

  forests-14-00973




forests-14-00973







Forests 2023, 14(5), 973; doi:10.3390/f14050973




Article



Cost-Effective Aerial Inventory of Spruce Seedlings Using Consumer Drones and Deep Learning Techniques with Two-Stage UAV Flight Patterns



Eugene Lopatin *[image: Orcid] and Pasi Poikonen





Natural Resources Institute Finland, Luke, 80101 Joensuu, Finland









*



Correspondence: eugene.lopatin@luke.fi; Tel.: +358-50-390-5002







Academic Editor: Arturo Sanchez-Azofeifa



Received: 31 March 2023 / Revised: 19 April 2023 / Accepted: 6 May 2023 / Published: 8 May 2023



Abstract

:

Traditional methods of counting seedling inventory are expensive, time-consuming, and lacking in spatial resolution. Although previous studies have explored the use of drones for seedling inventory, a cost-effective and accurate solution that can detect and identify missing seedlings at a high spatial resolution using consumer drones with traditional RGB cameras is needed. This study aims to address this research gap by developing such a solution using deep learning techniques. A two-stage drone flight pattern was employed to collect high-resolution data (2.22 mm). Firstly, a flight was conducted at a 120 m altitude to generate an obstacle map. This map was then used to conduct a second flight at a 5 m altitude, avoiding collision with larger trees. Convolutional neural networks were used to detect planted spruce seedlings with high accuracy (mean average precision of 84% and detection accuracy of 97.86%). Kernel density estimation was utilized to identify areas with missing seedlings. This study demonstrates that consumer drones and deep learning techniques can provide a cost-effective and accurate solution for taking aerial inventories of spruce seedlings. The two-stage flight pattern used in this study allowed for safe and efficient data collection, while the use of convolutional neural networks and kernel density estimation facilitated the accurate detection of planted seedlings and identification of areas with missing seedlings.
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1. Introduction


Forestry is an important sector for the sustainable management of natural resources and the mitigation of climate change. However, obtaining an accurate inventory of all forest resources is a challenging task that requires frequent and precise measurements of trees, understory vegetation, and seedlings. Traditional forest inventory methods of taking seedling inventory are time-consuming and expensive, and often provide insufficient spatial resolution to accurately estimate the number and distribution of seedlings. Therefore, there is a need for innovative and cost-effective technologies to improve the accuracy and efficiency of taking forest inventories.



Finland’s economy is heavily reliant on forestry [1,2], making forestry a key driver of the bio-economy [3]. However, the country’s aging population [4,5], resulting from declining fertility rates and increasing life expectancy, is causing concern due to the potential for labor shortages and lower economic growth as older workers retire without enough young replacements. This is particularly significant in the forestry sector, which is experiencing a decline in the number of workers despite the value of manual work increasing. Therefore, there is a need to develop new, cost-effective methods for forest management [6], especially for inventorying seedlings.



In recent decades, the global forested area has decreased, creating a pressing need for forest restoration and regeneration. However, challenges, such as labor shortages and high costs, require innovative approaches to forest regeneration [7]. To maintain sustainable management practices following resource extraction, reliable and accurate monitoring of replanted forest areas is critical. Unmanned aerial vehicles (UAVs) can quickly survey newly planted forest areas using high-resolution imagery. By utilizing automated image-processing techniques, these technologies can examine large quantities of data cost-effectively. The combination of these technologies can efficiently create accurate maps of seedling locations, creating the potential for management practices in forestry and ecology operations that involve less fieldwork [8].



To combat soil erosion, flooding, and outbreaks of zoonotic disease while also mitigating climate change and supporting local communities, tree replanting is a crucial effort. However, many current methods for afforestation and reforestation (A/R) are not feasible over large areas due to limitations in time, manpower, energy, and nursery-based seedling production, making it imperative to explore new technologies and strategies to expedite and scale up A/R efforts [9].



