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Abstract

:

Proper knowledge about resources in forest management is fundamental. One of the most important parameters of forests is their size or spatial extension. By determining the area of treefall gaps inside the compartments, a more accurate yield can be calculated and the scheduling of forestry operations could be planned better. Several field- and remote sensing-based approaches are in use for mapping but they provide only static measurements at high cost. The Earth Observation satellite mission Sentinel-2 was put in orbit as part of the Copernicus programme. With the 10-m resolution bands, it is possible to observe small-scale forestry operations like treefall gaps. The spatial extension of these gaps is often less than 200 m2, thus their detection can only be done on sub-pixel level. Due to the higher temporal resolution of Sentinel-2, multiple observations are available in a year; therefore, a time series evaluation is possible. The modelling of illumination can increase the accuracy of classification in mountainous areas. The method was tested on three deciduous forest sites in the Börzsöny Mountains in Hungary. The area evaluation produced less than 10% overestimation with the best possible solutions on the sites. The presented work shows a low-cost method for mapping treefall gaps which delivers annual information about the gap area in a deciduous forest.
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1. Introduction


Artificial treefall gaps [1] in a forest canopy are used during forest structure conversion [2] to form even-aged to uneven-aged forests. Foresters apply this assisted natural regeneration method typically in the foothill and montane zone of native deciduous forests, which have already entered their reproductive age in Hungary. There, each tree has roughly the same total height and breast height diameter (DBH). To create an artificial treefall gap, a group of trees within a diameter of approximately one tree height is selected to be harvested. In the literature, this method is often called “group selection” [3]. The tree removal creates a gap in the canopy layer. The purpose of this process is to regenerate the forest in that open area with young seedlings, preferably using seeds of the neighboring trees in a natural way of succession [4]. If there are no local seeds, foresters may artificially plant seedlings from a nursery in the gap. The idea of artificial treefall gaps is based on the forest dynamic where gaps are created by natural disturbances [5] like ice damage or windfall or when standing dead trees naturally topple. Each forest type requires different gap handling based on their sylvicultural properties. Generally, young trees require a lot of sunlight to germinate the seeds or grow [6]. Under the canopy, only diffuse illumination is available [7]. The gap in the canopy layer allows direct sunlight for the seedlings, which causes faster growth [8,9].



With this forest regeneration method, it is possible to have uneven-aged trees inside the forest compartment borders, providing continuous forest cover [10] without clear cuts. Thus treefall gaps have an important role in the ecosystem for maintaining the biodiversity and for influencing nutrient cycling, and preserving the uneven-age nature of late-successional forests [11]. Artificial gaps are opened according to a schedule during the sylvicultural management to ensure a continuous canopy cover [12]. Since the growth of deciduous natural forests in mountainous areas is relatively slow, the schedule of gap opening is influenced by ecological and economic factors. To make the scheduling optimal we need to know the dendrometric parameters [13] of the forest stand and size of the stand. For sustainable forest management, [14], it is necessary to be aware of the resources like the size of the standing forest and canopy gaps. Field-based sampling methods of forest mensuration like measuring basal area or using a volume table require the exact area of the forest stand to calculate forest biomass volume [15]. These two forest mensuration methods are the most frequently used at the study region to update forest inventory. In Hungary, there are more than 60,000 hectares of those even-aged forests which have to be transformed into uneven-aged by methods described above, according to the forest law [16]. In most cases the gap method is used. Forest managers have had detailed maps of forest compartments since the 19th century [17]. However, these maps ignore the sub-compartments like treefall gaps. There are only few cases where the area of these gaps is known [18,19,20]. A review has been published about the existing methodology for treefall gap determination [11]. According to the review, gaps can be described with two main parameters: their size and their age. Since gaps are created in a living ecosystem, their size changes through time. Therefore, their age is an important parameter. The crown projection area for a single tree is quite dynamic. It continuously changes around the gap, so continuous mapping is required. The size of a gap is usually determined by using the crown projections of the neighboring trees by surveying. Generally simpler field methods are used when the shape of the gap is modeled with a simple geometric shape. In that case, it is enough to measure diameters, although their shape is usually irregular. People survey gaps with geodetic methods only for research purposes. In practice, remote sensed aerial materials like orthophotos [21] and digital surface models are often used for gap mapping [22,23]. However the cost of these methods makes continuous mapping impracticable and therefore an alternative solution is needed which fulfills the frequent and sustainable requirements.



