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Abstract


Drones have proven effective for acquiring aerial imagery, and when equipped with onboard analysis tools, they can automatically identify objects of interest. Neural-network methods for image analysis typically require large training datasets and substantial computational resources. By contrast, algorithmic techniques can detect objects using simple features, such as pixel colors, thereby reducing the need for extensive training and computational resources. Once trained, both types of system can analyze images in a short time. In our experiments, each approach has distinct strengths. The YOLO-based detector is more accurate for complex-shaped objects, such as trees, whereas the pixel-color approach performs better on sparser objects. This paper proposes YOLO-C3, a hybrid system designed for onboard drone image processing. By leveraging the strengths of both YOLO-based and pixel-based approaches, YOLO-C3 balances detection accuracy with estimation confidence. Trained on Mediterranean imagery dataset, the system is optimized for identifying natural objects, including citrus groves and trees. To assess the robustness of the image classifier, a K-fold cross-validation is performed. Compared to existing models, YOLO-C3 detects a wider range of natural objects with high accuracy and minimal latency, achieving a processing speed of 0.01 s per image. By performing object detection locally, drones can adapt their trajectories to support emergency response, helping to map safe corridors and locate buildings where people may be awaiting rescue after a natural disaster.
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1. Introduction


Drones equipped with high-resolution cameras have been used to survey large areas [1,2]. Aerial imagery provides valuable information for extracting geographic data [3,4], in road traffic analysis [5,6], wildfire detection [7], solar panel detection [8,9], and storm prevention [10]. A key goal is detecting objects and extracting associated data [11,12]. Pixel-based classification effectively extracts information; however, it struggles with variability in resolution, scale, and color characteristics across heterogeneous datasets [13]. AI-based methods, particularly neural networks, have become the norm [14]. However, they require extensive training data and significant computational costs. The performance of neural network models depends on the quality and quantity of training data, which are often scarce for detecting certain objects of interest, such as citrus groves or wells. To the best of our knowledge, although several datasets exist for classifying man-made objects in aerial imagery, datasets targeting natural agricultural objects, such as citrus groves, trees, and fields, remain limited. Our objective was to analyze land cover in the Mediterranean region to detect both natural and man-made objects. To address the lack of a dataset for this purpose, we created a custom dataset. Moreover, a direct comparison of neural-network and pixel-based performance for these categories is missing.



This paper proposes a drone-based system in which aerial imagery are acquired and analyzed onboard to detect objects of interest, allowing the drone to reroute itself and gather high-resolution data where it matters most. Image analysis is performed by our component, named YOLO-C3, which combines a lightweight, pixel-color classifier for land use/land cover with a YOLOv11-seg model for robust object detection and segmentation. Evaluating both methods on the same custom dataset and comparing their accuracy, resource demands, and generalization is instrumental in clarifying when each method is most useful. While YOLO-based detection is generally robust, estimates marked by a low confidence score need further analysis, which is achieved by the pixel-based approach. The YOLO-C3 software component is compact enough for a Raspberry Pi yet powerful enough to support real-time decision-making. In practice, the approach enables autonomous drones to rapidly map roads, vegetation, buildings, wells, and other features, generating actionable alerts for rescue teams or infrastructure managers without constant human supervision. The hybrid approach thus delivers a flexible, explainable, and low-cost solution suitable for emergency response, environmental monitoring, and other field operations.



The remainder of the paper is structured as follows. Section 2 discusses related work, analyzes the different image classification methods and existing datasets. Section 3 presents the proposed approach using drones, the dataset, and its analysis based on pixel colors and YOLO. Section 4 reports the experiments and results obtained for each classification approach for the validation phase and when considering drone images. Section 5 discusses their differences, highlighting their advantages and disadvantages. Finally, Section 6 draws our conclusions.




2. Related Work


2.1. Pixel-Based and Traditional Land-Cover Classification Approaches


In the past decade, land-cover classification has been addressed using a variety of approaches, beginning with early pixel-based algorithms and then progressively extending them to knowledge-based, object-oriented, and hybrid methods [15]. Pixel-based methods assign a class to each pixel from its spectral cues (e.g., reflectance/indices or color rules), offering lightweight processing and minimal training but remaining sensitive to clouds, seasonality, and mixed-pixel effects [16]. To mitigate data gaps, pixel-based compositing has been used to generate cloud-free, seasonally and radiometrically consistent datasets, e.g., in Landsat imagery [16,17]. From a historical perspective, Phiri et al. [15] traced early Landsat classification to pixel-based (supervised/unsupervised) algorithms. In recent years, the focus extended to hyperspectral imaging, which provides richer spectral–spatial information [18]. However, studies highlight persistent challenges, including data sparsity and the complexity of pixel-level classification [19].




2.2. Deep Learning Object Detection and YOLO-Based Approaches


To overcome the limitations of pixel-based approaches, recent research has increasingly relied on deep learning-based detectors, with YOLO becoming a central reference in the field. Jiang et al. [20] provided a brief review of the YOLO algorithm and its advanced versions up to YOLOv5, outlining the main differences and similarities between versions, discussing their motivations, feature development, and limitations. The study highlighted YOLO’s strengths in terms of speed and generalization ability, while also noting weaknesses such as inaccurate localization and poor recall compared to region-based approaches. More recent surveys [21,22,23] confirm the versatility of the YOLO family, which has evolved from YOLOv1 to YOLOv11, progressively integrating modules such as attention mechanisms and multi-scale strategies to improve accuracy and robustness. YOLO-v11-seg shows exceptional adaptability, supporting tasks beyond object detection, including instance segmentation and image classification. Within the field of remote sensing, several studies have recognized the potential of YOLO. Bai et al. [24] reviewed object detection algorithms, comparing the YOLO series, the Single-Shot MultiBox Detector (SSD) series, region-proposal-based methods, and Transformer-based detectors. After conducting a comparative performance analysis of various algorithms, the authors stated that YOLO offered an excellent trade-off between detection speed and accuracy, making it suitable for real-time scenes, while addressing the persistent challenges in detecting small objects. Similarly, Chen et al. [25] provided a comprehensive survey by reviewing more than 110 studies on object detection in aerial imagery. The work highlighted YOLO among the leading deep learning approaches and emphasized open challenges such as small-object detection, large-scale imagery, and variations in scale and orientation. Among the most recent developments in the YOLO family, YOLOv11 represents a further evolution in real-time object detection and segmentation. He et al. [26] applied YOLOv11 to high-resolution remote sensing imagery, training the model on a dataset containing 20 categories of man-made objects. Their results confirmed the effectiveness of YOLOv11 in multi-class and multi-object detection scenarios. In a related work, He et al. [27] investigated the use of YOLOv11-seg for landslide detection, demonstrating the potential of segmentation-based YOLO variants for object localization in remote sensing imagery. Unlike these works, which focus on specific targets or rely on bounding-box annotations, our study employs YOLOv11-seg with polygon-based instance annotations and evaluates its performance in a multi-class land-cover detection scenario. However, these studies focus exclusively on deep learning-based detection and do not investigate comparisons with deterministic pixel-based approaches, which remain relevant in certain remote sensing contexts.




