 0.05. For the dataset-

matched comparison between fractal dimension and GLCM, paired t-test and Wilcoxon signed-rank test were 

applied to the ten corresponding seed-level accuracies under the same 10-fold, K = 3 setting. Macro-F1 was 

calculated as the arithmetic mean of the F1-scores across the seven species, where 𝐶 = 7 represents the 

number of species: 

Macro − F1 =
1

𝐶
∑ 𝐹1𝑐

𝐶

𝑐=1

 (13) 

  

All computational procedures were implemented using MATLAB R2026a. This study did not involve direct 

handling, capture, or manipulation of live animals. All images were secondary data obtained from a publicly 

accessible citizen-science database. 
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3. RESULT AND ANALYSIS 

3.1 Image Processing 

Image processing was performed using MATLAB to convert the original dorsal carapace photographs into 

edge representations suitable for fractal-dimension analysis. The images were first cropped to retain the carapace 

region, resized to 200 × 100 pixels, converted to grayscale, and smoothed using a Gaussian filter with σ = 2. The 

grayscale images were then segmented using Otsu's thresholding method and processed using Canny edge 

detection to extract the scute boundary patterns used for fractal-dimension calculation. The resulting edge images 

represented the structural boundaries of the carapace patterns. These edge structures were subsequently used 

as input for the box-counting procedure. 

  

Table 2. Example of Image Processing Results for Each Turtle Species 

Turtle Species Original 

Image 

Grayscale 

Image 

Gaussian Filter Binary Image Canny Edge 

Detection 

Result 

Trachemys 

scripta elegans 
     

Manouria emys 

     

Centrochelys 

sulcata 

     
Geochelone 

elegans 
     

Stigmochelys 

pardalis 
     

Testudo 

hermanni 
     

Heosemys 

spinosa 
     

  

 Table 2 shows the results of the image-processing stages applied to representative carapace images from 

the seven turtle species. The preprocessing procedure transformed the original images into binary and edge 

representations, with the final Canny edge images emphasizing the structural boundaries of the carapace patterns 

used for fractal-dimension estimation. 

 

3.2 Box-Counting Fractal Dimension 

Fractal dimension values were calculated for each processed carapace image using the box-counting 

method implemented in MATLAB. Across the entire dataset, the resulting values ranged from 0.9337 to 1.5375, 

indicating variation in the complexity of the extracted carapace patterns among the seven turtle species. The 

distribution of fractal-dimension for the seven species is presented in Figure 3. 

 

 
Figure 3. Distribution of fractal dimension by species 
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 The distribution shows relatively distinct concentrations of fractal-dimension values among several species, 

although some overlap remains. Manouria emys generally occupied the lower fractal-dimension range, whereas 

Stigmochelys pardalis occupied the higher range. Heosemys spinosa showed comparatively greater within-

species variability, as indicated by its relatively large standard deviation and broad range of fractal-dimension 

values. 

Table 3. Fractal Dimension Statistics for Each Turtle Species 

Species n Mean ± SD Minimum Maximum 

Trachemys scripta 

elegans 

20 1.3002 ± 0.0192 1.2736 1.3287 

Manouria emys 20 1.1122 ± 0.0583 0.9337 1.1637 

Centrochelys 

sulcata 

20 1.2317 ± 0.0300 1.1800 1.2729 

Geochelone 

elegans 

20 1.4134 ± 0.0164 1.3801 1.4350 

Stigmochelys 

pardalis 

20 1.4662 ± 0.0280 1.4361 1.5375 

Testudo 

hermanni 

20 1.3522 ± 0.0164 1.3320 1.3787 

Heosemys spinosa 20 1.2734 ± 0.0801 1.0047 1.3305 

 

Among the seven species, Manouria emys exhibited the lowest mean fractal dimension (1.1122 ± 0.0583), 

whereas Stigmochelys pardalis exhibited the highest mean (1.4662 ± 0.0280). Manouria emys also had the lowest 

observed value (0.9337), while Stigmochelys pardalis had the highest observed value (1.5375). In contrast, 

Heosemys spinosa showed the largest standard deviation (0.0801) and the widest fractal-dimension range 

(1.0047–1.3305), indicating greater within-species variability. Its distribution overlapped with several other 

species, particularly Trachemys scripta elegans and Centrochelys sulcata. Such overlap may contribute to 

misclassification when only fractal dimension is used as the input feature. Overall, the results indicate that fractal 

dimension captured differences in the structural complexity of the extracted carapace patterns. However, the 

overlapping ranges also indicate that this single scalar feature did not completely separate all seven species. 

