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Abstract: The escalating global population, industrialization, and climate change are increasing 
pressure on agricultural lands. In this context, sustainable agricultural land management is critically 
important, particularly for high-value crops such as citrus, which plays critical role in economic and 
food security. Accurate detection and enumeration of citrus trees are essential for ensuring the 
sustainability and effective monitoring of citrus cultivation. This study employs deep learning 
methods for object detection of citrus trees in the Tarsus district of Mersin, comparing the 
performance of Mask R-CNN, YOLOv8, and YOLO11 models using low-resolution satellite imagery. 
Additionally, the impact of super-resolution (SR) techniques on model accuracy is examined. Results 
demonstrate that integrating SR techniques significantly improves object detection accuracy, with the 
YOLO11 model achieving the highest performance. This research underscores the potential of deep 
learning-based approaches to enhance citrus tree monitoring, yield estimation, and agricultural 
management practices, offering actionable insights for sustainable agriculture. 
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1. Introduction 

As the global population grows and industrialization progresses, the increasing 

demands on land become more pronounced each day. This issue is exacerbated by disasters 

such as droughts, floods, and wildfires, which are primarily driven by climate change and 

represent some of the most pressing challenges of our time, posing significant threats to land 

resources (Uyar, 2024). Agricultural areas, essential for ensuring food security and 

sustaining life, are particularly vulnerable to these threats. Additionally, these lands often 

suffer from the adverse effects of development initiatives undertaken by countries that 

prioritize projects in construction, industry, technology, and other sectors. Poor planning and 

unregulated land use are key factors in the decline of agricultural land. Globally, agricultural 

lands decreased from 4.872 billion hectares (ha) in 2000 to 4.781 billion ha by 2022, 

reflecting a decline of approximately 1.87% (FAO, 2025a). Türkiye has experienced a similar 

trend, with agricultural land diminishing from 26.38 million ha in 2000 to 23.88 million ha 

by 2022, representing a decline of 9.48% (TÜİK, 2025). This reduction in agricultural land 

inevitably leads to decreased yields of agricultural products, jeopardizing the sustainability 

of agriculture as a whole. 

The protection and management of existing agricultural areas are of utmost importance. 

From this perspective, citrus trees, which have significantly proliferated in the 

Mediterranean basin and hold substantial economic value, deserve particular attention 

(Orhan, 2021). As of 2023, global citrus production totaled 169,388,809.85 tons, comprising 

oranges (69.85 million tons), tangerines (52.56 million tons), lemons (23.64 million tons), 
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grapefruits (9.93 million tons), and bitter oranges (13.41 million tons) (FAO, 2025b). This 

agricultural activity utilized 10,554,846 ha of land, with China, Mexico, India, and Brazil being 

the leading producers. Türkiye also contributes significantly to citrus production, ranking 

third in mandarin harvest at 2,952,775 tons over 69,261.3 ha, following India. Additionally, 

Türkiye ranks fourth globally in lemon production, with 2,325,726 tons harvested (56,438.9 

ha). The country stands seventh for grapefruit production, yielding 284,565 tons (4,945 ha), 

and is eighth for orange production with a total of 2,311,335 tons (49,481.7 ha) (FAO, 2025b; 

TÜİK, 2025). 

The number of trees in cultivated areas must be assessed before citrus can be analyzed 

from a sustainable agriculture standpoint. This assessment allows for reliable estimations of 

the yield and efficiency of this product while also facilitating the monitoring of plant health. 

Numerous studies in the literature have employed various methods to estimate tree counts 

(Table 1). Zortea et al. (2018) explored the detection of citrus trees in Brazil using unmanned 

aerial vehicle (UAV) imagery and a convolutional neural network (CNN) algorithm. Similarly, 

Ozdarici-Ok (2015) utilized a fast radial symmetry (FRS) transformation method with high-

resolution satellite images to automatically detect citrus trees, selecting Mersin as the study 

area. In a different approach, Li et al. (2016) employed the local maximum algorithm with 

LiDAR and UAV data to detect trees in the Huailai-Yanqing basin near Beijing. El Akrouchi et 

al. (2025) also applied the mask region-based CNN (Mask R-CNN) technique to determine 

the number of citrus fruits in Marrakesh, Morocco, using close-up images for their analysis. 

