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Abstract

:

Wind energy is one of Brazil’s most promising energy sources, and the rapid growth of wind plants has increased the need for accurate and efficient inspection methods. The current onsite visits, which are laborious and costly, have become unsustainable due to the sheer scale of wind plants across the country. This study proposes a novel data-centric approach integrating semantic segmentation and GIS to obtain instance-level predictions of wind plants by using free orbital satellite images. Additionally, we introduce a new annotation pattern, which includes wind turbines and their shadows, leading to a larger object size. The elaboration of data collection used the panchromatic band of the China–Brazil Earth Resources Satellite (CBERS) 4A, with a 2-m spatial resolution, comprising 21 CBERS 4A scenes and more than 5000 wind plants annotated manually. This database has 5021 patches, each with 128 × 128 spatial dimensions. The deep learning model comparison involved evaluating six architectures and three backbones, totaling 15 models. The sliding windows approach allowed us to classify large areas, considering different pass values to obtain a balance between performance and computational time. The main results from this study include: (1) the LinkNet architecture with the Efficient-Net-B7 backbone was the best model, achieving an intersection over union score of 71%; (2) the use of smaller stride values improves the recognition process of large areas but increases computational power, and (3) the conversion of raster to polygon in GIS platforms leads to highly accurate instance-level predictions. This entire pipeline can be easily applied for mapping wind plants in Brazil and be expanded to other regions worldwide. With this approach, we aim to provide a cost-effective and efficient solution for inspecting and monitoring wind plants, contributing to the sustainability of the wind energy sector in Brazil and beyond.
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1. Introduction


The great challenge for the Brazilian energy sector is to expand its production capacity while maintaining a high share of renewable sources in the energy mix. One of the most critical factors is to guarantee its commitment to reduce greenhouse gas emissions (GHGs), established by the Intended Nationally Determined Contributions (INDC) [1] and in line with the Paris agreement ratified by Brazil in September 2016 [2]. Hydroelectricity has been the primary source of Brazilian energy and the main geopolitical energy strategy since the 1960s. Brazil has a notable advantage in having a hydroenergy base, a renewable, storable, and fundamental source for stability in meeting the country’s energy demand, especially because large plants are beneficial for regulating the demands at a reasonable time when the energy loads fluctuate. This development model made Brazil the nation most dependent on hydroelectric energy globally.



However, most potential hydropower sites have already been explored for energy generation, and new large-scale projects are predominantly in the Amazon region. This region imposes massive restrictions on constructing new hydropower plants in the country due to significant socioeconomic and environmental impacts, compromising fragile ecosystems and entailing high costs in the long term [3,4]. Recently, the Belo Monte project, with an installed capacity of 11.23 GW, illustrates the challenges of installing hydroelectric dams in the Amazon region. The project had a budget of US $13.1 billion and flooded an area greater than 7000 km2, presenting challenges for environmental [5,6,7,8] and socioeconomic mitigation [9,10] and demanding efforts in terms of population resettlement.



Therefore, ensuring energy security in the face of the country’s economic growth and maintaining a portfolio of renewable sources leads to a redirection of investments, efforts, and priorities for the decentralization of renewable technologies with an increase in the reliability of the supply of the electrical system and risk reduction. In this scenario, solar and wind energy acquire prominence in this reduction in hydroelectric participation and sustain a mostly renewable share in the mix as it is currently [11]. The hydroelectric source represented 83% of installed capacity at the beginning of the century, and the expectation is to reduce it to 46% by 2031, according to the Brazilian government’s Ten-Year Energy Plan (PDE-2031) [12]. Thus, the contribution of hydroelectricity in the last decade has gradually decreased for these new alternatives that have reached the gigawatt scale [13]. Moreover, relying on a single natural energy source brings security issues because these renewable energies are susceptible to climatic variations, with a possible need to activate thermoelectric plants to meet domestic demands [14,15]. Several studies point out this problem and analyze moments of the recent energy crisis in the country [13,16,17,18].



In addition, wind and solar energy allow a decentralized production closer to the consumer. Technological advances promote the constant reduction of generation costs, overcoming technical barriers and making these sources increasingly competitive due to economic gains and efficiency. Among the advantages of wind and solar energy systems are carbon-free energy sources with low environmental impact, the potential to mitigate greenhouse gas emissions, low operating and maintenance costs, high availability, the ability to strengthen the ends of the network, reduction of energy transmission losses, and increased overall efficiency of the electrical system [19]. Future projections of climate change show that in the 2030s and 2080s, there will be a decrease in rainfall for most of the Brazilian territory and an increase in solar irradiation, temperature, and wind speed compared to the previous century [20]. In this context, potential hydroelectric decreases, solar energy potential shows a slight increase, and wind energy shows a significant increase, reaching in some locations an increase in wind energy generation of more than 40% [20].