A one-way ANOVA was conducted to further evaluate whether the mean fractal dimension differed among 

the seven turtle species. Because within-species standard deviations varied considerably (e.g., 0.0801 for 

Heosemys spinosa versus 0.0280 for Stigmochelys pardalis), Levene's test was first used to check the 

homogeneity of variance assumption; it indicated significant heterogeneity of variance across species (Brown–

Forsythe W = 3.17, p = 0.0062), so a Welch ANOVA, which does not assume equal variances, was used in place 

of the standard one-way ANOVA. The Welch ANOVA produced a statistically significant result, F(6, 58.18) = 

226.67, p = 1.95 × 10⁻³⁸, confirming that the conclusion of significant differences in mean fractal dimension 

among species is robust to the unequal variance violation. For reference, the standard (equal-variance) one-way 

ANOVA gave a similarly significant but not directly comparable result, F(6, 133) = 157.17, p = 7.45 × 10⁻⁵⁸ (not 

corrected for unequal variances). Together, these results provide statistical support that fractal dimension 

captured systematic differences in carapace pattern complexity across the studied species; given the 

astronomically small p-values from both tests, this difference should be interpreted as strong evidence of unequal 

group means rather than over-interpreted in terms of its exact magnitude. However, the significant overall 

difference does not indicate complete class separation, as overlapping fractal-dimension ranges were still 

observed among several species. 

 

3.3 Sensitivity Analysis 

The sensitivity analysis showed that the extracted fractal dimension was more affected by image resolution 

and Gaussian smoothing than by the tested Canny threshold settings. 

 

Table 4. Relative Changes in Fractal Dimension under Different Preprocessing Parameters 

Species Resize Change Gaussian Change Canny Change 

Trachemys scripta 

elegans 

6.66–7.25% 6.51–8.81% 0.03–0.16% 

Manouria emys 6.18–8.25% 4.60–9.89% 0.01–0.10% 

Centrochelys 

sulcata 

4.79–6.52% 4.82–8.11% 0.10–0.26% 

Geochelone 

elegans 

4.01–5.01% 3.28–3.38% 0.06–0.13% 
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Stigmochelys 

pardalis 

5.91–6.08% 5.14–5.81% 0.19–0.23% 

Testudo hermanni 4.07–5.38% 3.45–4.20% 0.01–0.06% 

Heosemys spinosa 5.15–6.17% 3.69–6.37% 0.02–0.03% 

 

Departing from the reference configuration of 200 × 100 pixels produced relative changes of approximately 

4.01–8.25%, while varying the Gaussian standard deviation from σ = 2 produced changes of approximately 3.28–

9.89%; the tested Canny threshold settings, by contrast, produced substantially smaller changes, generally below 

0.30%. These findings indicate that fractal-dimension estimates depend more strongly on spatial resolution and 

the degree of smoothing applied before edge extraction than on the edge-detection threshold itself. 

 

3.4 K-NN Classification Results 

Classification performance was evaluated using four-fold-count schemes: 3-fold, 5-fold, 7-fold, and 10-fold 

cross-validation, combined with four K values, resulting in 16 experimental combinations. Each combination 

was repeated using 10 random seeds. 

