STUDY OF THE POSSIBILITIES OF USING UNMANNED AERIAL VEHICLES AND MACHINE LEARNING TO ASSESS GREEN BIOMASS AND UNDERGROWTH IN THE AREAS OF THE AMANKARAGAY PINE FOREST
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ABSTRACT
The study examined the possibilities of using unmanned aerial vehicles to assess the density of green biomass and undergrowth in areas of the Amankaragay pine forest affected by the catastrophic fires of 2022. Comparative characteristics were obtained for two variants of the Random Forest model on homogeneous and heterogeneous sites. The implementation of the proposed approach made it possible to obtain high-precision distribution maps of birch undergrowth and other vegetation types. The study recommended that, in order to improve the accuracy class of the Modified Mode and Basic Model methods, additional investigation of undergrowth areas in multispectral ranges should be carried out to examine the influence of plant physiological indices. In the analyzed areas, covering approximately 10 hectares, the density of birch undergrowth was determined. The average value was 0.0022 per 1 m². It was noted that, on heterogeneous sites, the error of the Modified Mode model was approximately 85%, while the error of the Basic Model was approximately 95%. The developed technology can substantially increase the speed, detail, and reliability of forest stand assessment without the need for labor-intensive ground surveys. The obtained results are of significant practical importance for forest restoration, monitoring, and forest ecosystem management, demonstrating the potential of modern UAVs and machine learning methods for rapid vegetation assessment at the landscape level.
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1. INTRODUCTION
Over the past two decades, according to Jolly et al. (2015) and van der Werf (2017), the frequency of fire-danger seasons has increased, leading to a significant rise in fires on a global scale. Thus, from 2023 to 2024, approximately 3.9 million km² were burned. As a result of these events, assessment of the state of post-fire ecosystems requires increasing resources, which creates economic costs and demands highly qualified specialists and equipment. The scale of the fires that occurred in Kostanay Region in the first half of September 2022 had no previous precedent of this kind. Abnormally high air temperatures exceeding 36 °C for September, together with the absence of rainfall, created a difficult fire situation in Kostanay Region. The fires damaged 43 thousand hectares of forest lands in Kostanay Region (Akhmet 2022; Bolbot 2022; Dosanova 2022; Makarov 2022; Nasha Gazeta 2022; Official website of the President of the Republic of Kazakhstan 2022; Sputnik 2022). High temperature and reduced humidity are among the key factors in fire formation. The restoration of forests affected by fires is an extremely complex process with a long duration. Successional processes may also be characterized by changes in the original species composition, which is particularly dangerous for relict forests. Discussion of the restoration of forests in Northern Kazakhstan after fires is therefore highly relevant (Dancheva et al. 2015; Kupriyanov et al. 2003; Makhanova et al. 2022). A detailed description of the pine relict forest of Kostanay Region is presented in a number of studies (Gribanov 1960; Pugachev 1994).
During 2024–2025, the authors of the present study have been conducting multifactorial ecological research to assess the restoration of the pine relict forest of Kostanay Region affected by fires. The authors have practical experience in assessing the restoration of forest ecosystems after fires (Kupriyanov et al. 2003), assessing the recovery of vegetation cover on lands affected by technogenic impact (Bugubaeva et al. 2023; Chashkov et al. 2024; Nugmanov et al. 2022), and organizing and conducting assessments of environmental monitoring objects using Earth remote sensing methods, including specialized unmanned systems and satellite remote sensing data (Chashkov et al. 2023; Zarubin et al. 2025a, b).
At present, the development and implementation of methods for assessing and inventorying the condition of forest systems is a regulatory requirement and is extremely relevant (Parliament of the Republic of Kazakhstan 2003; Wikipedia, the free encyclopedia n.d.; [22]). Modern assessment methods mostly include ground-based monitoring of undergrowth recovery, which is difficult to perform over large areas. Against the background of fires, there is a growing need for methods that allow rapid and accurate assessment of forest ecosystem conditions using remote sensing methods and tools.
UAV-based imagery represents a set of methods for reconstructing plant species conditions using remote sensing techniques. Obtaining a primary RGB assessment, that is, image assessment based on three color channels, makes it possible to determine the number and density of undergrowth and its morphological characteristics. This is a relevant problem due to the increasing trend in the occurrence of large fires (Banskota et al. 2014; Bousquet et al. 2022; van der Werf et al. 2017). In addition, it should be noted that machine learning methods have previously demonstrated their effectiveness in the analysis of orthophotoplans, significantly accelerating data analysis and reducing human error.
Global trends increasingly involve the use of remote sensing methods for the assessment and monitoring of forest ecosystems. Traditional approaches are limited by the time required for manual assessment. Satellite-based approaches are limited by maximum resolution, where a single pixel may represent several trees, which affects the quality of forest system assessment. Kleinsmann et al. (2023) actively discussed the problem of satellite image quality and the possibilities of using drone technology. New possibilities for monitoring forest systems were considered. The study demonstrated high accuracy in tree segmentation using multispectral images, with an F-score of 0.92 for deciduous trees, 1.0 for coniferous trees, and an overall mean F-score of 0.79; however, limitations were identified for heterogeneous areas. In addition to the work of Kleinsmann et al. (2023), the present study focuses on assessing and inventorying undergrowth density under conditions of post-fire ecosystem recovery, where assessment may be complicated by partial overlap, small crowns, and a large amount of noise in the form of understory vegetation.
The use of UAVs brings researchers closer to the possibility of analyzing each tree individually, although such methods are limited by computational resources, imaging seasons, degree of detail, and site homogeneity. UAV use is an effective monitoring method, especially when combined with machine learning technologies, including both basic algorithms and deep learning algorithms, as well as convolutional neural networks. In the works of Gan et al. (2023) and Xi et al. (2024), various methods and model architectures were actively compared for heterogeneous forest assessment, and it was noted that accuracy varied between tree species. In the present article, the models have the following characteristics: DeepForest — F-score = 0.52, Detectree2 — F-score = 0.57, Random Forest — F-score = 0.71, ResNet — F-score = 0.84, and SegFormer — F-score = 0.89. These results reflect the advantage of using deep learning for in-depth assessment and may be used for assessing strictly protected tree species.
One of the most significant studies for the present research is the work of Feduck (2018), which examines in detail the use of UAVs for detecting coniferous undergrowth on an orthophotoplan, or orthophotomosaic. This work also became one of the important reference points in selecting the methodology and approaches to data assessment and analysis. In the study by Feduck et al. (2018), high-quality RGB images and red-edge imagery, an additional image channel in the operating range of 680–730 nm, were used. The authors note that automation reduces labor costs in assessment compared with traditional ground-based methods and achieved an efficiency of 75.8% using the CART algorithm (Feduck et al. 2018).
In the context of the present study, a direct comparison of the automated method with manual validation was performed for rapid field inventory tasks. This required a method suitable for applied tasks of mass monitoring of undergrowth over large areas, providing fast and accessible solutions. The Random Forest algorithm demonstrated its effectiveness in the works of Feduck et al. (2018) and Gan et al. (2023). The Random Forest algorithm appears to be the most justified for use in processing two-dimensional images without the use of point clouds or LiDAR. This approach has also proven to be more resistant to overfitting and requires a limited amount of labeled data for its operation. The algorithm shows a smaller decline in model quality when working with similar data compared with neural networks.
The aim of the present work is to test and evaluate a methodology for monitoring individual undergrowth plants in the post-fire forest area of the Amankaragay pine forest using UAV-based RGB channels as a more accessible alternative compared with multispectral image channels. For more effective inventorying and monitoring of undergrowth recovery, the quality of manual validation was compared with automated validation in this study. This quality assessment made it possible to metrically evaluate the effectiveness of each method.
This method is potentially limited in specific tasks compared with more complex architectures such as ResNet or SegFormer (Feduck et al. 2018). It should be noted that interseasonal validation and testing of this model were not carried out within the framework of this study. The results obtained using the developed and examined model and its variations in other seasons of the year may be distorted and require additional work for clarification and validation.
Model classification is available only by morphological characteristics, without physiological indices. Based on the results of the conducted studies, in order to improve the model, it is recommended to investigate an algorithm for secondary data validation based on multispectral images, which would make it possible to describe the physiological state of the undergrowth.
The following tasks were set in the course of the study:
1. Development and testing of an automated method for assessing forest cover recovery, in particular birch undergrowth, using the Amankaragay pine forest as an example, based on a UAV-mounted hybrid multispectral camera with RGB/G/R/RE/NIR channels and machine learning algorithms.
2. Obtaining data on undergrowth density in selected areas using the developed method.
3. Validation of manual and automated assessment.
4. Determination of the limitations and advantages of using this method, and development of recommendations for improving the accuracy class of the method for assessing undergrowth and vegetation mass objects.

