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Abstract


The crown area is a critical metric for evaluating tree growth and supporting various ecological and forestry analyses. This study compares three approaches, i.e., unsupervised clustering, region-based, and deep learning, to estimate the crown area of Pinus eldarica Medw. using UAV-acquired RGB imagery (2 cm ground sampling distance) and high-density point clouds (1.27 points/cm3). The first approach applied unsupervised clustering techniques, such as Mean-shift and K-means, to directly estimate crown areas, bypassing tree top detection. The second employed a region-based approach, using Template Matching and Local Maxima (LM) for tree top identification, followed by Marker-Controlled Watershed (MCW) and Seeded Region Growing for crown delineation. The third approach utilized a Convolutional Neural Network (CNN) that integrated Digital Surface Model layers with the Visible Atmospheric Resistance Index for enhanced segmentation. The results were compared against field measurements and manual digitization. The findings reveal that CNN and MCW with LM were the most effective, particularly for small and large trees, though performance decreased for medium-sized crowns. CNN provided the most accurate results overall, with a relative root mean square error (RRMSE) of 8.85%, a Nash–Sutcliffe Efficiency (NSE) of 0.97, and a bias score (BS) of 1.00. The CNN crown area estimates showed strong correlations (R2 = 0.83, 0.62, and 0.94 for small, medium, and large trees, respectively) with manually digitized references. This study underscores the value of advanced CNN techniques for precise crown area and shape estimation, highlighting the need for future research to refine algorithms for improved handling of crown size variability.
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1. Introduction


Artificial forests, established through national and international management plans, are critical in addressing environmental challenges and enhancing species diversity [1,2]; however, the success of these efforts through afforestation or reforestation depends largely on the careful selection of tree species [3,4]. Choosing the right species is essential for restoring ecological balance, promoting sustainability, and conserving natural old-growth forests. Afforestation, which involves creating new forests in previously treeless areas, can greatly benefit from selecting species suited to local soil and climate conditions [5,6]. This ensures that the newly established forests grow, improve soil quality, combat land degradation, and enhance carbon sequestration, which contributes to climate change mitigation. Proper species selection not only enhances biodiversity but also ensures the development of resilient ecosystems that stabilize soil, reduce erosion, and improve water cycles. Similarly, reforestation, i.e., the replanting of trees in deforested areas, relies on selecting species that can restore the unique characteristics of the original ecosystem. This is essential for recovering lost habitats, enhancing carbon storage, and restoring key ecological functions such as water filtration and nutrient cycling. The use of native or climate-adapted and resistant species increases the likelihood of long-term forest health and productivity while minimizing the risk of introducing invasive species [7,8,9,10]. Both afforestation and reforestation, when guided by thoughtful species selection, can improve air quality, enhance biodiversity, and conserve natural forests. In addition to these ecological benefits, careful species selection contributes to the socio-economic success of artificial forests by improving timber production and creating job opportunities in forestry [11]. Overall, selecting appropriate tree species enhances the resilience of these forests and the communities that depend on them, particularly in the face of climate change impacts.



Pine trees are among the most suitable species for afforestation and reforestation worldwide because of their adaptability to various environmental conditions and their rapid growth rates [12]. With a wide range of species available, such as Eastern white pine [13], Ponderosa pine [14], and Scots pine [15], these trees can establish in diverse climates and soil types, making them appropriate candidates for afforestation and reforestation projects. Pine trees are known for their relatively high resilience to pests and diseases, reducing the need for chemical interventions and promoting sustainable forest management practices. Ecologically, pine forests support a variety of wildlife by providing habitat, food sources, and shelter, thereby enhancing biodiversity. Economically, the fast growth and high timber yield of pine species makes them valuable for sustainable forestry practices, contributing to local economies through the production of timber, paper, and other wood products [16,17,18,19]. Overall, the inclusion of pine trees in artificial forests serves to achieve ecological restoration and promote socio-economic benefits, making them a preferred choice for forestry initiatives worldwide.



Crown size is an important biophysical attribute in assessing the health of pine trees, estimating their biomass, and managing pine-dominated forests effectively [20]. The size and density of a pine’s crown are directly linked to its photosynthetic capacity, growth potential, and overall vitality [21,22,23]. Larger crowns typically indicate healthier pine trees, which can capture more sunlight and carbon dioxide, thereby contributing to greater biomass accumulation. Conversely, smaller or declining crowns can signal stress due to environmental factors, pests, or diseases, which can significantly impact forest health and productivity [24,25]. The accurate estimation and monitoring of crown size in pine trees are therefore essential for forest management practices, as they help in making decisions regarding thinning, pest control, and conservation efforts [26,27]; however, traditional methods for estimating crown area including manual measurements and aerial photography, present significant challenges. Manual measurements can be labor-intensive and time-consuming, particularly in large pine forests, requiring extensive fieldwork that may not be practical for widespread assessments [28,29]. Aerial photography offers a more efficient alternative but often suffers from limitations such as variability in image resolution and difficulties in accurately delineating crown edges in dense canopies. Moreover, both methods are prone to human error, compromising the reliability of collected data [30,31]. Consequently, there is a need for more efficient and precise techniques, such as those utilizing unmanned aerial vehicle (UAV) technology and efficient algorithms, to enhance crown area estimation and support the sustainable management of pine forests.



UAVs equipped with very high-resolution cameras offer a highly efficient means of measuring crown areas in pine forests, enabling detailed and extensive data collection over large areas in a fraction of the time required by traditional methods [32]; however, accurately detecting the edges of tree crowns in these images remains a significant challenge because of various factors, primarily the small pixel size of images [33]. For instance, the mixing of pixels from the crown and shadows can complicate the delineation process, leading to inaccurate measurements [34]. Additionally, the presence of noise in the images can obscure true crown boundaries, while the fine, needle-like structure of pine tree crowns can create difficulties in pixel classification, further complicating segmentation efforts [35,36]. Furthermore, variations in canopy density can lead to inconsistent light distribution, affecting the reflectance properties of the crowns and complicating their detection [37]. The presence of overlapping canopies can also create ambiguity in identifying individual tree crowns, particularly in densely packed forests [38]. These challenges underscore the need for advanced algorithms capable of effectively addressing the complexities of crown detection in UAV imagery, ensuring more accurate estimations of crown areas across diverse forest environments.



To address the challenge of accurately delineating tree crowns in high-resolution UAV imagery, three distinct approaches have emerged in segmentation: unsupervised clustering, region-based, and deep learning [39,40,41]. Each approach offers unique advantages and limitations in crown detection, influencing the effectiveness of various algorithms within these categories [39,40,42]. The three approaches, i.e., unsupervised clustering, region-based, and deep learning, were selected because they are structurally distinct, each representing a fundamental paradigm in segmentation. Clustering approaches, such as K-means and Mean-shift, group pixels based on color or spatial features [43]. These algorithms operate by grouping pixels based on feature similarity in an unsupervised manner without requiring prior knowledge or labeled data. While they are relatively efficient for segmentation, clustering methods often struggle with irregular tree crown shapes and variations in forest density. Mean-shift clusters pixels based on local density, capturing more complex structures, whereas K-means partitions pixels into a predefined number of clusters based on similarity [44]. Region-based approaches, including Marker-Controlled Watershed (MCW) and Seeded Region Growing (SRG), rely heavily on the accuracy of tree top detection to initiate segmentation [45]. SRG uses user-defined or automatically detected tree tops as seeds to grow regions based on pixel similarity, while MCW treats the image as a topographic surface, employing watershed algorithms where tree tops act as markers to control segmentation [46,47]. These region-growing algorithms segment the image by iteratively expanding regions from seed points, making them effective at capturing object boundaries; however, their performance is significantly dependent on accurate tree top detection. Finally, deep learning approaches, such as Convolutional Neural Networks (CNNs), offer a highly automated and accurate method for crown delineation [48]. CNNs consider supervised learning to extract hierarchical features and spatial patterns, enabling them to outperform traditional techniques in complex segmentation tasks. By learning features directly from labeled training data, CNNs can effectively manage the complexity of tree crown structures. While they require substantial data for training, CNNs generally outperform traditional algorithms in both precision and efficiency [49,50]. Deep learning algorithms have shown great promise for tree crown delineation; however, approaches relying solely on RGB inputs often face challenges in extracting meaningful structural and spectral features, particularly in delineating tree crowns with complex shapes and varying canopy densities. RGB data alone may fail to capture critical height variations or the spectral properties of vegetation, leading to reduced segmentation accuracy. To address these limitations, the integration of structural data (e.g., Digital Surface Model, DSM) and efficient spectral data, such as vegetation indices (e.g., Visible Atmospherically Resistant Index, VARI), serves as complementary inputs to the CNN framework. DSM provides essential height information, enabling the detection of crown structures, while VARI enhances vegetation-specific spectral features. This novel multi-input approach considers the unique strengths of both data types, significantly improving the precision of crown delineation in UAV imagery [51,52]. By including these structurally different algorithms, this study provides a comprehensive evaluation of the strengths and limitations of each segmentation paradigm in tree crown delineation. By evaluating these algorithms under uniform conditions, specifically regarding tree species and input data (e.g., pine trees and UAV orthoimages), this study aims to shed light on how the varying approaches influence the efficiency and accuracy of crown delineation in very high-resolution UAV imagery.



