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Abstract: Unmanaged forest ecosystems play a critical role in addressing the ongoing climate and biodiversity 

crises. As there is no commercial interest in monitoring the health and development of such inaccessible 

habitats, low-cost assessment approaches are needed. We used a method combining RGB imagery acquired 

using an Unmanned Aerial Vehicle (UAV), Sentinel-2 data and field surveys to determine the carbon stock of 

an unmanaged forest in the UNESCO World Heritage Site wilderness area Dürrenstein-Lassingtal in Austria. 

The entry-level consumer drone (DJI Mavic Mini) and freely available Sentinel-2 multispectral datasets were 

used for the evaluation. We merged the Sentinel-2 derived vegetation index NDVI with aerial photogrammetry 

data and used an orthomosaic and a Digital Surface Model (DSM) to map the extent of woodland in the study 

area. The Random Forest (RF) Machine Learning (ML) algorithm was used to classify land cover. Based on the 

acquired field data, the average carbon stock per hectare of forest was determined to be 371.423 ± 51.106 t of 

CO2 and applied to the ML-generated classification. An overall accuracy of 80.8% with a Cohen’s kappa value 

of 0.74 was achieved for the land cover classification, while the carbon stock of the living Above-Ground 

Biomass (AGB) was estimated with an accuracy within 5.9% of field measurements. The proposed approach 

demonstrated that the combination of low-cost remote sensing data and field work can predict above-ground 

biomass with high accuracy. The results and the estimation error distribution highlight the importance of 

accurate field data. 

Keywords: UAV; Sentinel-2; RGB imagery; NDVI; random forest; carbon storage capacity; near-

natural forest; wilderness area; Austria 

 

1. Introduction 

Unmanaged forests are critical for climate change mitigation and biodiversity conservation, but 

monitoring these often-inaccessible areas requires cost-effective approaches [1]. They are a refuge for 

endangered species and absorb significant amounts of carbon dioxide (CO2) from the atmosphere [2]. 

In Europe, less than 3% of the entire woodland can be described as primary or old-growth forest [3]. 

The ongoing climate crisis, deforestation and loss of biodiversity have increased the attention paid to 

these habitats [3]. Until a few years ago it was believed that old-growth forests stop accumulating 

carbon as soon as they have reached a certain age and become carbon neutral [1]. This widely 

accepted assumption was mainly based on data from a single site researched by Kira et al. [1,4] and 

was first challenged by Luyssaert et al. [1] in 2008. Recent discoveries suggest that the carbon storage 

capacity of unmanaged near-natural forests has been underestimated for decades [1,5–8]. If 

protection and restoration measures were taken, global forests would have the potential to store 

additional 226 Gt of carbon in areas with low human influence [5]. As this can only be achieved in 

intact ecosystems, these environments are becoming increasingly relevant for meeting global climate 

and biodiversity goals [5]. Considering and monitoring the carbon storage capacity and the condition 

of old-growth and unmanaged forests becomes vital for understanding the influence of climate 

change on the carbon sequestration of woodlands [9]. As global warming will affect the carbon stock 

of forests in the next few years, we need to know the exact state of these habitats [9,10]. 
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Knowledge about the current condition of primary and mature unmanaged forests in Europe is 

poor [11]. Near-natural forests in Europe are in remote and often inaccessible terrain. This 

inaccessibility has always been the main factor that has ensured the survival of these habitats. Due to 

the difficult terrain, it is very challenging to carry out extensive in-situ measurements. Because of 

their spatial isolation, these woodlands are of no commercial interest. Their remoteness further limits 

the time and budget available for conventional assessments. Innovative low-cost monitoring 

techniques allow to assess the condition and the extent of primary and unmanaged near-natural 

forests [12]. 

Remote sensing is a potent alternative or at least a complement to traditional forest inventories 

in estimating Above-Ground Biomass (AGB). As there is no commercial interest in most primary and 

near-natural forests, the method needs to be budget-friendly. Most studies about near-natural forests 

resort to conventional remote sensing forestry methods [11]. Established approaches use Airborne 

Laser Scanning (ALS), multispectral satellite imagery or Unmanned Aerial Vehicle (UAV) imagery 

and focus on the estimation of AGB and its correlation with the carbon storage capacity of the whole 

trees [13–18]. The remote sensing approaches discussed herein aim to solely quantify the AGB of the 

areas studied, as the findings from Neumann, Echeverria [19] imply that the approximation of the 

carbon sink capacity of deadwood is highly complex and requires further research. 

ALS data is regularly used to determine the structural parameters of forests. With its unique 

ability to penetrate existing vegetation, it can be used to generate a three-dimensional model of the 

scanned woodland. Combined with high-resolution multispectral imagery, this approach provides 

detailed information about the structure of forests [11]. ALS is capable of approximating the AGB 

with high accuracy even in dense forests. [21]. However, combining ALS data with high-resolution 

multispectral imagery is expensive and requires various hard- and software resources to process the 

acquired information [11]. 

In contrast to ALS and high-resolution multispectral imagery, the acquisition of visible light 

(RGB) images is more efficient. Advancements in UAV technology have made high-resolution RGB 

imagery more affordable and have improved the technology’s availability. The lack of additional 

bands makes the classification of different types of land cover using this type of sensor spectrally less 

accurate and represents a significant shortcoming of this technology. Furukawa, Laneng [20] have 

proved that UAV derived RGB imageries are nevertheless viable to monitor vegetational changes. 