2. MATERIALS AND METHODS
2.1. Study Subjects
The subject of the present study is the Amankaragay pine forest, the largest isolated forest massif in the territory of the North Kazakhstan Region of the Republic of Kazakhstan (Wikipedia, the free encyclopedia 2025). The forest is located within the southern part of the Kostanay, or North Turgay, Plain and occupies a considerable area on the border of the steppe zone. The coordinates of the central part of the study area are 52°25′14.70″ N, 64°10′11.59″ E (Fig. 1).
The formation of the landscape in this territory is determined by the alternation of alluvial and aeolian processes, resulting in the predominance of sandy ridges, sandy loams, and loams. The dominant soil-forming materials are white sands, sod-pine soils, and brown forest soils. The relief is characterized by gentle hills and shallow depressions that are temporarily moistened during the spring period (Baysholanov 2017).
The main forest-forming species is Scots pine (Pinus sylvestris); however, after the fires of 2022, silver birch (Betula pendula) undergrowth, characterized by rapid vegetation growth during the first years of recovery, has been actively developing on burned areas. Aspen, shrubs, and mosaic patches of herbaceous vegetation are also present.
The climate of the area is sharply continental, with hot dry summers and long cold winters. The average annual precipitation is approximately 300–350 mm, which determines the high fire hazard of forest lands, especially under drought conditions. From 2001 to 2019, 88 forest fires were recorded in the Amankaragay pine forest, covering more than 5,000 ha. The last major fire, which occurred in September 2022, became the largest in the region over the past 30 years (Parliament of the Republic of Kazakhstan 2003; Wikipedia, the free encyclopedia n.d).
The ecological conditions after fire impact are characterized by severe degradation of the ground cover, loss of the humus layer, reduced water-retention capacity of soils, and accumulation of heavy metals in surface horizons. This creates prerequisites for changes in successional processes and transformation of phytocenoses. In this regard, the study area represents a suitable example of forest territories exposed to acute technogenic and natural pressures and serves as an appropriate model site for testing methods for monitoring undergrowth recovery using UAVs and machine learning algorithms.
Within the framework of this study, tasks were set to survey seven forested and cleared sites, for each of which high-resolution orthophotomosaics were to be constructed. The geographical location, spatial resolution, area, and coverage coordinates of each site are presented in the table below (Ozgeldinova et al. 2025).