Despite the development of various segmentation algorithms, a notable gap exists in understanding how these algorithms perform under similar environmental conditions, particularly for crown area estimation of pine trees using UAV imagery. While techniques such as K-means, Mean-shift, SRG, MCW, and CNNs each offer unique advantages, it remains unclear which algorithm consistently outperforms the others in terms of accuracy and efficiency in crown detection. A systematic assessment and comparison of these algorithms will help researchers identify the most suitable technique for different scenarios, ultimately improving the reliability and effectiveness of crown size and tree biomass estimation; therefore, the primary objective of this study is to evaluate the performance of these segmentation algorithms in estimating crown geometry (i.e., shape and area) on UAV imagery, focusing on accuracy, computational efficiency, and practical applicability. Additionally, this study aims to provide clear recommendations based on the comparative results, assisting forest managers and researchers in selecting the most suitable algorithm for specific forest assessment needs, thereby enhancing the overall management of pine artificial forests.




2. Materials and Methods


2.1. Study Area


North Khorasan Pardisan Park is located on the eighth kilometer of Bojnord road to Mashhad (N, Zone 40 N ″57′28°37–E ″49′25°57), adjacent to Baba Aman Forest Park and at an average height of 1080 m above sea level (Figure 1). This complex is under the management of the General Department of Environmental Protection of North Khorasan province as a two-tier fence and is purely covered with pine species (Pinus eldarica Medw.). The trees in this complex were planted at two points in time in 2004 and 2010 and at a distance of about 3 m from each other. The climate of the region is cold and semi-arid according to Köppen criteria. The topography of the area has a relatively high slope, and its average rainfall and temperature are 260 mm and 15 °C, respectively, based on the statistics of the weather station of Bojnord city airport (the closest station to this study area) in a 10-year period (2011–2021). The main type of soil in this park is silty clay and silty loam. Although the area of the park is about 351 hectares, approximately 21 hectares of it are covered by artificial pine forest (Figure 1). Due to the limitation of presence and flight in the region, an area with an approximate area of 14 hectares was considered, and its digital orthoimage with GSD (ground sampling distance) of 2 cm was prepared by imaging with a UAV. In addition, a digital elevation model (DEM) of the study area with an elevation range of 1036.5 to 1111.9 m was prepared.




2.2. Field Data Collection


Field measurements of all 324 trees within the study area were conducted over five days from 4–9 March 2021. Tree positions were recorded using a Raymand dual-frequency global locator model iRoG3B (Raymand, Tehran, Iran), operating within the Shamim system (an integrated positioning network). The device provided a horizontal accuracy of 0.45 cm and a vertical accuracy of 0.8 cm. To ensure precise measurements within the device’s accuracy limits, we established permissible ranges: horizontal accuracy was maintained at less than 0.5 cm, and vertical accuracy was kept under 1 cm. Additionally, a tilt sensor was activated to ensure the correct positioning of each tree, minimizing any potential human error that might arise from misalignment during data collection. For each tree, two perpendicular crown diameters were measured: the maximum crown diameter, which represents the widest distance across the crown, and the perpendicular crown diameter, measured at a 90° angle to the maximum diameter. These measurements were recorded using a standard metal measuring tape to facilitate the calculation of the crown area. The diameter at breast height (DBH) was measured at 1.30 m using a caliper, and tree height was determined with a Leica TS02 Total Station.




2.3. Image Acquisition


In this study, RGB images were captured using a DJI Phantom 4 Pro UAV (DJI, Shenzhen, China) equipped with a three-axis gimbal to minimize vibrations and ensure a stable camera position during various image capture missions, preventing high tilt in the images. Data collection was conducted at an altitude of 40 m with forward and lateral overlaps of 80% and 40%, respectively. All images were visually inspected to confirm that there was no blurring or light scattering at the edges. Environmental conditions, including calm winds of less than one knot and clear weather, were also taken into account when selecting the flight day. The GSD was set to 2 cm, as previous studies [53,54] have shown that higher GSD in UAV imagery enhances the spatial detail of tree features and structural traits captured in the imagery. This fine spatial resolution is critical for segmentation algorithms to analyze the geometry of tree crowns accurately. Furthermore, Dandois et al. [54] highlighted that higher image GSD significantly improves the quality of point clouds generated through the Structure from Motion (SfM) method. These high-quality point clouds are essential for constructing the Canopy Height Model (CHM), a key input for segmentation algorithms. The camera specifications and the characteristics of the captured digital aerial images are detailed in Table 1.



Imaging was conducted on 4 March 2021, at 14:30 local time (UTC: 11:00 a.m.), resulting in a total of 952 standard and validated images to cover the study area. Fourteen ground control points were established to serve as references for the images and to create the mosaic. When selecting these ground control points, factors such as appropriate spacing, distribution across the study area, durability, and visibility from various capture angles were considered. To minimize errors, including image distortion, a flight speed of approximately 4 m/s was maintained [55].




2.4. Preprocessing and Point Cloud Extraction


After imaging, each image was carefully reviewed and removed from the workflow if it was found to be blurred, tilted beyond acceptable limits, or significantly affected by sunlight. A visual inspection of all images was conducted, and 39 images were subsequently discarded based on predefined quality criteria (blur, distortion, tilting). The remaining images underwent necessary processing using 14 GCPs (error less than 1 cm), and a 3D model was subsequently generated using the SfM method [56] using Pix4Dmapper Pro v4.5.6 (Pix4D SA, Lausanne, Switzerland). Next, point clouds were created in High-Density mode, achieving a density of 1.27 points per square centimeter. To enhance the quality of the dense point cloud, a Median filter was applied to reduce noise [57], thereby minimizing disturbances or errors during further processing.