According to the Brazilian National Electricity Agency (ANEEL) data from the beginning of 2022, the number of wind power plants in operation was 809, with a granted power of 21.5 GW and supervised power of 21.4 GW, which represents 11.77% of the Brazilian energy mix. The number reaches 1190 units with a granted power of 34.9 GW from the wind farms under construction and construction not started. In Brazil, the Northeast region is the most promising and favorable for wind energy conversion due to adequate conditions, with high average wind speeds (>8.5 m/s) and a low level of turbulence throughout the year with a Weibull k factor greater than three [21]. Eight units are in the Northeast region, among the 10 states with the highest power granted in operation. The first three states are Bahia (6.5 GW), Rio Grande do Norte (5.9 GW), and Piauí (2.5 GW). Therefore, there has recently been a significant increase in wind energy exploration ventures.



Consequently, inspecting wind plant constructions is fundamental for the effectiveness and control of public policies. In Brazil, ANEEL is responsible for regulating the expansion of installed capacity and monitoring the progress of plant construction [22]. However, inspection occurs directly onsite by displacing qualified professionals at high costs. The expectation of wind energy growth tends to have many projects with low energy production, increasing the number of processes to be evaluated and urgently requiring process automation.



Thus, this research seeks to overcome three problems in the development of a system that helps the growing inspection process with significant savings and increased agility: (1) minimize the need for inspectors to travel to the construction sites by using remotely sensed data, (2) increase the accuracy of automatic mapping of wind farms employing segmentation techniques based on deep learning, and (3) wind power plants consist of small nonuniform objects in remote sensing images due to different blade positions and projected shadows, which establishes a high complexity in image-recognition results. The shades from wind power stations allow for increased detection area.



In a continental-sized country, periodic satellite images are a promising and low-cost tool for monitoring works in the electricity sector. Remote sensing studies for detecting infrastructure in the electricity sector have recently expanded, considering different energy sources. The use of remotely sensed data in solar energy mapping has shown a significant increase, such as urban photovoltaic solar panels [23,24,25,26,27], water photovoltaic [28] and photovoltaic solar plants [29,30,31], solar energy estimations [32,33,34], solar power plant site selection [35,36,37,38,39,40], and photovoltaic potential on building rooftops [41,42,43,44]. Remote sensing has also been widely used in analyzing the environmental changes in hydroelectric plants in their reservoirs and downstream of dams [3,45,46,47,48] and in maintenance of power line corridors [49,50,51,52,53]. On the other hand, wind farm detection studies are scarce, as they are small objects and require high-resolution images.



In digital image processing, a challenge is to achieve a highly accurate detection minimizing human activity, such as visual inspection and onsite visits. In this context, deep learning methods are the current state-of-the-art for image classification, especially with advances in convolutional neural networks (CNN), which allow the detection of small, medium, and high-level features [54,55]. In the electricity sector, pattern-recognition methodologies for solar panels have shown high efficiency, including studies by ANEEL [29].



Few studies used deep-learning strategies to map wind plants by using terrestrial-monitoring images [56,57,58,59]. Han et al. [59] detected wind power plants by using high-resolution Gaofen-2 fused images (with a spatial resolution of 0.8 m) and a CNN based on U-Net architecture, reaching an F1-score of 0.97. Manso–Callejo et al. [57] used aerial images and compared the U-Net and LinkNet architectures with various backbones (EfficientNet-b0, EfficientNet-b1, EfficientNet-b2, EfficientNet-b3, and SEResNeXt50), getting better results with the LinkNet-EfficientNet-b3 combination. An improvement of this research for the entire Spanish peninsular territory is presented by Manso–Callejo et al. [56], in which another multiclass recognition network classified turbines by their power capacity. In both studies developed by Manso–Callejo et al. [56,57], only the base is labeled, with no wind farm segmentation. Finally, Schulz et al. [58] used a Mask R-CNN on aerial photography images to detect decentralized renewable energies, including wind power plants. Unlike the approach of aerial or satellite images with top view, some other studies use lateral images of drones and deep learning methods for inspection analysis of imminent damage related to wind turbine blades [60,61]. In the cited studies, only one research [58] used a deep-learning segmentation method from aerial images to delineate all wind power plant features. The other studies used a single point to label each object, not configuring a segmentation task, which represents a significant gap in the use of segmentation strategies with orbital satellite images.