The high-resolution Earth Observation (EO) satellites are a low-cost alternative for remote sensed data, since they provide images with higher temporal resolution. The spatial resolution of a pixel (5–30 m) makes it possible to detect the existence of a gap inside the canopy on a pixel and sub pixel level. Sentinel-2 carries the Multispectral Instrument (MSI) sensor [24] which has 10, 20 and 60 m resolution bands. The blue (B2), green (B3), red (B4) and the near infra-red (NIR) (B8) 10 m resolution bands are feasible for the study area. The size of a gap in the study area is usually smaller than the 20-m pixel’s size, which results in a less reliable map. Though they contain important information about the red edge and the short-wave infrared spectra for the forest type [25], it is rare to use this kind of data for forest gap mapping. In certain cases, this data source has been used for treefall gap mapping. Garbarino et al. [26] used a very high resolution (VHR) Kompsat-2 image in Bosnia with an automated classification method and visual interpretation. In another study [27], a stereo VHR satellite image pair from WorldView-2 was used for gap mapping in a Ukrainian Beech forest. In that paper the 3D information from the stereo pair was also used during the automated classification of gaps. Negron-Juarez et al. [28] inspected the use of Landsat images for mapping treefall gaps in Middle-Amazonia. They used a spectral mixture analysis for their research.



The main objective of this study is to analyze the potential of Sentinel-2 images for treefall gap detection. The spectral signature of gaps must be investigated considering the illumination on their surfaces along with the application of a spectral unmixing method for mapping. Assuming that the different pre-processing levels of Sentinel-2 images are highly affecting the results, we aimed to analyze their influences on the archivable accuracies. The results were compared to VHR remotely sensed images and field data for validation. We assessed the accuracy of the workflow. Finally the benefit of the treefall gap maps for the forest management sector is analyzed.




2. Materials


2.1. Study Area


The study area is situated in the Börzsöny Mountains in the North Hungarian Range [29] north of the river Danube. The bedrock under the study sites is made of andesite agglomerates of the Miocene volcanism [30]. The higher (500–938 m a.s.l.) steep, rocky slopes and deep valleys of the northern part of the area extend in the lower elevations (300–500 m a.s.l.) as gentle slopes of the southern part [31]. The mean annual temperature is 8 °C; mean monthly temperature is −3.5 in January and 18 °C in July, and the annual precipitation is 550–900 mm [32,33]. Due to the very intensive exploitation of forests of Börzsöny mountains in the 19th Century, which was driven by the appearance of modern transport methods like trains [34], the age distribution of the forests is irregular [35]. Today, sustainable forest management is done by the state-owned Ipoly Erdő Zrt. Company(Balassagyarmat, Hungary). One of their main challenges is to transform the irregular distribution of age groups over the whole managed area into evenly distributed age groups by creating uneven-aged forests within a forest compartment.



Three distinct areas were chosen as study sites, which represent the mapping challenges with treefall gaps (Figure 1). One study area is covered by European beech (Fagus sylvatica L.) and the other two by sessile oak (Quercus petraea (Matt.) Liebl.).