In recent years, multispectral satellite imagery has been used to monitor unmanaged and near-

natural forests on a large scale. Spracklen and Spracklen [21] demonstrated that Sentinel-2 images 

can be used to detect European primary forests with high accuracy. The biggest advantages of this 

technology are its availability and scalability, as it is viable for monitoring woodlands on a 

continental scale. Due to its comparably low resolution, it cannot be used to detect smaller changes 

in the existing vegetation [22]. 

New findings suggest that the combination of high-resolution RGB imagery, multispectral 

satellite imagery, Digital Surface Models (DSM) and supervised Machine Learning (ML) can be used 

to detect tree canopy cover with high accuracy [23,24]. In recent years, the Random Forest (RF) 

algorithm has been increasingly recognized in the field of remote sensing [5,13,25–28]. This 

supervised ML method delivers more robust results when evaluating multidimensional datasets than 

its competitors [25,26]. RF has been used in numerous remote sensing studies and applications, as 

well as to detect and monitor old-growth and near-natural forests [5,13,21,25–28]. 

When combined with remote sensing techniques, in-situ measurements are only required for 

initial calibration and validation purposes when assessing woodlands [13]. This principle also applies 

to carbon stock estimations derived from remote sensing data [29]. As there is hardly any detailed 

information on the condition and extent of unmanaged forests, the combination of sample field 

surveys and remote sensing techniques is a viable approach to monitor these habitats in a time-

sensitive manner [16]. 

This study proposes a low-budget approach to approximate the carbon stock of unmanaged 

forests in remote locations using a combination of UAV RGB imagery, multispectral satellite imagery 
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and field data. In-situ measurements are used to determine the carbon storage capacity of the live 

tree biomass per square meter (m²) and assess the accuracy of the approximation. 

In summary, the main objective of this study is to propose a low-budget approach to estimate 

the carbon stock of unmanaged forests in inaccessible areas combining field data and remote sensing 

techniques. The carbon storage capacity of the live tree biomass is estimated based on the sample 

data derived from the in-situ measurements. Lastly, the estimated storage capacity is validated 

against the results of a conventional field-based inventory. 

2. Materials and Methods 

2.1. Study Area 

The study area is located in the UNESCO World Heritage Site wilderness area Dürrenstein-

Lassingtal [30] in Austria. Situated in the province of Lower Austria, this protected site includes the 

largest remaining old-growth forest of the European Alps. Since the establishment of the wilderness 

area in the years 1997 to 2001 (since 2003 IUCN Ia + Ib), the area’s existing forests have remained 

unmanaged. Due to legal restrictions, the area of interest is not located in a virgin forest. The study 

area is at the center of the wilderness area and covers roughly 5.76 ha. It is surrounded by mountains 

and lies between 700 and 750 m above sea level. In the area of interest (Figure 1, different types of 

unmanaged and near-natural forests, grassland and bare gravel can be found. 

 

Figure 1. Map of the study area. 

2.2. Field Data 

As there is no internationally standardized approach to establishing forest inventories (NFIs) in 

Europe, the here described methodology tries to strike a balance between the different methods 

[11,31]. For the sample plots, circular plots with a minimum size of 0.03 ha were defined. To select 

the survey plots, a fishnet of 20 x 20 m was laid over the study area. Each cell that is covered by 

woodland was marked as forest. Only sections with at least 30% tree cover were marked [32]. Ten 
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sample plots were randomly distributed across the defined woodland. Figure 2 shows the locations 

of the sample plots [12]. 

 

Figure 2. Sample plots for the in-situ measurements. 

The in-situ measurements were carried out on three days in September 2023 relying on well-

established forest monitoring techniques [11]. We used the software ArcGIS Field Maps 

(Environmental Systems Research Institute, Inc., Redlands, California) to document the parameters 

height (H), diameter at breast height (DBH), species and location for every tree [15]. Every tree with 

a DBH of more than 1 cm was measured. Height values were derived using a Forestry Pro II laser 

ranger (Nikon Corporation, Tokyo, Japan), while the diameter at breast height was measured using 

a tree caliper at a stem height of 130 cm. The species of the sampled trees was determined on site by 

professional foresters and experts. As the study area is located at the bottom of a valley and 

overshadowed by mountains, we did not use the Global Navigation Satellite System (GNSS) 

localization feature of Field Maps. The central points of the in-situ plots were located using a print of 

a high resolution orthophoto and the position of the corresponding point [16]. In total, we recorded 

511 trees in the field survey. 

2.2. Remote Sensing Data 

2.1.1. RGB UAV Imagery 

For the acquisition of the high-resolution RGB imagery, we used a DJI Mavic Mini (SZ DJI 

Technology Co., Shenzhen, China). Based on its specifications (Table A1), the Mavic Mini consumer 

grade quadcopter can be categorized in the entry-level segment, as it is equipped with a 12 Megapixel 

RGB sensor. It provides a cost-effective solution for capturing aerial imagery. 