 

Table 5. Repeated Stratified Cross-Validation Accuracy 

Fold Scheme K Accuracy 

 

3 

3 85.14 ± 1.96 

5 84.36 ± 2.42 

7 82.64 ± 2.33 

9 81.71 ± 2.48 

 

5 

3 86.71 ± 0.84 

5 85.21 ± 1.54 

7 83.79 ± 1.39 

9 84.43 ± 1.16 

 

7 

3 86.64 ± 1.47 

5 84.71 ± 1.94 

7 83.29 ± 1.13 

9 84.36 ± 1.19 

 

10 

3 87.14 ± 0.48 

5 85.21 ± 1.35 

7 83.21 ± 0.97 

9 84.79 ± 0.96 

 

To assess whether the observed advantage of K = 3 was statistically meaningful, paired Wilcoxon signed-

rank tests were conducted using the ten seed-level accuracies from the 10-fold experiments. K = 3 significantly 

outperformed K = 5 (mean difference = 1.93 percentage points, Holm-adjusted p = 0.00391), K = 7 (3.93 

percentage points, p = 0.00586), and K = 9 (2.35 percentage points, p = 0.00391). Thus, within the 10-fold 

evaluation, K = 3 showed a statistically significant advantage over the other tested neighborhood sizes after 

correction for multiple comparisons. This supports the designation of 10-fold with K = 3 as the best-performing 

observed configuration, while the conclusion remains specific to the evaluated dataset and experimental settings. 

As shown in Table 5, the highest observed mean accuracy, 87.14% ± 0.48%, was obtained using the 10-

fold scheme with K = 3, which was accordingly designated the best-performing observed configuration. Across 

all fold schemes, K = 3 consistently produced the highest mean accuracy among the tested K values, suggesting 

that with only 20 images per species, larger neighborhoods are more likely to include samples from adjacent 

classes and thereby reduce classification precision. The reported standard deviations in Table 5 were calculated 

across the ten seed-level accuracies for each configuration, providing a measure of variation across repeated 

random-seed evaluations. 

The seed level standard deviation was generally larger for configurations with fewer folds, whereas the 10-

fold, K = 3 configuration showed the smallest standard deviation (0.48%). The variability of cross-validation 

estimates is affected by fold selection and sample size; with a limited dataset, changes in the number of 

observations assigned to each validation subset can alter the influence of individual misclassifications on the 

resulting accuracy estimates [31]. 
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Figure 4. One-Dimensional K-NN Decision Boundaries Based on Fractal Dimension (K=3) 

 

 Figure 4 illustrates the one-dimensional K-NN decision boundaries obtained using fractal dimension as the 

sole input feature (K = 3). The distribution of fractal-dimension values shows that several species occupied 

relatively distinct regions along the fractal-dimension axis, particularly Stigmochelys pardalis, Geochelone 

elegans, and Manouria emys. However, substantial overlap was observed among species with similar fractal-

dimension values, especially Heosemys spinosa, Centrochelys sulcata, and Trachemys scripta elegans. These 

overlapping regions indicate that a single fractal-dimension feature does not completely separate all species and 

are consistent with the misclassification patterns observed in the confusion matrix, particularly the 

misclassification of H. spinosa and T. scripta. 

 

3.5 Class Wise Performance 

 For the best-performing observed configuration, namely 10-fold cross-validation with K = 3, the pooled 

confusion matrix across the 10 random seeds was evaluated using 1,400 validation predictions. 

 

 
Figure 5. Confusion Matrix of the Best-Performing Observed Configuration 

 

The confusion matrix shows a high number of correct predictions for several species, particularly 

Manouria emys, Stigmochelys pardalis, and Testudo hermanni, whereas Heosemys spinosa was more frequently 

confused with Centrochelys sulcata and Trachemys scripta elegans, reflecting overlap within the one-dimensional 

fractal-dimension feature space. 