Appropriate planting density and spatial distribution ensure sufficient space for each tree to grow, access resources, and reach its full potential in terms of growth and productivity. This promotes a healthy and productive forest with optimal tree size and biomass production, mitigating the negative impacts of deforestation and climate change. Forests act as carbon sinks, absorbing carbon dioxide from the atmosphere and storing it in biomass and soil. The proper planting density and spatial distribution of trees maximizes the carbon sequestration potential of forests and aids in combating climate change. Maximizing economic returns for forest owners can be achieved by planting trees at the appropriate density and spatial distribution. Overcrowding may lead to increased competition for resources, which reduces growth, while undercrowding can result in wasted space and decreased profitability. Planting forest seedlings at the proper density and spatial distribution can also attract a diverse range of plant and animal species. A healthy and diverse forest eco-system can support a variety of wildlife, including endangered and threatened species.



UAVs have recently gained popularity in the field of forestry due to their ability to collect high-resolution data quickly and accurately [10]. However, detecting and identifying individual seedlings from aerial imagery remains a challenge, especially in the presence of background vegetation. Deep learning algorithms have been shown to be effective in detecting and identifying objects in complex and cluttered environments, making them a promising approach for seedling detection in forest inventories [7,9,11].



Deep learning algorithms are a class of machine learning methods that are based on artificial neural networks with multiple layers. These algorithms are designed to automatically learn representations of data at increasing levels of abstraction, allowing them to extract useful features and patterns from raw input data. Deep learning algorithms are particularly well-suited for tasks that involve large amounts of data, as their ability to learn from these data can result in highly accurate predictions and classifications. Examples of deep learning algorithms include convolutional neural networks (CNNs), recurrent neural networks (RNNs), and deep belief networks (DBNs), among others [12].



Previous research has demonstrated the potential of utilizing convolutional neural networks for the detection of seedlings [8,11,13,14]. In addition, recent advancements in agriculture have highlighted the promising potential of neural networks for the detection of plants [15,16,17]. There are several potential benefits of using deep learning algorithms over non-machine learning methods, as follows:




	
Deep learning algorithms are capable of learning complex representations of input data, which can result in highly accurate predictions and classifications. This can be particularly beneficial in applications where the accuracy of the results is critical, such as plant detection in forest monitoring.



	
Deep learning algorithms can process large amounts of data quickly, which can be beneficial in applications where time is a constraint. This can allow for more frequent monitoring of forested areas, which can help detect changes in vegetation patterns over time.



	
Deep learning algorithms can be trained to detect vegetation automatically, without the need for human intervention. This can be particularly useful in large-scale monitoring applications where manual detection would be time-consuming and costly.



	
Deep learning algorithms can be trained to detect a wide range of features, including individual plant detection and the detection of competing vegetation. This flexibility can make them useful in a variety of forest monitoring applications in Finland and elsewhere.








Consumer drones present an opportunity to conduct low-cost, lightweight, and mobile inventorying of planted seedlings to assess the quality of planting work and evaluate density. The research gap in using consumer drones for spruce seedling inventories in Finland is due to the limited application of deep learning algorithms for seedling detection and identification in complex and cluttered environments. While previous studies have shown the potential of deep learning algorithms, particularly convolutional neural networks, in detecting seedlings, most of these studies were conducted in other geographic regions and may not be directly applicable to the conditions in Finland.



The advantage of consumer drones is their relatively small size, allowing forest managers to carry them in their pockets or backpacks while taking inventory of planted areas. The limitation of consumer drones is their low-resolution cameras, which limit their flying altitude. In order to achieve reliable seedling recognition, the altitude had to be around 5 m. The limited flying altitude of consumer drones creates a problem where drones can potentially crash into trees with heights higher than the flying altitude. One potential solution to overcome this limitation is to use two-stage drone flights. A two-stage drone flight pattern could be employed to collect very high-resolution data. Firstly, a flight could be conducted at high altitude to generate an obstacle map. This map could then be used to conduct a second flight at low altitude, avoiding collisions with larger trees.



While UAVs can rapidly survey newly planted forest areas using high-resolution imagery, detecting and identifying individual seedlings from aerial imagery remains a challenge, especially with the presence of background vegetation. Therefore, there is a need to explore and develop deep learning algorithms that are specifically trained for detecting and identifying spruce seedlings in the forested areas of Finland. Additionally, there is a need to investigate the feasibility and cost-effectiveness of using consumer drones for taking spruce seedling inventories, particularly in comparison with traditional seedling surveys.