Aerial images of the study area were acquired on August 4th, 2023. The Drone Link Premium 

(Dronelink LLC, Austin, USA) software was used to set the flight parameters. To ensure a ground 

sampling distance below 5 cm, the flight altitude was set to 100 m above the starting point. The Drone 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 September 2024 doi:10.20944/preprints202409.0536.v1

https://doi.org/10.20944/preprints202409.0536.v1


 5 

 

Link version used does not include a terrain follow option [33]. A total area of 7.6 ha was covered 

with a front overlap of 90% and a side overlap of 70% [34]. During the acquisition, the camera pitch 

was permanently set to 90° to ensure a certain amount of overlap per picture [35]. On the day of flight 

187 images were obtained. Due to the poor GNSS reception, we used no Ground Control Points 

(GCPs) [36]. 

2.1.2. Multispectral Satellite Imagery 

A cloud free multispectral image of the study area was acquired using the Sentinel-2 L2A (Level 

2A data) data catalog. The selected image was taken on August 13th, 2023, and displays no significant 

changes in land coverage compared to the drone flight on August 4th. Sentinel-2 datasets consist of 

13 different spectral bands with different resolutions [37]. For this study, only the channels red (Band 

4) and near-infrared (Band 8), both with a spatial resolution of 10 m, were used [38]. 

2.2. Data Analysis 

2.1.2. Live Tree Above-Ground Biomass (ABG) 

For each sample plot, the live tree above-ground biomass was estimated based on the measured 

tree parameters. For most of the species found in the study area the stem wood volume was 

determined using Denzin’s standard formula [39]. Equation 1 can only be interpreted as an estimate 

of the actual AGB, as it was designed to be an approximation [41]. 

𝑉 =
𝐷𝐵𝐻2

1000
 (1) 

For the tree species European Spruce (Picea abies), Common Beech (Fagus sylvatica), and 

European Larch (Larix decidua), the improved formula described by Denzin [39] was used. Table 1 

shows the parameters used for the improved volume calculations. 

𝑉𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑑 = 𝑉 + (𝑉 ∗ (𝐻 − 𝐻𝑛𝑜𝑟𝑚𝑎𝑙) ∗ 𝑉𝑐𝑜𝑟𝑟) (2) 

Table 1. Volume correction according to Denzin. 

Tree species Normal height (Hnormal) [m] Volume correction per meter (Vcorr) [%] 

European Spruce 19 + 2*DBH [dm] 4 

Common Beech 25 3 

European Larch 17 + 3*DBH [dm] 5 

2.1.2. Carbon Stock 

To calculate carbon storage capacity, the different tree species were divided into two categories: 

coniferous and deciduous. The stem volume of each group was summarized for every individual 

field plot. Firstly, the determined wood volume was converted from the metric unit cubic meter (m³) 

to dry mass tons (t dm). The conversion factors for each wood category can be found in Table 2. To 

calculate the mass of the whole tree, including leaves, needles, branches and roots, the stem volume 

was multiplied with the average expansion ratio factor. Based on the whole biomass of the tree, the 

corresponding carbon storage capacity was determined [40]. To determine the carbon dioxide storage 

(CO2) capacity, the carbon stored in the evaluated biomass was multiplied with the commonly used 

factor of 3.67 [41,42]. Equation (3) and (4) illustrate the calculation of the summarized conversion 

factors based on Austria’s National Inventory Report [40]. 

𝑓𝑎𝑐𝑡𝑜𝑟𝑐𝑜𝑛𝑖𝑓𝑒𝑟𝑜𝑢𝑠 = 𝑡𝑑𝑚𝑠𝑡𝑒𝑚 ∗ 𝑡𝑑𝑚𝑡𝑟𝑒𝑒 ∗ 𝐶 ∗ 𝐶𝑂2 = 1.13 (3) 

𝑓𝑎𝑐𝑡𝑜𝑟𝑑𝑒𝑐𝑖𝑑𝑢𝑜𝑢𝑠 = 𝑡𝑑𝑚𝑠𝑡𝑒𝑚 ∗ 𝑡𝑑𝑚𝑡𝑟𝑒𝑒 ∗ 𝐶 ∗ 𝐶𝑂2 = 1.55                        (4) 

 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 September 2024 doi:10.20944/preprints202409.0536.v1

https://doi.org/10.20944/preprints202409.0536.v1


 6 

 

Table 2. Conversion factors for the Austrian forest. 

Conversion factor Coniferous Deciduous 

m³ to t dm (stemwood) 

[tdmstem] 
0.38 0.54 

t dm stemwood to t dm whole 

tree [tdmtree] 
1.62 1.63 

t dm to t C [C] 0.50 0.48 

t C to t CO2 [CO2] 3.67 3.67 

summarized factor [factor] 1.13 1.55 

2.1.2. Land Cover Classification 

The high-resolution RGB UAV images were processed using Agisoft Metashape (Agisoft LLC., 

St. Petersburg, Russia) software [20]. Agisoft provides a predefined set of parameters for the 

generation of Digital Surface Models (DSM) and Orthomosaics without GCPs. The settings (Table 

A2) used to generate the DSM and the Orthomosaic were derived from the official best-practice guide 

provided by Agisoft [43]. Figure 3 depicts the generated DSM and the Orthomosaic. 

 

Figure 3. Generated DSM and Orthomosaic with a resolution of 3 cm. 

The multispectral satellite images were used to calculate the Normalized Vegetational Index 

(NDVI) of the study area. Utilizing the red (RED) and near-infrared (NIR) bands of multispectral 

datasets, this index differentiates green vegetation from the surrounding ground soil [44]. It typically 

ranges from -1.0 to +1.0 [44]. Figure 4 shows the raster dataset containing the NDVI indices. 