In addition, unlike other deep learning-based studies, this investigation focused on finding a cost-effective solution for ANEEL to conduct periodic surveys of the Brazilian territory (continental area) using free images. The solution to this problem was using China–Brazil Earth Resources Satellite (CBERS) 4A images with a resolution of 2 m, significantly worse than the aerial photographs (centimetric resolution) used in previous studies. In this context, the challenge for detection is the complexity of wind power plants combined with the reduced number of pixels representing them, belonging to the small object category (size < 32 × 32 pixels) [62,63]. Nowadays, advances and novelties in deep-learning studies either refer to data-centric or model-centric approaches. Due to the characteristics of previous studies, the most significant scientific gap is not the inaccuracy of the deep learning models but the creation of mechanisms of consistent labeling. The data-centric approach seeks to improve datasets to increase model performance, considering different strategies not limited to simply increasing the size of the datasets, such as including label reliability or incorporating detailed training data. For example, the representation of wind power plants considering only one point (a single pixel) is very difficult to maintain consistency from images with lower spatial resolution. Therefore, the solution to this small-object detection problem considered an alternative based on the data-centric approach, including the wind plant shadows to increase the mapped area and facilitate target detection. This alternative has already been used in other studies without deep semantic segmentation. Shen et al. [64] considered the shadow in monitoring wind plant constructions by using Chinese satellite GF-2 HD images and a Normalized Difference Vegetation Index (NDVI)-based method, including mask generation and interactive interpretation. Mandroux et al. [65] used dark shadows and bright hubs from wind plants for their detection in Sentinel-2 images by using adaptive thresholding.



This study aims to develop a low-cost system by using deep learning and free remote sensing images to monitor wind plants, reducing technical visits, and providing quick and accurate inspection information. The main contributions are as follows.



	
A novel data-centric approach is introduced, consisting of a new strategy of annotating wind plants (including the shadows and turbines), which increases the size of the objects, facilitating the recognition. In addition, this strategy allows the use of 2-m resolution images for small-object detection. Wind plants have a low representation in nadir images, but they present an extensive shadow due to their height, which facilitates indirect detection by deep learning methods.



	
A novel semantic segmentation dataset is introduced, the first considering CBERS-4A images covering the entire Brazilian territory. CBERS-4A presents the advantages of being free of charge and having a 2-m resolution for the panchromatic band. Thus, the inference procedure is much faster by only considering one band.



	
A novel semantic to instance segmentation conversion using geographic information system (GIS) software. The spatial distribution of wind farms, appearing sparsely without contacts between them, makes the polygonization of the semantic features create a specific identifier per instance, in addition to favoring the removal of noisy features based on the size of the objects.







2. Materials and Methods


The present research had the following methodological steps (Figure 1): (Section 2.1) data, (Section 2.2) deep learning approach, (Section 2.3) sliding windows using the best model, and (Section 2.4) semantic to instance conversion using GIS.



2.1. Data


2.1.1. Study Area Selection and Image Acquisition


The study areas include the main concentrations of wind farms across the Brazilian territory (Figure 2). In this context, this study covered a wide variety of landscapes, from coastal areas with the presence of dunes up to inland regions with different land cover. This research used the panchromatic images of the China–Brazil Earth Resources Satellite CBERS 4A sensor (2-m resolution), the sixth CBERS family satellite developed by the space technical cooperation between Brazil and China [66]. These images combine the advantages of free distribution (significant cost reduction) and high resolution from the panchromatic wide scan camera.



Other possibilities for high-resolution images, such as aerial surveys or using orbital satellites (GeoEye-1 (41 cm), WordView-2 (46 cm), WordView-3 (31 cm), WordView-4 (31 cm), Planet Labs (50 cm), QuickBird (61 cm), and IKONOS-2 (1 m)), would represent a significant increase in the cost of monitoring for a country with a continental extension. In addition, other sensors with free data (such as Sentinel-2 or Landsat-8) have difficulties detecting wind farms due to the low resolution. For example, Sentinel-2 images (10 m resolution) have limitations compared to the CBERS-4A image (Figure 3). This study used 21 CBERS 4A scenes throughout the Brazilian territory, incorporating various environments with wind plants. The CBERS 4A provides images with a periodicity of 31 days, bringing monthly updates to each region.




2.1.2. Annotations


The mapping of all wind plants used on-screen visual interpretation by using the CBERS 4A images as reference. Our proposed annotation approach considered the visual interpretation of the wind plant installation considered the following features: (1) foundation concrete, a circular base with a diameter of approximately 20 m; (2) wind turbines and blades that rotate the rotor with the force of the wind; and (3) the shadow areas. One of the most significant difficulties in the computer vision community is dealing with small objects, defined as elements with less than 322 pixels [67,68]. Although wind plants are a prominent object in height, they are not notable in remote sensing orbital images with a nadir view due to their reduced width. We provide an innovative approach by using the shadow features of the wind plants to facilitate its detection [64], which are usually undesirable in most detection problems as they hide the intended objects [69].