Table 1. Research on tree detection in the literature 

Reference Method Data Tree Study area 
Donmez et al. (2021) CCL UAV Citrus Adana/Çukurova U. 
Cheang et al. (2017)  CNN Satellite Palm World 
Fan et al. (2018) CNN UAV Tobacco Chongqing/China 
Csillik et al. (2018) CNN UAV Citrus Tulare/USA 
Liao et al. (2025) YOLO-MECD Camera Citrus Nanchang/China 
Al Riza et al. (2025) YOLOv7 Camera Citrus Batu/ Indonesia 
Toosi et al. (2022) Time series Satellite, Google Earth Citrus Juybar/Iran 
Tian et al. (2022) YOLOv5 UAV Citrus Sihui/China 
Yu et al. (2023) Time series Satellite Citrus Xunwu/China 
Yang et al. (2022) Mask R-CNN Google Earth Tree Central Park/USA 

As the literature states, tree detection is important, especially in regions where citrus 

cultivation occurs. Previous deep learning (DL) methods for citrus tree detection typically 

rely on high-resolution images from UAV or satellite data, focusing on relatively small areas 

(Csillik et al., 2018; Hunt et al., 2018; Kouvaras, & Petropoulos, (2024). These approaches 

often utilize only one or two models without thorough benchmarking and seldom explore 

the advantages of image enhancement (Yu et al., 2022). In contrast, this study leverages 

readily available low-resolution satellite images from Google Earth and employs the Real-

ESRGAN super-resolution algorithm to improve visual detail. 

This research was conducted in the Tarsus district of Mersin, an area characterized by 

a dominant Mediterranean climate and intensive citrus farming. In 2023, Mersin province 

produced 1,661,600 tons of citrus fruit, with Tarsus contributing 39.23%, or 651,793 tons 

(TÜİK, 2025). This highlights Tarsus’s significant role in the cultivation of these species. Deep 

learning (DL) methods, such as Mask R-CNN, You Only Look Once (YOLOv8), and YOLO11, 

were employed to estimate the number of citrus trees in the selected study area. This study 

was conducted due to the insufficient detailed research concerning citrus trees in Tarsus.  

The research notably highlights its unique value by offering a time- and cost-efficient 

approach that utilizes deep learning methods to accurately detect citrus trees within the 

study area and map citrus orchards across extensive regions with limited samples. 

Furthermore, it contributes to the existing literature by effectively employing various models 

for object detection.  

https://dergipark.org.tr/en/pub/tuzal


Turkish Journal of Remote Sensing, 2025; 7(2); 184-199  Research Article 

 

186 
 

Throughout the study, several crucial steps were taken to drive our research forward: 

• Study area selection, 

• Data acquisition and preparation, 

• Image processing, 

• Image augmentation, 

• Implementation of deep learning models  

• Performance evaluation, 

• Comparative model analysis, 

• Visual comparison of detection results. Furthermore, a flowchart was 

presented in "2.2. data collection" chapter. 

2. Materials and Methods 

2.1. Study area 

Tarsus, which was chosen as the study area, is located in the Mediterranean region 

between 36°43’-37°23’ North latitude and 34°33’-35°9’ East longitude. Tarsus is the most 

populous district of Mersin, with a population of 356,937 (TÜİK, 2025). In addition, it is the 

third largest district of the province with a surface area of 1993.21 km2. While the altitude in 

the city center of Tarsus varies between 10-65 m, this value reaches up to 3500 m in the 

Taurus Mountains located in the north. 

In the study area where the effects of the Mediterranean climate are seen, the annual 

average temperature is around 20°C (MGM, 2025). The average temperature rises to 28°C in 

the summer and around 11°C in winter (Weather Spark, 2025). The total annual average 

precipitation is 468.7 mm. The average precipitation is 6.9 mm in summer and 77 mm in 

winter (Weather Spark, 2025). However, predominantly alluvial, red-brown mediterranean, 

and brown forest soils are seen. 