2.2. DJI Mavic 3 Multispectral Unmanned Aerial Vehicle 
The DJI Mavic 3 Multispectral unmanned aerial vehicle (Fig. 2), equipped with a hybrid multispectral camera and multispectral sensors (RGB/G/R/RE/NIR), was used as the main aerial survey tool for obtaining primary spatial data.
Mission setup and launch were carried out through the standard control interface, taking into account the parameters of the site and the expected density of objects on the ground. The flight parameters were set as follows:
1. Flight altitude — 31 m, which provided a safe clearance above tree crowns and the required coverage area. 
2. Spatial resolution, or ground sampling distance (GSD), — 1.45 cm/pixel, allowing individual trees and other vegetation objects to be detected and distinguished. 
Image overlap: in areas with sparse vegetation, including cleared forest sites, standard settings were used: 80% frontal overlap and 70% side overlap. Under conditions of high density of woody debris and pronounced vertical structure, namely sites affected by fire, increased overlap values of 90% in both directions were applied. This made it possible to ensure reliable image stitching during the construction of orthophotoplans and to minimize potential data loss due to insufficient coverage of the survey area. After completion of the fieldwork, all collected aerial photographic material was subjected to post-processing and structuring for subsequent analysis.

2.3. Processing of Orthophotoplan Images (Orthophotomosaics)
Image processing was carried out using the specialized DJI Terra software (DJI n.d.), designed for generating high-quality orthophotoplans, or orthophotomosaics, and reconstructing digital terrain models. For each individual test site, a separate project was created in the software, with the reconstruction mode set to “Visible Light.” This mode makes it possible to reproduce the visual characteristics of vegetation objects as accurately as possible, which is critically important when working with mosaics of forest structures and recognizing woody forms.
The projects were processed using standard reconstruction settings, including automatic exposure correction and overlap optimization. All images within one test site were automatically aligned and stitched into a single orthophotomosaic georeferenced to the WGS 84 coordinate system (EPSG.io n.d.). The resulting orthophotoplans can be exported in GeoTIFF format while preserving high spatial resolution and ensuring a high level of unreferenced orthophotomosaic indicators. This makes it possible to minimize spatial distortions at all subsequent stages.
Fig. 3 shows an orthophotoplan of a burned forest area of the Amankaragay pine forest with an area of 2.1 hectares, created using DJI Terra software.
To form the training sample in the present study, manual polygonal annotation of orthophotos was performed in the QGIS environment, version 3.40.4. This approach made it possible to ensure high-quality delineation of objects of interest, including seedlings, undergrowth, and other categories. Despite the advantage of this method compared with traditional image division into regular patches, several studies note the possibility of incomplete accounting of the full crown area due to the morphological characteristics of the objects (Buades et al. 2005).
The term “patch” is widely used in machine learning to refer to local fragments of an image. Such fragments are used in local classification and segmentation, or in the formation of the feature space (Buades et al. 2005).
To improve the generalization ability of the model and increase the size of the training sample, a data augmentation procedure was implemented. Data augmentation includes the application of geometric and photometric transformations to the original images. These include mirror reflections, rotations by fixed angles of 90°, 180°, and 270°, brightness and contrast adjustment, and the addition of noise, specifically Gaussian noise (Krizhevsky et al. 2012; Shorten and Khoshgoftaar 2019).
In this study, the augmentation procedure was implemented using the Rasterio library. Rasterio provides tools for working with georeferenced raster images. It enables reading, writing, spatial transformation, and metadata handling (Gillies 2013).
This approach increases the diversity and robustness of the training sample. In addition, it accelerates data preparation for automated analysis of orthophotos. Before augmentation, all images were manually categorized by class. This made it possible to create relevant synthetic examples for each category of objects. Thus, augmentation became an effective tool for improving the quality of model training and validation, especially under conditions of a limited amount of initial data.

3. COURSE OF THE STUDY. DATA PROCESSING
3.1. Fieldwork with the Study Objects
For model training and independent validation, three study sites were selected: two homogeneous sites and one heterogeneous site. This approach ensures the statistical independence of the test data and makes it possible to assess the transferability of the models to sites with different vegetation structures. 