𝑁𝐷𝑉𝐼 =  
(𝑁𝐼𝑅 − 𝑅𝐸𝐷)

(𝑁𝐼𝑅 + 𝑅𝐸𝐷)
 (5) 
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Figure 4. NDVI indices with a resolution of 10 m. 

Four different composites were created to evaluate the performance and the applicability of the 

different remote sensing datasets for the classification of unmanaged forests [23,24]. These datasets 

represent different combinations of the raster datasets used. The different composites and the 

corresponding bands are listed in Table 3. 

Table 3. Composites with the corresponding datasets and bands. 

Composite Datasets Bands 

1 orthomosaic Red, Green, Blue, RGB-Alpha 

2 Orthomosaic, NDVI Red, Green, Blue, RGB-Alpha, NDVI indices 

3 Orthomosaic, DSM Red, Green, Blue, RGB-Alpha, DSM-Height 

4 Orthomosaic, NDVI, DSM Red, Green, Blue, RGB-Alpha, NDVI indices, DSM-Height 

The supervised machine learning algorithm RF was used to classify the generated composites. 

This algorithm is widely used in the field of remote sensing and can achieve good results with subpar 

training data [5,13,25–28]. Figure 5 shows the training samples that were created to train the 

algorithm [45]. The training samples do not cover the area of the field plots. 

Each of the four composites was assigned to one of the four land cover categories Deadwood, 

Forest, Grass and Gravel using the Image Classification Wizard of ArcGIS Pro [45]. The parameters 

used for the classification (Table A3) were derived from iterative tests. 
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. 

Figure 5. Training samples. 

2.1.2. Carbon Stock Estimation 

The field plots 1, 3, 4 and 6 are covered by continuously forested areas consisting of living trees. 

Only plot 3 includes a small clearing with a reduced vegetation cover. These four plots were used to 

determine the average storage capacity per square meter (m²) and hectare (ha) of forest. The 

summarized carbon stock of the selected sample plots was divided by the aggregated area. The total 

area of the chosen field plots amounts to 1,250.268 m² [16]. 

The area covered by woodland was extracted from the classification raster and multiplied with 

the average storage capacity per hectare to approximate the CO2 storage capacity of each sample plot. 

The carbon stock of the different plots was summarized to calculate the overall carbon storage 

capacity of the area investigated during the in-situ measurements. 

2.2. Accuracy Assessment 

2.2.1. Classification Accuracy 

An extended version of the training samples dataset was created to reference the classification 

[25]. The accuracy of the classification was tested with 100 random validation points per class and 

summarized in a Confusion Matrix table [46,47]. For the creation of the Confusion Matrix, the Image 

Classification Wizard of ArcGIS Pro was used (Table A4) [45]. The reference dataset and the 

validation points are depicted in Figure 6. 
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Figure 6. Reference dataset and validation points (blue) for the Image Classification Wizard. 

2.1.2. Accuracy of Estimated Carbon Stock 

The accuracy of the carbon stock estimation is determined based on the in-situ measurements 

from the sample plots depicted in Figure 2. For each plot the approximated carbon storage capacity 

was compared to the measured storage capacity. The approximated carbon sum was also contrasted 

with the measured equivalent. Potential differences were quantified in absolute numbers, percentage 

values and standard error. 

3. Results 

3.1. Field Data 

3.1.1. Above-Ground Biomass 

Roughly 85% (434) of the 511 trees sampled are alive. Most of the trees found are European 

Spruce (56.7%) and Common Beech (40.1%). Other species sampled are European Larch, Common 

Ash (Fraxinus excelsior), Common Whitebeam (Sorbus aria), Common Hazel (Corylus avellana), 

Sycamore Maple (Acer pseudoplatanus), Wych Elm (Ulmus glabra) and Willow (Salix). 
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Figure 7. Tree species found in the field plots. 

All field plots combined contain 65.054 m³ of live tree AGB. With 49.544 m³ (76.2%), most of the 

biomass surveyed was coniferous wood. 15.511 m³ (23.8%) of the measured live tree biomass was 

categorized as deciduous wood. The plots 2, 6 and 8 contain the most biomass. These three survey 

plots are dominated by European Spruce. The plots 1, 3, 4 and 6, used for estimating the average 

carbon storage capacity, contain 39.186 m³ of live tree biomass. On average, a hectare of continuous 

forest contains 313.421 ± 44.507 m³ (mean ± standard error) of live tree biomass in the study area. 

3.1.2. Carbon Stock 

The carbon storage capacity of the forest area found in all field plots amounts to 80.016 t of CO2. 

With 46.438 t of CO2 (58.04%), most of the carbon stock is located in the sample plots used for the 

approximation. In the study area, a square meter of forest stores 0.037 ± 0.005 t of CO2, while a hectare 

of woodland stores 371.423 ± 51.106 t of CO2 on average. Table 4 lists the AGB and carbon stock of 

each individual field plot. 

Table 4. AGB and carbon stock found in the field plots. 