2.1.3. Deep Learning Samples


Orbital remote sensing images have extensive dimensions, requiring a subdivision into small patches. This study considered patches with 128 × 128 pixels, suitable for including the wind plant, its shadow, and a good portion of background elements. Each wind plant had at least one 128 × 128 sample, adding at least 20 samples with background-only information. Among the 21 CBERS-4A scenes, 14 were for training, three for validation, three for testing, and one for evaluating the sliding window procedure (Table 1). The final dataset included 4544, 257, and 220 patches for training, validation, and testing, respectively.





2.2. Deep Learning Approach


Instance segmentation models such as the Mask-RCNN [70] are the primary approach for recognizing individual objects at a pixel level. However, instance segmentation models for orbital remote sensing may present additional difficulties regarding semantic segmentation: (1) more structured information data requirement (e.g., COCO [68]); (2) increasing object detection parameters (e.g., anchor boxes) and procedures (e.g., ROI alignment); (3) image reconstruction by sliding windows becomes challenging; and (4) worse pixel metrics, especially for small objects. Because the wind farms and their shadows do not touch each other, it is simple to convert semantic features to instance features by using post segmentation methods [71,72]. We used semantic segmentation models to classify all input image pixels [73,74]. The models usually present a structure with contraction (extracting meaningful features) and extension (restoring the image dimension) paths. This study compared five state-of-the-art semantic segmentation architectures: U-Net [75], DeepLabv3+ [76], Feature Pyramid Network (FPN) [77], and U-Net++ [78]. Furthermore, the model evaluation considered three backbones: Efficient-net-B7 [79], ResNeXt-101 [80], and ResNet-101 [81]. The hyperparameters for all models were a learning rate of 0.0001, batch size of 20, and 100 epochs. Moreover, we used random horizontal and vertical flip for avoiding overfitting problems. The image processing used a computer equipped with an NVIDIA RTX 3090 and i9 processor for all experiments.




2.3. Sliding Windows Approach for Classifying Large Areas


The sliding window (SW) approach is commonly used in large-scale image segmentation. This approach involves dividing an image into smaller segments that are equivalent in size to the training samples, with an overlap area defined by the stride value. The stride value is the distance between the centers of the windows and determines the degree of overlap between them. During the classification process, the SW approach classifies the image in sequential frames, starting from the top left corner and moving toward the bottom right corner. The stride value is crucial in semantic segmentation, as it determines the accuracy of the result. A smaller stride value leads to a greater overlap area and better results, as it minimizes errors by averaging overlapping pixels [82,83]. However, it also increases the computational cost. This tradeoff between performance and computational cost is a common challenge when using SW approaches. This study evaluated four stride values (16, 32, 64, and 128) in an independent scene with a high concentration of wind power stations. This investigation helped us determine the optimal stride value that balances accuracy and computational efficiency.




2.4. Semantic to Instance Conversion by Using GIS


This study presents a novel approach to converting semantic to instance segmentation for wind farm monitoring. Our approach leverages the natural distance between wind farms to separate grouped objects, eliminating the need for traditional methods, such as those described in studies [71,72,84], which insert borders to isolate grouped objects. This results in faster and more accurate object counting and reduces the potential for individual recognition errors. Converting to GIS platforms (such as ArcGIS) provides a simple and effective way to handle the data and eliminate noisy predictions by limiting the polygon size, further increasing the accuracy of the results. By considering the shadows and turbines in our annotation strategy and utilizing the 2-m resolution images from the CBERS-4A satellite, the study provides a low-cost solution for monitoring wind plants, reducing the need for technical visits and providing quick and accurate inspection information. To remove noisy predictions, we eliminated polygons with areas below 350 m2 because the wind plants have an average of more than 800 m2.




2.5. Deep Learning Metrics


Most of the accuracy metrics of semantic segmentation models come from the confusion matrix. Because our problem is binary (background or wind plant), there are four possibilities: true positives (TP), true negatives (TN), false positives (FP), and false negatives (FN). In this regard, we assessed five metrics (overall accuracy, precision, recall, F-score, and intersection over union) from the confusion matrix to evaluate the quality of the deep learning models (Table 2).



Even though overall accuracy is a straightforward metric, in our scenario, it tends to be less informative because the objects represent a small portion of each image tile, showing a high percentage of true negatives. Precision and recall bring an interesting analysis of the results. However, both are not too informative alone, e.g., if the deep learning model predicts only one pixel as being a wind plant and this pixel is correct, the precision will be 100% and if the model predicts that all pixels are wind plants, the recall will be 100%. The F-score is the harmonic mean between precision and recall, which is much more informative. Finally, the IoU is the primary metric in most competitions because it considers both types of errors (FP and FN) while ignoring the TN. For all metrics, we used a threshold value of 0.5.