2.5. Methodology Overview


As shown in Figure 2, this study employs a structured methodology to systematically compare various algorithms for estimating crown areas of pine trees using high-resolution UAV data. The initial phase involves generating an orthoimage from these UAV data (RGB-2CM), which serves as the foundational input. Following this, essential models are constructed, including the CHM, VARI, and DSM. These models provide critical spatial information necessary for effective crown area estimation. A variety of segmentation algorithms are employed, including K-means, Mean-shift, SRG, MCW, and CNNs. Each of these algorithms offers distinct advantages and is evaluated based on their performance with the mentioned inputs. It is important to note that the algorithms were not all applied to the same set of input data because of their inherent requirements and strengths. Specifically, traditional segmentation algorithms such as K-means and Mean-shift were applied to the orthoimage (RGB, with 2 cm resolution), which provides color and intensity values, making it suitable for segmenting tree crowns based on their visual characteristics. In contrast, the MCW and SRG algorithms utilized the Canopy Height Model (CHM, with 2 cm resolution), which better represents height differences in the forest canopy, making it ideal for segmentation methods that rely on structural features of tree crowns. Finally, the CNN model was trained on a combination of VARI and DSM data (with 2 cm resolution), which offer complementary information regarding vegetation indices and surface elevation, respectively. The computational efficiency of the algorithms was evaluated on a laptop with an Intel Core i5 processor (2.40 GHz) (Intel, Santa Clara, CA, USA), 16 GB RAM, and an NVIDIA® RTX 2070 SUPER graphics card (NVIDIA Corporation, Santa Clara, CA, USA) with 8 GB of memory, with each algorithm showing varying training and processing times. To validate the detected crowns, the results are compared with field measurements and manually digitized crowns from the UAV images. The manual digitization serves as a baseline for shape accuracy, while field measurements provide ground-truth data for area accuracy [58,59]. This comparative approach allows for a thorough evaluation of each algorithm’s effectiveness in estimating crown areas, ensuring that the most suitable algorithm is identified for practical applications.




2.6. Canopy Height Model from UAV Point Clouds


The estimation of canopy height from UAV-derived point clouds differs from traditional LiDAR data, which allows for a clear separation of returns (e.g., first and last returns). In this study, we addressed the challenge of distinguishing canopy points by first extracting point clouds using the SfM method. After reducing noise by filtering, we generated a DSM. To isolate ground surface points from canopy points, we applied height thresholds coded in MATLAB. With the filtered points, we constructed a Digital Terrain Model (DTM) using the Inverse Distance Weighting (IDW) method. The CHM was then derived by calculating the difference between the DSM and DTM [60]. The software tools utilized for preparing the DSM, DTM, and CHM included CloudCompare v2.13.2 (Open Source Project), Global Mapper v26.0 (Blue Marble Geographics, Hallowell, ME, USA), and MATLAB R2024b (MathWorks, Natick, MA, USA).




2.7. Crown Top Detection Algorithms


Several crown detection algorithms in high-resolution imagery depend heavily on the accurate identification of tree tops to enhance their efficiency. Among these, MCW and SRG specifically require precise tree top detection to function effectively. Two widely used methods for detecting tree tops are Local Maxima (LM) [61,62] and Template Matching (TM) [63,64,65], which differ in their approaches and efficiency. The performance of MCW and SRG algorithms considered in this study may be affected by the accuracy of tree top detection. To account for this, we tested both tree top detection methods (i.e., LM and TM) on both MCW and SRG to evaluate their impact on crown detection accuracy.



2.7.1. Local Maxima


LM filtering is an effective technique for isolating and characterizing individual trees in high-resolution data (e.g., CHM) by detecting maximum points. This method treats the radiometric characteristics of the tree as a guiding hypothesis, where the peaks represent crown tops and the valleys signify spaces between crowns. Dissimilar to other algorithms, LM filtering identifies and labels voxels along the crown line that exhibit the highest intensity values in the surrounding area. A local maximum point is defined as a coordinate (x,y) where the y-coordinate exceeds all neighboring y-coordinates. To manage the time-consuming calculations, a fixed-size n × n window is used. The accuracy of this approach relies on window size; a larger window may encompass multiple tree tops, while a smaller window is more likely to isolate individual trees. In this study, a 9 × 9 pixel window was selected based on tree spacing, image resolution, and previous research findings [61,62]. The tree tops identified through LM filtering are crucial inputs for both the MCW and SRG algorithms. This comparison allows us to evaluate their efficiency in crown delineation within high-resolution UAV imagery, highlighting how the accuracy of LM filtering can enhance the performance of these segmentation algorithms.




2.7.2. Template Matching


TM is an image-processing technique that identifies phenomena by matching predefined patterns within an image. The primary objective of this method is to locate specific features and assign them numerical values, effectively clarifying these features and creating a model based on the original image. As a high-level machine vision approach, TM searches for regions of an image that correspond to predefined templates, allowing for the detection of specific shapes or patterns. Advanced TM algorithms can identify these patterns regardless of their orientation and local illumination, enhancing the method’s versatility. Its flexibility and relative simplicity make it a widely used technique for object localization. One significant advantage of TM is its effectiveness in detecting tangled tree crowns, which can be challenging with other methods; however, it also has limitations, such as difficulty in identifying large and complex patterns, and it requires substantial time to create a diverse set of templates. Moreover, the method demands considerable processing power for complex calculations. Variability in crown size and shape across different species, along with the angle of solar radiation, can significantly affect its performance [63,64,65]. Notably, the tree tops detected using TM serve as essential inputs for both the MCW and SRG algorithms. This integration enables a direct comparison of the efficiency between the MCW and SRG algorithms using TM in segmenting tree crowns.





2.8. Crown Segmentation Algorithms


Crown segmentation algorithms on very high-resolution aerial imagery are essential for accurate and objective crown delineation and area estimation. Despite the availability of various segmentation algorithms with different approaches, each algorithm offers unique advantages, and the optimal choice depends on factors such as accuracy, computational efficiency, and input data characteristics; therefore, we aim to compare a wide range of algorithms, including unsupervised clustering approaches (e.g., K-means, Mean-shift), region-based algorithms (e.g., SRG, MCW), and deep learning techniques (e.g., CNN), to evaluate their performance in crown segmentation under uniform conditions.



2.8.1. K-Means


K-means, as an unsupervised, iterative algorithm, groups pixels into clusters by minimizing the sum of squared distances between data points and their cluster centroids. The algorithm maximizes intra-cluster similarity and inter-cluster differences, with “K” representing the predefined number of clusters to be formed [66].




2.8.2. Mean-Shift


Mean-shift, as an unsupervised, non-parametric algorithm, does not require a predefined number of clusters. The algorithm iteratively shifts each data point toward the “regional mean,” grouping neighboring pixels with similar spectral characteristics into segments. While it offers flexibility by not requiring a fixed number of categories, it is slower than K-means and provides less control over cluster numbers [67].




2.8.3. Seeded Region Growing (SRG)


SRG is a segmentation algorithm that assumes neighboring pixels in a region have similar intensity values. It starts by selecting seed points and iteratively assigns neighboring pixels with the smallest intensity difference to the growing region. This process continues until all pixels are segmented. The algorithm’s accuracy depends on the selection of seeds, and noise in the image can lead to poor seed placement, resulting in suboptimal segmentation [68].




2.8.4. Marker-Controlled Watershed (MCW)


MCW algorithm treats an image as a topographic surface, with pixel values representing height. The image is inverted, and flooding starts from local minima, with watershed lines acting as barriers to prevent merging. Dissimilar to the standard watershed method, MCW uses control points, such as tree crown tops, to guide segmentation. This reduces errors from noise and over-segmentation by focusing on marked regions [69].




2.8.5. Convolutional Neural Network (CNN)


To segment tree crowns from UAV imagery, we used a CNN, a deep learning architecture well-suited for multi-layer remote sensing images. CNNs are supervised, non-linear algorithms that preserve the matrix structure of input images, allowing them to capture spatial relationships between neighboring pixels effectively. The CNN passes the input data through multiple layers of neurons and kernels, adjusting learnable weights and biases to detect patterns [70]. To enhance the input to the CNN, we combined two data layers: the VARI image and a DSM. VARI (Equation (1)) was specifically chosen because it uses only visible light bands (red, green, and blue) available in our UAV dataset, making it highly effective at highlighting vegetation and distinguishing it from the background.