3.2. Machine Learning of the Random Forest Model for Creating Tree-Based Decisions
The Random Forest algorithm, which belongs to ensemble machine learning methods, was used to train the classification models. Ensemble methods involve the simultaneous construction and combination of several base models, for example decision trees, in order to improve the accuracy, stability, and generalization ability of the final solution compared with a single model (Dietterich 2000; Opitz and Maclin 1999). In the case of Random Forest, multiple decision trees are trained independently on different random subsamples of data and features, while the final class is determined by majority voting across all trees. This approach reduces the risk of overfitting and is particularly effective when working with high-dimensional and complex data. The Random Forest algorithm was first proposed by Breiman (2001) and is widely used in spatial data analysis, ecology, and remote sensing.
In addition, the key hyperparameters of the Random Forest ensemble were tuned during the study, in particular the number of trees in the composition. The optimal value of this parameter was selected based on the minimum error on the validation sample, which ensures a balance between model stability and computational efficiency.
To realize the advantages of this algorithm, the quality of the initial training sample is of key importance. In this study, a vector mask was manually annotated for each seedling or undergrowth plant, covering only the inner and most clearly visible part of the crown, without including background and shadow pixels (Fig. 4). This approach ensures high purity of the training sample, although it may lead to slight underestimation of the full crown area (Gan et al. 2023; Xi et al. 2024). It provides higher object-delineation accuracy compared with dividing images into regular patches (see Section 2.3 of this publication).
To train the model, manual polygonal annotation of the orthophotoplan was carried out in QGIS version 3.40.4. Six object classes were identified within the study area of 2.5 hectares. Various objects were annotated polygonally:
1. 200 tree units based on the inner crown, excluding soil; 
2. 200 polygons of green grass of different areas, each not exceeding 1 m²; 
3. 200 polygons of yellow grass of different areas, each not exceeding 1 m²; 
4. 200 polygons of moss of different areas, each not exceeding 0.5 m²; 
5. 200 polygons of tree stumps; 
6. 200 land plots of different areas, each not exceeding 1 m². 
Tree annotation was carried out along the inner crown, while soil was excluded to minimize the influence of background and shadow pixels. For other classes, polygons with areas close to the typical size of the corresponding vegetation type or element were used. The number 200 was selected as the maximum possible number for homogeneous and clearly distinguishable objects on this orthophotoplan, or orthophotomosaic, which ensures the statistical representativeness of the sample under spatial and morphological constraints. This uniform approach minimizes the initial class imbalance. Imbalance occurs when certain categories are represented by a substantially larger number of examples, which may reduce the identification accuracy of less represented classes (Buda et al. 2018).
The patch size corresponded to the morphological characteristics of the selected objects and the spatial resolution of the images. This made it possible to fully cover the target object and avoid the inclusion of irrelevant background (Buades et al. 2005). In this study, a patch is understood as a local image fragment corresponding to the annotated object or its immediate surroundings.
To improve recognition accuracy for the priority class, namely birch undergrowth, targeted data augmentation was applied. The number of patches for this class was increased using photometric transformations, including random brightness changes in the range from 0.8 to 1.2 and variation in the intensity of the green channel from 0.9 to 1.1. In addition, random noise, specifically Gaussian noise of 0.005–0.01, was added (Section 4 of this publication), which simulated the diversity of imaging conditions. This strategy is aimed at increasing recall and the robustness of recognition for complex classes and corresponds to the principles of cost-sensitive learning (He and Garcia 2009). Despite the emergence of artificial imbalance in favor of the key class, this approach contributes to improving the overall efficiency and transferability of the models (Shorten and Khoshgoftaar 2019).
Before augmentation, the original annotation and all patch variants were distributed in advance into training, validation, and test samples. Each patch and its modified versions were included in only one of these samples, which prevents data leakage between the training and evaluation stages (Kaufman et al. 2012). This control makes it possible to objectively assess the generalization ability of the models.
Moving on to the analysis of texture features, the following should be noted. All models were trained on a single image database, taking into account the above-described augmentation procedures. In particular, the same photometric transformations, including noise transformations, were applied to birch undergrowth, despite the potential reduction in the discriminative ability of texture features.
In this study, Haralick features were calculated based on the gray-level co-occurrence matrix (GLCM). Two key indicators were used: contrast and correlation (Haralick et al. 1973). These features reflect the spatial heterogeneity of the image and statistical relationships between pixels. Haralick features are widely used in texture analysis in computer vision and remote sensing tasks (Clausi and Jernigan 2000).
For model training, validation, and testing, the augmented patches were divided in a ratio of 0.7/0.15/0.15. This distribution is widely used in machine learning tasks, as it provides a sufficient number of examples for training and allows model performance to be objectively assessed on independent samples (Kuhn and Johnson 2013). It is especially important to maintain a fixed split before the augmentation stage in order to prevent identical patches from overlapping between the training and test samples and thereby avoid data leakage.