2.1.1. Oak Study Site I. (OS1)


The forest compartments we investigated are close to Kismaros village (47°50′43.20″ N 18°58′37.57″ E) (Figure 2). The total area of the site is 28.4 ha. Hillsides with different aspects, small mountain ridge and a small valley compose the topography of the study site. The mean height above the sea level is 160 m. It is dominated by Oak (Quercus petraea L.) and Hornbeam (Carpinus betulus L.) with some beech forest patches. At the bottom of the gap, dense vegetation is found. It consists of young tree seedlings, blackberry (Rubus fruticosus L.), deadly nightshade (Atropa belladonna L.), sedges, fern and various grasses. The first artificial treefall gaps were opened around 2007. In the winter of 2015–2016 new gaps were opened. The average diameter of the circular-shaped gaps is between 20–25 m. In most of them a seed-tree [36] was left after treefall. The role of these individually standing trees is to plant the gap with seeds. However, the literature says gap is defined only when the mean height of trees in the gap is under 2 m [11]. In that case we would have a ring-shaped gap. Since we aimed to use high resolution satellite imagery, detection of individual seed-trees is limited by the spatial resolution of a pixel. We consider each of these gaps as a compact-shaped [37] object to simplify the methodology. The canopy closure is naturally high outside of the gaps within this climatic region. Of course, there are plenty of minor natural gaps in the canopy layer. Some trees have less leaves than others based on their health and position, and abundance of nutrition in soil [38]. There are some natural gaps in the small valley. Due to the high erosion under the roots these trees fell down naturally. Now they are coarse woody debris (CWD), which is an important source of biodiversity [39]. Thanks to the diverse topographic formations and forest types occurring in this relatively small area, we can test our assumption here because different lighting conditions are present.




2.1.2. Oak Study Site II. (OS2)


The other oak-dominated study site (47°53′11.60″ N 18°56′33.40″ E) is situated close to Kóspallag village inside the Börzsöny Mountains (Figure 3). It is dominated by the Hornbeam-oak forests as OS1. The mean height above the sea level is 370 m. The total area of the site is 8.88 ha. It has a homogenic, slight western topographic exposure. Therefore, many fewer topographic shades are present at lower sun elevation compared to OS1. The mean height of the forest is 25 m. Artificial gaps have been present since the 2000s. Between 2015 and 2016 there was no change of the treefall gaps. Their shape and dimension is similar to the gaps on the other oak type site. Since most of the gaps are more than 10 years old, the canopy started to overgrow the gaps. Thus, the original size has been reduced and sometimes it is barely recognizable even on VHR aerial images. The canopy closure can be considered as 100% outside the gaps. There are various aerial VHR images available for this site to create models for validation.




2.1.3. Beech Study Site (BS)


The 38.2 ha beech-dominated study site is situated in the higher region of the mountains (47°55′55.78″ N 18°56′37.61″ E) (Figure 4). Its mean height above sea level is 750 m. The dominant tree species is beech. Additional tree species with a lower mixture ratio are present: sessile oak, ash (Fraxinus excelsior L.) and sycamore maple (Acer pseudoplatanus L.). The exposure of this site is southwestern. The mean slope angle is 20°. The more homogeneous topography is compensated by a heterogenic vertical forest structure. Several natural disturbances since the late 1990’s have affected the structure of this beech forest at the study site. These events and the usage of artificial treefall gaps transformed the even-aged forest into an uneven-aged forest. Studies were carried out for modelling the natural disturbances [31,35] including this study site. The site was affected by ice damage in 1996, 2001, 2004 and 2014 and by wind fall in 1999 and 2010 [40]. The recent ice damage caused mainly broken crowns and less treefall because unstable trees had already fallen due to the previous disturbances. Due the fast and strong natural regeneration of beech [41] in the treefall gaps, the terrain is covered by seedlings and young trees and some weeds [42]. The mean height of the old trees is 26 m. The heights of the young forest inside the tree fall gaps vary according to their age but they are clearly separating from the older forest parts. The shapes of gaps differ from the oak type. Their diameters are much larger (30–40 m) and the shape is less compact. Often, adjacent gaps are connected into bigger patches.