  V A R I =    ( G r e e n − R e d )   G r e e n + R e d − B l u e     



(1)







VARI is less sensitive to atmospheric conditions, ensuring accurate vegetation detection even in varying weather. With a wider value range than indices such as the Green Leaf Index (GLI) and visible atmospherically resistant indices green (VIgreen) [71,72], VARI offers better differentiation between vegetation and non-vegetation areas, improving tree crown identification. Its robustness in different lighting conditions and accessibility make it a reliable choice, especially in our study, where pine trees are spaced regularly with minimal crown overlap. While VARI is effective for highlighting vegetation, it can misclassify low-lying vegetation, such as shrubs and grasses, as tree crowns because of spectral similarities. To address this challenge, we propose a novel approach by stacking DSM data with VARI and incorporating height information, which significantly enhances crown segmentation accuracy. This integration of structural (from DSM) and spectral (from VARI) data in a two-stage control framework uniquely allows for more precise isolation of tree crowns, effectively excluding non-target vegetation. This method improves on traditional approaches by considering both data types to capture a more comprehensive representation of the tree canopy structure and vegetation, offering superior segmentation results [52,71,72].



To delineate tree crowns using a combination of VARI and DSM, we implemented a CNN (Figure 3). These input data were augmented through rotation and flipping to generate a total of 4000 labeled patches. The CNN architecture consisted of 13 convolutional layers with a kernel size of 3 × 3, followed by 3 fully connected layers. The ReLU activation function was applied throughout the network, while the output layer utilized a softmax activation function to classify pixels into two classes: tree crown and others. The training process was conducted at a learning rate of 0.05, using raw sample information and a maximum of 100 epochs. This CNN architecture, coupled with data augmentation, was optimized to extract spatial and spectral features, enabling accurate tree crown delineation. By combining height information from the DSM with vegetation indices from VARI, the algorithm was able to delineate tree crown areas with high accuracy by considering the complementary information from these inputs.





2.9. Accuracy Assessment


To assess the accuracy of the crown shape reprojection and crown area estimation using different segmentation algorithms, several statistical tests and performance metrics were employed. First, the normality of these data was evaluated using the Shapiro–Wilk test. If these data followed a normal distribution, a paired t-test was conducted to compare the estimated crown areas with actual field measurements. If these data deviated from normality, the non-parametric Wilcoxon signed-rank test was used instead. Additionally, a scatter plot of the estimated vs. actual crown areas was generated for each method, and the correlation coefficient was calculated to assess the strength of the relationship between the two sets of values. To better explore the efficiency of the algorithms across trees of different sizes, the actual crown areas were divided into three classes based on crown size: small (less than 12 m2), medium (12–18 m2), and large (greater than 18 m2). Each class contained approximately 108 tree crowns [47,58]. To further evaluate the performance of the algorithms, three key indicators were used, including Relative Root Mean Square Error (RRMSE) (Equation (2)), Nash–Sutcliffe Efficiency (NSE) (Equation (3)), and Bias Score (BS) (Equation (4)).


  R R M S E ( % ) =       1   n     ∑  i = 1   n            y  ^    i   −   y   i       2          1   n     ∑  i = 1   n      y   i        × 100  



(2)






  N S E = 1 −      ∑  i = 1   n            y  ^    i   −   y   i       2         ∑  i = 1   n          y   i   −   y  ¯      2         



(3)






  B S =      ∑  i = 1   n        y  ^    i         ∑  i = 1   n      y   i         



(4)




where     y   i     represents the actual crown area,       y  ^    i     is the estimated crown area,     y  ¯    is the average of the actual crown areas, and n is the total number of samples. In Equation (2), an RRMSE value close to zero indicates the high accuracy and efficiency of the method [73]. In Equation (3), an NSE value equal to 1 indicates perfect performance, while values below zero suggest poor method effectiveness. In Equation (4), a BS greater than 1 indicates that the estimated crown areas are larger than the actual areas, while a value below 1 suggests an underestimation of the crown area [74]. To compare the crown shapes derived from the segmentation algorithms, we first manually digitized the crowns of all 324 trees using QGIS v.3.32 Lima. The digitization was performed on the UAV orthoimage of the study area, which had a spatial resolution of 2 cm, allowing for precise delineation of crown boundaries. Matching digitized tree crowns with field-obtained tree crowns was straightforward and highly accurate due to several factors: the sample pine trees were planted 3 m apart in a single-story (Section 2.1), the accuracy of tree location registration in the field measurements was also less than 1 cm (Section 2.2), the orthoimage used for manual digitization had very high resolution, and its georeferencing accuracy was less than 1 cm (Section 2.4). This combination of factors ensured a high degree of success in accurately matching digitized tree crowns with field-obtained measurements. While manual digitization inherently relies on operator expertise, its reliability has been validated in previous studies [48,75], making it a robust reference dataset for evaluating the accuracy of segmentation algorithms. This manual digitization served as the reference for evaluating the results of the segmentation algorithms. The digitized crowns were used to create a polygonal layer, which was then compared with the crown shapes extracted by the algorithms. The comparison was performed using a set of evaluation indicators to assess how well the detected crown areas from the algorithms (O) matched the manually digitized reference crowns (R). Specifically, we calculated the over-identification error (OverID) (Equation (5)) and under-identification error (UnderID) (Equation (6)), which quantify how much the segmented crowns exceeded or fell short of the reference crowns, respectively.


  O v e r I D   O   = 1 −    a r e a   O  ⋂  R       a r e a ( O )     



(5)






  U n d e r I D   O   = 1 −    a r e a   O  ⋂  R       a r e a ( R )     



(6)




where O is the area of under-identified crown segments, and R is the reference (actual) crown area. Values close to zero for both indices indicate a high degree of accuracy between the algorithm’s results and the manually digitized crowns. In contrast, values close to one reflect significant discrepancies, indicating that the segmentation algorithm either overestimated or underestimated the crown area significantly. The overall identification error of tree i is calculated through Equation (7).


   Total   Error  (   O   i   ) =     O v e r I D (   O   i     )   2   + U n d e r I D (   O   i     )   2     2      



(7)







An identification error equal to zero indicates a perfect match between the algorithm’s crown delineation and the manually digitized reference [76].





3. Results


In this study, 324 pine trees with varying diameters and heights were directly measured in the field, reflecting differences in their planting years. Table 2 presents a summary of these measurements, including key attributes such as height, DBH, and crown dimensions. These data reveal a wide range of tree sizes and ages, which is critical for accurately assessing the performance of the segmentation algorithms across different conditions. Specifically, the heights of the trees varied from 0.5 to 13.1 m, while the DBH ranged from 10 to 62 cm, indicating substantial diversity in the sampled population. This variability is essential for understanding how well the segmentation algorithms can generalize to trees of different ages and sizes, as these factors directly influence crown area estimation. Additionally, the measurements of crown diameters (both perpendicular) and crown area highlight the structural differences among the trees. The variation in crown diameter, ranging from 1.0 to 7.8 m for crown diameter 1 and from 2.3 to 11.6 m for crown diameter 2, demonstrates the irregular shapes of pine crowns. This irregularity is crucial from a segmentation perspective, as it presents a more realistic challenge for the algorithms being tested.



Table 3 presents the crown areas of pine trees assessed using various segmentation algorithms. This table also evaluates the degree of similarity between the crown shapes derived from field measurements and those obtained through image digitization, using two parameters, OverID and UnderID, along with the total error. The classification was based on the crown size of the measured trees, with approximately 108 trees represented in each category: small, medium, and large.



The manual digitization process allowed for a more accurate representation of the irregular and complex shapes of tree crowns. In contrast, field measurements were taken by considering an oval shape based on perpendicular diameters. This method, while useful for crown area measurements, did not adequately fit the true forms of the tree crowns, resulting in crown shape discrepancies between the two measurement approaches. As shown in Table 3, the areas obtained from manual digitization and field measurements reflect these differences, with manual digitization generally providing values that better correspond to the actual crown shapes.



The results indicate that the CNN and MCW algorithms, specifically using LM, demonstrated the highest similarity and lowest error compared with the reference values in both digitized and field measurement modes. When examining segmentation accuracy across different tree sizes, it was observed that the CNN performed particularly well for medium and large trees, accurately capturing their complex crown shapes and thereby minimizing errors. In contrast, while the segmentation algorithms, including K-means and Mean-shift, struggled more with larger trees, the CNN maintained its reliability, particularly in handling the greater variability in crown structure. For small trees, the segmentation accuracy was generally consistent across the approaches; however, CNN and MCW still outperformed K-means and Mean-shift, confirming their effectiveness in estimating crown areas across all sizes.