Plot Coniferous [m³] Deciduous [m³] AGB [m³] 
Carbon stock [t 

CO2] 

1 5.367 0.259 5.626 6.464 

2 0.165 7.484 7.649 11.791 

3 4.999 1.626 6.625 8.169 

4 5.119 2.245 7.364 9.264 

5 0.303 1.667 1.970 2.926 

6 18.541 1.030 19.571 22.541 

7 0.704 0.009 0.713 0.810 

8 11.446 0.844 12.290 14.238 

9 2.228 0.046 2.274 2.588 

10 0.672 0.301 0.973 1.225 
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3.2.Land Cover Classification 

The best performing classification raster, as determined based on the datasets orthomosaic, 

NDVI and DSM, has a resolution of about 3.35 cm and covers the whole study area. With 31,216.412 

m² (54.2%), more than half of the study area was classified as Forest. 15,992.287 m² (27,8%) of the area 

were categorized as Grass, while 7,497.279 m² (13.0%) were covered by Gravel. Only 2,890.393 m² 

(5.0%) were classified as Deadwood. The configurations of the different composites are depicted in 

Table 5. 

Table 5. Overall accuracies of the composites. 

Dataset/Composite Overall accuracy [%] Kappa value 

Orthomosaic 74.0 0.64 

Orthomosaic, NDVI 76.3 0.68 

Orthomosaic, DSM 80.0 0.73 

Orthomosaic, NDVI, DSM 80.8 0.74 

The classification of the study area (Figure 8 achieved an overall accuracy (Total) of 80.8% with 

a Kappa value of 0.743. In terms of user’s accuracy (U-Accuracy), the Forest category scored 80%. 

With 62%, the Forest category achieved the worst producer’s accuracy (P-Accuracy) of all four 

categories. The Deadwood category scored the best result for user’s accuracy (91%) and achieved a 

P-Accuracy of 81%. The Gravel category achieved the best producer’s accuracy of all four categories 

(93%) and scored 88% at U-Accuracy. The Grass category achieved the worst user’s accuracy (66%). 

Table 6 contains the entire Confusion Matrix of the landcover classification raster. 

 

Figure 8. Classification raster of the study area. 
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Table 6. Confusion Matrix of the classification dataset. 

Class Gravel Deadw. Grass Forest Total U-Acc. Kappa 

Gravel 93 12 1 0 106 88%  

Deadw. 6 81 0 2 89 91%  

Grass 1 7 87 36 131 66%  

Forest 0 0 12 62 74 84%  

Total 100 100 100 100 400   

P-Acc. 93% 81% 87% 62%  80.8%  

Kappa       0.74 

Figure 9 compares the orthomosaic of four sample plots with the land cover classification raster. 

The focus of this representation lies on the quality of the classification of the Forest, Grass and 

Deadwood categories. 

 

Figure 9. Comparison of the land cover classification and the orthomosaic. 
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3.3. Carbon Stock Estimation 

For the field plots, a total carbon storage capacity of 79.186 ± 10.896 t of CO2 was estimated. The 

approximation of the carbon storage capacity of the field plots (based on the plots 1, 3, 4 and 6) 

produced an overall error of -0.830 t of CO2 (-1.0%). These four plots were surveyed within six hours 

during the field work. With a difference of -0.38 t of CO2, the smallest estimation error was achieved 

for plot 2. The largest error was observed for plot 6 (-11.028 t of CO2). Table 7 lists the estimated 

carbon stock of the sample plots and the corresponding estimation errors. 

Table 7. Carbon stock estimates and estimation errors. 

Plot Carbon stock estimated [t of CO2] Estimation error [t of CO2] 

1 11.344 4.880 

2 11.409 -0.38 

3 10.745 2.58 

4 11.609 2.34 

5 3.886 0.96 

6 11.513 -11.03 

7 0.238 -0.57 

8 8.213 -6.03 

9 5.403 2.82 

10 4.826 3.60 

The average error per plot is -0.083 t of CO2, while the standard deviation of the errors amounts 

to ± 4.648 t of CO2 (± 5.9%). With a median of 1.652 t of CO2 and a skewness of -1.285, the distribution 

of the errors is skewed to the left. The Pearson kurtosis indicates a peaked distribution with a value 

of 3.543. Figure 10 is a Quantile-Quantile (Q-Q) plot of the distribution of the carbon stock estimation 

errors. We assumed a normal distribution to create this chart. 

 

Figure 10. Q-Q plot of the distribution of the carbon stock estimation errors. 
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4. Discussion 

4.1. Field Data 

The structural properties of the researched forest area are similar to those of managed 

woodlands in Austria. This is not surprising, as the study area incorporates forests that were 

managed until 2001. More than 85% of the trees found were European Spruce or Common Beech. On 

average, managed forests in Austria are also dominated by European Spruce (48%) and Common 

Beech (11%) [48]. With 11%, the share of Common Beech is significantly lower in the managed forests 

than in the study area [48]. 

The average live tree AGB derived from the in-situ measurements amounts to 313.421 ± 44.507 

m³ ha-1. Considering the altitude of 700 m and the geomorphological structure of the study area, this 

estimation is also in line with the national average for managed forests with 351 ± 3.3 m³ ha-1 [48]. 

With 250 to 315 tons of tree biomass at a height of 800 to 900 m above sea level, Duduman et al. [49] 

came to a similar result in a comparable study area in Romania. The differences in biomass can be 

explained by the variances in altitude and forest structure, as the altitude of the habitat strongly 

influences the amount of live tree biomass in alpine regions [49,50]. 

Based on the measured live tree biomass, the average carbon storage capacity per hectare 

amounts to 371.423 ± 51.106 t of CO2. This value is in line with the methodology and the conclusions 

stated in Austria’s Inventory Report 2023 [40]. 