3.3. Selection of Model Hyperconfiguration
3.3.1. Base Model
The Random Forest algorithm, described in Section 3.2 of this publication and first proposed by L. Breiman (2001), was used to construct the base model. To ensure the reproducibility of the experiments, the random seed parameter was fixed at 42, which corresponds to accepted practice in machine learning and is recommended for correct model evaluation and comparison (Bouthillier et al. 2021; Pedregosa et al. 2011).
In the present study, the term “Base Model” refers to the standard implementation of Random Forest, in which only two hyperparameters were varied: the target class weight and the number of decision trees, or n_estimators. All other parameters remained at their default values. To construct the feature space in the Base Model, averaged values of the red, green, and blue channels (RGB) were extracted from each image, together with simple spectral indices traditionally used for vegetation analysis in digital images.
Excess Green (ExG) was calculated using the following formula: 
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 where R, G, and B are the values of the red, green, and blue channels, respectively.
This index emphasizes the intensity of green tones, which is especially characteristic of vegetation (Pedregosa et al. 2011).
Excess Red (ExR) is defined by Formula (2) and allows areas with a predominance of red color to be identified (Woebbecke et al. 1995).
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 – is the difference between ExG and ExR, allowing a clearer separation of areas with different predominance of green or red tones, which is important for identifying different types of vegetation cover. This set of features was selected due to its high informativeness in the classification of vegetation and background objects under RGB orthophotography conditions, as confirmed by its wide application in monitoring and remote sensing tasks (Meyer and Neto 2008).
The optimal number of decision trees (n_estimators) was selected empirically. For each value of this parameter, the model was retrained, and its quality was evaluated on the validation sample using precision, recall, and F1-score metrics (see Section 5) (Sokolova and Lapalme 2009).
Out-of-bag error (OOB error) is a method for internally estimating the error of a Random Forest model without using a separate validation sample. It shows how well the model generalizes to data that were not used to build individual trees. Each tree is trained on its own subsample, and for some objects, referred to as “out-of-bag” objects, the tree does not see them during training. Fig. 6 shows that the out-of-bag error rapidly decreases as the number of trees increases to 50–100, after which it reaches a plateau. Reaching the OOB plateau means that the model, or its variation, has reached the minimum possible error.
For the model variation with a target class weight of 5, the minimum error was achieved with a smaller number of trees than for the model variation with a target class weight of 3. This confirms the stability of ensemble methods when a sufficient number of base models is used (Dietterich 2000; Sokolova and Lapalme 2009). In the experiment, particular attention was paid to class balance: an increased weight was assigned to the priority class, “birch,” in order to increase sensitivity to the target class under conditions of imbalance. This approach is widely used when working with imbalanced data (He and Garcia 2009). It was found that, for the model variation with a target class weight of 5, increasing the number of trees above 50 had almost no effect on the quality metrics, as shown in Fig. 6. 
For the model variation with a target class weight of 3, a similar quality “ceiling” was achieved at 100 trees. For the model variation with a target class weight of 0.85, a similar quality “ceiling” was also achieved at 100 trees. This is consistent with the known effects of ensemble methods: increasing the number of base models after a certain threshold does not provide a substantial increase in accuracy, while excessive complication only increases computational costs without a noticeable improvement in results (Dietterich 2000; Opitz and Maclin 1999).
For the independent quality assessment of the base Random Forest model, or “Base Model,” an orthophotomosaic of the homogeneous Kalininskaya 2 site, shown in Fig. 7, was used. This site was not included in the training or validation samples. A manual count of the number of seedlings had been carried out in advance for this site, which made it possible to objectively compare the results of automatic and manual assessment. 
The graph in Fig. 8 presents the results of the Base Model at different values of the target class weight (“Weight”): the “Model Detection” columns show the number of seedlings identified by the model, while “Real Detection” shows the results of manual validation. These metrics were calculated using the heat map described in Section 3.4 of this publication.
A comparative analysis of different model variants showed that the model variation with a target class weight of 0.85 was optimal. In this case, the deviation from the results of the manual assessment in absolute terms amounted to twelve objects, four of which were false positives (FP). A false positive is defined as a case in which the model incorrectly assigns an object to the target class. The model variation with a weight of 3 demonstrated a similar FP level; however, the best correspondence with the reference results was observed specifically for the model variation with a weight of 0.85. When the weight was increased to 5, an increase in FP was recorded, up to 5 for weight 5, together with greater discrepancies from the real data, indicating the onset of overfitting and a decrease in generalization ability.
To convert probabilistic predictions into binary labels, the optimal probability threshold BEST_THRESH = 0.563 was used, the same for all Base Model variations. This threshold was determined automatically on the validation sample to maximize the F1-score, which improves the balance between sensitivity, or recall, and specificity, or precision, under conditions of class imbalance. The use of an optimal threshold is more justified than the standard value of 0.5, especially for imbalanced data, as it provides a more objective assessment of classification effectiveness.
It should be noted that the obtained conclusions apply to the homogeneous site and the considered model configuration. The assessment of generalization and transferability of the results to heterogeneous sites is presented further in Section 3.3.2 of this publication.

3.3.2. Modified Model
As an alternative model variation, a “Modified Model” based on the Random Forest algorithm was implemented. Unlike the Base Model, which used standard spectral and morphological features as well as spectral indices, the Modified Model used two approaches to describe texture in images.
The first approach involves calculating statistical features from the gray-level co-occurrence matrix (GLCM), which estimates how often pairs of pixels with certain intensity values occur at a fixed distance and in a specified direction. Based on this matrix, texture characteristics such as contrast, energy, entropy, and homogeneity are extracted, making it possible to quantitatively describe spatial patterns of brightness distribution characteristic, for example, of different vegetation types, tree bark, or soil.
The second approach involves the recognition of local binary patterns (LBP), which transform the texture around each pixel into simple numerical codes reflecting sharp transitions between light and dark areas. This method effectively highlights details such as leaf edges or soil roughness. The combined use of these features allows object and structure types in orthophotos to be distinguished more accurately, provided that their appearance is complex and variable (Haralick et al. 1973; Ojala et al. 2002).
As in the Base Model, the random seed parameter was fixed at 42 to ensure the reproducibility of the experiments. The target class weight was set at 0.85, which had previously been identified as the optimal value. The optimal number of decision trees (n_estimators) was selected empirically, with a stepwise assessment of out-of-bag error (OOB error) on the validation sample.
Analysis of the results (Fig. 9) showed that, for the Modified Model, increasing the number of trees to 300 provides a substantial reduction in OOB error and stabilization of model quality. This distinguishes it from the base configuration, where the error plateau was reached with a smaller number of trees.
The increased complexity of the feature space associated with the expanded set of texture features requires a larger number of base models to achieve stable and accurate classification. This is consistent with conclusions on ensemble methods reported in the literature (Dietterich 2000; Opitz and Maclin 1999).
Fig. 10 shows a comparison of the results of automatic and manual seedling detection at different quantization levels of RGB patches. The light-blue columns represent the number of objects identified by the Random Forest model. The dark-blue columns show the actual number of seedlings according to manual validation, namely 167 objects in all variants.
The same classification probability threshold, BEST_THRESH = 0.537, and target class weight of 0.85 were used in all experiments. Five quantization levels were analyzed: 8, 16, 32, 64, and 256.
At 8 and 16 quantization levels, the model identified 150 seedlings, which is 17 fewer than the reference value. This indicates a loss of important information under strong compression of color data.
At 32 and 64 levels, the number of detections increased to 158, which is 9 fewer than the reference value. This result demonstrates an optimal balance between detail and robustness to noise. At the maximum level of 256, the model again identified only 150 objects, which may indicate the influence of excessive detail on classification stability.
Thus, moderate quantization, at 32–64 levels, produced the smallest discrepancy with manual validation in the present study. This confirms that tuning the quantization parameter is critically important for reliable model performance under conditions of imbalanced classes. It also indicates low noise levels, which did not have a real effect on the training sample.