Tarsus is characterized by its geographical location, soil composition, and climate, 

sustaining active agricultural practices (Figure 1). Approximately 50.38% of the total area 

(1,004.22 km2) is dedicated to agriculture, with 142.55 km² (14.20%) specifically allocated 

for citrus production. As a result of these activities, it is known that Tarsus provides 39.23% 

of citrus production in Mersin. Given these factors, the study was conducted in Tarsus, where 

three areas of citrus cultivation were selected for analysis. 

 
Figure 1. Study area 
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2.2. Data collection 

In this study, we obtained high-resolution RGB satellite images of the study area, 

measuring 8192×4540 pixels, from various altitudes using Google Earth to facilitate object 

detection and segmentation processes for citrus trees (Figure 2). The analysis focused 

exclusively on regions containing citrus orchards, which were designated as the study area. 

To enhance the training of object detection algorithms and ensure greater accuracy in the 

labeling process, these images were subdivided into smaller segments of 640×640 pixels, 

yielding a total of 150 images. The segmented images were then uploaded to the Roboflow 

platform for labeling, where the polygon-based labeling method was chosen to improve 

detection performance by clearly defining the boundaries of the trees (Akkurt et al., 2024). 

In order to increase the performance of the model trained with labeled data and to 

strengthen its generalization ability, data augmentation techniques are used to increase the 

efficiency of the training process by generating new examples from existing data. Among the 

common data augmentation techniques, the number of images was increased to 260 by using 

geometric transformations (rotation, scaling), color space adjustments (brightness, 

contrast), adding noise, and mixing methods. These techniques increase the diversity of the 

data, making it possible for models to be more reliable and robust in real-world scenarios 

(Shorten & Khoshgoftaar, 2019). The obtained data set was divided into three subsets as 70% 

training, 20% validation, and 10% test in order to evaluate the overall performance of the 

model. 

In object detection and segmentation applications, denoising images and making objects 

more distinct is a critical step that directly affects the learning capacity of the model (Wang 

et al., 2022). Therefore, a deep learning-based super-resolution (SR) algorithm was used to 

improve the learning process of the model by increasing the quality and clarity of the images. 

SR is a sub-heading of the image enhancement field and aims to obtain high-resolution 

representations from low-resolution images. This process not only scales the image to a 

higher resolution, but also reduces noise, making the details of the objects more distinct 

(Nasrollahi & Moeslund, 2014). In this context, SR technologies are considered as an 

important pre-processing step to increase the success of applications that have gained 

popularity in recent years, such as object detection and segmentation. 

In this study, SR is applied as a preprocessing step and Real-ESRGAN (Wang et al., 2021) 

method is used for SR. Real-ESRGAN is a Generative Adversarial Network (GAN) based 

approach developed for the problem of "blind super-resolution" in real-world images and 

trained with synthetic data. Instead of estimating complex degradations (noise, blur, etc.) in 

low-quality or corrupted images, this method produces clearer and more distinct images for 

object detection and segmentation models by reconstructing high-resolution details through 

pure synthetic data. Real-ESRGAN, which is preferred due to its superior generalization 

ability especially in practical applications, is applied in this study as a critical preprocessing 

step to increase the accuracy of the model developed for the detection and counting of citrus 

trees (Wang et al., 2021). Figure 3 visually compares the raw image and the image enhanced 

with Real-ESRGAN. 
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Figure 2. Workflow of the methodology 

 
(a) 

 
(b) 

Figure 3. (a) Raw images belong to study area, (b) Enhanced image with SR belong to study area 

2.3. Object detection models 

Object detection algorithms, which play an important role in terms of productivity and 

sustainability in agricultural areas, are widely used in applications such as monitoring and 

counting of fruit trees (Sapkota et al., 2024). In this study, deep learning-based Mask R-CNN, 

YOLOv8 and YOLO11 three different object detection algorithms were used for the detection 

and counting of citrus trees. In this section, the architectural structures and object detection 

processes of these three models are discussed in detail. 