Regarding computational efficiency and practical applicability (as presented in the methodology), the runtime of the algorithms was also considered. The time required for each segmentation algorithm to process the images varies significantly. While the K-means algorithm was relatively quick, with a runtime of 24 min, the Mean-shift algorithm, with a much longer runtime of 255 min, is more computationally intensive. More sophisticated algorithms, such as CNN, required significantly more processing time, taking 640 min. This difference in runtime highlights the trade-off between segmentation accuracy and computational cost. The MCW_LM, with a runtime of 70 min, demonstrated a good balance of segmentation performance and efficiency, making it a viable option for scenarios where computational resources and time are limited, such as large-scale forest monitoring applications.



Table 4 illustrates the performance metrics of various segmentation methodologies used to estimate tree crown areas based on two measurement approaches: field measurements and manual digitization. Among the assessed segmentation techniques, the CNN achieved an RRMSE equal to 16.66% for field measurements and an impressive 8.85% for manual digitization. These results suggest that the CNN provides the most accurate estimations of crown areas. In contrast, the K-means exhibited the highest RRMSE at 63.39% for manual digitization, indicating a significant deviation from actual values. The CNN also demonstrated the highest NSE for manual digitization, achieving a value of 0.97, underscoring its efficiency. In comparison, the K-means recorded an NSE of −0.50 in manual digitization, revealing low efficiency. Furthermore, CNN excelled in terms of BS, yielding a value of 1.00 for manual digitization, which reflects a very small systematic error. Conversely, the K-means showed a BS of 1.52 in field measurements, highlighting a greater degree of systematic error. In summary, the results in Table 4 indicate that the CNN, along with other algorithms such as MCW and SRG using LM, holds promise for accurately estimating tree crown areas. In contrast, K-means and Mean-shift, while frequently employed, exhibit higher errors and biases, rendering them less reliable for this specific application.



The Shapiro–Wilk test indicated that these data were not normally distributed (p < 0.05); therefore, the non-parametric Wilcoxon signed-rank test was used for pairwise comparisons. Figure 4 presents the performance of seven segmentation algorithms used to delineate pine tree crowns from UAV imagery, comparing crown area estimates against two references: field measurements (top plot) and manual digitization (bottom plot). The red dashed line represents the mean crown area from each reference, while the p-values above the box plots are from Wilcoxon signed-rank tests, assessing the statistical similarity of each algorithm’s results to the reference. A p-value of 1 indicates no significant difference, suggesting good alignment with the reference, while lower values suggest poor agreement. Most algorithms, including MCW using LM and CNN, show strong agreement with the references (p-values of 1), suggesting consistent and reliable performance. Additionally, it is clear that the MCW using TM demonstrates p-values of 0.331 (top plot, compared with field measurements) and 0.487 (bottom plot, compared with manual digitization). These p-values indicate that MCW using TM is less accurate than MCW using LM, which has a p-value of 1 in both comparisons. While the use of TM and LM does not impact the accuracy of SRG. K-means, however, perform poorly in both comparisons, with a p-value of 0 and higher variability, indicating significant differences from the reference areas. Mean-shift has moderate agreement with p-values of 0.364 and 0.383. Moreover, K-means and Mean-shift display positive skewness, as evidenced by longer upper whiskers and outliers, meaning these algorithms tend to overestimate crown areas in certain cases. In contrast, algorithms such as CNN have more symmetrical distributions, suggesting more balanced and reliable crown area estimates. Overall, most algorithms, except for K-means, provide stable and accurate crown area estimates with good alignment to field and manual references.



Figure 5 compares the performance of the segmentation algorithms used to estimate pine tree crown areas from UAV images against manually digitized crown areas, which serve as the reference. Each scatter plot shows the relationship between the estimated crown area (y-axis) and the digitized crown area (x-axis), with a fitted red line representing the linear regression model and a value indicating the model’s accuracy. The results show that traditional algorithms such as K-means and Mean-shift perform poorly across all size ranges, with low values (e.g., for crowns < 12 m2). In contrast, more advanced algorithms such as CNN and MCW using LM demonstrate much higher accuracies, especially for larger crown sizes (e.g., for crowns > 18 m2). CNN and MCW_LM consistently outperform other algorithms in all size ranges, indicating their robustness and suitability for estimating crown areas across a range of tree sizes. It should be mentioned that the CNN and MCW_LM algorithms demonstrate higher accuracy in delineating the crowns of large and small trees; however, their accuracy significantly decreases when applied to medium-sized trees. Additionally, comparing the impact of TM and LM on the SRG and MCW segmentation algorithms reveals that LM significantly enhances performance. For SRG, the use of LM improves performance from 0.53 to 0.74 for crowns < 12 m2, from 0.40 to 0.51 for crowns between 12–18 m2, and from 0.52 to 0.86 for crowns > 18 m2. Similarly, in MCW, LM boosts the performance from 0.46 to 0.82 for small crowns, from 0.23 to 0.60 for medium crowns, and from 0.77 to 0.94 for large crowns. These findings indicate that LM-based SRG and MCW are more efficient, especially for medium and large crown sizes, making them more reliable than TM-based algorithms in estimating crown areas.



Figure 6 illustrates a visual comparison of different segmentation algorithms for a single pine tree crown. The digitized reference crown area is 24.48 m2 (red), and the CNN comes closest, estimating 23.61 m2. Other algorithms, such as K-means (12.63 m2) and Mean-shift (16.44 m2), deviate more significantly from the reference. This visual interpretation clearly highlights the performance differences, with advanced algorithms such as CNN and MCW using LM providing the most accurate results, with CNN closely matching the manual area (23.61 m2) and MCW_LM slightly underestimating (21.68 m2). MCW_TM (20.05 m2) and SRG_LM (19.82 m2) perform moderately well but underestimate the crown area, missing finer details. In contrast, simpler algorithms such as K-means (12.63 m2) and Mean-shift (16.44 m2) significantly underestimate the area, capturing only the core of the crown and missing outer branches. Overall, CNN and MCW_LM are the most reliable algorithms for accurate tree crown delineation.




4. Discussion


In this study, we assessed a diverse population of 324 pine trees, reflecting significant variability in height, diameter, and crown dimensions, which are influenced by their planting years. The tree detection results will depend on a combination of tree size, tree crown shape at a given place, and scale parameters. The observed variations in crown diameter and shape highlight the irregularity of pine crowns, presenting unique challenges for the algorithms being tested. Such irregularity necessitates that the segmentation algorithms are robust enough to delineate crown boundaries despite this natural variability accurately. Furthermore, the structural differences among the trees underscore the importance of developing algorithms that can generalize effectively to various conditions, ensuring their reliability in real-world applications. Ultimately, these findings emphasize the critical need to account for the inherent variability in tree characteristics when assessing segmentation algorithms, as doing so is vital for enhancing the accuracy of UAV-based crown geometry estimations in the management and conservation of natural and artificial forests.



The results of this study highlight the effectiveness of combining field measurements with UAV-based digitization of tree crowns for assessing segmentation algorithm performance. This aligns with Park et al. [77], who emphasized the importance of accurate crown delineation for individual tree assessment and the need for reliable algorithms for practical forest management applications. The manual digitization process effectively captured the complex and irregular shapes of tree crowns, providing precise crown area estimates. Notably, the use of an oval shape for crown area estimation in this study, as opposed to the more commonly applied circular shape in other studies, proved efficient. The estimated areas using the oval shape did not significantly differ from those obtained through manual digitization, which considered both area and shape. This finding underscores the advantages of employing an oval approximation for field measurements, as it better reflects the true form of tree crowns, particularly for irregular or asymmetrical structures; however, considering an oval shape is beneficial for studies where the crown area is the primary focus, manual digitization remains superior when the crown shape is also important, as it provides a more accurate representation of the tree’s geometry.