To evaluate the sliding windows approach, the ranking metrics that evaluate classifiers over variable thresholds are adequate, so we used precision area-recall under the curve (PR-AUC) and the receiver operating area under the curve (ROC AUC). Finally, we evaluated per-object metrics on the testing image, in which an object with an IoU greater than 0.5 was considered a TP.





3. Results


3.1. Model Evaluation and Comparison


Table 3 lists the results considering the different architectures and backbones. The IoU and F-score are usually the most appropriate in choosing the best model because they consider FP and FN errors. For both IoU and F-score, the best model used the LinkNet architecture with the Eff-B7 backbone, but the U-Net and U-Net++ models presented similar scores. DLv3+ and FPN presented more than a 3% difference in the best models from the other three. Interestingly, only three of the 15 models presented a recall score higher than the precision score. The accuracy analysis proves to be very misleading because most of the pixels are background, and most models presented very high scores near 100%.



Figure 4 shows examples from the test set for the best model (LinkNet with the Eff-B7 backbone). The results demonstrate that the models could understand distinct shadow representations, which is very accurate for mapping wind plants. Nonetheless, there are some spots in which the algorithm may present some errors. Figure 5 shows three examples of possible errors that may occur. The first row shows lookalike features, erroneously detecting a wind plant shadow. The second and third examples show discontinuity errors with relevance in the raster to polygon conversion due to the possibility of giving misleading results.



Table 4 lists the training period for each model and the inference time on a single 128 × 128 frame. For DeepLabv3+, U-Net, FPN, and LinkNet, the training period for a single epoch presented a similar behavior among the three backbones, in which Eff-B7 > X-101 > R-101. The U-Net++ had a higher training period for X-101 than the rest. Note that the overall behavior tends to be preserved, but changing the computer configurations may vary the results.




3.2. Sliding Window Results


Table 5 lists the results considering different stride values for the ROC AUC and PR-AUC scores. The scene presented 19,968 × 19,968-pixel dimensions, and varying the dimensions would directly affect the mapping time because the number of necessary iterations would change. This scene used a 128-pixel stride, which corresponds to no overlapping pixels, takes nearly 22 min to complete. The required time quickly escalates when reducing the stride. The time nearly quadruplicated when reducing the stride by two. Within those tests, the metrics keep climbing when reducing the strides. However, the improvement tends to get lower each time. Figure 6 shows some differences in predictions with distinct strides. The quality of the data segmentation improves by decreasing the stride, but the main information is knowing where the wind farms are. Thus, the stride choice for practical applications will depend on the types of errors present (such as continuity errors) and the computational resources.




3.3. Final GIS Representation


Figure 7 shows the final representation with the targets in shapefile format after the raster to polygon operation. Noisy representations are prevalent errors that, in this situation, would bring misleading results because we can estimate the number of wind power plants as the number of polygons. Noisy polygons are predominantly much smaller than those in wind farms. Wind farms average more than 900 m2, and errors are generally less than 350 m2. Thus, elimination using a size threshold value is a viable solution to avoid this type of error. To prove this case, Table 6 lists the per-object results, in which the accuracy is over 90%, showing the efficiency of the overall method. The elimination procedure significantly impacts this kind of analysis because the total number of eliminated noisy features was 1092, which would lower the presented metrics considerably and provide misleading results for inspection and decision-making. Another interesting result is the absence of false negatives, meaning that the deep learning algorithm detected all wind plants. The main errors were the false positives from similar features, including shadows and white objects. Figure 8 shows four examples of false positive errors, in which Figure 8A is an equivalent tower structure, and Figure 8B–D are preliminary constructions in the location of wind plants, which present similar designs and shadows. Some of the errors are difficult even for humans to identify.





4. Discussion


The discussion is subdivided into the main topics of novelties presented in this study: (Section 4.1) the importance of the application, (Section 4.2) the significance of the proposed data-centric approach, and (Section 4.3) the interpretation and comparison of the deep-learning results.



4.1. Importance of the Application and Dataset


The diversification of the Brazilian energy mix with renewable sources and the establishment of alternatives to hydroelectric plants are fundamental strategies to be in line with the commitment to reduce carbon emissions of the 2030 agenda and minimize the dependence on hydropower, which could bring energy security concerns in case of long periods of drought. In this sense, the expansion of energy production needed to meet future demands will rely on more decentralized and intermittent sources such as wind and solar. The construction of wind farms has increased significantly due to the vast resource of this natural source in the Brazilian territory and government actions to reduce the risk that allows a high power-generation capacity at competitive costs [85,86].