2.3.1. Mask R-CNN 

Mask R-CNN is a deep learning-based model developed by Facebook AI Research in 

2017 that can solve object detection and instance segmentation problems with high accuracy. 
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This model is an improved version of the Faster R-CNN architecture, which has the ability to 

segment objects at the pixel level along with the detection of objects with the mask 

estimation branch method. Mask R-CNN has a Backbone that provides meaningful feature 

extraction from images and uses architectures such as ResNet-50 or ResNet-101, a Region 

Proposal Network (RPN) that determines potential regions of objects in images from these 

extracted features, and a head structure with a bounding box branch, one of which estimates 

the class label and bounding box coordinates for each proposed region, and the other one, 

which produces a pixel-based segmentation mask for each object (He et al., 2017). 

2.3.2. YOLOv8 

Object detection, a fundamental computer vision task, involves identifying and 

localizing objects within images or videos by classifying and enclosing them in bounding 

boxes. The YOLO series has gained prominence for real-time performance, achieved by 

unifying object localization and classification into a single neural network forward pass. 

YOLOv8 developed by Ultralytics in 2023, represents a milestone in object detection research 

(Ultralytics, 2023). Building upon the advancements of predecessors, YOLOv8 introduces 

optimized architectural designs, training methodologies, and computational efficiencies. The 

model integrates a hybrid architecture that combines CNNs for local feature extraction with 

Transformer-based components to capture global contextual dependencies, enhancing 

robustness across diverse environmental conditions. Its superior generalization capabilities 

stem from training on large-scale, diverse datasets, enabling reliable performance under 

varying lighting, scales, and occlusion scenarios. Key advantages of YOLOv8 include its 

modular architecture, computational efficiency (low latency and high frames-per-second 

processing), and seamless integration into real-world applications via Ultralytics’ open-

source ecosystem and pre-trained models. The versatile structure of YOLOv8 covers areas 

such as precision agriculture, autonomous systems, surveillance, medical diagnostics and 

retail analytics, providing great advantages for use in academia and industry. 

2.3.3. YOLO11 

YOLO11, introduced in September 2024, represents a groundbreaking advancement in 

object detection and establishes a new benchmark in computer vision. YOLO11 builds on the 

real-time performance and accuracy of predecessor like YOLOv8, while achieving notable 

breakthroughs in speed, precision, and adaptability through cutting-edge deep learning 

innovations and architectural optimizations (Khanam & Hussain, 2024). The model employs 

an enhanced hybrid architecture, synergizing CNNs for local feature extraction with 

transformer-based components to model global contextual dependencies. This dual 

approach ensures robust detection of fine-grained details and contextual coherence, even in 

complex scenarios such as densely populated object environments or scenes with dynamic 

lighting variations. Furthermore, training on large-scale, diverse datasets has strengthened 

generalization capabilities, mitigated overfitting risks and ensuring reliability across 

heterogeneous conditions. 

Key strengths of YOLO11 include: 

• Modular architecture for seamless adaptation to diverse hardware and application-

specific requirements 

• Computational efficiency, achieving high frames-per-second (FPS) with minimal 

resource consumption 

• Ease of deployment in industrial and academic domains, including healthcare, 

precision agriculture, smart cities, robotics, and industrial automation. 

These attributes establish YOLO11 as a cutting-edge solution for object detection, 

seamlessly connecting academic research with real-world applications. 
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3. Results 

3.1. Evaluation metrics 

In order to comprehensively evaluate the performance of Mask R-CNN, YOLOv8, and 

YOLO11 in object detection tasks, standardized evaluation metrics widely adopted in 

computer vision were employed. These include Precision (P), Recall (R), mAP50, and mAP50-

95. These metrics collectively enable rigorous comparison of model performance, balancing 

speed, precision, and robustness for real-world applications such as citrus tree monitoring. 

Precision quantifies the proportion of true positive detections (correctly identified objects) 

relative to all instances classified as positive by the model. It reflects the algorithm’s ability 

to minimize false positives (FP). For instance, in citrus tree detection, high precision ensures 

that non-target objects (e.g., other tree species or background features) are rarely 

misclassified as citrus trees. These metrics are critical for minimizing false alarms (e.g., 

misclassifying non-target objects in agriculture) (Zhang et al., 2016). High Recall ensures no 

trees are missed, which is vital for accurate yield estimation (Weinstein et al., 2019). Recall 

can be calculated using the formula in Equation 1. 