2.2. Aerial Data


A digital surface model and orthophoto from the late summer of 2015 were available for the whole Börzsöny Mountains. It was made from 0.2 m ground resolution multispectral aerial images, captured with a Vexcel UltraCamX (Vexcel Imaging GmbH, Graz, Austria). Improved exterior orientations were provided by the forestry company who owns the dataset. Further Global Navigation Satellite System (GNSS) ground control points (GCPs) were measured with a Leica 1200 GPS system. The processing was done with Trimble Inpho® software (version 7.0, Trimble Inc., Sunnyvale, CA, USA) using the existing exterior orientations and the GCPs. The DSM (Digital Surface Model) was generated using the Match-T module [43]. The dense matching was carried out on a 0.5 m resolution grid using an extreme terrain type option. A DSM with 0.5 m and 2.0 m grid resolutions were created from the point cloud using Inpho (version 7.0, Trimble Imaging-Stuttgart, Stuttgart, Germany). An orthophoto was created for the study area using the DSM. The gaps which were opened before 2015 are usually visible. The matching algorithm cannot match the shadowed pixels inside small canopy gaps on the image pairs. This happens when there is a low texture present on the images like shadowed areas [44]. In that case, there is no valid automatic height measurement at the bottom of the gap. Thus the interpolated surface will not go down to the terrain and the gap is filled on the model. The surface of the canopy layer is rough where each part of the tree crown projects shadows to another part or to another tree. This can also cause uncertainties because it looks identical to smaller treefall gaps on the image. For the OS1, a commercial orthophoto from summer 2016 is available with a 1.0 m spatial resolution [45]. On the BS, no major change with the treefall gaps area is assumed between 2015 and 2016. Therefore, the orthophoto from 2015 could be used for validation of Sentinel-2 images from 2016 on that site. An aerial laser scanning (ALS) dataset was available for a small part of the Börzsöny Mountains which covers the OS2. The dataset was recorded with a LEICA ALS-70HP system (Leica Geosystems AG, Heerbrugg, Switzerland) on the morning of 29 August 2015. Simultaneously, aerial images were captured with a LEICA RCD 30 RGBN 60 MP type camera (Leica Geosystems AG, Heerbrugg, Switzerland) with a 0.1 m ground resolution. The dataset consists of 3 flight strips. The average point cloud density is 27 points/m2. The preprocessed point cloud and the orthophoto were provided by the Ipoly Erdő Zrt. It covers several forest compartments where artificial treefall gaps are being used to transform the forest structure. The topography under the forest is not as diverse as at the OS1 and therefore, only one illumination class is present. The ALS dataset was used during the spectral treefall gap modelling.




2.3. Satellite Images


Generally, 11 Sentinel-2A images were used in the research (Table 1). From the R036 and R079 satellite footprints, the 33UYP and the 34UCU granules 100 × 100 km (Figure 1) [24] were used with their original map projection. There is about a 180-degree difference in the azimuth viewing angle of the sensor above the study area on the two granules. The sensor viewing zeniths are similar owing to the sensor’s detector array design [24]. Due to the bidirectional reflectance distribution function (BRDF) effect on Sentinel-2 [46] images, direct comparison methods on pixel values in a time series cannot be used. Sensors had a mean altitude of 786 km and the tree height was approximately 25 m so there is a minimal amount of occlusion of the view, which occurs only at a subpixel level on the gap bottom and forest pixels. We investigated the L1C, the L2A reflectance and the topographically corrected (L2ADEM) data types of Sentinel-2A. The topographic normalization was done using the SRTM [47] 90 m resolution elevation model. All the reflectance products were created with the Sen2Cor 2.3.0 software (European Space Agency, Paris, France). From 2015 there were 2 images and from 2016 there were 9 images. Not all of the images of the study area were totally free of clouds. Therefore, some of the images of individual study sites were excluded based on the cloud and cloud shadow coverage.



The first image of Sentinel-2A was acquired 4 days after its launch on 29 June 2015. [48]. The satellite became operational on 9 September 2016. [49]. Most of the analyzed images were acquired before the operational stage so there was a minor difference between the orbits. Due to the pre-operational phase of the satellite, the early images have a weaker geometrical accuracy. The precise orbit of the satellite and the exact date and time of the image acquisition is known thanks to the two GNSS instruments onboard [24]. The sun positions and sensor viewing angles are stored in a 5 × 5 km grid. This makes it possible to model the illumination of the study area.




2.4. GNSS Reference Data


We did GNSS point measurements in the treefall gaps in the winter of 2016 at the OS1. A total of 79 artificial treefall gaps were measured in the assumed center with a Trimble Juno SB handheld GNSS instrument. This dataset was used for validation along with the aerial reference datasets. Since the area could be determined more precisely from aerial data than with field measurements, we did not measure the area with GNSS.





3. Methods


A complex workflow was developed for detecting treefall gaps (Figure 5). It consists of a shadow modelling, spectral unmixing and image mosaicking steps. A synthetic treefall gap method was used for the area evaluation.