The recent prospect of accelerated growth in wind generation capacity makes it imperative that regulatory agencies invest in technological innovations that quickly satisfy regulatory demands. Technological improvement to obtain continuous inspection of works in progress or under concession is a crucial factor in increasing efficiency and effectiveness given the increasing number of processes, lack of ANEEL employees (particularly for inspection in rural areas), and the high degree of irregularities [22,87]. Therefore, the government and market players must be able to monitor the progress of the construction of new wind farms to guarantee investments and prospection of areas. Developing a technological system based on remote sensing images and deep learning establishes a vital tool and database capable of continuous monitoring that can improve inspection with reduced human work and promote other innovations in spatial analysis. In addition, ongoing surveillance based on free remote sensing data encourages investors to adhere and comply with the regulatory process and allows special attention to be given to disclosing information on investments in wind energy production. Spatial information, constantly updated and available for public consultation, allows the temporal evaluation of investments in infrastructure, favoring investors, community, and public agencies in planning significant decisions in the electricity sector. Therefore, this research establishes an automated pipeline solution for monitoring the construction of wind farms by using remote sensing and deep learning methods, achieving low costs, high frequency, and coverage of large areas.




4.2. Significance of the Data-Centric Approach


This study presented a novel data-centric approach to mapping wind plants by using deep learning. Unlike previous studies that rely solely on points for identifying wind turbines [56,57], our approach leverages semantic segmentation to achieve a more comprehensive target representation. Our approach offers several advantages over traditional point-based methods, as follows.



	
Detailed Object Assessment: By using semantic segmentation to delineate the features of wind turbines, we can gather more information about the object, allowing for a broader range of future studies, such as the proper identification of different stages of wind plant construction.



	
Consistent Annotation Pattern: Our approach ensures a more consistent pattern in the annotations, leading to more accurate results. Point-based approaches can be unpredictable and reduce the model’s ability to generalize.



	
Easy Conversion to Points: Our pipeline includes transforming predictions into vectors, making it easy to convert the segmentation results into points. However, the reverse application is not possible. For example, we have created a point shapefile for each target by using GIS software (Figure 9).



	
Robust Dataset: Our annotation pattern is more understandable for other researchers and helps increase the robustness of the dataset. Point-based methods can be prone to error, but our approach avoids this problem by considering the entire object.



	
Leveraging Shadows: Our approach leverages the shadow cast by wind turbines, which is often an undesired feature, as one of the main features for our annotations. By doing so, we reduce the possibility of predicting noisy features and improve the accuracy of the results.






Moreover, our approach stands out by integrating semantic segmentation and GIS to obtain instance segmentation results, offering a significant advantage over traditional methods. Creating instance segmentation datasets has always been challenging due to the complex annotation format and the demanding sliding window mechanism, which requires precise bounding boxes and instance-level predictions. The proposed method simplifies the process, allowing for a decrease in the stride value to obtain more accurate results but with increased processing time. Additionally, the GIS environment enables noisy feature removal based on the polygon size. In the present case, the elimination of polygons with areas below 350 m2 achieved an accuracy per object of 90%. This noise removal highlights our solution’s efficiency and customization capabilities, making it an effective alternative to traditional methods. Moreover, GIS facilitates the analysis and interpretation of results in polygon and georeferenced format, presenting a more robust ability to understand them on an interactive display.




4.3. Interpretation and Comparison of the Deep Learning Results


This remote sensing application uses deep-learning architectures to detect wind farms by establishing an extensive database containing a wide distribution in tropical scenarios for semantic segmentation. There is great importance in elaborating a new dataset, and this study proposes the first deep-learning dataset for wind energy in the Brazilian territory to be publicly available. Unlike the wind turbine dataset developed by Manso–Callejo et al. [56], which considered high-resolution aerial photography images, the present study developed the first database with orbital images with continuous labels.



This study does not propose any novelties in deep learning architectures. However, we thoroughly analyzed state-of-the-art methods to verify the differences in performance and choose the best model that suits our data. The results of the different CNN models reached a high accuracy, in which the best model was the LinkNet architecture with Eff-B7 backbone. However, the U-Net and U-Net++ models using the Eff-B7 backbone obtained close accuracy metrics. These results show that the choice of the deep learning architecture and backbone is less important than assuring the data quality. In agreement with our results, Han et al. [59] also presented better results for the LinkNet architecture. Our findings differ from Manso-Callejo et al. [57], in which the best result was using the LinkNet with the Eff-B3 backbone, and Manso-Callejo et al. [56], in which the best result was using the LinkNet with the Eff-B2 backbone. It is worth mentioning that none of those studies tested the Efficient-net-B7 backbone. A possible reason is the additional computational resources needed because the Efficient-net-B7 has around 63 million parameters, Efficient-net-B3 has 10 million, and Efficient-net-B0 has four million, showing that some state-of-the-art models require robust computational resources, and their training may not be possible.