3.4. Binary Heat Map and Density Determination
In this study, a four-neighborhood connected-component clustering algorithm, or 4-neighborhood connectivity, was used to merge adjacent patches. This method combines neighboring patches that touch horizontally or vertically into one connected component, which is then interpreted as a separate object, in this case as one birch undergrowth plant. This approach avoids double or triple counting of overlapping patches and provides a more accurate quantitative assessment of objects. It also makes it possible to approximately convert the number of patches into the number of undergrowth plants.
To calculate the number of undergrowth plants, a heat map built from the results of the classification model was used, with a discrete patch size of 64 × 64 pixels. This size was selected in accordance with the previous stages of analysis and is optimal for the spatial resolution of the original orthophotos. In the present study, a heat map refers to the visual distribution of classes based on the initial data.
Fig. 11 shows the original site before applying the heat map, while Fig. 12 shows the final heat map with marked clusters, clearly illustrating the process of identifying and counting undergrowth plants.

4. RESULTS AND DISCUSSION
The best individual variants of the Base Model and Modified Model have the metric characteristics presented in Table 2.
An interpretation of the tabular data is provided below. To evaluate the accuracy of the models and their variations, metrics were used based on the following logical outputs of the models:
True Positive (TP) — seedlings that were marked and matched the annotation during model evaluation, measured in units;
False Positive (FP) — objects that the model classified as seedlings but that were marked as other objects, measured in units;
False Negative (FN) — objects that were marked as seedlings but that the model classified as another object, measured in units.
These logical outputs of the models made it possible to construct accuracy metrics for the models and their variations. The accuracy metrics and their definitions used in the present article are listed below.
Precision is a metric that reflects the proportion of tree detections without false positives, indicating the model’s tendency toward false-positive results. The higher the value, the fewer over-selection errors occur. Excessively high values may be caused by a small amount of total data or by overfitting to a specific test site, according to Section 3.2 of this publication.
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Recall is a metric that reflects the proportion of actually existing trees detected by the models. The higher the Recall value, the fewer original values are missed. Low Recall values may be due to insufficient annotation of objects of this class or overfitting to another class.
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F-Score is a metric that represents the average between the model’s recall and precision, reflecting the model’s balance between false positives and missed positive cases.
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Accuracy is a metric that reflects the proportion of correctly classified objects among the total number of observations.
Macro average (macro avg) is a metric that reflects the average value of logical metrics across all classes, regardless of their size.
Support is a metric that reflects the number of objects of each class used in metric calculation.
Best threshold is the value that indicates the probability threshold at which the maximum F1-score is achieved on the validation sample. This threshold is selected individually for each model and provides the optimal balance between sensitivity and specificity when working with imbalanced classes.
The combined use of the above metrics makes it possible to comprehensively evaluate classifier performance and correctly compare different model configurations.
Comparison of the Base Model and the Modified Model on the test sample (N = 1230) demonstrates a substantial advantage of the modified configuration across all key quality metrics. Both model variants were trained on the same data; however, the Base Model operates with simple spectral and morphological features, while the Modified Model includes an extended texture description based on GLCM and LBP.
The Base Model achieved an overall accuracy of 0.785, whereas the Modified Model achieved 0.947, corresponding to an absolute quality increase of 16.2 percentage points.
The improvement is noticeable across all polygonal objects, or classes, but is especially pronounced for “moss,” where the F-score increased from 0.591 to 0.854; “green grass,” from 0.649 to 0.896; and “soil,” from 0.675 to 1.0. This indicates improved separability of difficult-to-distinguish classes, which is also confirmed by the increase in the macro average F-score from 0.753 to 0.945.
The macro average F1-score for the Base Model is 0.753, while for the Modified Model it is 0.945.
The weighted average F1-score changed from 0.778 to 0.947, reflecting improvement even under class imbalance.
For both models, an individual optimal probability threshold, or “Best threshold,” was selected by maximizing the F1-score on the validation sample: 0.593 for the Base Model and 0.537 for the Modified Model. This allows the best balance between sensitivity and specificity to be achieved.
The increase in the number of features and in model complexity was accompanied by an increase in processing time from 2 to 3 minutes; however, high computational efficiency was maintained for the full analysis of 1230 objects.
Within the framework of this study, two model architectures were implemented and tested: the Base Model and the Modified Model. A more detailed description of the models used and their hyperparameters is provided in Sections 3.3.1 and 3.3.2 of this publication. The effectiveness of the models was evaluated on sites with different degrees of homogeneity and heterogeneity, selected as the Baganaly 2 and Kalininskaya 1 test sites (Figs 13 and 14). This approach makes it possible to test the transferability and adaptability of the models across different landscape scenarios.
Analysis of the results presented in Fig. 15 demonstrates a substantial decrease in the number of false positives on heterogeneous sites when using the Modified Model compared with the Base Model. Thus, for heterogeneous data, the base models overestimate the number of target objects by more than 2–3 times relative to the actual value (492–575 versus 2). At the same time, the modified models, which use texture features and the optimal class weight, show a noticeable decrease in the number of erroneous detections (202–303), although the absolute error still remains high.
This difference in results between homogeneous and heterogeneous sites emphasizes the importance of accounting for the spatial structure and texture characteristics of images when solving problems of automatic classification of vegetation objects. The addition of texture features, such as GLCM and LBP, contributes to more accurate differentiation between target and background objects, especially under conditions of high landscape heterogeneity.
The obtained results indicate that even the most advanced variants of the Random Forest model remain sensitive to the characteristics of the sample, and when the target class is extremely poorly represented on heterogeneous sites, the probability of overestimation remains. This indicates the need for further refinement of the approach, for example through the integration of additional contextual or multispectral features, the application of data-balancing methods, and the use of more complex ensemble and deep learning architectures. Recognition quality may also be improved by changing the dimensionality of heat-map sections. The conducted study demonstrates the potential of using complex feature spaces to improve the accuracy of automated undergrowth detection in orthophotos and highlights the limitations of existing approaches as well as directions for further research. The full code for reproducibility is available at: https://github.com/Vel5id/qgis-forest-ml/ (GitHub, Inc. 2025).