3.1. Shadow Modelling


Topographic normalization is the common method to eliminate differences caused by shadowing [50]. This method balances the reflectance values according to the position of the shadows on the surface. There are several methods [51] to perform the normalization. The most common methods use only terrain-dependent, terrain- and wavelength-dependent [52] or terrain- and reflectance-type dependent methods [50]. Their result can be used with confidence on a regional scale. In our case it would generate more uncertainty on a local scale if some of the parameters like an inaccurate elevation model are included during the correction [51]. Therefore, we could not always rely highly on a topographic normalization.



The differently illuminated areas were delineated and handled according to the condition of the illumination. The shadows for a scene were modelled on the 2 m grid resolution digital surface model (DSM). We modelled the shadows on the topography with the widely used “hill shade”, that creates a shadow layer which is perceptible to the human eye [53]. While the projected shadow calculation is a global function on a raster, the shade calculation is focal. To calculate this requires the slope and the aspect of the elevation model and the sun position. If we use a 3 × 3 window for the focal function, it means calculating only a 6 × 6 m window with a 2 m resolution model. The result would be too fine for a 10 m resolution image to compare. For this purpose we resampled the surface model to 10, 20 and 50 m resolution by averaging. The relative solar incidence angle, or illumination condition (IC) [52] model was generated at all resolutions. The pixel values range from −1.0 (totally shadowed) to 1.0 (totally illuminated). The sun azimuth and zenith angles were derived from the Sentinel-2 product for the study area. The illumination model was generated on 19,255 ha covering a part of the Börzsöny Mountains, and is expressed in the following equation:


   I C = cos  ( Z )  cos  ( S )  + sin  ( Z )  sin  ( S )  cos  (   φ Z  −  φ S   )    



(1)




where Z = Solar zenith angle (rad), S = Topographic slope angle (rad), ϕZ = Solar azimuth angle (rad), and ϕS = Topographic aspect angle (rad).



With a K-means function [54], the different illumination conditions were clustered into 3 classes using a moving averages of classes method. The benefits of this choice will become visible in Section 4.1. We decided to use the 3 classes, based on a visual examination of the images. The illuminated, neutral and the shadowed classes were created. The range of the illumination values depends on topography and sun position. The cluster means from the 50 m resolution illumination were used for thresholding classification of the 10 m resolution illumination pixels. The 10 m resolution illumination map based on the DSM contains more pits, which are homogenized by the 20 and 50 m resolution. Therefore, the 20 and 50 m illumination maps show a continuous surface.




3.2. Spectral Unmixing


The mean height of the forests is around 25 m at all study sites. The diameter of a gap is approximately 20 m. When the satellite passes the study area in the morning (9:50 GMT), a projected shadow is visible on the bottom of the gap if it has neutral or northern aspect. This causes significantly lower NIR values in the gap among with the other bands. The ratio-based indexes like vegetation indexes [55] would normalize this difference. The gaps in the southern aspect have just the opposite spectral profile. Direct sunlight reaches the bottom and young trees or dense vegetation show higher NIR values than the neighboring trees. This phenomenon occurs especially in beech forests where the gap is usually bigger than for oak forests.



Using spectral mixture analysis, the pixel spectrum can be decomposed into a collection of constituent spectra which are captured under the pixel spatial distribution [56]. The abundance of the feature fraction inside the pixel is transformed into fuzziness when multiple spectral endmembers are used. These endmembers represent the pure spectral response of a feature. It belongs to the soft classification methods where individual pixels are assigned to more than one class with a known ratio of membership [57]. On the highest resolution bands of the satellite with 10 m, the treefall gaps (as features) occur as a mixed pixel with forest in most cases. That is why hard classification methods would not give the best results every time.



Multi-temporal, spectral unmixing has been used in some cases with success [58,59]. The multitemporal spectral library of endmembers can increase the accuracy of the unmixed results [60]. In that case, the layered stack of images from different date are co-registered and the whole stack is used for the unmixing process. Landsat TM data is also suitable to detect change using spectral mixture analysis [61]. Due to the high resolution and the slightly different view angles and sun positions, an indirect multitemporal spectral unmixing was carried out. The individual images were unmixed and only these results were analyzed as a multitemporal dataset.