The objective of this research is to develop a cost-effective solution for accurate inventory of spruce seedlings using consumer drones and deep learning techniques. The research also aims to make a valuable contribution to the field of forestry by demonstrating the potential of using two-stage UAV flights and deep learning algorithms for accurate and efficient forest seedling inventory.



The technical roadmap involved several steps, including drone data collection, field data collection, training the deep learning model, and kernel density analysis.




2. Materials and Methods


2.1. Study Area


The study was carried out in Kontiolahti, Finland, in the southern boreal forest zone (62.46° N, 29.57° E, 160–177 m above sea level), as shown in Figure 1. The study area was a clearcut where a spruce-dominated stand was harvested in 2015. In 2018, soil preparation was carried out, and 1.5-year-old Norway spruce seedlings (Picea abies) were planted to ensure the growth of a new generation of trees. The preparation of the soil involved patch mounding, which entailed excavating or hoeing a large hole in the soil and inverting the soil next to the hole. The seedlings were then planted on top of the raised soil mound. Patch mounding involves returning the soil to the exact same spot from which it was extracted. The distance between individual spruce seedlings for a planting density of 1800 plants per hectare was approximately 2.36 m. This distance varied due to variations in microtopography and the presence of trees and other natural obstacles, such as stones, older stumps, and dead trunks. The clear-cuts were covered by highly competitive herbaceous vegetation and shrubs typical for drained peatland.




2.2. Drone Data Collection


We obtained optical UAV data and generated orthoimagery for a 30 hectare study area in Kontiolahti. To collect the data, we conducted a drone flight using a DJI Mavic 2 Pro at an altitude of 120 m to create an obstacle map, and then at an altitude of 5 m to gather high-resolution data. The drone was equipped with a TOPODRONE DJI Mavic 2 Pro PPK Upgrade Kit [18], allowing for high-precision aerial surveying without the need for ground control points (GCPs). However, to calibrate the focal length of the camera and to check the quality of the positional accuracy, 12 GCPs were distributed in open, unobstructed locations over the study area and measured with a multiband Emlid REACH RS2+ RTK GNSS receiver [19] with a 1 cm accuracy [20]. The precise coordinates of the image centers were obtained in post-processed kinematic (PPK) mode after the images and logs from the TOPODRONE DJI Mavic 2 Pro PPK Upgrade Kit were combined in the TOPODRONE post-processing software [21].



For both altitudes, we employed a double-grid flight pattern using a consumer-grade UAV (DJI Mavic 2 Pro, Shenzhen, Guangdong, China) equipped with a Hasselblad L1D-20c RGB camera. The flights had an 80% overlap, a 70% sidelap, and a camera angle of 90 degrees. The flight at the 120 m altitude was automated using the Pix4Dcapture application, while the flight at the 5 m altitude was automated using UgCS Mission Planning [22].



On 13 May 2022, RGB images were collected for the flight at a 120 m altitude. The expected spatial resolution at nadir was 2.85 cm/pixel, and the expected positional accuracy was 5 cm. Additionally, images for the flights at a 5 m altitude were collected at a 2-week intervals, beginning on 14 May 2022 and concluding on 27 November 2022 when the area was covered by snow. A total of 15 flights at a 5 m altitude were conducted during 2022, with an expected spatial resolution of 2.22 mm/pixel at nadir.




2.3. Field Data Collection


To train the automatic algorithms to identify spruce seedlings, we created 34 circular sample plots (approximate radius 3.99 m, sample plot size 50 m2) within the study area and used a multiband RTK GNSS receiver [19] with centimeter precision to determine the exact locations of 939 spruce seedlings. The criteria for selecting plot locations were based on a random selection process within the study area, while ensuring an even distribution of plots across the entire study area. The number of planted and naturally regenerated seedling per plots varied from 8 to 16 (i.e., 1600–3200 seedlings/ha). An example of the distribution of spruce seedlings in four of the research plots is shown in Figure 2.