Recall = TP / TP + FN (1) 

Recall measures the fraction of true positives correctly identified out of all actual 

positives in the dataset, emphasizing the model’s capacity to reduce false negatives (FN). In 

an agricultural context, high recall is critical to ensure that no citrus trees are missed during 

detection or monitoring. It can be calculated using Equation 2). 

Precision = TP / TP + FP   (2) 

mAP50 (mean Average Precision at 50% Intersection-over-Union) provide 

comprehensive assessments of detection accuracy. While mAP50 prioritizes localization 

tolerance, mAP50-95 enforces stricter spatial alignment, offering a robust benchmark for 

model reliability under varying object scales and occlusion conditions. In order to derivate 

mAP value, it needs to calculate average precision. Average precision (AP) is the area under 

the precision and recall curve. The mAP metric is robust for handling class imbalance and 

localization accuracy (Everingham et al., 2010). It can be calculated using Equation 3. 

𝐴𝑃 = ∫ 𝑝(𝑟)𝑑𝑟
1

0

 (3) 

mAP50-95 (Average Precision in the IoU range of 0.50–0.95) is the average of the AP 

values calculated from the IoU threshold of 0.50 to 0.95 (in 0.05 increments). This metric is 

especially critical in tasks that require precise localization, such as robotic grasping. mAP50-

95 provides a stricter benchmark for precise localization tasks compared to mAP50. The 

mAP50-95 metric can be excessively stringent for small objects, such as trees in aerial 

imagery, potentially resulting in an underestimation of model performance. (Padilla et al., 

2021). mAP can be calculated using Equation 4. 

𝑚𝐴𝑃 =
1

𝑘
∑ 𝐴𝑃𝑖

𝑘
𝑖   (4) 

Intersection over Union (IoU) is a fundamental metric for evaluating the accuracy of 

object detection models by measuring the spatial overlap between predicted and ground-

truth bounding boxes. IoU provides a straightforward and interpretable measure of 

localization accuracy, making it widely adopted in object detection tasks (Rezatofighi et al., 

2019). Despite its widespread use, IoU has notable drawbacks. It can be overly sensitive to 

small objects or irregular shapes, leading to unstable evaluations when objects are tiny or 

highly asymmetric (Zheng et al., 2021). It is calculated as the ratio of the area of intersection 

to the area of union of the two bounding boxes using Equation 5. 
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𝐼𝑜𝑈 =
𝐼𝑛𝑡𝑒𝑟𝑠𝑒𝑐𝑡𝑖𝑜𝑛 𝐴𝑟𝑒𝑎

𝑈𝑛𝑖𝑜𝑛 𝐴𝑟𝑒𝑎
  (5) 

3.2. Experimental results of models 

In this section, the performance of different object detection models such as Mask R-

CNN, YOLOv8, and YOLO11 for the detection of citrus trees is investigated. In the scope of the 

study, the effect of the SR algorithm on the detection performance of the models is evaluated 

in detail. Model performances are compared with metrics such as mAP50 and mAP50-95 

using the SR applied dataset and the raw dataset. 

3.2.1. Mask R-CNN 

The detection performance of the Mask R-CNN object detection model on the SR applied 

dataset (SR-Mask R-CNN) and the raw (Mask R-CNN) dataset is compared and presented in 

Figure 4. 

  
(a) (b) 

Figure 4. Training graphs for iteration-based mAP50 and mAP50-95 values of the Mask R-CNN model 

trained on the raw and SR applied dataset 

Performance analysis revealed that integrating SR preprocessing significantly enhanced 

Mask R-CNN’s object detection capabilities. The SR-augmented model achieved a mean 

Average Precision (mAP50-95) of %40, surpassing the baseline model’s %13.5, while also 

outperforming it in mAP50 (%60 vs. %30). This improvement shows SR’s efficiency in 

refining localization accuracy, particularly under stringent Intersection-over-Union (IoU) 

thresholds. Additionally, training with SR-enhanced data accelerated convergence, enabling 

faster attainment of high Average Precision (AP) values and earlier stabilization of loss 

curves. These results emphasis the advantages of SR by enhancing detection precision 

through resolution-related improvements and optimizing the training process, making it a 

practical solution for improving object detection in resource-constrained applications such 

as agricultural monitoring. 