4.2. Land Cover Classification 

Adding the DSM to the orthomosaic improved the overall performance of the classification by 

6%. This is a bigger improvement than Schiefer et al. [32] documented in their study, in which they 

focused on the classification of individual tree species. Al-Najjar et al. [51] stated that the combination 

of RGB imagery and height information (e.g. DSM) improves the accuracy of vegetation classification 

by up to 1.8% compared to stratifications based on an orthomosaic. 

Combining the orthomosaic and the NDVI indices improved the overall accuracy by 2.3%. 

Compared to the performance of the composite consisting of the orthomosaic and the DSM, this is a 

minor enhancement. A study conducted by Daryaei et al. [52] came to the conclusion that high-

resolution RGB-imagery combined with canopy height information can detect woodland with a high 

overall accuracy without Sentinel-2 datasets. This interpretation is concurrent with the findings in 

this study, although the present study did not incorporate a full canopy height model (CHM). 

Adding the NDVI values further enhanced the overall accuracy of the third composite 

(orthomosaic + DSM) by 0.8%. Daryaei et al. [52] managed to improve the classification accuracy of 

Sentinel-2 datasets by around 2% using UAV-based datasets. Although the combination of RGB and 

multispectral datasets did not significantly enhance the overall accuracy , Daryaei et al. [52] also 

concluded that the combination of high-resolution RGB imagery and vegetational indices based on 

multispectral satellite data is important for the robustness of the classification of different vegetation 

classes and tree species. 

Today, a wide variety of vegetational indices are in use [15]. For example, the Green Normalized 

Vegetation Index (GNDVI), NDVI2, the Canopy Chlorophyll Content Index (CCCI) and the Green 

Leaf Index (GLI) are utilized to evaluate different vegetational parameters [15,23]. As the focus of this 

study was not the validation of the most meaningful vegetational index, we used the NDVI index, 

because it is often described as robust and applicable for many different use cases and scenarios 

[16,21,23,53,54]. Nasiri et al. [23] proved in their study that the NDVI indices, partially derived from 

the Sentinel-2 datasets (Band 8), are the most important indicators for detecting forest canopy cover. 

Following work should potentially concentrate on evaluating the influence of the different 

vegetational indices on the results of the carbon estimation. 

With an overall accuracy of 80.8% and a Kappa value of 0.743, the composite consisting of the 

orthomosaic, NDVI indices and DSM achieved the best result of all four datasets. The results are 

comparable to those from Heuschmidt et al. [55], who classified cork oak woodlands with an accuracy 

of 79.5% using images captured by an UAV fitted with an RGB sensor. Another study [56] also 
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achieved 80% classification accuracy with multitemporal airborne RGB images. With 90%, Zhou et 

al. [57] managed to score a higher overall accuracy for the classification of different vegetation classes 

using RGB UAV imagery than the methodology described herein. A study conducted by Schiefer et 

al. [32] classified different tree species with an accuracy of 89% using comparable RGB datasets. 

Schiefer et al. [32] mentioned that the classification accuracies of different studies cannot be directly 

compared as various machine learning algorithms and approaches are applied. Nevertheless, most 

studies using RGB images achieved an accuracy of about 80 to 90% [32,55–57]. Thus, the proposed 

methodology delivered a result that lies within the expected range of accuracy. 

Like other studies before, our research has proved that the combination of Sentinel-2 imagery 

and UAV-derived data is a viable option for detecting and monitoring forest parameters [35,52,58,59]. 

However, the classification generated in this study does not reach the scientifically accepted total 

accuracy threshold of 85% and therefore cannot be recommended without further clarification [60–

62]. As Foody [61] points out, this limit might be too harsh in some cases. Especially distinguishing 

different types of vegetation can be very challenging without high-resolution multispectral imagery 

[63]. For example, Ayhan et al. [63] suggest that an overall classification accuracy of about 78% for a 

high-resolution RGB imagery segmentation should be viewed as sufficient. 

The deficits in the overall accuracy of the classification are due to the low user’s and producer’s 

accuracy in the Forest and Grass classes. The Forest category achieved the overall lowest P-Accuracy 

value, while the Grass category achieved the worst U-Accuracy score of all four categories. The low 

producer’s accuracy for the Forest class means that the classifier produces a lot of false negatives 

(type 2) [64–66]. A low U-Accuracy for the Grass category indicates that the classification is not very 

reliable and produces numerous errors of commission (type 1) [65,66]. As Dash et al. [67] pointed out, 

the differences between U-Accuracy and P-Accuracy for a single class can be attributed to similarities 

in the spectral characteristics of the different categories. This effect seems to be exaggerated by the 

usage of low-resolution Sentinel-2 images and high-resolution RGB images lacking additional 

spectral information. 

Figure 9 proves that during the classification process the distinction between the two different 

types of vegetation is prone to error. For example, the single trees in plot 7 were categorized as Grass. 

The detection of single trees also caused problems in other areas. The single tree standing north of 

plot 7 was not identified correctly. In plot 8, lighter colored trees were mistaken for Grass, while 

dense and darker shaded vegetation was often wrongly identified as Forest. Komárek et al. [68] stated 

that the robust classification of similar vegetation types requires high-resolution thermal or 

multispectral imagery. The study conducted by Furukawa et al. [20] also came to the same conclusion. 