2.3. Comparative Studies Between Traditional and Deep Learning Approaches


Several studies compared traditional remote sensing approaches to modern machine learning (ML) or deep learning (DL) models. Li et al. [28] compared a convolutional neural network (CNN)-based approach with two traditional approaches based on color filters and RGB matching for detection purposes, showing that the DL model significantly outperformed traditional methods. However, their comparison was limited to a single category (buildings), whereas our work proposes a broader evaluation on a multi-category dataset. Southworth et al. [29] compared ML and DL methods for spatial systems science, demonstrating that although DL often improved accuracy, ML approaches could remain competitive when training data or computational resources were limited. Their study provided a methodological comparison and a decision tree model to select a suitable model. However, their analysis remained conceptual and methodological, without a controlled head-to-head experimental comparison on the same dataset.



Other works explored the evolution from traditional pipelines to DL detectors. Gui et al. [30] analyzed the transition from rule-based and handcrafted feature approaches to DL detectors such as YOLO and RCNN, highlighting that simple approaches may still remain useful in specific contexts. Similarly, Chen et al. [25] reviewed both traditional remote sensing techniques and modern DL detectors, identifying key challenges such as image resolution variability and the need for sufficiently large annotated datasets.



Numerous studies have contrasted pixel-based image analysis (PBIA) with object-based image analysis (OBIA). Nasiri et al. [31] evaluated PBIA and OBIA on PlanetScope imagery for tree-cutting detection, showing that OBIA classifiers benefited from spatial context and outperformed PBIA models relying solely on spectral cues. Similarly, Adiningsih et al. [32] demonstrated that OBIA better captured complex spatial structures. However, these studies remain confined to the PBIA–OBIA paradigm and do not compare modern DL detectors.



Taken together, this diverse landscape highlights comparisons that differ from our approach: to the best of our knowledge, no previous study provides a direct comparison between a deterministic RGB pixel-based method and a YOLO-based DL model on the same multi-category dataset using polygon-based annotations. Our work addresses this gap by proposing a head-to-head evaluation between a color-rule-based pipeline and YOLOv11-seg applied to the same imagery and categories. Table 1 compares the works most closely related to our experimental setting and approach. Such studies either propose methodological comparisons between different paradigms (e.g., traditional methods vs. ML or DL) or evaluate recent YOLO-based detectors applied to remote sensing imagery.




2.4. Public Remote Sensing Datasets


Several publicly available aerial and remote sensing datasets are widely used in object detection and segmentation research, including DOTA [33], xView [34], iSAID [35], SpaceNet [36], LoveDA [37], and FLAIR-HUB [38]. However, none of these datasets provide all the characteristics required in our study: (i) the specific agricultural categories of interest, i.e., citrus groves, olive groves, and wells; (ii) instance-level polygon annotations aligned with the specific object categories considered; (iii) high-resolution RGB images representing Mediterranean agricultural landscapes comparable to the scenario of interest.



Some widely adopted datasets rely on bounding-box annotations, which would introduce systematic color contamination within object regions and compromise the reliability of the characterizing-color extraction phase. For this reason, the creation of a dedicated dataset with precise polygonal masks was necessary to ensure a fair and methodologically sound comparison between the two approaches. Table 2 compares our dataset and some representative remote sensing datasets.





3. Methodology


This section presents the design of a system composed of a fleet of drones capable of acquiring images and dynamically adapting their trajectories according to the objects identified by the proposed YOLO-C3 hybrid approach. The design of YOLO-C3 integrates two complementary techniques, a YOLO-based and a pixel-based one, to leverage their strengths and mitigate their respective limitations, both for object/area detection and for adaptive navigation. Thanks to its hybrid nature, YOLO-C3 can perform better than previous approaches, as the results of the YOLO-based method are filtered according to a confidence score and the area of detected objects and then compared with the results of the pixel-based method. The proposed methodology consists of the following stages.



	
Training on satellite imagery: The hybrid model is trained using satellite images obtained from Google Maps, selected for their high quality, availability, and regular updates. The proposed approach combines a YOLO–based detector with a pixel-based color analysis method. The results of the two methods are assessed on the same dataset to ensure a fair comparison. The pixel-based method relies on the analysis of color distributions and tonal variations, whereas the YOLO-based method uses a CNN for automatic object detection. (Section 3.2, Section 3.3 and Section 3.4 detail dataset construction, pixel-based approach, and YOLO-based approach, respectively.) Figure 1 shows an overview of the proposed hybrid detection framework: the pixel-based method performs steps 2.1 to 2.4, whereas the YOLO-based method performs steps 3.1 to 3.4.



	
Testing on drone-acquired images: The model trained on satellite images is subsequently used for drone-captured images to support trajectory adaptation. The feasibility of this approach is evaluated experimentally to check whether the model satisfies the generalization to images acquired at lower altitude but with vertical (nadiral) perspective (see Section 4.4).