3.2.2. YOLOv8 

The training results for the Yolov8 model on the raw dataset and SR-dataset are 

presented in Figure 5. 
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(a) (b) 

Figure 5. Training graphs for iteration-based mAP50 and mAP50-95 values of the YOLOv8 model 

trained on the raw and SR applied dataset   

Analysis of the training process graphs revealed that the SR-YOLOv8 model, trained on 

a super-resolution (SR)-enhanced dataset, demonstrated superior performance compared to 

the baseline YOLOv8 model trained on raw data. Evaluated using mAP50 and mAP50-95 

metrics, SR-YOLOv8 achieved higher accuracy levels and faster convergence during training, 

indicating enhanced robustness in object localization across varying IoU thresholds. 

Conversely, the baseline YOLOv8 model exhibited lower mAP values and marked fluctuations 

in performance, reflecting challenges in generalization, particularly for low-resolution or 

detail-degraded imagery. These findings highlight that super-resolution preprocessing not 

only improves detection accuracy for visually complex inputs but also stabilizes and 

accelerates the training process, reinforcing its value in optimizing YOLOv8 for real-world 

applications with limited image quality. 

3.2.3. YOLO11  

The training results for the Yolo11 model on the raw dataset and SR-dataset are 

presented in Figure 6. 

 

(a) 

 

(b) 

Figure 6. Training graphs for iteration-based mAP50 and mAP50-95 values of the YOLO11 model 

trained on the raw and SR applied dataset   

Analysis of the training graphs demonstrated that the SR-YOLO11 model, trained on a 

SR-enhanced dataset, achieved markedly superior performance compared to the baseline 

YOLO11 model trained on raw data. Evaluated using mAP50 and mAP50-95 metrics, SR-

YOLO11 stabilized at 80% (mAP50) and 65% (mAP50-95), reflecting robust object 

localization across IoU thresholds, while the baseline YOLO11 model remains at 40% 
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(mAP50) and 20% (mAP50-95). Furthermore, SR-YOLO11 exhibited accelerated 

convergence and a smoother learning curve, whereas YOLO11 displayed marked fluctuations 

and training instability. These outcomes highlight the effectiveness of super-resolution 

preprocessing in improving detection accuracy for low-resolution or degraded images while 

enhancing model stability and reducing computational inefficiencies during training. 

3.3. Comparative analysis of models  

The object detection performances of the object detection models used in this study on 

super-resolution applied (SR-Dataset) and non-super-resolution applied (Raw Dataset) 

datasets are compared in terms of mAP50 and mAP50:95 metrics in Table 2. 

Table 2. Comparison of object detection models on SR applied dataset and raw dataset 

 Raw Dataset Applied SR Dataset 

mAP50 mAP50-95 Precision Recall mAP50 mAP50-95 Precision Recall 

Mask R-CNN 29.46 13.28 - - 60.37 43.07 - - 

YOLO v8 45.73 22.05 0.42 0.65 84.90 67.59 0.81 0.71 

YOLO v11 45.39 22.15 0.433 0.58 85.93 67.66 0.76 0.79 

The application of super resolution techniques yielded substantial improvements in 

object detection performance across all evaluated models. For the Mask R-CNN model, 

mAP50 increased from 29.46% to 60.37%, and mAP50-95 increased from 13.29% to 43.08% 

when trained on SR-dataset. Similarly, the YOLOv8 model exhibited dramatic gains, with 

mAP50 increased from 45.7% to 84.9% and mAP50-95 improving from 22.1% to 67.6%. The 

YOLO11 model achieved the highest performance on the SR-dataset, reaching 85.93% 

(mAP50) and 67.66% (mAP50-95). These results demonstrate that SR preprocessing 

significantly enhances detection accuracy for low-resolution or noisy datasets, irrespective 

of the model architecture. Notably, YOLO11’s superior performance on SR-enhanced data 

highlights the potential of integrating advanced SR techniques with state-of-the-art object 

detection frameworks. This analysis underscores that SR optimizes model learning by 

preserving critical visual details and mitigating noise, thereby enabling robust object 

detection in challenging real-world scenarios. 