When comparing the performance of various segmentation algorithms, CNN, SRG, and MCW (specifically using the LM technique) emerged as the most accurate algorithms, demonstrating the lowest total error and the highest agreement with both digitized and field-derived crown areas. These algorithms were particularly effective in capturing the crown geometry of medium and large trees, minimizing both over-identification and under-identification errors. In contrast, algorithms such as K-means and Mean-shift struggled, especially with large trees, suggesting that these algorithms are less capable of handling the variability and complexity of larger crown shapes; however, segmentation accuracy was relatively consistent across all approaches for large trees, with CNN and MCW still outperforming the others. Despite the weak results of Mean-shift in this study, Hui et al. [67] successfully delineated Douglas fir trees using UAV LiDAR data. The difference in results may be attributable to factors such as distinct characteristics of the datasets and different tree species (pine vs. Douglas fir). Overall, the findings confirm the superiority of CNN and MCW for estimating crown areas across a range of tree sizes, particularly in scenarios involving larger or more irregular tree crowns. This reinforces the importance of using advanced algorithms capable of accurately generalizing to different crown geometries, which is essential for improving the reliability of UAV-based tree monitoring and management applications. As mentioned in Section 2.5, the algorithms were not all applied to the same set of input data because of their inherent requirements and strengths. While the variation in these data inputs prevents a direct, one-to-one comparison of all algorithms, each was evaluated using data best suited to its strengths. We believe this approach still provides a fair evaluation of each algorithm’s performance with respect to crown area estimation, as they were tested under conditions that align with their capabilities and intended use. This methodology allows us to assess algorithm performance based on the types of data they handle most effectively, highlighting their specific strengths and limitations. As noted by Zhao et al. [48], CNN models have predominantly been applied to high-resolution RGB images, which often lack the structural and spectral specificity needed for accurate tree crown delineation. In our study, we addressed this limitation by employing a novel VARI-DSM band combination, considering the complementary strengths of vegetation indices and structural data. This approach not only enhances the accuracy of crown delineation but also represents a significant advancement over traditional CNN applications that rely solely on RGB inputs, as noted by Hao et al. [52]. Dissimilar to widely used deep learning segmentation algorithms, such as U-Net and Mask R-CNN, which predominantly rely on RGB inputs, our approach incorporates additional spectral (VARI) and structural (DSM) data to provide a richer feature set for crown delineation. By integrating DSM and VARI, our approach enhances the ability of CNNs to distinguish tree crowns from shadows, bare soil, and other non-vegetative elements. This advancement significantly improves segmentation accuracy and reliability, addressing critical challenges in tree crown delineation that traditional methods fail to resolve. Future studies could build on this innovation by integrating additional spectral bands, such as hyperspectral or thermal imagery, to further improve the accuracy and generalizability of CNN models for crown delineation. Additionally, future research could investigate workflows incorporating Object-Based Image Analysis (OBIA), where methods such as Multiresolution Segmentation (MRS) are applied to UAV data for initial object segmentation, followed by a comparison of pixel-wise classification approaches such as Support Vector Machines (SVM), Random Forest (RF), XGBoost, and Neural Networks (NNs). This hybrid approach could provide new insights into the performance of classification-driven methods compared with segmentation-focused algorithms, further advancing tree mapping and monitoring applications.



The relatively simple spatial arrangement of trees in this study likely contributed to the high performance of the SRG_LM, MCW_LM, and CNN algorithms, particularly in accurately delineating large crown areas (Figure 4); however, it is important to recognize that challenges associated with crown overlapping, which are common in dense forest environments, were not addressed in this study. The absence of overlapping crowns, with trees planted approximately 3 m apart, and the use of a single tree species (pine) allowed for a more effective evaluation of the strengths and weaknesses of the algorithms; however, to gain a more comprehensive understanding of algorithm performance, future studies should assess these algorithms in more complex environments, such as densely planted or natural forests with crown overlapping and a mixture of species. In this context, a study by Hao et al. [52] demonstrated the effectiveness of the Mask R-CNN model in handling overlapping tree crowns. Their approach, which successfully segmented individual crowns even when they were close together or overlapping, could be adapted to improve crown detection in more challenging forest environments. This highlights the necessity of testing segmentation algorithms under diverse conditions, particularly in environments with significant crown overlap, to understand better the robustness and adaptability of these algorithms for real-world forest management applications. Evaluating algorithms in both controlled environments, where parameters affecting efficiency (such as species mixture and crown overlapping) are well-defined and in more complex, real-world environments, will allow for a more nuanced judgment of their overall efficiency.



The performance evaluation of various segmentation methodologies, as outlined in Table 4, demonstrates that the CNN-based approach significantly outperforms other algorithms in estimating pine tree crown areas. Notably, the CNN achieved the lowest RRMSE value (8.85%) for manual digitization, indicating that it provides the most accurate crown area estimations. This high level of accuracy, especially in the context of manual digitization, underscores the capability of CNN to precisely capture the true shape and size of tree crowns, even with complex or irregular geometries. Furthermore, the highest NSE (0.97) and the BS value of 1.00 for CNN in manual digitization reflect its high efficiency and ability to reduce systematic errors, making it highly reliable for crown area estimation. In contrast, the K-means exhibited the highest RRMSE, especially in field measurements (66.64%), suggesting significant deviations from actual values. Similarly, the K-means’s low NSE and high BS indicate that it struggles with efficiency and introduces greater bias in the estimations. Mean-shift, another commonly used algorithm, also performed relatively poorly compared with CNN, with higher RRMSE and systematic error. Interestingly, other algorithms, such as MCW using LM and SRG, also demonstrated relatively low RRMSE and BS, making them viable alternatives to CNN, albeit with slightly higher error rates. Our results demonstrated that the SRG_LM effectively delineated pine tree crowns, particularly for larger trees. This finding aligns with the successful application of SRG_LM by Ramli and Tahar [68] for mapping oil palm trees using UAV data (GSD = 2.95 cm). Similar to the findings of Yu et al. [78], who compared deep learning algorithms (Mask R-CNN) with classical ones (LM, MCW) for Chinese fir detection on UAV imagery, our study also observed higher performance of deep learning algorithms. This suggests that the relative performance of these algorithms may be applicable to other coniferous tree species and imaging scenarios. These algorithms, particularly MCW_LM, show promise for crown area estimation, but they still fall short of CNN in terms of overall precision and bias reduction. Overall, these results highlight the superiority of CNN, which consistently produced the most accurate and reliable crown area estimates. Algorithms such as K-means and Mean-shift, while commonly used, showed higher levels of error and bias, indicating their limitations in this specific application. While CNNs demonstrate superior performance compared with other algorithms, it is important to acknowledge that, as noted by Yu et al. [78], these deep learning models require substantial training time, significantly impacting their efficiency. Our findings suggest that for pine trees with varying crown sizes, the LM-MCW can be a viable alternative; however, it is worth noting that pre-trained deep learning algorithms, as highlighted by Fromm et al. [79], are generally preferred because of their improved efficiency and performance.