5. Conclusions


This research aimed to create a comprehensive pipeline to detect and monitor the construction of wind power plants in the Brazilian territory by using deep learning, remote sensing images with free distribution (CBERS-4A), and GIS technologies. Formulating a low-cost and efficient solution for continuously monitoring the execution of the works is a significant advance for ANEEL, avoiding the survey in the field. The database covered the entire Brazilian territory, offering an extensive resource with several intraregional characteristics applicable to training new models or detecting wind farms in other regions through transfer learning. In addition, the study proposes the following contributions: (a) a new data-centric approach, (b) the use of semantic segmentation and GIS to obtain instance-level predictions, and (c) a new easy-to-replicate annotation pattern. The LinkNet architecture with EfficientNet-B7 backbone obtained the best results among 15 evaluated models. Elaborating large images from deep learning frames (128 × 128 pixels) used the sliding window method with different stride values (16, 32, 64, and 128 pixels) to assess the tradeoff between performance accuracy and computational time. The conversion of semantic segmentation to instance segmentation based on the polygonization of the segments and treatment in a GIS environment allowed a simple identification and counting of the wind power plants and filtering of eventual noises by the polygon size. For future studies, exploring other deep learning architectures and backbones would be beneficial to improve the model’s performance further and consider incorporating other mechanisms, such as incrementing the dataset with more images from different places. Additionally, it would be interesting to examine the scalability of the proposed pipeline in different countries with varying landscapes and wind plant configurations.
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Figure 1. Methodological flowchart. The numbering corresponds to the subtopics of the section. 
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Figure 2. Location of all 21 CBERS 4A scenes used in this study. 
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Figure 3. Example of the shadows produced by the wind plants considering Sentinel (a–c) and CBERS 4A images (a1,b1,c1). 
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Figure 4. Image patches from the test set considering the original CBERS 4A image, ground truth, and deep learning prediction. 
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Figure 5. Image patches from the test set considering the original CBERS 4A image, ground truth, and deep learning prediction. The spots in red are highlighted areas that show in more detail the areas with errors. 
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Figure 6. Differences in the results from the sliding windows approach using different stride values, in which (A–C) are three CBERS-4A images, (A1–C1) are the predictions using a stride of 128, and (A2–C2) are the predictions using a stride of 16. 
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Figure 7. Results using GIS software, and three zoomed areas (A–C), in which the different colored objects represent different instances from wind plants. 
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Figure 8. Four error examples (A–D) in the final classification. 
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Figure 9. Mapping of the wind plants with three zoomed areas (A–C) considering point shapefile representation. 
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Table 1. Dataset information considering the state, location (latitude and longitude), number of wind plants, number of patches, and the set (train, validation, test, or sliding windows (SW)). The dataset considered the following Brazilian states: Bahia (BA), Ceará (CE), Piauí (PI), Rio Grande do Norte (RN), Rio Grande do Sul (RS), and Rio de Janeiro (RJ).
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	State
	Location
	# of Wind Plants
	# of Patches
	Train/Val/Test





	BA
	42°40’48.852” W 14°4’17.174” S
	407
	656
	Train



	BA
	41°27’37.008” W 11°51’22.643” S
	113
	290
	Train



	BA
	41°15’58.126” W 11°2’6.711” S
	250
	228
	Train



	BA
	42°35’57.95” W 14°24’38.101” S
	303
	377
	Train



	BA
	41°23’53.288” W 10°31’20.718” S
	225
	251
	Train



	BA
	40°42’49.748” W 7°40’6.644” S
	270
	288
	Train



	CE
	39°42’39.391” W 3°4’52.63” S
	174
	250
	Train



	CE
	39°19’57.904” W 3°16’45.851” S
	233
	315
	Train



	PI
	41°32’16.008” W 8°39’0.225” S
	309
	323
	Train



	RJ
	41°4’37.302” W 21°34’28.83” S
	18
	45
	Train



	RN
	36°26’53.947” W 5°14’40.991” S
	203
	285
	Train



	RN
	35°55’58.156” W 5°20’52.179” S
	818
	836
	Train



	RS
	53°19’10.675” W 33°35’48.462” S
	305
	340
	Train



	RS
	49°35’52.656” W 28°27’51.075” S
	60
	60
	Train



	BA
	40°58’22.055” W 10°5’0.823” S
	113
	124
	Validation



	PB
	36°43’49.184” W 6°58’1.276” S
	59
	101
	Validation



	RS
	52°13’4.441” W 32°13’40.063” S
	32
	32
	Validation



	PI
	40°37’23.185” W 7°59’46.973” S
	98
	118
	Test



	RN
	36°12’37.606” W 5°44’52.836” S
	53
	62
	Test



	RS
	52°21’33.646” W 32°25’18.929” S
	40
	40
	Test



	RN
	37°2’11.031” W 5°7’59.359” S
	382
	-
	SW test
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Table 2. Accuracy metrics used in this study, in which TP, TN, FP, and FN represent true positives, true negatives, false positives, and false negatives, respectively.
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	Metric
	Equation