3.4. Comparative visualization of test 

In this section, visual comparisons of object detection algorithms are presented. The 

performance of Mask R-CNN, YOLOv8 and YOLO11 models in identifying citrus trees is 

evaluated in two different data qualities (raw and super-resolution applied) and is presented 

in Figures 7, 8, and 9. In the figures, the results of Mask R-CNN are given in the left column, 

YOLOv8 in the middle column and YOLO11 in the right column. The first row shows the 

detection results of the raw dataset and the second row shows the detection results of the 

super-resolution applied dataset. 
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Mask R-CNN YOLOv8 YOLO11 

   

   
Figure 7. Mask R-CNN, Yolov8 and YOLO11 results for Area 1. (a) Results for the raw image (b) Results 

for the image enhanced with SR 

In Figure 7, in the first row, Mask R-CNN exhibited more false positives (marking an 

object as present when it does not exist) in the raw image. At the same time, YOLOv8 and 

YOLO11 produced fewer predictions but with sharper boundaries. In the second row, the 

performance of all models increased with the application of SR: Mask R-CNN improved the 

segmentation quality while still showing false positive detections; YOLOv8 and YOLO11 

provided more accurate results with fewer false positives and sharper boundaries due to the 

effect of SR. 
Mask R-CNN YOLOv8 YOLO11 

   

   

Figure 8. Mask R-CNN, Yolov8 and YOLO11 results for Area 2. (a) Results for the raw image (b) Results 

for the image enhanced with SR 
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In the first row of Figure 8, Mask R-CNN detects more objects but contains false 

positives. In contrast, YOLOv8 and YOLO11 could not make any predictions. When super-

resolution is applied, the performance of all models improves: While the segmentation 

quality of Mask R-CNN increases, the deficiencies in object detection continue. On the other 

hand, YOLOv8 and YOLO11 produced more distinct boundaries, fewer false positives and 

more accurate results due to the effect of super-resolution. 
Mask R-CNN YOLOv8 YOLO11 

   

   

Figure 9. MaskR-CNN, Yolov8 and YOLO11 results for Area 3. (a) Results for the raw image (b) Results 

for the image enhanced with SR 

In the raw image in the first row of Figure 9, YOLOv8 and YOLO11 could not make any 

predictions. When super-resolution is applied, the improvement in the performance of 

YOLOv8 and YOLO11 becomes visually more obvious compared to Mask R-CNN. 

Visual analysis shows that the performance of object detection algorithms is 

significantly increased on the super-resolution dataset. It is observed that especially YOLOv8 

and YOLO11 models show a significant improvement in terms of object detection accuracy. 

On the other hand, it is seen that Mask R-CNN model does not provide the expected benefit 

from super-resolution in more complex segmentation tasks, but still increases the number of 

detected objects. As a result, it is visually confirmed that super-resolution techniques 

significantly improve object detection performance by enhancing the details in low-

resolution satellite images and make a significant contribution to image processing 

applications. 

4. Discussion 

The study focused on detecting citrus trees, leading to the development of an application 

in this area. For object detection, three different selections were used: Mask R-CNN, YOLOv8, 

and YOLO11; the models were evaluated on the raw dataset, and the super files (SR) were 

applied to the dataset. Mask R-CNN obtained 29.47 and 13.29 values in mAP50 and 

mAP50:95 metrics in the raw dataset, respectively, while these values increased to 60.37 and 

43.07 in the SR-applied dataset. YOLOv8 reached 45.73 mAP50 and 22.05 mAP50-95 values 

in the raw dataset, while it got 84.90 and 67.59 scores in the SR-applied dataset. Similarly, in 

the YOLO11 model, mAP50 45.39 and mAP50-95 22.15 values were obtained in the raw 

dataset; In the SR applied dataset, these metrics were measured as 85.93 and 67.66. The 
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findings of the research can be articulated in this manner. However, it is crucial to compare 

this article with similar studies in the literature to ensure the reliability and consistency of 

academic research. In this context, it is known that there are many studies on tree detection 

in the literature. The studies conducted by Zortea et al. (2018), Ozdarici-Ok (2015), Donmez 

et al. (2021), and Al Riza et al. (2025) aimed to detect citrus trees. In this context, this 

research aligns well with existing literature. 