2.4. Drone Data Processing


The Agisoft Metashape Professional 1.8.4 (build 14,856) was used to process the UAV data using a structure-from-motion (SfM) workflow, which is a photogrammetric technique for estimating three-dimensional structures from two-dimensional image sequences. The image coordinates were imported from TOPODRONE post-processing software [21], and then the images were aligned. We performed bundle adjustment in the selected coordinate system (EPSG::3903: ETRS89/TM35FIN(N,E) + N2000 height) and built a dense point cloud (point density 18.2 points/m2) with default values of “Ultra high quality” and “mild” depth filtering. Orthomosaics were created based on the digital surface model derived from the dense point cloud and exported in the TIFF format (RGB, 2 cm/pixel). The average predicted ground control point error resulting from the SfM workflow was 7 cm horizontally and 8 cm vertically for the flight at a 120 m altitude. For the flight at 5 m, similar horizontal and vertical errors were observed. The DSM from the flight at a 120 m altitude was exported to UgCS software [22] for use in the subsequent drone flight at a 5 m altitude, taking into account the obstacles. We repeated the flights at a 5 m altitude and processed them using the same workflow as described above for the flights at a 120 m altitude.



We randomly divided the positions of the spruce seedlings recorded on the sample plots into a training dataset (50%), validation set (10%), and test set (40%). The datasets, in the form of point shapefiles, were used in training and testing the performance of seedling detection. The inputs were the shapefile of the field planting locations and the orthophoto layer. We carried out the training of the convolutional neural network deep learning model and object identification in ArcGIS Pro 3.0.4, using a single-shot detector for object detection [23]. The training samples were automatically generated using the buffered areas around each measured point location in the field. The following model parameters were used for training:




	
Batch size: 64;



	
Zooms: 1.0;



	
Ratios: 1.0, 1.0;



	
Chip size: 224;



	
Monitor: Valid_loss;



	
Backbone Model: Res-Net-34.








Results of the automatic spruce seedling detection were further analyzed with kernel density analysis in ArcGIS Pro to identify locations in need of additional planting. This analysis is a valuable tool for identifying hotspots, patterns, and trends in point data. In the context of forestry, it can be used to analyze the distribution of tree species or to assess the spatial pattern of planted seedlings. The kernel density tool creates a continuous surface that represents the density of point features by spreading each point’s influence across the surface using a kernel function. The kernel function defines the shape and size of the area of influence around each point, which determines the smoothness of the resulting density surface. The output of the kernel density analysis is a raster surface that displays the density values. The search radius was set to 5 m, the cell size was set to 0.1 m2, and the output cell values of the tool for densities are units of hectares.





3. Results


3.1. Smart Flight Planning for High-Resolution Data Collection Using UAVs


A two-stage flight pattern was developed for collecting very high-resolution data using a consumer drone. Initially, a flight was conducted at an altitude of 120 m to generate an obstacle map (Figure 3), which was then imported into UgCS software to conduct a flight at a 5 m altitude (Figure 4) to avoid any collision with larger trees. This technique enabled the creation of orthophoto mosaics with a spatial resolution of 2.22 mm (Figure 5).




3.2. Choosing the Optimal Time Period for Drone Flight to Improve Accuracy of Spruce Seedling Identification


To improve the accuracy of identifying spruce seedlings, we tested 10 different drone flights at a 5 m altitude on a monthly basis from April to November 2020. One of the challenges in detecting conifer seedlings from low-flying altitudes is the green colour of the background vegetation, including grasses, shrubs, and other tree species. Collecting multispectral data may overcome this issue, but, for this project, we aimed to develop a cost-effective solution using consumer drones. Thus, we selected periods when the background vegetation would not affect the seedlings’ detection or when the seedlings were not covered by snow. Based on the visual assessment of the orthomosaics and a meteorological data analysis, the best imaging time for taking seedling inventory in the Kontiolahti study area was in the spring, from the end of May to the beginning of June, when the background vegetation does not cover the seedlings. For taking conifer seedling inventory in the fall, the ideal period was from the end of September to the beginning of November, when snow does not cover the seedlings. If snow coverage occurs, seedling detection is only possible when the height of the snow is less than one-third of the seedlings’ height (i.e., 5 cm).