 

Table 6. Class Wise Performance for the Best-Performing Observed Configuration 

Species Precision Recall F1-Score 

Trachemys scripta 

elegans 

70.95% 85.50% 77.55% 

Manouria emys 95.24% 100.00% 97.56% 

Centrochelys 

sulcata 

85.93% 85.50% 85.71% 

Geochelone 

elegans 

94.50% 94.50% 94.50% 

Stigmochelys 

pardalis 

99.47% 94.50% 96.92% 

Testudo hermanni 95.19% 99.00% 97.06% 

Heosemys spinosa 67.11% 51.00% 57.95% 

Macro Average 86.91% 87.14% 86.75% 
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The class-wise results indicate relatively strong classification performance for Manouria emys, Stigmochelys 

pardalis, Testudo hermanni, and Geochelone elegans. In contrast, Heosemys spinosa showed the lowest recall 

(51.00%) and F1-score (57.95%), while Trachemys scripta elegans showed lower precision (70.95%) than the 

higher-performing species. These results indicate that a single fractal-dimension value can capture broad 

differences in carapace complexity but may be insufficient to distinguish species whose one-dimensional fractal-

dimension distributions overlap. 

The overlap between Heosemys spinosa and Trachemys scripta elegans is plausible on both biological and 

acquisition grounds. Biologically, although H. spinosa is nominally characterized by sharply serrated marginal 

scutes, this serration is most pronounced in juveniles and becomes visually subtler on adult carapaces, which can 

shift its edge-detected boundary complexity closer to the smoother-margined T. scripta elegans; the two species 

also share a broadly similar oval carapace outline, unlike the more visually distinctive star-shaped or heavily 

domed patterns of species such as Geochelone elegans or Stigmochelys pardalis. From an acquisition standpoint, 

citizen-science photographs of both species vary in viewing angle and distance, and because the sensitivity analysis 

(Section 2.3/3.3) shows that the extracted fractal dimension is sensitive to effective image resolution, any 

systematic similarity in how these two species happen to be commonly photographed on iNaturalist (for example, 

similar typical framing) could further narrow their separation in fractal-dimension space beyond what carapace 

pattern alone would produce. Distinguishing these two explanations would require a species-stratified image-

quality audit, which is identified as future work in Section 3.7. 

Compared with previous computational approaches to turtle species identification, which have 

predominantly relied on deep learning, the present study investigated a single numerical feature, box-counting 

fractal dimension, as a descriptor of carapace pattern complexity. Prior work has applied deep learning to turtle 

image classification, including the classification of turtles imported into Korea  [9] and ensemble-based 

classification of turtle species [10]. A multiview ensemble combining YOLOv8 with a convolutional neural 

network has also been used for the automated, fine-grained classification of three closely related turtle species 

within the genus Malayemys [8]. 

In the present study, box-counting fractal dimension combined with K-NN achieved a best-performing 

observed accuracy of 87.14% ± 0.48% using a single numerical feature extracted from carapace patterns, 

indicating that fractal dimension carries information capable of supporting turtle species classification. Because 

the datasets, image conditions, species composition, and experimental protocols differ from those of previous 

deep-learning studies, those results cannot be directly compared with the present result; the comparison should 

instead be interpreted as an evaluation of the classification capability of fractal dimension within the present 

dataset. A controlled dataset matched comparison with GLCM features is therefore presented below. 

 

3.6 Dataset Matched Baseline Comparison 

To provide a controlled baseline comparison, GLCM features consisting of contrast, correlation, energy, 

and homogeneity were extracted from the same 140 images and classified using the same K-NN procedure, fold-

count schemes, K values, and ten fixed random seeds. For reference, when GLCM was allowed to use its own 

best-performing configuration among the same 16-fold/K combinations (7-fold cross-validation with K = 9, 

distinct from fractal dimension's own-best setting of 10-fold, K = 3), it achieved 62.43% ± 2.43% accuracy and 

61.78% macro-F1 essentially unchanged from its matched-setting result below, indicating that GLCM's ceiling 

performance was not substantially higher under its own optimal configuration. All formal statistical comparisons 

reported in this section, however, use the dataset-matched, identical 10-fold, K = 3 setting for both methods, so 

that any performance difference reflects the feature representation rather than a difference in cross-validation 

configuration. Under this matched 10-fold, K = 3 setting, fractal dimension achieved 87.14% ± 0.48% accuracy 

and 86.75% macro-F1, compared with 61.14% ± 1.76% and 60.17% for GLCM, respectively. The mean accuracy 

difference of 26.00 percentage points was statistically significant based on both the paired t-test (t (9) = 43.01, p 