	
Deployment and territorial analysis: Drones are deployed to predefined areas of interest identified through GPS coordinates extracted from satellite imagery. The system enables autonomous image acquisition and real-time trajectory adaptation based on detected objects (see Section 3.1). The availability of higher-resolution drone imagery allows for a more detailed analysis and improved object understanding.
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Figure 1. The pixel-based method extracts colors, while the YOLO-based method filters polygons (yellow box); then, after training, the models are embedded into drones. Drones analyze images (red box), filter results by confidence score and size (blue box), combine results (green box) by applying rules and select targets. 
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3.1. Drone Image Acquisition and Analysis


The proposed solution involves drone-based image acquisition combined with ad hoc image analysis techniques to efficiently detect and monitor objects of interest over large geographic areas. The use of drones enables flexible, on-demand data collection with high spatial resolution, allowing the system to capture up-to-date visual information.



Drones analyze aerial imagery to automatically identify relevant objects and assess their conditions. Once objects of interest are detected, drones can dynamically change their trajectory to perform further targeted image acquisition, significantly improving the level of detail and accuracy of the collected data. This targeted approach reduces unnecessary data capture while ensuring that critical areas receive focused attention.



Integration of intelligent image analysis with a coordinated drone network supports precise territorial documentation and adaptive monitoring. Each drone is equipped with a high-resolution camera and an onboard computing unit (e.g., a Raspberry Pi), enabling autonomous operation and local data handling. Dedicated scripts running on the drones manage image capture, temporary storage, and deferred data transmission, as well as object detection. This ensures robust operation even in environments with intermittent connectivity. This design allows drones to independently survey large areas, collect multiple images, and efficiently transfer data in a consolidated form.



Figure 2 represents the workflow for drones. Drones are given a set of geographic coordinates to delimit the area where images have to be captured; the drones move towards their destination and, once a set of images is captured, this set is analyzed onboard drones to detect objects of interest. The drones recognize objects of interest according to a given list of categories and the execution of the software component detecting objects from the image. Once an object of interest has been found, its geographic coordinates are approximately extracted from the image and used to re-direct the drones and perform further image acquisition. This enables drones to find more detailed images of objects of interest. Moreover, drones can explore portions within the delimited area to look for objects of interest.



The images are stored locally, compressed, and transferred to the server when connectivity is restored. The server receives the images and the list of identified objects and then filters them according to up-to-date relevance, for example, in rescue operations, the degraded road conditions, the presence of debris in the rail network, etc.; for renovation operations, the presence of uncultivated areas, degraded road, etc. Filtered and ranked data allow the generation of actionable alerts to be distributed to authorized users via notifications or email, allowing timely and informed decision-making.




3.2. Initial Data Collection


To develop a component that can be used onboard drones to identify objects from aerial imagery, an initial dataset is needed to perform the appropriate training.



Data Source. We extracted images from Google Maps (API version 3.62), a choice motivated by the high spatial detail and image quality. The image retrieval was performed using a Python script that downloaded an image based on a pair of GPS coordinates that represented the center of the image. Each image was approximately 1024 × 1024 pixels and had a zoom of 21, the highest available. Figure 3 shows a miniature of some extracted images. The dataset gathered consisted of 177 images. Although the dataset contained only 177 images, it included approximately 3000 annotated object instances, and 80% of them enabled satisfactory model training. This high instance count came from multi-label annotations that covered a wide range of elements. Table 3 reports the instance counts per category; there is a clear gap between the citrus groves (749 objects) and wells (101 objects). However, the class imbalance (at most 1:7) was considered acceptable, as supported by the results in Section 4.



Labeling and Coloring. Each image was manually annotated using the Roboflow tool [39] (https://roboflow.com/, accessed on 30 March 2026). Roboflow enables fast and intuitive labeling by allowing users to outline the polygonal boundaries that delimit each object. The images pertained to land use/land cover, and the following were the categories of interest: citrus groves, trees, houses, wells, meadows, roads, fields, and olive groves. Each category was associated with a specific color (e.g., red for citrus groves, yellow for wells, etc.). This annotation process made it possible to identify all objects of interest within an image. Once the labeling was complete, another version of each image was generated so that each object in it was filled with the default color for the category. This coloring procedure was necessary for the validation phase of the classification approaches that were compared.



Train/Test. To train the classification algorithms for each approach, the dataset was divided as follows: 144 (approximately 80%) training images and 33 (approximately 20%) testing images. The training phase was substantially different in each of the following approaches. In the case of the pixel-based algorithm, only the colors of the images were analyzed and filtered to train the algorithm, while in the other case (YOLO-based), the entire image training set was used to train the algorithm.



	1.

	
Pixel-based Color Classification: The training phase consisted of the creation of the characterizing color (CC) sets for each category of objects of interest. CC sets were built by extracting pixel colors from the annotated aerial imagery, filtering out irrelevant dark tones, and assigning each remaining color to the land-cover category where it was most representative. Counts of unique RGB values were aggregated into a Land Color Table (LCT), which supported the detection of dominant colors for each category.




	2.

	
YOLO-based Classification: The selected model YOLOv11x-seg was trained by a canonical procedure using Python version 3.13.




	3.

	
The output of the Roboflow-based labeling process was the dataset given as input to the YOLO model, consisting of the training images together with the polygons drawn for each category.







The details of each approach are given in Section 3.3 and Section 3.4. The testing set was used in the same fashion for both approaches to have a ground truth, allowing us to verify the quality of the two approaches. A similar consideration applied to the testing phase, described in Section 4. Both approaches included a post-processing stage aimed at improving the performance of the individual methods. For instance, in the YOLO-based method, the proper calibration of the confidence score proved to be crucial, significantly improving the overall performance.



Both models were trained using a host that had the following characteristics: 32 GB RAM; Intel i7 12700H CPU; NVIDIA RTX 3050 Ti. YOLO-based method required a training time of 15 h and 30 min, while the training of the pixel-based approach required approximately 10 min.




3.3. Pixel-Based Color Classification


The proposed approach classifies land use and land cover (LULC) by exploiting the characteristic colors of each land type rather than training ML-based models. It relies on a compact set of annotated aerial imagery to automatically extract characterizing colors (CCs)—colors that uniquely describe each land category—and then uses those colors to classify new unlabeled images. The method unfolds in three main phases: (i) generation of CC sets from the annotated dataset; (ii) pixel-based classification of unlabeled images; and (iii) post-processing for noise removal and gap filling.