3.3. Using Convolutional Neural Networks to Automatically Detect Planted Spruce Seedlings in UAV Imagery


Figure 6 presents the training and validation loss of the spruce seedlings detection model. The model achieved an average precision score of 84% and was trained using 469 samples on a 12th Gen Intel(R) Core(TM) i9-12900HK 2.90 GHz with an NVIDIA GeForce RTX 3080 Ti Laptop GPU. The training process took 44 min. Once the model was trained, detection of the planted seedlings only took 2 min per image mosaic, as shown in Figure 7, which displays an orthophoto with a spatial resolution of 2.22 mm/pixel with spruce seedlings identified.



Out of the 375 seedlings in the test dataset, 367 seedlings were correctly detected, as verified by field observations, resulting in a detection accuracy of 97.86%. A visual assessment was conducted, but no incorrectly detected seedlings were found.




3.4. Detection of the Sites in Need of Additional Planting of Spruce Seedlings


The standard planting density for spruce seedlings in Finland is 1800 per hectare, with some sites having a density of up to 2200 per hectare but never lower than 1800. The seedlings are usually evenly distributed after soil preparation, but, in some areas, natural regeneration combined with artificial planting can increase density. To identify sites with missing seedlings and achieve the target planting density of 1800 per hectare, we used kernel density estimation. The results are presented in Figure 8, which shows an uneven distribution of the planted and naturally regenerated seedlings. Exceeding the target planting density would result in additional costs for the forest owner in terms of taking care of the young stand, while falling below the target could reduce the revenue from the land and the forest area’s capacity for carbon accumulation.




3.5. Comparing the Costs of Aerial Spruce Seedling Inventory Using Consumer Drones vs. Traditional Manual Field Inventory


Taking inventory of spruce seedlings is an essential task for forest managers to monitor the growth and health of their forests. Traditionally, this has been performed manually by field crews who walk through the forest, measuring and counting seedlings. However, recent advancements in drone technology have made it possible to perform an aerial inventory of spruce seedlings using consumer drones. Aerial inventories of spruce seedlings using consumer drones can cover a larger area of up to 30 hectares a day. This is achieved by using a drone equipped with a high-resolution camera, which can capture detailed images of the forest floor. From these images, it is possible to map up to 54,000 seedlings in a single day. The cost of this type of mapping is around EUR 300, which includes the bonus of a digital map showing the spatial distribution of the seedlings.



On the other hand, a traditional manual field inventory is limited to only 15 plots per day per person, with only 3000 randomly selected trees being measured. This method is time-consuming and labor-intensive, as a team of fieldworkers must walk through the forest and manually measure each seedling. Additionally, this method can be prone to errors, as human error and inconsistencies can occur when measuring and counting seedlings.



When comparing the costs of these two methods, aerial inventories using consumer drones are more cost-effective than traditional manual field inventories. Although the initial cost of purchasing a drone and training staff to operate it may seem significant, the long-term benefits and cost savings make it a worthwhile investment. With the ability to cover a larger area in less time, aerial inventories can help forest managers make better decisions about the health and growth of their forests, ultimately leading to increased productivity and profitability.





4. Discussion


The results of using the two-stage flight pattern for collecting very high-resolution data using a consumer drone are promising. By flying the drone at a higher altitude initially to generate an obstacle map, and then using that information to conduct a second flight at a lower altitude, the drone was able to avoid obstacles, such as larger trees, and collect very detailed data at a spatial resolution of 2.22 mm. This is a significant improvement in resolution compared to what can typically be achieved with a consumer drone.



The use of consumer drones for taking an aerial inventory of spruce seedlings is a more cost-effective and efficient method compared to traditional manual field inventories. With the ability to cover a larger area in less time, and the bonus of obtaining a digital map showing the spatial distribution of the seedlings, this method provides valuable insights for forest managers, ultimately leading to improved forest management practices.



The obstacle map generated at the higher-altitude flight allowed for safe flight at the lower altitude, which is essential for capturing fine details in the area of interest. The orthophoto mosaics created with this method can provide valuable information for a variety of applications, including agriculture, forestry, urban planning, and environmental monitoring.



It is important to note, however, that this approach may not be suitable for all areas and applications, as the success of the method is dependent on certain factors, such as the type of vegetation and the weather conditions. Nonetheless, this technique has the potential to enable high-resolution data collection in a cost-effective manner using consumer drones.