5. CONCLUSION
The aim of the present study was to assess forest undergrowth using ultra-high-resolution orthophotos obtained from an unmanned aerial vehicle (UAV). To achieve this aim, an approach based on the Random Forest algorithm was developed in combination with expansion of the training sample through various data augmentation options and the use of a set of spectral and texture features, including GLCM and LBP metrics. The proposed methodology successfully addressed the stated task, making it possible to effectively identify undergrowth in aerial photographs. Particular attention was paid to the problem of class imbalance in order to improve the model’s recognition of the target class, “birch.” During training, this imbalance was compensated by adjusting class weight coefficients. These measures substantially increased the recall and precision of target-class detection, which is consistent with known evidence that strong sample imbalance can significantly reduce the classification effectiveness of poorly represented classes while improving classification effectiveness for the target class.
The developed Random Forest classifier demonstrated high-quality recognition of undergrowth on test data. On homogeneous sites, the model achieved especially high accuracy in detecting the presence of undergrowth; on more complex heterogeneous sites, the quality decreased noticeably. All obtained cartographic results were verified by expert assessment through manual validation, which confirmed their reliability. The calculated quality metrics — accuracy, precision, recall, and F1-score — indicate reliable model performance. In particular, the high F1-score for the “undergrowth” class indicates that the classifier provides both high completeness of undergrowth detection and a low level of false positives, reflecting a balance between Precision and Recall.
Thus, the conducted study clearly demonstrated the possibility of effectively using UAV data to assess and map forest undergrowth. The obtained results are of important practical significance for forestry and vegetation monitoring: the proposed technology makes it possible to quickly and in detail identify the distribution of undergrowth over large areas without labor-intensive ground surveys. The use of combined spectral-texture features together with the Random Forest algorithm ensured high classification accuracy, thereby confirming the conclusions of other studies on the advantages of using texture features and expanding the remote sensing toolkit for forest ecosystem management tasks.
Nevertheless, the proposed approach has certain limitations. First, it was tested using data from only one region and under specific imaging conditions; further confirmation of its universality is needed for other types of forest ecosystems and different seasonal conditions. Second, drone-based orthophotos do not make it possible to “look” beneath a dense canopy; therefore, under a closed tree layer, the effectiveness of undergrowth detection may decrease. Third, during augmentation, the addition of noise in the range from 0.005 to 0.01 did not have a significant effect on model quality due to its low influence on 256-bit RGB channel values, which should be reconsidered in future work.
In the future, this study is planned to be expanded by including data from other sensors, such as multispectral imagery or LiDAR surveys to account for the vertical structure of the forest, and by testing combinations of modern deep learning methods. This will improve the accuracy and robustness of undergrowth assessment and ensure the applicability of the method under a wider range of conditions.
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Table 1: Spatial parameters of experimental sites for UAV monitoring, including pixel size, area, and coordinate coverage
	No.
	Object
	X
	Y
	Pixel size X
	Pixel size Y
	Area (ha)
	Coverage (coordinates)