The quality of segmentation significantly impacts crown area estimation, as shown by the lower RRMSE and BS of algorithms such as CNN and MCW_LM, which better capture complex and irregular crown geometries. Misclassifications during segmentation can result in over-estimation or under-estimation of crown areas by including non-vegetation regions (e.g., background soil or shadows) or excluding parts of the crown. CNNs outperform simpler algorithms such as K-means and Mean-shift by learning complex hierarchical features and adapting to varying crown geometries, enabling precise delineation of boundaries. K-means, in contrast, assumes simple geometric shapes, making it less effective for large or irregular crowns where it tends to misclassify background areas or miss parts of the crown. Similarly, Mean-shift’s performance is highly sensitive to bandwidth selection, with smaller bandwidths causing under-segmentation and larger ones leading to over-segmentation, both of which compromise accuracy. MCW and SRG, particularly with LM, effectively consider local features such as edges and textures, making them more reliable for irregular crown shapes compared with simpler algorithms. As shown in Table 3, CNN and MCW_LM were efficient in minimizing OverID and UnderID errors, reflecting their ability to precisely capture tree crown boundaries and reduce discrepancies between estimated and actual crown areas. Accurate boundary detection is essential for area estimation since even small inaccuracies can significantly impact the results. Algorithms such as CNN and MCW_LM, which prioritize boundary precision, yield more reliable crown area estimates. In contrast, simpler algorithms such as K-means and Mean-shift struggle with boundary delineation, often resulting in larger errors (Figure 3 and Figure 4). Importantly, crown area estimation depends not only on total area calculations but also on the accurate representation of crown shape and structure. Advanced segmentation algorithms that focus on both area and shape accuracy ensure higher fidelity in crown geometry estimates, underscoring their critical role in tree crown segmentation.



The lower p-values associated with MCW_TM indicate that using TM in the MCW algorithm results in less precise crown area estimates compared with the LM variant. This is likely due to the limitations of TM in capturing the top of complex crown geometry, which introduces a greater deviation from the reference values. LM, on the other hand, likely performs better because it focuses on identifying prominent local features within the crown, making it more capable of handling the irregular shapes typically seen in pine trees. Our findings align with Park et al. [77], who emphasized the critical role of treetop detection in the efficiency of watershed algorithms. Our study further demonstrates that this influence extends to region-growing algorithms, as the choice of treetop detection method (TM, LM) significantly affects the accuracy and efficiency of both segmentation approaches (SRG, MCW). Huang and Chen [69] successfully detected tree crowns in a plantation by directly applying MCW_LM to UAV imagery (GSD = 2.5 cm). Future studies should investigate the relative efficiency of applying MCW_LM directly to orthoimages versus applying it to CHM data. Such comparisons will help elucidate the advantages and limitations of each approach in various tree species. Although the mean crown areas derived from field measurements and manual digitization are almost identical (Figure 3, 15.86 m2 for field measurements and 15.84 m2 for manual digitization), this study shows that it is not enough to rely solely on comparisons of crown areas when evaluating the accuracy of segmentation algorithms. While several algorithms demonstrated no significant difference in the mean crown area compared with these references, assessing the shapes of the crowns reveals more nuanced differences in algorithm efficiency. This is particularly important because field measurements often assume a circular crown shape based on perpendicular diameters, which oversimplifies the actual irregular structure of pine tree crowns. The comparison of shape accuracy further demonstrates that, despite similar crown area results, field measurements may not adequately reflect the true crown area due to these assumptions. Algorithms such as CNN and MCW_LM are better equipped to capture the true geometry of tree crowns, as evidenced by their lower error values (Table 3). These findings emphasize that crown area estimation methods should not be evaluated based solely on numerical area comparisons; the accuracy of crown shape delineation must also be considered. As highlighted by Ardila et al. [76], precise characterization of tree crown shapes, as demonstrated in this study, is critical for algorithms to generalize well to real-world scenarios where tree crowns deviate from simple geometrical assumptions.



The results of this study reveal that the performance of crown area estimation algorithms varies significantly depending on tree size (small, medium, or large). This underscores the importance of evaluating the efficiency of segmentation algorithms based on crown size categories rather than aggregating all trees together. By analyzing performance across different size ranges, this study provides a clearer picture of how each algorithm handles varying crown complexities, highlighting strengths and weaknesses that would otherwise be obscured in a generalized comparison. Advanced algorithms such as CNN and MCW_LM consistently outperform traditional algorithms such as K-means and Mean-shift across most size ranges; however, even within this superior group, there are key differences in how these algorithms perform depending on the crown size. For instance, CNN was the most effective algorithm overall, but its performance declined when applied to medium-sized trees (12–18 m2). In contrast, CNN performed exceptionally well for both small (<12 m2) and large (>18 m2) tree crowns, achieving higher accuracy compared with the other algorithms in these categories. The varying performance of CNN and MCW_LM across different tree sizes, particularly their lower accuracy for medium-sized trees, can be attributed to several factors. For large trees, these algorithms are likely effective because larger crowns provide more data points, distinct structural features, and clearer boundaries, facilitating accurate delineation of complex geometries. Similarly, small crowns tend to have simpler, more compact structures with less fragmentation, enabling the algorithms to perform well. In contrast, medium-sized crowns pose unique challenges that may impact segmentation accuracy. These crowns often fall in a transitional zone between the simplicity of small crowns and the complexity of large ones. This intermediate size may lack the distinct structural features or data density of large crowns, limiting the algorithms’ ability to consider their strengths. At the same time, medium-sized crowns can exhibit irregular shapes, varying textures, and less well-defined edges, which complicate the segmentation process. These characteristics may increase the likelihood of over-segmentation, where the crown is split into multiple regions, or under-segmentation, where parts of the crown are omitted. Moreover, the spatial distribution and morphology of medium-sized crowns may contribute to these challenges. Their texture patterns, less pronounced compared with large crowns, might further complicate feature extraction, leading to errors in crown delineation. To mitigate these issues, integrating additional data sources, such as high-resolution LiDAR-derived structural metrics or vegetation indices, can provide additional insights to enhance the differentiation of medium-sized crowns. Additionally, applying post-processing techniques, such as shape refinement based on morphological criteria, may help correct over- or under-segmentation errors. Future studies could focus on refining algorithmic approaches to better handle this intermediate crown size, perhaps by incorporating additional contextual or morphological cues specific to medium-sized tree crowns. Our findings on CNN corroborate those of Hao et al. [80], who demonstrated the influence of crown size on the accuracy of crown delineation for Chinese fir using Mask R-CNN with UAV data. Similarly, Yu et al. [78] explained that Mask R-CNN is highly sensitive to variations in the size and shape of individual tree crowns in mangrove forests. Our study further supports this observation, showing that accuracy varied significantly across different crown size classes. This suggests that crown size is a critical factor to consider when developing and evaluating deep learning-based crown delineation methods. In this study, we employed a VARI-DSM band combination for CNN and successfully delineated small (young) pine crowns; however, Hao et al. [52] successfully utilized an NDVI-CHM band combination for Mask R-CNN to delineate young Chinese fir crowns in UAV imagery. This discrepancy highlights that no single algorithm can be universally applied across all crown sizes without accounting for its specific strengths and weaknesses. Future research is needed to explore adaptive algorithms that are capable of accurately delineating crowns in stands where trees vary in size.



While the CNN demonstrated superior accuracy (Figure 4), it is also important to consider the computational efficiency and practical applicability of the algorithms. Although CNNs offer the highest performance in terms of crown geometry estimation, they generally require more computational resources and time due to their complex architecture and the need for training on large datasets. As measured in this study, the CNN required 640 min to process the crown areas, significantly more than other algorithms. This increased computational cost may limit their applicability in real-time or large-scale applications, where efficiency is a critical factor. In contrast, traditional algorithms such as K-means, Mean-shift, and MCW_LM demonstrated much shorter runtime. The K-means algorithm was relatively quick, this is because it is an unsupervised clustering method that assigns each pixel to the nearest cluster based on distance metrics, making it computationally efficient. In contrast, the Mean-shift algorithm is more computationally intensive due to its iterative process of shifting data points toward regions of high density, which requires more complex calculations and often results in slower convergence. The extended runtime of more sophisticated algorithms such as CNN was largely because of the training process, which accounted for more than 85% of the total time, as the model needed to learn from a substantial dataset (Table 3). Although the MCW_LM performance in terms of crown geometry estimation is slightly less accurate than CNN (Figure 3 and Figure 4), the results were very similar, indicating that MCW_LM can deliver reliable segmentation with fewer computational demands (runtime of 70 min). This makes MCW_LM a viable alternative in scenarios where computational resources are limited or where faster results are needed. Furthermore, from a practical perspective, the MCW_LM presents a viable alternative, as discussed by previous studies [78,81]. It is evident that MCW_LM requires less manual intervention and offers more straightforward parameter tuning, making it easier to implement in practical settings. Thus, while CNN remains the most accurate algorithm, MCW_LM may be more suitable for real-world applications where computational efficiency and speed are prioritized. Future studies should explore how the trade-offs between accuracy and computational efficiency can be optimized, balancing the strengths of both algorithms. The application of MCW_LM could be particularly relevant in forest management practices, where computational efficiency and ease of implementation are important considerations while still maintaining high levels of accuracy for crown geometry estimation.