The first phase generates the characterizing color sets, identifying the most representative colors for each category. For every pixel in each category of the annotated dataset, the RGB triplet and its label are recorded. Counts of identical colors are aggregated across all images to build the Land Color Table (LCT). The LCT has one row per unique RGB color; the first column stores the color, and the remaining columns record the frequency of that color in each category and in the background. Dark tones, often caused by shadows or ground features, are not reliable indicators of land cover. To remove them, RGB values are projected into the HSL color space, and the lightness component is inspected. Any color with a lightness below a fixed threshold (  0.16   on a   [ 0 , 1 ]   scale in our experiments) is removed from the LCT. For every row of the filtered LCT, the normalized pixel counts across categories are compared. A color is assigned to the category with the highest count only if two conditions hold: (i) no other category’s count exceeds   75 %   of the maximum; and (ii) the combined count of all other categories does not exceed   1.2  –  1.5   times the maximum. These conditions guarantee that the color occurs predominantly in a single category. Colors that fail these checks are collected in a separate Unassigned Color (UC) set. The outcome of this phase is one CC set per category (and one UC set) that captures the most distinctive colors of each land type.



The second phase classifies aerial imagery following the set of characterizing colors defined in the first phase. Each pixel RGB value is compared to the CC and UC sets. If it belongs to a category’s CC set, it is immediately marked with that category’s unique output color. Pixels whose colors appear in the UC set are temporarily marked as unassigned. This produces a preliminary, pixel-wise map of category marks. Because UCs often appear near the borders of homogeneous regions, a local density analysis is applied to re-assign them. The image is scanned with square windows of progressively larger size (for example 3 × 3, 9 × 9 and 25 × 25 pixels). In each window, if exactly one category occupies more than 50% of the window’s pixels, the entire window is colored with that category. If no category crosses the threshold, the UC pixels in the window are temporarily counted towards every category; if this update causes one category to exceed the threshold, the window is colored accordingly. Through three iterations, the dominant areas expand while preserving sharp boundaries.



A final post-processing phase further improves the map through two complementary operations, denoising and closing. The denoising addresses all the isolated misclassifications, removing them by scanning the image with a large window (e.g., 75 × 75 pixels). If the number of pixels of a given color inside the window is less than a third of the window area, the pixels are considered noise and reverted to background. The closing phase focuses on unmarked pixels that lie inside a region dominated by a single category with the objective of filling such small areas. A window expands around each unmarked tile; if a category covers more than two-thirds of the window, the tile is assigned to that category. These steps produce a clean, contiguous LULC map with minimal false positives and negatives.



Details are provided in our previous work dedicated to the implementation of this algorithm [40].




3.4. YOLO-Based Classification


A valid alternative to image classification based on pixel analysis is object-based classification. Generally, object identification can provide more detailed information and more robust results. One methodology for classifying objects in aerial imagery is supported by the YOLO model. YOLO is a popular model for object detection and image segmentation that was originally presented in 2016 [41]. YOLO quickly gained popularity due to its high speed and accuracy and now supports various vision AI tasks such as detection, segmentation, pose estimation, tracking, and classification [21,22]. The YOLO family of models has continued to evolve since its initial release in 2016. The YOLO11 version was released in September 2024. Among its various extensions, YOLOv11-seg (https://docs.ultralytics.com/tasks/segment/#models, accessed on 30 March 2026) stands out, as it was specifically optimized for image segmentation tasks to significantly improve pixel-level classification accuracy [27].



The key strength of YOLOv11-seg lies in its ability to detect diverse geometric shapes and provide highly detailed results. The algorithm presented in this study was implemented using the Ultralytics YOLO Python library (version 8.3.9) (https://docs.ultralytics.com/usage/python/, accessed on 30 March 2026).



This library provides functionalities such as object detection, image segmentation, and classification. The steps performed to execute the algorithm were as follows: (i) the original gathered dataset was labeled by using Roboflow tool; (ii) a preprocessing stage cleaned the dataset to ensure YOLOv11-seg’s compliance and correctness; (iii) the YOLOv11-seg model was trained. The approach is inspired by our previous work discussing image classification using YOLOv11-seg [42].



The first step consisted in making the dataset ready with all the labels for the categories and for each object in the images. This was performed via the Roboflow tool and by manually labeling images according to the defined categories. This initial step produced a YAML file that was then required for the training of the model. However, to use YOLOv11-seg, it is necessary that each polygon (i.e., each detected object) contains at least five points; for this reason, the second step performed a dataset cleaning, using a custom script, to ensure the removal of non-compliant labeled images. In this same phase, an analysis of the assigned labels was also carried out: labels corresponding to relatively small objects (on the order of 15,000 pixels) were excluded, since they could be just noise, or to marginally visible elements that could be mistakenly identified, therefore negatively affecting the final performance of the algorithm. The third and final step involved running the training via the Ultralytics YOLO Python library.





4. Experimental Evaluation and Results


The test set was used to evaluate both approaches. The 33 test images comprised both simple cases, in which the images had a single category and a single object, and complex cases, in which some images had nearly all categories with multiple objects per category. This section presents and discusses the results obtained for each approach. In the images, the most frequently detected object category was citrus groves, with more than 150 instances identified. In contrast, meadows were the least represented category and were counted only once. Consequently, data for this category were omitted because their limited occurrence could lead to misleading interpretations.



4.1. Evaluation of the Pixel-Based Approach


Before classification, the pixel-based algorithm analyzed and extracted the colors in each land-cover category in the dataset. The process was applied to all 177 images (having labels for each object in them) and computed the number of unique RGB colors belonging to each target category. To reduce noise and improve reliability, colors that frequently appeared in more than one category were filtered out, retaining only the most representative colors. Table 4 reports the total colors, as the number of unique RGB colors initially detected from the training dataset, the number of colors that were removed because they were in other categories, and the number and percentage of unique RGB filtered colors that were retained for each category.