But as Oddi et al. [69] pointed out, acquiring high-resolution multispectral imagery would be costly 

and would make the methodology more complicated. Hence, an approach using high-resolution 

multispectral datasets is not suitable for the use case described herein.  

The Deadwood and Gravel classes continuously achieved producer’s and user’s accuracies of 

more than 80% [70]. Plot 10 in Figure 9 however, shows that the distinction between Gravel and 

Deadwood is not error-free, either. Some of the standing deadwood was mistaken for gravel. 

Zielewska-Büttner et al. [71] pinpointed that the distinction between bare-ground and standing 

deadwood relying on orthophotos and DSM is difficult due to the similarities in their spectral 

characteristics. Using an uncertainty model (UM) for the classification of the classes Bare Ground, 

Live, Declining and Dead, Zielewska-Büttner et al. [71] achieved higher scores for P- and U-Accuracy 

than this study. 

4.3. Carbon Stock Estimation 

As the here described methodology can be described as a highly generalized approach, it also 

focusses on minimizing the expected errors in detecting land coverage and AGB estimation. These 

limitations also mean that the here presented findings may not be applicable to other forest types. 

Error metrics were chosen that describe the distribution of the different errors for applying the 

average values for AGB and carbon storage capacity on the broad category Forest. The statistical 

indicators average error, standard deviation, median, skewness and Pearson Kurtosis as well as the 
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Q-Q-plot aim to document the dispersal of the estimation errors across the heterogeneous sample 

plots [13]. Our findings show that the high variability of structural parameters of diverse forests 

results in a strong distribution of the approximation error and requires the here described statistical 

evaluation to understand the overall estimation error. 

With an overall error of about 1%, the carbon storage capacity of the field plots was estimated 

accurately. The average error per plot for the carbon stock estimation is very low (-0.830 t of CO2), 

while the calculated standard error (SE) of ± 4.648 t of CO2 (5.9%) can be described as substantial. The 

carbon stock estimation error varies significantly from plot to plot, which can be attributed to the 

structural parameters, e.g. sum of AGB and species composition, differing significantly across the 

study area. The findings of the in-situ measurements also show that the studied forest area is very 

heterogenous. The key figures median, skewness and Pearson kurtosis indicate that the estimation 

errors do not describe a perfect Gaussian distribution. Figure 10 verifies this assumption and implies 

that the error distribution only approximates a standard distribution and varies significantly with the 

structural parameters of the corresponding sample plot. 

For most plots, the carbon storage capacity was slightly overestimated. Only the carbon stock of 

the densely wooded plots 6 and 8 was significantly underestimated. This discrepancy in the error 

distribution is the main reason for the low overall estimation error. The heterogeneity of the studied 

forest area makes the estimation of the carbon storage capacity difficult and requires profound 

knowledge about the existing live tree biomass. A comparable study also came to the conclusion that 

precise in-situ measurements are critical for the initial calibration phase of the AGB models for 

accurately monitoring unmanaged and old growth forests [11]. 

Since the average carbon storage capacity is assigned to the broad vegetation class Forest per 

unit area (m²), the estimated average value plays a critical role in the estimation. If the in-situ data is 

sufficiently representing the structural complexity of the study area, the proposed methodology 

proves to be capable of achieving statistically significant outcomes. While the proposed method 

works well for the surveyed area, it requires meaningful validation data. More complex or detailed 

scenarios may require a different approach if fewer field and validation data is available. For 

example, Fernandes et al. [16] used multispectral images to categorize individual tree species to 

estimate live tree AGB and carbon stock of riparian woodlands. As Austria’s National Inventory 

Report [40] proposes, a distinction between coniferous and deciduous species allows for more robust 

carbon stock estimations. This may be necessary for fully automated approaches, as unmanaged 

forests are dynamic ecosystems that consist of a wide variety of habitats. 

4.4. Cost and Time Expenditure 

The methodology described herein focuses on reducing expenses while producing meaningful 

results. However, the costs of regular ArcGIS Pro and Metashape licenses are substantial [72,73]. In 

this case, Metashape and ArcGIS Pro were used to ensure the compatibility of the proposed approach 

with the tools that were already in use for managing the wilderness area. The cost of the hardware 

used for the evaluation and the number of working hours were also not included, as these values are 

highly dependent on the size of the study area. Compared to the prices of LiDAR [74] and 

multispectral UAVs [75], the cost for this approach is significantly lower. Table 8 lists the expenses of 

the study. 

Table 8. Expenses (06/2024). 

Tool/Software Period MSRP/Cost 

DJI Mavic Mini [76] One-time 399 € 

Nikon Forestry Pro II [77] One-time 499 € 

Tree caliper One-Time Approx. 100 € 

ESRI ArcGIS Pro Advanced – NGO [78] Annually 220 € 

Agisoft Metashape [72] 30-day trial / One-time 0 $ / 3,499 $ 

Sentinel 2 datasets One-time 0 € 
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To reduce expenditures for the necessary software products, free of charge open-source 

software, such as QGIS or OpenDroneMap, can be used for the methodology described herein [79,80]. 

Using open-source software would also improve the general availability of the proposed approached 

and potentially lead to an extensive and interoperable database regarding near-natural forests [81]. 