< 0.001) and Wilcoxon signed-rank test (p = 0.001953), with a nominally very large paired effect (Cohen's dz = 

13.60). These paired tests treat the ten random seeds as the unit of replication; because all ten seeds reuse the 

same 140 images and differ only in fold partitioning, they are not fully independent replicates, which inflates the 

apparent statistical power and the resulting effect-size magnitude relative to what would be obtained from ten 

independent samples. The paired tests and the exact Wilcoxon p-value are therefore best interpreted as a 

controlled, dataset-matched comparison confirming a consistent and practically large accuracy gap, rather than 

as an estimate of a generalizable effect size of magnitude 13.60 in the conventional sense. 

It is also worth considering why fractal dimension outperformed the GLCM baseline by as much as 26 

percentage points. One explanation is that fractal dimension is a genuinely more discriminative representation 

of carapace scute-boundary complexity than the selected GLCM descriptors. However, an alternative 

explanation is that the two feature pipelines were not preprocessed symmetrically: fractal dimension was 

computed from a carapace-cropped, Gaussian-smoothed, Otsu-segmented, and Canny-edge-detected image, 

whereas the original GLCM baseline was computed directly from the grayscale image without a comparable 

segmentation stage. To test this directly, an additional GLCM variant was computed using the same Otsu 

thresholding as the fractal-dimension branch, applied as a binary mask to isolate the carapace region while 
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preserving the original grayscale pixel values within that region for GLCM extraction (full Canny edge detection 

was not applied to the GLCM branch, since collapsing the image to a binary edge map would remove the gray-

level variation GLCM requires, making the comparison meaningless rather than fairer). Under the matched 10-

fold, K = 3 setting, this Otsu-masked GLCM variant achieved 55.07% ± 1.76% accuracy and 53.49% macro-F1 

lower than, not higher than, the original unmasked GLCM baseline (61.14% ± 1.76%), and the gap relative to 

fractal dimension widened to 32.07 percentage points (paired t-test, t(9) = 51.31, p = 2.04 × 10⁻¹²; Wilcoxon 

signed-rank, p = 0.001953; Cohen's dz = 16.23). This result indicates that the performance gap is not attributable 

to fractal dimension's additional preprocessing steps; if anything, region-masking degraded GLCM performance, 

plausibly because Otsu mask coverage varied substantially across images (mean 49.0%, SD 12.9%, range 11.3–

97.0%), introducing a source of feature variability unrelated to species identity. 

These findings indicate that the fractal-dimension representation provided greater discriminative 

information than the selected GLCM descriptors for the present dataset and parameter settings. However, the 

relatively small sample size (20 images per species) and reliance on a single fractal-dimension feature may limit 

generalizability and representation of other carapace characteristics. In addition, box-counting estimates can be 

sensitive to boundary complexity and scale range [16]. 

 

Table 7. Comparison of Fractal Dimension and GLCM-Based K-NN on the Same Dataset 

Method or Configuration 

 

Accuracy Macro-F1 Mean Difference 

Fractal dimension + K-NN (10-

fold, K = 3) 

87.14 ± 0.48% 86.75% — 

GLCM + K-NN (10-fold, K = 3) 61.14 ± 1.76% 60.17% 26.00 percentage 

points 

GLCM + K-NN Otsu-masked + 

KNN (10-fold, K = 3) 

55.07 ± 1.76% 53.49% 32.07 percentage 

points 

GLCM + K-NN (best observed: 

7-fold, K = 9) 

62.43 ± 2.43% 61.78% — 

 