The extraction results confirmed that the algorithm effectively isolated distinctive color distributions for all classes, even though the percentage of retained colors varied significantly among categories. Higher retention rates, such as those observed for citrus groves (48.44%) and olive groves (46.36%), indicated stable and homogeneous color patterns across images. Conversely, lower retention for roads (16.85%) and trees (18.50%) reflected a broad variability in color, caused by factors such as shadows, illumination change, or the presence of mixed pixels containing soil, vegetation, and asphalt. Intermediate retention values for houses, wells and fields (around 21–27%) suggested moderate intra-class consistency, while the meadows category, with only 13.50% retention, appeared to be the most visually ambiguous and underrepresented. Overall, this phase provided a compact and representative color database, reducing noise and supporting the subsequent classification stage that was performed on a pixel-by-pixel basis.



Figure 4 compares the output of the pixel-based classification (left) with its corresponding ground-truth mask (center) for the agricultural area dominated by citrus groves and fields (right). The images on the left and the center have strong visual correspondence, with red regions indicating citrus groves and cyan areas representing fields. The pixel-based classifier successfully identifies the dominant categories, maintaining coherent and homogeneous patches that closely match the ground-truth segmentation.



The test images were classified, and a label was given to each pixel according to its RGB coordinates (as shown in the left part of Figure 4). The number of true positives, false positives, true negatives, and false negatives were calculated. We performed cross-validation by splitting the set in five parts (i.e., K-fold cross-validation where K equals to five): we ran five experiments and each time, we used four parts (or folds) for training and the other remaining part for testing. Therefore, we had five models and calculated for each the number of pixels identified correctly (or not). Table 5 shows the mean values and the standard deviation values for accuracy, precision and recall, and F1 Score, for each category. The results confirm that the classification is always consistent as can be seen by the low values of the standard deviation. The standard deviation for accuracy is between 0.01 and 0.06 across categories, except for the category wells, which presents high color variability.



The results show that the pixel-based approach achieves satisfactory accuracy across most categories, with houses, trees, and roads performing particularly well. High precision values for houses and wells show that the model reliably identifies these categories with very few false positives, confirming that the color-based discrimination is effective when color patterns are distinctive. Notably, both olive groves and citrus groves achieve balanced and robust performance, with high values for accuracy, precision and recall, indicating stable color patterns and effective recognition. Olive and citrus groves have the highest values for the F1 score. Lower recall values observed in trees, houses, and wells suggest that many true pixels were missed, mainly because colors alone cannot fully capture variations due to shadows, roof materials, or occlusions. These limitations align with the lower retention percentages observed during the extraction stage, where color variability was highest. The absence of reliable metrics for the meadows category further confirms its color ambiguity and limited representation.



The experiments show that the proposed color-based pixel approach distinguishes among multiple land types using a purely data-driven filtering process. This approach is transparent, interpretable, and computationally efficient, and these characteristics make it suitable for rapid land-cover assessments and as a preprocessing or validation step for object-based deep learning models.



This visual agreement confirms the reliability of the color extraction process, particularly for categories with distinctive chromatic characteristics such as citrus groves, which achieved the highest color retention (48.44%) (as shown in Table 4). The land category, characterized by lower color retention (21.08%), displays slightly fragmented regions and small edge inconsistencies, which can be explained considering the variability in soil color and lighting conditions. Minor discrepancies along field boundaries are primarily due to mixed pixels and gradual transitions between soil and vegetation, which occasionally lead to local misclassifications. Nevertheless, the comparison highlights the effectiveness of the proposed approach in distinguishing large homogeneous regions using only RGB information, producing interpretable and high-resolution maps that reflect the real distribution of land-cover classes in the area.



Figure 5 shows the confusion matrix computed according to the results of the pixel-based approach when considering the whole dataset (177 images) with a split of 80% for training and 20% for testing. Rows give the normalized values for detected pixels, while columns represent the ground truth. The background class in the column indicates the predicted pixels that are outside any labeled region, whereas the background class in the row represents missed ground-truth pixels (false negatives). The most accurate category is olive groves, with most pixels correctly identified, followed by the fields category, which also obtains good performance. Note that the normalized values were computed from the count of pixels; hence, there is fine-grained detail, and this degrades the performance of categories that occupy small areas in the images, such as houses and wells.



The confusion matrix reveals several key performance insights that characterize the model’s behavior prior to final optimization. While the model yields a strong identification of major land features, some mismatches occur between spectrally similar vegetation types, e.g., citrus groves and olive groves, or citrus groves and trees. Additionally, a portion of smaller or peripheral objects, such as wells and houses, are categorized as background. These results represent the model’s output, which were further evaluated by the subsequent post-processing stage. This final refinement phase effectively mitigates these edge-case misclassifications and resolves many of the background overlaps, ultimately leading to more accurate results.




4.2. Evaluation of the YOLO-Based Approach


During the classification phase, the YOLO-based approach analyzed an image and highlighted the detected objects with different colors. When the model ran and an image was provided as input, the output was an image similar to the one in the input but with additional labels indicating each detected object and its corresponding category. For every detected object, the following data were given: (i) the category name, (ii) a bounding box enclosing the object and (iii) a confidence score. The confidence score represented the model’s certainty that a detected object belonged to a particular class. It ranged from zero to one, with higher scores indicating greater confidence. The model used the default threshold of 0.25, hence objects were marked if they were given a confidence score of at least 0.25. In our post-processing step, the results were further refined by filtering out the ones below a 0.45 confidence score, and also removing small objects, i.e., objects having less than 15,000 pixels. The values for such parameters were set by performing a manual analysis of image samples to increase confidence and accuracy. The visual inspection of the results showed that most objects were detected correctly, even in the most complex images.



Figure 6 shows a sample of the results, where the only missing object was the house in the top-right image, which was likely ignored due to the shadow. Other cases of undetected objects occurred because of mud or shadows obstructing object recognition. Nevertheless, the overall results were highly reliable, as objects were correctly identified and accurately labeled regardless of their shape and size. The image in the top-left shows a label named House 0.26, which is an example of object detection having a low confidence score, which often occurs when the object is at the edge of the image.