The results show that a seasonal approach to collecting drone imagery can significantly improve the accuracy of identifying spruce seedlings, particularly when considering the challenges of detecting them from low-flying altitudes due to the green colour of the background vegetation. The use of multispectral data may have been an alternative solution, but the project aimed to develop a cost-effective solution using consumer drones, making the selection of periods when the background vegetation would not affect the seedlings’ detection or when the seedlings were not covered by snow a viable option.



The results of the visual assessment and meteorological data analysis allowed for the identification of the best imaging time for taking seedling inventories in Finland. This information can be useful for forest managers wanting to optimize their operations and increase the efficiency of seedling inventorying. The approach can also provide an opportunity for cost-effective seedling detection, as it enables detection without the need for costly and time-consuming ground surveys.



The planted seedlings were not separated from naturally regenerated seedlings in this study due to age differences. However, it is important to use the possibility of separating these two types of seedlings in future research to assess the deep learning algorithm’s detection accuracy in each type. The performance of a deep learning algorithm for planted seedlings would be superior to that of naturally regenerated seedlings, but this assumption requires testing. Such research would provide a better understanding of the deep learning algorithm’s strengths and limitations in detecting different types of seedlings and would contribute to improving the accuracy and effectiveness of seedling detection in future studies.



The use of convolutional neural networks to detect planted spruce seedlings in UAV imagery proved successful, with an average precision score of 84% and a high detection accuracy of 97.86%. This result is comparable to a similar study carried out in Canada [13]. The training process was relatively fast, taking only 44 min, and once the model was trained, the detection of planted seedlings took only 2 min per image mosaic. This indicates the reliability and accuracy of the developed model. Overall, the use of convolutional neural networks in this study has shown great potential for automating the detection of planted spruce seedlings in UAV imagery, providing a cost-effective and efficient solution for forest inventory and management.



The results reveal an uneven distribution of planted and naturally regenerated spruce seedlings across the study area. The kernel density estimation technique was able to identify areas where the seedling density was lower than the standard planting density of 1800 per hectare. This information can be useful for forest owners to add additional seedlings to the identified areas to achieve the target planting density. On the other hand, exceeding the target planting density can result in additional costs for the forest owner to maintain the young stand. Furthermore, falling below the target density level can lead to a reduction in the revenue generated from the land and decrease the capacity of the forest area to accumulate carbon. Therefore, the results of this study provide valuable information for forest management and decision making, enabling forest owners to optimize planting density to achieve their goals while maximizing the benefits from their land.



The results of the study indicate that the two-stage flight pattern developed in this research is an effective method for collecting very high-resolution data using a consumer drone. By conducting the initial flight at a higher altitude to generate an obstacle map, and then conducting a lower altitude flight, the drone can avoid obstacles, such as larger trees, and collect very detailed data at a spatial resolution of 2.22 mm, which is a significant improvement compared to what can typically be achieved with a consumer drone.



The study also demonstrates the potential of consumer drones for the aerial inventory of spruce seedlings, providing a more cost-effective and efficient method compared to traditional manual field inventory. This method provides valuable insights for forest managers, ultimately leading to improved forest management practices. The results of the study also identify the best imaging time for UAV-based seedling inventory in Finland, which can be useful for forest managers to optimize their operations and increase the efficiency of taking seedling inventories.



The use of convolutional neural networks to detect planted spruce seedlings in UAV imagery also proved successful, with a high detection accuracy of 97.86%. The use of kernel density estimation helped to identify areas with missing seedlings, which is important for both economic and ecological reasons. The study demonstrates the potential of the two-stage UAV flight pattern and deep learning techniques for efficient and cost-effective seedling inventory, providing valuable insights for forest managers and decision makers.



The results of this study were compared to those of similar studies that focused on detecting coniferous seedlings from UAV imagery [13,24,25,26]. It was found that using two-stage flights and convolutional neural networks improved the detection rate to 97.96%. This is a significant improvement compared to previous studies, such as [24], which reported a seedling detection rate of only 75.8%.