5. Conclusions


This study successfully addressed the primary aim of evaluating algorithms for accurately delineating tree crowns in high-resolution UAV imagery by comparing three distinct segmentation approaches: unsupervised clustering (K-means, Mean-shift), region-based (SRG, MCW), and deep learning (CNN). In conclusion, this study demonstrates the superior performance of the MCW using LM and CNN algorithms for delineating pine tree crowns from UAV high-resolution images, particularly for small and large trees. Both algorithms consistently outperformed traditional algorithms, such as K-means and Mean-shift, in accurately capturing the complex geometries of pine crowns; however, their accuracy declined when applied to medium-sized trees, suggesting that crown size significantly impacts algorithm performance. This highlights the need for segmentation algorithms tailored to handle varying crown complexities. Additionally, this study emphasizes the importance of comparing not just crown areas but also crown shapes when evaluating algorithm efficiency. While the field measurements based on oval shapes provided crown area estimates nearly identical to those obtained through manual digitization, these field methods failed to account for the irregular, often asymmetrical, shapes of actual pine crowns. This makes oval-based field measurements suitable for studies where only crown area is important but less effective when shape accuracy is crucial, as in biodiversity or structural forest assessments. Furthermore, these findings underline the necessity of considering the specific strengths and weaknesses of algorithms in relation to different crown sizes. While CNN and MCW_LM were the most effective overall, their reduced performance with medium-sized crowns shows that no single algorithm can be universally applied across all tree sizes without adjustment. Although the performance of MCW_LM in terms of crown geometry estimation is slightly less accurate than CNN, the results were very similar, indicating that MCW_LM can deliver reliable segmentation with fewer computational demands. This makes MCW_LM a viable alternative in scenarios where computational resources, efficiency, and speed are prioritized, such as in forest management practices or large-scale applications. These findings validate the effectiveness of region-based and deep-learning approaches for delineating tree crowns, thereby directly fulfilling this study’s primary aim. Future studies should focus on developing hybrid approaches or adaptive algorithms that can account for this variability in crown geometry. Additionally, future research should explore more sophisticated shape descriptors and incorporate more diverse tree species to improve the generalization and accuracy of crown delineation algorithms across various forest types and conditions.
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Figure 1. Location and overview of the study area in Pardisan Park (right panel) in North Khorasan County in northeastern Iran (left panels). The right panel is an aerial view of the study area, indicating the location of sampled trees (yellow dots) and plot boundaries (yellow outline), with ground control points (red triangles). 
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Figure 2. Overview of the methodology used in this study. 
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Figure 3. Overview of the convolutional neural network (CNN) architecture used in this study. 
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Figure 4. Boxplots of crown area estimates (m2) from seven segmentation algorithms compared with field measurements (top, red dashed line = 15.86 m2) and manual digitization (bottom, red dashed line = 15.84 m2). P-values from the Wilcoxon signed-rank test indicate the statistical similarity between the algorithm estimates and the references. 
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Figure 5. Comparison of seven different segmentation algorithms (K-means, Mean-shift, Seeded region growing (SRG), Marker-controlled watershed (MCW) using Template matching (TM) and Local maxima (LM), and Convolutional neural networks (CNN)) against manual digitization for estimating 324 pine tree crown areas from UAV images across three crown size ranges less than 12 m2 (first row), 12–18 m2 (second row), and greater than 18 m2 (third row). 
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Figure 6. Comparison of crown shapes for a sample tree in the study area using oval shapes from field measurements and various segmentation algorithms (yellow lines) versus manual digitization on UAV imagery (red lines). 
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Table 1. Specifications of the UAV camera and digital aerial images used in this study (Source: www.dji.com, Accessed: 19 December 2021).
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	Camera Manufacturer
	DJI
	Format
	JPG





	Camera model
	FC6310
	Color composite
	RGB



	Focal length
	24 mm
	Saturation
	Normal



	Dimension
	5472 × 3448 Pixels
	Resolution
	Normal



	Volume
	20 Mpixel
	Contrast
	Normal



	Shutter speed
	1/160 s
	UAV speed
	4 m/s



	Horizontal resolution
	72 dpi
	Tilt sensor
	Active



	Vertical resolution
	72 dpi
	GNSS
	GPS/GLONASS



	Flight height
	40 m
	GSD
	2 cm










 





Table 2. Descriptive statistics of 324 pine tree attributes. DBH refers to diameter at breast height, crown diameters 1 and 2 are perpendicular measurements, SD is standard deviation, and CV represents the coefficient of variation.
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	Tree Attributes
	Minimum
	Maximum
	Mean
	SD
	CV(%)





	Height (m)
	0.5
	13.1
	6.6
	2.6
	38.9



	DBH (cm)
	10
	62
	37
	11.2
	30.3



	Crown diameter 1 (m)
	1.0
	7.8
	4.3
	1.1
	25.4



	Crown diameter 2 (m)
	2.3
	11.6
	5.8
	1.4
	23.4



	Crown area (m2)
	0.8
	49.9
	15.9
	7.9
	49.7










 





Table 3. Crown area measurements of 324 pine trees by segmentation algorithms, showing accuracy metrics (OverID, UnderID, and total error) for small (crown size less than 12 m2), medium (12–18 m2), and large (greater than 18 m2) trees. SRG and MCW refer to seeded region growing and marker-controlled watershed algorithms, respectively; TM and LM are template matching and local maxima, respectively.
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Methodology

	
Small Trees (m2)

	
Medium Trees (m2)

	
Large Trees (m2)

	
Total Area (m2)

	
OverID

	
UnderID

	
Total Error

	
Runtime

(minutes)






	
Manual digitization

	
829.7

	
1612.3

	
2799.0

	
5241.1

	
Reference

	
-




	
Field measurement

	
879.6

	
1547.1

	
2679.1

	
5105.7

	
0.24

	
0.21

	
0.22

	
-




	
K-means

	
213.8

	
964.4

	
6580.8

	
7759.1

	
0.11

	
0.38

	
0.39

	
24




	
Mean-shift

	
620.2

	
1270.1

	
2882.1

	
4772.5

	
0.19

	
0.28

	
0.23

	
255




	
SRG_TM

	
845.0

	
1603.0

	
2690.5

	
5138.5

	
0.18

	
0.23

	
0.21

	
45




	
SRG_LM

	
779.6

	
1655.3

	
2693.2

	
5128.1

	
0.13

	
0.19

	
0.16

	
45




	
MCW_TM

	
991.1

	
1373.9

	
2375.2

	
4770.2

	
0.15

	
0.20

	
0.18

	
70




	
MCW_LM

	
846.3

	
1585.0

	
2708.1

	
5139.3

	
0.11

	
0.17

	
0.14

	
70




	
CNN

	
803.7

	
1610.1

	
2852.7

	
5266.5

	
0.07

	
0.11

	
0.09

	
640











 





Table 4. Evaluation of segmentation approaches for pine tree crown area estimation (324 individuals) using field measurements and manual digitization. RRMSE refers to relative root mean square error, NSE is Nash–Sutcliffe Efficiency, and BS represents the bias score.
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Methodology

	
Field Measurements

	
Manual Digitization




	
RRMSE (%)

	
NSE

	
BS

	
RRMSE (%)

	
NSE

	
BS






	
K-means

	
66.64

	
−0.88

	
1.52

	
63.39

	
−0.50

	
1.51




	
Mean-shift

	
34.03

	
0.51
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