High- and low-resolution satellite images and close-up photographs are used to detect 

citrus trees. Marín-Buzón et al. (2020) detected orange trees using Google Maps images. Yu 

et al. (2023) conducted a study on citrus trees using Sentinel-2 MSI and Landsat 8 TIRS 

images. Oussaoui et al. (2025) conducted a study on citrus and olive trees using Sentinel-2 

satellite images. Low-resolution Google Earth images were preferred in this article. In the 

studies conducted by Osco et al. (2020), Hussain & Mehdi (2024), and Csillik et al. (2018), 

citrus trees were detected using UAV images. In this respect, it is possible to say that higher-

resolution images were used in the studies mentioned, and the analyses made were more 

consistent. However, considering that satellite images were preferred in many studies and 

successful results were obtained, it seems that free data sources can also be used in the 

detection of citrus trees. In this context, the fact that the study carries out the application 

with open-source data shows that it is compatible with the literature. 

The choice of detection methods and data sources for analyzing citrus trees is crucial, 

as it significantly impacts the accuracy of the results. In their research, Li et al. (2016), Yang 

et al. (2022), and Zhao et al. (2024) favored the Mask R-CNN method. Conversely, Liao et al. 

(2025), Tian et al. (2022), and Qu et al. (2025) opted for various YOLO models in their studies. 

This research aims to enhance the existing literature by employing Mask R-CNN, YOLOv8, 

and YOLO11 models. 

5. Conclusions 

This study employed deep learning models Mask R-CNN, YOLOv8, and YOLO11 for 

object-based detection and counting of citrus trees in the Tarsus district of Mersin, focusing 

on three distinct agricultural regions. Utilizing low-resolution satellite imagery (e.g., Google 

Earth) as the primary dataset, the research demonstrated the efficacy of deep learning 

algorithms in agricultural monitoring. It underscored the critical role of super-resolution 

techniques in enhancing object detection performance. Key findings revealed that the 

YOLO11 model achieved the highest accuracy, delivering robust and stable results, while SR 

preprocessing significantly improved performance metrics across all models. For instance, 

Mask R-CNN’s mAP50 increased from 29.47% to 60.37%, YOLOv8’s mAP50 rose from 45.7% 

to 84.9%, and YOLO11 attained 85.93% (mAP50) and 67.66% (mAP50-95) with SR-dataset. 

These outcomes highlight that refining image resolution through SR mitigates challenges 

posed by low-quality inputs, enabling more precise feature extraction and localization. Based 

on the findings and literature review, researchers undertaking similar studies are advised to: 

Advancing Super-Resolution Techniques: The integration of advanced super-resolution 

(SR) methods, such as Real-ESRGAN, to enhance satellite image quality is critical for 

improving object detection accuracy in agricultural monitoring. Future studies should 

explore SR’s potential to address challenges posed by low-resolution or degraded imagery, 

particularly in resource-limited settings. 

Agricultural Applications: This study’s framework can serve as a foundational tool for 

precision agriculture, enabling applications such as crop health monitoring, yield estimation, 

and policy formulation. For instance, detecting citrus tree distributions at scale could inform 

sustainable land management and irrigation strategies. Integrating developed models with 

GIS technology can be a game-changer for farmers, agricultural organizations, and decision-

makers. This powerful combination provides valuable insights and tools to enhance decision-

making, improve crop management, and foster more sustainable agricultural practices. 
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Incorporating Various Data Sources: such as LiDAR for 3D structural analysis and 

multispectral imagery for vegetation health indices could expand the scope of agricultural 

insights. This integration would enable comprehensive assessments of tree vitality, stress 

factors, and productivity forecasts. 

Cross-Regional Validation: 

The proposed methodology should be tested across geographically and ecologically 

diverse agricultural regions to ensure generalizability. Validating the model’s adaptability to 

varying climatic conditions, tree densities, and soil types will strengthen its applicability for 

global agricultural monitoring. 

Consequently, the study can constitute an important reference for future studies by 

revealing the power and potential of deep learning models in object-oriented agricultural 

analyses. 
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