The linear spectral unmixing method was chosen with multiple endmembers for processing individual Sentinel-2 images. This model assumes that the spectra of pixels consists of the linear combination and the residual errors of the subspectras of the landcover types. They separate clearly when we study the spectral profile of a forest, a gap and a young forest. Typically, spectral unmixing is used with hyperspectral imagery [62]. It uses n linear equations per pixel where n is the number of bands used on the image. The unknown in the equation is the abundance of the material. It is important to have fewer unknown parameters than equations. We used fewer endmembers than the number of bands. In total, 4 bands were available from the multispectral image and 2–3 endmembers were used as a spectral sample from each forest type from each illumination class. This relationship is expressed in the following equations:


    R k  =   ∑  i n   a i  ·  E  i , k   +  ε k     R M S E =      (    ∑  k m   ε k 2   )   m      



(2)




where Rk—Reflectance of source at wavelength k, Ek,i—Reflectance of endmember I at wavelength k, ai—Abundance of endmember I, εk—Noise from the sensor and modelling error at wavelength k, RMSE—Root mean square error of the εk, n—Number of endmembers, m—Number of wavelengths in the discrete spectrum.



The linear spectral unmixing was carried out by a least squared method [56]. The fully constrained solution guarantees that the sum of the endmembers inside the pixel has a maximum of 1.0 and it is non-negative. It uses the non-negative least squares method (NNLS) which was solved with an iterative solution. This algorithm is found in various commercial and open source remote sensing softwares. We used the Fully Constrained Linear Spectral Unmixing algorithm [63] from the BEAM toolbox which was developed specially to support ESA’s Earth Observing missions. It is available with a GNU license [64].



In the oak forest study sites, 2 endmembers were used for each illumination category:




	
Forest feature



	
Shadowed treefall gap feature








In beech forest study sites, 3 endmembers were used for each illumination category:




	
Forest feature



	
Shadowed treefall gap feature



	
Fully illuminated young forest feature









3.3. Endmember Creation


The spectral unmixing was implemented for each Sentinel-2 image. The endmembers were derived from the actual image automatically on each date. Therefore, individual pixel positions were collected by visual interpretation from satellite images which were assumed to be a non-mixed pixel. The sampling positions were selected on a cloudless image from 28 August 2016. The selected pixel positions were stored as geographical coordinates. The spectral samples were collected from these locations. With the recent calibration of Sentinel-2A, 10 m bands do not have a huge dynamic over slightly different aged and mixed deciduous forests. Using the 20 m bands, [25] it is possible to differentiate the forest types but it is not our purpose in this research. Assuming the lower dynamic, the same spectral sample can be used everywhere in the region. Three classes were determined for the beech forests: old forest, young forest, and shadowed treefall gap, and two classes for the oak forests: old forest, and shadowed treefall gap. The sampling positions covered the whole Börzsöny Mountains. The type of the forest was determined by using a forest management inventory because it is hard to classify them visually on a Sentinel-2 image. A cloud mask was used during the sampling to avoid clouds and cloud shadows. This mask was generated during the preprocessing of L2A type images [65]. Further filtering was done according to the blue band (B2). This method is based on the LandtrendR [66] software where it was used for manual correction of cloud masks. Kennedy et al. used the Landsat TM Band 1 which covers the same spectrum as Sentinel-2’s blue band. The fixed threshold for reflectance at B2 was determined at a pixel value 1000 based on the histogram of the images.



The endmembers were created from those sample pixels where illumination classification was available for their positions. The samples were reclassified based on their illumination. The classifying thresholds were taken from averages of 50 m resolution clusters. Therefore, the 10 m resolution illumination map and the Sentinel-2 image were merged to carry out the data collection. Using the illumination class, the forest type and the feature type, the samples were grouped into the classes of young forest, forest and shadowed treefall gap. The mean and the standard deviation (SE) were calculated for each group. The mean of the image bands was used as an endmember. The SE of the group was used as a quality marker.