Figure 7 shows the YOLO-based classification for the image analyzed by the pixel-based approach (see Figure 4). In it, citrus groves and fields (or Land on the label) are correctly identified. Some small objects (see labels House and Tree) have a confidence score lower than 0.45 and would be filtered out in the post-processing phase.



Table 6 reports the mean values and the standard deviation values for accuracy, precision, recall and F1 score metrics obtained for each category, when running a 5-fold cross-validation for the dataset. Cross-validation was performed similarly to the previous pixel-based experiment. The low values for the standard deviation for accuracy across all categories show that the five models (one for each run of the five partitions) give comparable and consistent results. Wells have the highest value of standard deviation for the precision metric; this is due to the high color variability of wells. In terms of accuracy, olive groves and citrus groves perform very well and achieve the highest value, while houses and roads have the lowest. With respect to recall, the values are generally high, while roads have the lowest value. Low values for roads could be due to their highly variable shapes and the presence of unrecognized elements within them, such as isolated trees, mud, or grass. Still, roads achieve an accuracy above 73% and recall above 77%. Overall, all categories reach satisfactory performance levels, as the average accuracy is above 82%, precision is above 92% and recall is 89%.



Figure 8 shows the confusion matrix computed according to the results of the YOLO-based approach when considering the whole dataset (177 images) with a split of 80% for training and 20% for testing. Rows give the normalized values for detected objects in each category, while columns represent the ground truth. The background category in the column indicates the predicted objects outside any labeled region, whereas the background class in the row gives the missed ground-truth objects (false negatives). The categories are generally correctly identified, with citrus groves achieving the highest value, followed by houses and wells. Fields present the lowest performance, mainly due to their similarity with other vegetation categories. The YOLO libraries compute the confusion matrix during the validation phase; however, these results do not account for the subsequent post-processing steps, which enhance performance and provide better metrics. The main mismatched detections are for the small objects and the objects located at the edges of the image.



For the YOLO-based experiments, the number of training epochs was 200, a value within the range 100–300, commonly suggested for deep learning and to accommodate several categories. In all the experiments for the 5-fold cross-validation, the models consistently converged between epochs 101 and 103, indicating stable behavior and, consequently, a robust model (no overfitting). This finding was further supported by the metrics (see Table 6), particularly the low standard deviation values indicating limited variability across folds and suggesting stability and ability to generalize.




4.3. Comparison of Approaches


Figure 9 shows two images in the right column that represent citrus groves. In the two images, the YOLO-based classifier (left-column images) correctly identifies only a portion of the area that has citrus groves. Instead, the pixel-based classifier (center-column images) correctly determines the whole area that has citrus groves.



Figure 10 shows an image (on the right) representing citrus groves and a large well having a rectangular shape. The YOLO-based classifier (left image) partially identifies the citrus groves but misses the well. The pixel-based classifier detects the citrus groves (highlighted in red) and some parts of the well (yellow pixels).



The comparison of the two approaches is apparent by the results shown in the confusion matrices (see Figure 5 and Figure 8). The matrices report the results obtained when training was performed using 80% of the whole dataset. The results highlight the superior performance of the YOLO-based approach, which integrates contextual and spatial information to improve object recognition. However, the pixel-based approach demonstrates its effectiveness in capturing fine-grained color details and achieves high accuracy for some categories, such as citrus groves. In a minority of cases, the pixel-based approach yields more accurate results (see Figure 9 and Figure 10, where the red pixels in the center images indicate citrus groves and the yellow pixels indicate a well).



Based on the evaluation above, our YOLO-C3 image analysis component runs both methods on the input image. It selects labels as accurate if they are confirmed by both methods with the same category. For objects assigned different labels, such as those at the image edges, wells, or small objects not accurately detected by the YOLO-based method, for which the confidence score is lower than a threshold set at 0.45, these are retained if suggested by the pixel-based approach and considered accurately labeled by it. Otherwise, the results by the YOLO-based method are confirmed. Additionally, moving the drone to the center of the object helps capture it better, enabling further labeling or confirmation of the previous label.




4.4. Drone Image Analysis


The drones captured images in predefined geographical areas and moved towards some destinations according to the provided list of objects of interest. The images acquired were analyzed by our YOLO-C3 component, which leveraged both algorithms to achieve more specific and detailed detections and to provide appropriate feedback. The approach was tested on a dataset containing drone images. The dataset used was odm_data_aukerman (https://github.com/OpenDroneMap/odm_data_aukerman, accessed on 30 March 2026). It contains 32 images with a resolution of 4896 × 3672 pixels and 37 images with a resolution of 6000 × 4000 pixels [43]. Image patches were extracted, and both approaches were evaluated (see Figure 11). The results, shown below, confirmed the robustness and validity of the training performed on satellite imagery.



In the case of YOLO, an additional post-processing stage was applied to obtain more efficient results. During post-processing, the following steps were performed:




	
Step-1: Predictions with a confidence score lower than 0.45 were discarded. This filtering removed less reliable predictions.



	
Step-2: Predictions corresponding to small objects were removed. An object was considered too small if it contained fewer than 15,000 pixels. This size-based filtering was consistent with the medium-to-large dimensional characteristics of the analyzed categories.












To validate the post-processing procedure, metrics were computed for each step performed (see Table 7). In these cases, the improvement in the metrics was strongly influenced by the house category: (i) without post-processing, 14 houses were detected; (ii) after step-1, the detections decreased to eight; (iii) after step-2, five houses were detected, of which three were correct. By eliminating small objects, we avoided, for example, confusing houses with cars, which are smaller objects.



Figure 12 shows the results obtained using YOLO. The left-most image shows several objects, and among these wells and meadows (the same as lawns), objects that are removed by the post-processing step-1 for their low confidence score. The objects labeled Land and the two labeled House are removed in step-2. In the center image, the House labeled object is removed by step-2; in fact, such an object is actually a crane. In the right-most image, the Citrus Grove label is removed during step-1. In the last image, one of the houses has not been labeled; this is due to the camera perspective being excessively oblique, altering the standard shape of the house.