The study has several limitations that should be considered. Firstly, the success of the two-stage flight pattern for collecting high-resolution data using a consumer drone is dependent on various factors, such as the type of vegetation and weather conditions, and this approach may not be suitable for all areas and applications. This limitation highlights that the method may not be applicable to other types of vegetation, and its success may depend on the weather conditions and the type of terrain. Secondly, while the seasonal approach for collecting drone imagery is cost-effective and efficient for identifying spruce seedlings, it may not work for all types of vegetation and may not be optimal for detecting other types of features. Thirdly, the use of convolutional neural networks to detect spruce seedlings is based on the availability of training data and may not be applicable to other types of vegetation or features. This limitation highlights that the method may not be suitable for detecting other types of vegetation or features. The study’s geographic scope is limited to Finland, and the results may not be generalizable to other locations.



Based on the results of the research on taking spruce seedling inventories using two-stage UAV flights and deep learning, future research could focus on the following areas:




	
Testing the proposed approach in different types of vegetation: The current study was conducted in a spruce forest, and it is important to investigate whether the approach can be applied to different types of vegetation with varying background colors.



	
Expanding the study to a larger area: The current study was conducted in a relatively small study area (30 ha), and it would be valuable to investigate whether the approach can be applied to larger areas and whether it is scalable.



	
Investigating the effect of weather conditions: The success of the two-stage UAV flight approach is dependent on favorable weather conditions. Future research could investigate the effect of different weather conditions on the approach’s success and determine whether it can be applied in areas with harsh weather conditions.



	
Investigating the use of other deep learning models: The current study used a convolutional neural network (CNN) to detect planted spruce seedlings. Future research could investigate the use of other deep learning models, such as recurrent neural networks (RNNs) and deep belief networks (DBNs), and then compare their performance with that of CNNs.



	
Investigating the application of the approach in other domains: The two-stage UAV flight approach and deep learning network can be applied in various domains, such as agriculture, environmental monitoring, and urban planning. Future research could investigate the application of this approach in these domains and compare its performance with traditional methods.



	
Investigating the use of other sensors: The current study used an RGB camera to collect UAV imagery. Future research could investigate the use of other sensors, such as hyperspectral, LiDAR, and thermal cameras to collect more information about the area of interest and improve the accuracy of the approach.









5. Conclusions


The two-stage UAV flight pattern developed in this study proved effective in collecting very high-resolution data for spruce seedling inventory. The technique of conducting an initial flight at a higher altitude to generate an obstacle map before conducting a lower altitude flight helped to avoid collisions with larger trees and allowed for the creation of orthophoto mosaics with a high spatial resolution of 2.22 mm. The study also identified the best imaging time for taking UAV-based seedling inventories in Finland, which was in the spring from the end of March to the beginning of June and from the end of September to the beginning of November in the fall. The use of convolutional neural networks to detect planted spruce seedlings in UAV imagery proved to be successful, with an average precision score of 84% and a high detection accuracy of 97.86%. The use of kernel density estimation helped to identify sites with missing seedlings, which is important for both economic and ecological reasons. The study demonstrates the potential of consumer drones and deep learning techniques for efficient and cost-effective seedling inventory.
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Figure 1. Map of the study area and established test plot. Background: unmanned aerial vehicle (UAV)’s red–green–blue (RGB) image mosaic from 120 m flying altitude, the study area location is marked by black dot. 
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Figure 2. Example of spruce seedling (red dots) distribution from four research plots. Background: unmanned aerial vehicle (UAV)’s red–green–blue (RGB) image mosaic from a 120 m flying altitude. 
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Figure 3. Orthophoto from a 120 m flying altitude overlayed with orthophotos from a 5 m flying altitude with marked locations of sample plots, red circles represent the designated circular sample plots. 
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Figure 4. Automatic flight plan for UAV data collection from a 5 m flying altitude, considering obstacles for drone operations prepared in UgCS software, green arrows illustrate the drone’s flight trajectories. 
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Figure 5. Subset from an aerial image from a UAV with spatial resolution of 2.22 mm per pixel showing the level of detail of a spruce seedling and the marked center of the sample plot. 
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Figure 6. Training and validation loss of the spruce seedlings detection model. 
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Figure 7. Orthophoto covering part of the study area with a spatial resolution of 2.22 mm/pixel, with spruce seedlings locations marked by red dots, identified through deep learning analysis of November data. 
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Figure 8. Kernel density map of the spruce seedlings (red dots) covering part of the study area. 
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