5. Conclusion and Outlook 

The study area in the UNESCO World Heritage Site wilderness area Dürrenstein-Lassingtal [30] 

had similar AGB and carbon stock characteristics as a typical managed forest in Austria. Combining 

field data, UAV-derived datasets and Sentinel-2 satellite imagery proved to be an efficient option for 

estimating the carbon stock of unmanaged forests. With an overall accuracy of 80.8%, the land cover 

classification based on a composite consisting of high-resolution RGB imagery, DSM and NDVI 

indices proves to be a reliable basis for carbon stock estimation. The combined carbon storage 

capacity of the surveyed field plots was underestimated by 1%. Due to the high variability of carbon 

stock found in the study area, the SE of the estimated storage capacity of ± 10.896 t of CO2 (± 13.6%) 

and the SE of the overall estimation error of ± 4.648 t of CO2 (± 5.8%) provide a better understanding 

of the accuracy that can be achieved by the proposed approach. The uncertainty illustrated by these 

values is due to the fact that the average carbon storage capacity is applied to the whole area covered 

by woodland. 

“The studied near-natural forest is characterized by a high spatial variability. Topographic 

trends are effecting the structural properties of the forest. This indicates that the distribution of the 

sample plots has an impact on the estimation of the carbon storage capacity of the in-situ 

measurements. As field data is essential for the here proposed approach, further investigation is 

necessary to improve the in-situ protocol. A possible solution to improve the selection of sample plots 

for large-scale forest inventories was proposed by Pohjankukka et al. [82], where remote sensing data 

and machine learning technologies were synthesized to improve the field survey.” 

Future work should focus on the classification of different woodland types and tree species of 

unmanaged forests. A distinction between coniferous and deciduous trees, as applied in Austria’s 

National Inventory Report [40], would allow for a carbon stock analysis based on the specific carbon 

storage capacities of the different wood categories. A multitemporal approach, such as the 

methodology proposed by Grybas et al. [82], may allow to accurately detect tree species with 

consumer-grade UAVs. Current progress in the field of UAV technology improves the availability of 

high-resolution multispectral imagery via new platforms like the DJI Mavic 3(M) Multispectral [83] 

and allows for more in-depth land cover assessments [84]. 

The estimation of the existing AGB could be further enhanced by detecting the individual tree 

crowns [85,86]. In their studies, Hemery et al. [87] and Iizuka et al. [24] proved that the DBH of 

different tree species can be derived from the diameter of the tree crown. Buchacher et al. [88] 

developed a methodology to specifically estimate the crown width of different trees in species-rich 

Austrian woodlands. Another study [86] concluded that the strong correlation between the AGB and 

the crown diameter and tree height parameters can be used to accurately estimate the existing tree 

biomass. 

The above-mentioned approaches can further reduce the need for field data and improve the 

approximation of AGB carbon storage capacity. These approaches can therefore be used to further 

enhance the methodology proposed herein. Future research should therefore focus on the 

implementation of the mentioned concepts. 
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Appendix A 

Table A1. DJI Mavic Mini specifications. 

Takeoff Weight 249 g 

Hovering Accuracy Range 

Vertical: ±0.1 m (with Vision Positioning), ±0.5 m (with 

GPS Positioning) 

Horizontal: ±0.3 m (with Vision Positioning), ±1.5 m (with 

GPS Positioning) 

Sensor 1/2,3'' CMOS 

Effective Pixels 12 Megapixel 

Focal Length 4,4 mm 

Aperture f/2,8 

Austrian MSRP (November 2019) 399 € 

Table A2. Parameters used for the generation of the DSM and the Orthomosaic in Agisoft 

Metashape. 

Processing step Parameter Value 

Align Photos 

Accuracy High 

Generic preselection Yes 

Reference preselection Source 

Key point limit 40,000 

Tie point limit 10,000 

Optimize Camera Alignment General F, k1, k2, k3, k3, cx, cy, p1, p2, b1, b2 

Build Point Cloud 

Quality High 

Depth filtering Mild 

Calculate point colors Yes 

Calculate point confidence Yes 

Build DEM 

Type Geographic 

Coordinate System WGS 84 (EPSG::4326) 

Source data Point cloud 

Interpolation Enabled (default) 

Resolution (m) 0.0802 

Total size (pix) 5836 x 5039 

Build Orthomosaic 

Type Geographic 

Coordinate System WGS 84 (EPSG: 4326) 

Surface DEM 

Blending mode Mosaic (default) 

Enable hole filing Yes 

Total size (pix) 10,772 x 10,078 

Export DEM 
Coordinate System WGS 84 (EPSG::4326) 

Raster transform None 
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Write tiled TIFF Yes 

Generate TIFF overviews Yes 

Table A3. Parameters used to classify the composite raster. 

Processing step Parameter Value 

Training Samples 

Manager 
New Schema (Class) Deadwood, Forest, Grass, Gravel 

Configure 
Classification Method Supervised 

Classification Type Object based 

Segmentation Spectral detail 16.00 

 Spatial detail 17 

 
Minimum segment size in 

pixels 
20 

Train Classifier Random Trees 

 Maximum Number of Trees 60 

 Maximum Tree Depth 30 

 
Maximum Number of Samples 

per Class 
17,500 

 Segment Attributes 
Active chromaticity color, Mean digital 

number, Compactness 

Table A4. Composites with the corresponding datasets and bands. 

Processing step Parameter Value 

Accuracy Assessment 
Number of Random Points 400 

Sampling Strategy Equalized Stratified Random 
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