Tests executed using YOLO lasted 0.01 s per image, while the analysis relying on the pixel-based approach lasted approximately 2.8 s per image. The two models ran in parallel. Most of the time, the YOLO-based model gave accurate results, and only small objects, objects in the edges, or wells had to be confirmed by the pixel-based model. Hence, a batch of results given by the YOLO-based model provided accurate results and possible coordinates for the next drone destinations, then the drone could move towards them immediately. Some edge cases were later confirmed (or excluded) by the pixel-based approach and only then were such coordinates given to the drone as the next destinations.





5. Discussion of the Approaches: Pros and Cons


The experimental evaluation of the YOLO-C3 hybrid system reveals a significant trade-off between computational efficiency and categorical accuracy. The pixel-based approach is notably efficient, requiring only 10 min for training compared to the 15 h and 30 min required by the YOLOv11-seg model. While YOLOv11-seg demonstrates superior overall performance, integrating spatial and contextual information to achieve a weighted precision and recall exceeding 90%, the pixel-based method excels at capturing fine-grained color details in categories with stable chromatic patterns, such as citrus and olive groves.



One of the primary advantages of the hybrid approach is its ability to handle low-confidence estimates. YOLO-based detection has been shown to be less accurate for small objects, objects located near image boundaries, or those obscured by shadows (e.g., houses near forest borders). In these instances, our system uses the pixel-color classifier to validate detections where the YOLO confidence score falls below 0.45. This is particularly evident in identifying sparse or complex objects like wells, which the YOLO model occasionally missed while the pixel-based classifier successfully identified via yellow-pixel detection.



Furthermore, the study confirms that satellite-trained models can generalize to drone-acquired imagery. Despite differences in altitude, the vertical (nadiral) perspective remains consistent enough for the models to maintain high performance on real-world drone datasets. However, challenges remain regarding perspective distortion (oblique camera angles) and class imbalance, particularly for underrepresented categories like meadows.




6. Conclusions


This paper introduced YOLO-C3, a hybrid image-analysis component designed for deployment onboard drones. The approach combines the strong object-detection capabilities of YOLOv11-seg with a lightweight and deterministic pixel-color classifier. This design helps address two key challenges: the lack of specific Mediterranean agricultural datasets and the high computational cost typical of deep neural networks. The results suggest that the proposed hybrid system balances detection accuracy and processing speed. The YOLO-based model acts as the primary detection mechanism, while the pixel-based classifier serves as a transparent and efficient validation step for edge cases and small objects. Experimental results show that with appropriate post-processing, such as confidence filtering and size-based denoising, the system reaches a final precision of 0.917 on drone imagery.



The compact nature of the YOLO-C3 component makes it suitable for low-cost hardware such as the Raspberry Pi. This allows drones to autonomously adapt their trajectories in real time. This capability can support applications such as emergency response, post-event inspection, and infrastructure monitoring, helping quickly map safe corridors or locate buildings in disaster areas. In future work, we plan to expand the dataset with images captured across different seasons and light conditions.
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Figure 2. Drone workflow consisting of the definition of initial coordinates and the list of objects of interest, the systematic analysis of captured images to detect objects, the search of further objects in the neighborhood, and the acquisition of more detailed images. 
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Figure 3. Sample images downloaded from Google Maps. 
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Figure 4. Comparison between the pixel-based classification output (left), the corresponding ground-truth mask (center), and the original image (right) for an agricultural area. In the images, cyan pixels correspond to fields, red pixels represent citrus groves, yellow pixels show wells, green pixels indicate trees, and blue pixels represent houses. 
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Figure 5. Confusion matrix for the pixel-based approach: the values are normalized according to the number of pixels in the ground truth. 
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Figure 6. Images labeled by YOLO: each colored region is an object of a known category given in the label, together with the confidence score. Images were cropped, hence, some objects are without a visible label. Roads are shown in pink, trees in cyan, citrus groves in violet, and wells in green. 
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Figure 7. Comparison between the YOLO-based classification output (left) and the original image (right) for the same agricultural area analyzed by the pixel-based approach (Figure 4). 
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Figure 8. Confusion matrix for YOLO-based approach: the values are normalized according to the number of objects in the ground truth. 
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Figure 9. Comparison between the YOLO-based classification output (left), the pixel-based one (center) and the original images (right) for citrus groves. 
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Figure 10. Comparison between the YOLO-based classification output (left), the pixel-based one (center) and the original image (right) for citrus groves and a large well. 
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Figure 11. Example of image patches extracted from drones. 
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Figure 12. Example of image patches extracted from drones labeled according to the YOLO-based approach. 
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Table 1. Comparison between our approach and related works.
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	Study
	Goal
	Task Type
	Annotation
	Classes
	Limitations





	Li et al. (2020) [28]
	Compare CNNs to RGB filter-based methods
	Binary semantic segmentation for buildings
	Semantic pixel-level building masks
	Binary (building vs. non-building)
	No multi-class evaluation; no polygon-based RGB vs. DL head-to-head comparison



	Nasiri et al. (2023) [31]
	Compare PBIA to OBIA (ML classifiers)
	Forest cover mapping and tree-cutting detection
	Pixel-level and object-based segmentation
	Binary land-cover classification (forest vs. non-forest)
	No multi-class evaluation; no comparison with DL detectors; confined to PBIA–OBIA



	Southworth et al. (2024) [29]
	Compare ML to DL
	Cross-domain methodological evaluation
	Dataset-dependent
	Domain-dependent
	No controlled head-to-head evaluation on the dataset



	He et al. (2025) [27]
	Evaluate YOLOv11-seg (DL detector)
	Object detection and mask segmentation for landslide recognition
	Polygon-based instance-level annotations
	Single-target (landslide)
	No multi-class evaluation; no comparison to RGB-based approaches on the same dataset



	He et al. (2025) [26]
	Evaluate YOLOv11 (DL detector)
	Multi-class object detection for generic man-made remote sensing objects
	Instance-level bounding-box annotations
	Multi-class (vehicles, aircraft, ships, infrastructure)
	No polygon-based segmentation; no comparison with RGB-based approaches; does not address agricultural or rural land-cover categories.