3.7 Limitations and Future Work 

The present study has several limitations, and the performance figures reported above should be 

interpreted with these constraints in mind rather than as evidence of broad applicability. First, twenty images per 

species is a small sample for a seven-class problem and is the principal threat to generalizability; all performance 

claims in this study should accordingly be read as observations on this specific dataset rather than as general 

claims about turtle carapace classification. Relatedly, because the best-performing configuration (10-fold, K = 3) 

was selected post hoc from 16-fold/K combinations and then evaluated for statistical significance on the same 

data, the reported accuracy for this configuration is an optimistic, selection-biased estimate rather than an 

unbiased estimate of performance on unseen configurations. Second, the analysis used a single fractal-dimension 

feature, so species with overlapping one-dimensional distributions may remain difficult to distinguish. Third, the 

sensitivity analysis considered image resizing, Gaussian smoothing, and Canny thresholding, but did not 

independently vary crop tightness or Otsu thresholding. Fourth, citizen-science images sourced from iNaturalist 

vary in camera angle, lighting, and camera hardware; because the sensitivity analysis (Section 3.3) showed that 

fractal dimension is sensitive to image resolution and smoothing, uncontrolled heterogeneity in acquisition 

conditions is a genuine potential confound, since any systematic correlation between species and acquisition 

conditions (for example, if one species' observations were disproportionately photographed at closer range or 

under different lighting) could inflate apparent separability beyond what the carapace pattern itself would 

produce. A formal image-quality audit across species was not performed in this study and is recommended for 

future work. Finally, no independent external dataset was used for validation. Future research should evaluate 

larger and more diverse datasets, incorporate complementary shape, texture, or color features, compare a 

broader range of baseline representations, audit image-quality variation across species, and perform independent 

external validation. Because the images were randomly selected from publicly available iNaturalist Research 

Grade observations, repeating the selection process may produce a different image composition even when the 

same inclusion criteria are applied. Therefore, the reported results are reproducible with respect to the 

documented computational protocol rather than as an exact reconstruction of an identical image sample; the 

observation-ID deposit described below (Data and Code Availability) allows the exact sample used here to be 

reconstructed despite this protocol-level reproducibility limitation. 
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4. CONCLUSION 
 This study investigated box-counting fractal dimension as a numerical descriptor of turtle carapace pattern 

complexity and evaluated its use with K-NN classification across seven turtle species. Fractal dimension was 

found to capture meaningful differences in the extracted carapace patterns and to support species classification, 

with 10-fold stratified cross-validation at K = 3 yielding the best-performing observed accuracy of 87.14% ± 0.48% 

and a pooled macro-F1 of 86.75%. The class-wise analysis showed strong performance for several species, 

although substantial overlap remained for Heosemys spinosa and Trachemys scripta elegans, and the sensitivity 

analysis indicated that fractal-dimension values were affected more by image resizing and Gaussian smoothing 

than by the tested Canny threshold settings. On the same dataset and under the same 10-fold, K = 3 evaluation 

setting, the GLCM baseline achieved 61.14% ± 1.76% accuracy, with the paired comparison indicating a 

statistically significant difference between the two representations. Nevertheless, the limited dataset, single-

feature representation, preprocessing dependence, and lack of external validation constrain the generalizability 

of the findings. Future research should therefore investigate larger datasets, complementary or fused image 

features, alternative baseline configurations, and independent validation. In the spirit of open science, the 

MATLAB code (image preprocessing, sensitivity analysis, fractal dimension calculation, GLCM extraction, and 

K-NN classification) and the complete list of 140 iNaturalist observation IDs and URLs used in this study have 

been deposited in a public repository.  

(GitHub, with a permanent archived snapshot via Zenodo: https://github.com/nadyanafis/Turtle-Fractal-

Dimension-KNN) under DOI https://doi.org/10.5281/zenodo.22725148, to directly support both code 

reproducibility and sample level reproducibility of the reported results [32]. 

 

https://github.com/nadyanafis/Turtle-Fractal-Dimension-KNN
https://github.com/nadyanafis/Turtle-Fractal-Dimension-KNN
https://doi.org/10.5281/zenodo.22725148
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