	Overall accuracy
	     TP + TN   TP + TN + FP + FN     



	Precision
	     TP   TP + FP     



	Recall
	     TP   TP + FN     



	F-score
	     2    ×       Precision   ×   Recall        Precision + Recall       



	Intersection over union (IoU)
	     TP   TP + FP + FN     
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Table 3. Accuracy, precision, recall, F-score, and intersection over union (IoU) metrics for the DeepLabv3+ (DLv3+), U-Net, LinkNet, Feature Pyramid Network (FPN), and U-Net++ architectures and Efficient-net-B7 (Eff-B7), ResNeXt-101 (X-101), and ResNet-101 (R-101) backbones.
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	Architecture
	Backbone
	Accuracy
	Precision
	Recall
	F-score
	IoU





	DLv3+
	Eff-B7
	99.58
	79.61
	79.77
	79.69
	66.24



	
	X-101
	99.57
	78.01
	79.96
	78.97
	65.25



	
	R-101
	99.56
	79.01
	78.11
	78.56
	64.69



	U-Net
	Eff-B7
	99.63
	83.13
	80.31
	81.69
	69.05



	
	X-101
	99.63
	85.17
	77.60
	81.21
	68.36



	
	R-101
	99.61
	81.99
	78.94
	80.44
	67.28



	LinkNet
	Eff-B7
	99.66
	84.30
	82.55
	83.41
	71.55



	
	X-101
	99.62
	82.99
	79.04
	80.97
	68.02



	
	R-101
	99.62
	82.39
	79.74
	81.04
	68.13



	FPN
	Eff-B7
	99.59
	80.28
	79.20
	79.73
	66.30



	
	X-101
	99.58
	79.11
	79.39
	79.25
	65.63



	
	R-101
	99.58
	80.41
	78.46
	79.42
	65.87



	U-Net++
	Eff-B7
	99.64
	83.86
	80.74
	82.27
	69.88



	
	X-101
	99.63
	85.17
	77.60
	81.21
	68.36



	
	R-101
	99.61
	81.99
	78.94
	80.44
	67.28
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Table 4. Training period (in seconds), and inference time (in milliseconds) considering a computer equipped with an NVIDIA RTX 3090 (24 GB RAM) with an i9 processor for the DeepLabv3+ (DLv3+), U-Net, LinkNet, Feature Pyramid Newtork (FPN), and U-Net++ architectures and the Efficient-net-B7 (Eff-B7), ResNeXt-101 (X-101), and ResNet-101 (R-101) backbones.
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	Architecture
	Backbone
	Training Period (s)
	Inference Time (ms)





	DLv3+
	Eff-B7
	65
	42.98



	
	X-101
	40
	21.58



	
	R-101
	23
	14.50



	U-Net
	Eff-B7
	58
	48.17



	
	X-101
	40
	23.16



	
	R-101
	28
	16.44



	LinkNet
	Eff-B7
	62
	44.44



	
	X-101
	38
	22.82



	
	R-101
	29
	16.98



	FPN
	Eff-B7
	60
	44.77



	
	X-101
	37
	23.27



	
	R-101
	27
	16.81



	U-Net++
	Eff-B7
	64
	43.30



	
	X-101
	65
	21.81



	
	R-101
	48
	16.62
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Table 5. Receiver operation characteristic (ROC AUC), precision-recall area under the curve (PR AUC), intersection over union (IoU), and mapping time using different stride values.
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	Stride 16
	Stride 32
	Stride 64
	Stride 128





	ROC AUC
	98.23
	97.96
	95.94
	94.03



	PR AUC
	87.22
	85.41
	82.27
	71.68



	IoU
	69.38
	68.95
	66.28
	60.78



	Mapping time (hr:min:sec)
	22:01:21
	5:30:20
	01:22:32
	00:21:58
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Table 6. Per-object metrics considering the true positives, false positives, false negatives, and overall accuracy.






Table 6. Per-object metrics considering the true positives, false positives, false negatives, and overall accuracy.





	Metric
	Result





	True Positives
	369



	False Positives
	37



	False Negatives
	0



	Accuracy
	90.88
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