	Ours
	Compare pixel-based to YOLOv11-seg-based detection
	Multi-class object detection and polygon-based segmentation in high-resolution aerial imagery
	Polygon-based instance-level annotations
	Multi-class evaluation (agricultural and man-made)
	










 





Table 2. Comparison between our dataset and existing remote sensing datasets in terms of task, annotation type, and limitations.
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	Dataset
	Task
	Annotation
	Classes
	Main Characteristics and Limitations





	FLAIR-HUB [38]
	Semantic segmentation (land-cover and crop mapping)
	Pixel-level masks
	19 semantic land-cover classes (vegetation, artificial surfaces, water bodies, natural bare areas) + 46 hierarchical crop-type categories
	Primarily designed for large-scale semantic land-cover segmentation; not organized as an instance-level object detection dataset with separate annotated objects



	LoveDA [37]
	Semantic segmentation + unsupervised domain adaptation (urban/rural land cover)
	Pixel-level masks
	Building, road, water, barren, forest, agriculture, background
	Focused on coarse land-cover classes at pixel level; not designed for fine-grained object-level polygon detection of specific agricultural and man-made categories



	DOTA [33]
	Oriented object detection (man-made objects)
	Oriented bounding boxes
	Generic man-made object categories (vehicles, aircraft, maritime objects, infrastructure, large facilities)
	Focused on generic object detection using bounding boxes; not tailored to land-cover categories or polygon-based multi-class segmentation



	Ours
	Instance segmentation (land-cover and crop mapping)
	Polygon-based instance-level annotations (multi-class)
	Olive grove, citrus grove, tree, house, road, land, well, meadow
	










 





Table 3. Number of instances for the 177 training images.
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	Category
	Total Instances





	Citrus groves
	749



	Trees
	564



	Roads
	483



	Houses
	427



	Wells
	101



	Meadows
	168



	Fields
	332



	Olive groves
	182



	All categories
	3006










 





Table 4. Gathered colors for the pixel-based approach as total unique RGB colors (first column), extracted from the training dataset, and filtered unique RGB colors (third column), for each category.






Table 4. Gathered colors for the pixel-based approach as total unique RGB colors (first column), extracted from the training dataset, and filtered unique RGB colors (third column), for each category.





	Category
	Total Colors
	Removed
	Filtered
	Retention (%)





	Citrus groves
	242,990
	276,809
	117,700
	48.44



	Trees
	210,866
	295,226
	39,003
	18.50



	Houses
	132,003
	237,170
	35,620
	26.98



	Wells
	63,495
	125,779
	15,018
	23.65



	Fields
	199,107
	278,312
	41,968
	21.08



	Roads
	166,559
	299,867
	28,070
	16.85



	Olive groves
	117,913
	189,158
	54,667
	46.36










 





Table 5. The set of mean and standard deviation measures of a 5-fold cross-validation for the pixel-based classification.






Table 5. The set of mean and standard deviation measures of a 5-fold cross-validation for the pixel-based classification.





	Category
	  μ   Accuracy (  σ  )
	  μ   Precision (  σ  )
	  μ   Recall (SD)
	  μ   F1 Score (  σ  )





	Citrus groves
	0.670 (0.02)
	0.721 (0.02)
	0.733 (0.04)
	0.699 (0.03)



	Trees
	0.894 (0.01)
	0.836 (0.05)
	0.129 (0.07)
	0.155 (0.06)



	Houses
	0.948 (0.01)
	0.888 (0.04)
	0.083 (0.04)
	0.143 (0.07)



	Wells
	0.806 (0.20)
	1.00 (0.00)
	0.077 (0.03)
	0.142 (0.05)



	Fields
	0.801 (0.03)
	0.656 (0.07)
	0.413 (0.04)
	0.474 (0.06)



	Roads
	0.927 (0.01)
	0.630 (0.06)
	0.171 (0.02)
	0.232 (0.04)



	Olive grove
	0.730 (0.06)
	0.675 (0.08)
	0.955 (0.03)
	0.787 (0.05)



	All categories
	0.828 (0.013)
	0.764 (0.031)
	0.375 (0.015)
	0.383 (0.022)










 





Table 6. The set of mean ( μ ) and standard deviation ( σ ) measures of a 5-fold cross-validation for the YOLO-based classification.






Table 6. The set of mean ( μ ) and standard deviation ( σ ) measures of a 5-fold cross-validation for the YOLO-based classification.





	Category
	  μ   Accuracy (  σ  )
	  μ   Precision (  σ  )
	  μ   Recall (SD)
	  μ   F1 Score (  σ  )





	Citrus groves
	0.892 (0.05)
	0.957 (0.03)
	0.928 (0.07)
	0.942 (0.29)



	Trees
	0.834 (0.08)
	0.876 (0.03)
	0.949 (0.08)
	0.908 (0.04)



	Houses
	0.690 (0.03)
	0.824 (0.11)
	0.839 (0.14)
	0.816 (0.02)



	Wells
	0.823 (0.04)
	0.978 (0.49)
	0.841 (0.05)
	0.902 (0.03)



	Fields
	0.842 (0.02)
	0.927 (0.06)
	0.908 (0.05)
	0.914 (0.01)



	Roads
	0.735 (0.03)
	0.943 (0.04)
	0.772 (0.05)
	0.847 (0.02)



	Olive grove
	0.961 (0.03)
	0.961 (0.03)
	1.00 (0.00)
	0.980 (0.01)



	All categories
	0.825 (0.043)
	0.924 (0.057)
	0.890 (0.060)
	0.901 (0.026)










 





Table 7. Metrics computed for each post-processing stage. The first row reports results without post-processing; the second after score filtering; the third after small-object removal.






Table 7. Metrics computed for each post-processing stage. The first row reports results without post-processing; the second after score filtering; the third after small-object removal.





	Stage
	Precision
	Recall
	Accuracy





	No-post-processing
	0.746
	0.867
	0.738



	Step-1
	0.778
	0.867
	0.758



	Step-2
	0.917
	0.917
	0.867
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