	1.1
	Baganaly Forest 1
	38459
	15555
	1.20487e-07
	7.36897e-08
	3.25
	63.65997, 52.40575: 63.66460, 52.40689

	1.2
	Baganaly Forest 1.2
	45074
	12632
	1.14611e-07
	7.00928e-08
	3.62
	63.65983, 52.40508: 63.66499, 52.40596

	1.3
	Baganaly Forest 1.3
	59097
	8336
	1.14603e-07
	7.00970e-08
	3.95
	63.65975, 52.40474: 63.66652, 52.40532

	2
	Baganaly Clear-Cut 2
	64424
	33848
	1.20527e-07
	7.36862e-08
	5.72
	63.65463, 52.41790: 63.66240, 52.42039

	3
	Kalininskaya Clear-Cut 1
	29554
	27761
	8.52777e-08
	5.21207e-08
	1.39
	64.16615, 52.43305: 64.16867, 52.43450

	4
	Kalininskaya Clear-Cut 2
	44005
	55587
	4.85182e-08
	2.96551e-08
	0.72
	64.16897, 52.43155: 64.17111, 52.43320

	5
	Kalininskoye General Site
	18451
	14220
	5.19005e-07
	3.17222e-07
	4.31
	64.16419, 52.43110: 64.17377, 52.43561

	6
	Novonezhenka 1
	35267
	38930
	1.69305e-07
	1.03345e-07
	2.31
	64.07245, 52.49106: 64.07842, 52.49509

	7
	Novonezhenka 2
	9999
	13348
	1.60476e-07
	9.79513e-08
	2.10
	64.07641, 52.49246: 64.07801, 52.49377



Table 2: Metric characteristics of individual variants of the Base Model and Modified Model
	Basic Model
	Basic Model
	Basic Model
	Basic Model

	Object
	Precision
	Recall
	F-score
	Support
	Object
	Precision
	Recall
	F-score
	Support

	Birch
	0.932
	1
	0.965
	330
	Birch
	0.967
	0.97
	0.968
	330

	Green grass
	0.663
	0.6
	0.63
	180
	Green grass
	0.881
	0.906
	0.893
	180

	Yellow grass
	0.757
	0.9
	0.822
	180
	Yellow grass
	0.956
	0.967
	0.961
	180

	Moss
	0.605
	0.561
	0.582
	180
	Moss
	0.879
	0.85
	0.864
	180

	Stumps
	0.766
	0.872
	0.816
	180
	Stumps
	1
	0.989
	0.994
	180

	Soil
	0.819
	0.578
	0.678
	180
	Soil
	1
	1
	1
	180

	accuracy
	0.782
	1230
	accuracy
	0.95
	accuracy

	macro avg
	0.757
	0.752
	0.749
	1230
	macro avg
	0.947
	1230

	weighted avg
	0.778
	0.782
	0.775
	1230
	weighted avg
	0.95
	1230

	Best threshold
	0.982
	0.997
	0.989
	Value = 0.543
	Best threshold
	0.982
	0.997
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Fig. 1: Satellite image of the pine forest area
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Fig. 2: DJI Mavic 3 Multispectral unmanned aerial vehicle in flight
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Fig. 3: Orthophotoplan of a burned forest area of the Amankaragay pine forest created using DJI Terra software
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Fig. 4: Example of polygonal annotation. UAV flight altitude: 31 m


Fig. 5: Percentage ratio of the areas occupied by the objects
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Fig. 6: Effect of the number of trees in the ensemble on error depending on the weights of model variations
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Fig. 7: Homogeneous Kalininskaya 2 site for independent assessment 


Fig. 8: Comparison of automatic and manual seedling counts at different training weights of the target class 
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Fig. 9: Effect of the number of trees in the ensemble on error depending on the weights and quantization levels of model variations


Fig. 10: Comparison of automatic and manual counts of undergrowth plants, or seedlings, at different quantization levels (class weight = 0.85)
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Fig. 11: Image of the site without the heat map overlay
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Fig. 12: Image of the site with the heat map overlay
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Fig. 13: Flight trajectory and coverage scheme of the Baganaly-2 site during UAV-based aerial photography (GSD — 1.45 cm/pixel, area — 0.12 km²)
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Fig. 14: Flight trajectory and coverage scheme of the Kalininskaya-1 site during UAV-based aerial photography (GSD — 1.45 cm/pixel, area — 15,596.3 m²)


Fig. 15: Comparison of variations of the two models

Trees	Green grass	Yellow grass	Moss	Stumps	Bare soil	2200	1200	1200	1200	1200	1200	
Model Detection	
0.85	0.9	1	2	3	4	5	159	157	157	154	153	156	155	Real Detection	
0.85	0.9	1	2	3	4	5	167	167	167	167	167	167	167	Weight





Model Detection	
w0.85 8lvl	w0.85 16lvl	w0.85 32lvl	w0.85 64lvl	w0.85 256lvl	150	150	158	158	150	Real Detection	
w0.85 8lvl	w0.85 16lvl	w0.85 32lvl	w0.85 64lvl	w0.85 256lvl	167	167	167	167	167	Weight





Synthetic Data – Homogeneous	Base model (w0.85)	Base model (w1)	Modified model (w0.85 8lvl)	Modified model (w1 8lvl)	Modified model (w2 8lvl)	159	157	150	154	202	Real Data – Homogeneous	Base model (w0.85)	Base model (w1)	Modified model (w0.85 8lvl)	Modified model (w1 8lvl)	Modified model (w2 8lvl)	167	167	167	167	167	Synthetic Data – Heterogeneous	Base model (w0.85)	Base model (w1)	Modified model (w0.85 8lvl)	Modified model (w1 8lvl)	Modified model (w2 8lvl)	575	492	300	203	19	Real Data – Heterogeneous	Base model (w0.85)	Base model (w1)	Modified model (w0.85 8lvl)	Modified model (w1 8lvl)	Modified model (w2 8lvl)	2	2	2	2	2	
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