3.4. Mosaicking Unmixed Images


After the spectral unmixing, there are 6 unmixed images present for each Sentinel-2 image. Two unmixed results belong to each illumination category. There was one oak forest with two features and one beech forest with three features. Prior knowledge of the forest type for the site was used, which reduced the number of unmixed results to the 3 illumination categories. These 3 images were mosaiced together based on the previously created 20 m resolution illumination map, which modelled the actual sun illumination classes on a DSM. Since the young forest, and the shadowed gap features cover the treefall gap in a beech forest, we applied a union for them. After their combination, only the forest and the treefall gap feature remained for both forest types. The ratio of the illuminated young forest and the shadowed young forest depended on the position of the sun which varies from scene to scene during the year. Thus, there was no reason to keep them as different types. The resulting mosaiced image contained 3 bands:




	
Band 1: Forest abundance



	
Band 2: Treefall gap abundance



	
Band 3: Illumination category








The sum of Band 1 and Band 2 on the mosaiced image must be 1.0 according to the used spectral unmixing method. The amount of treefall gaps were used for the further processes which represented their fraction inside the pixel.




3.5. Synthetic Treefall Gap Modelling


A workflow for synthetic treefall gap modelling was created (Figure 6). The aim of this method is to create a spectral mixture model for the treefall gap which can be seen from the Sentinel-2. From this model the threshold value for filtering the treefall gap fraction in a pixel was estimated for each Sentinel-2 image and the synthetic gap was modelled using the created endmembers.



An ALS-based normalized digital surface model (nDSM) was used for this purpose. The DSM was created by using the DSM module [67] of the OPALS software [68]. The surface models were created with a 0.5 m resolution. This DSM is a combination of a maximum surface and a moving least square interpolation which shows less artificial roughness and smoothing. Thus, it better represents the break lines like the edge of the treefall gaps. The digital terrain model (DTM) was generated with the SCOP++ software (version 5.5.0, Trimble Imaging-Stuttgart, Stuttgart, Germany) using the hierarchical robust interpolation [69,70]. The nDSM was created by subtracting the DTM from the DSM.



Six gaps were selected from a naturally illuminated site from the DSM. Three gaps contained a seed-tree inside and three had no seed-tree inside. The reference gap mask was created by using a 2 m vertical threshold for the nDSM. The sun positions were used to model a projected shadow on the surface by view shed analysis. At this point we calculated the fraction of the shadowed area and the illuminated area inside the gap. Also at the VHR nDSM, the roughness of the canopy surface became visible after the shadow modelling. Since the spectral signature of a shadowed canopy part and the shadowed gap is similar, it is important to know how different sun positions change the amount of shadows. The three spectral signatures were created from the endmembers. These spectra were assigned to the 0.5 m resolution pixel according to the mask and the shadow model. If the mask pixel was a canopy, it produced forest signature or gap shadow signature spectra. If it was inside the gap mask, it produced gap shadow or illuminated young forest signature spectra. The 0.5 m resolution image with its 4 bands was resampled to the 10 m resolution by averaging. This makes an image which looks like a real Sentinel-2 image. The same spectral unmixing method was applied here which was used for the main workflow. The endmembers for the unmixing were the same which were used for spectral mixing. Reference pixels were chosen at the 10 m resolution using the gap mask, which visually represents the treefall gap. For these pixels the gap fraction values were used as a thresholding minimum in the main workflow. This was done for each illumination class.



This method is also useful for estimating the ratio of the detected area and the reference area. It is assumed that the detected area on the satellite image highly depends on the elevation of the sun. The L2ADEM type data endmembers were used for the modelling.




3.6. Area Evaluation


3.6.1. Area Evaluation on Individual Images


Each unmixed and mosaiced image contained the treefall gap abundance value for each pixel. Since shadows in the canopy generate small shadowed gap signatures in the canopy layer, filtering has to be applied for the abundance values. These filtering thresholds were determined during the synthetic gap modelling. If a gap abundance value was under the threshold, it was considered as 0. The calculation of the area was based on the filtered treefall gap fraction inside the pixel and the pixel’s ground resolution. By multiplying the area covered by the Sentinel-2 10 m resolution pixel with the treefall gap fraction, the result ranged from 0 m2 to 100 m2. These pixel values inside the study site polygon were summarized, which resulted in the total area of treefall gaps. This process was carried out for each study site with all useable unmixed images.




3.6.2. Time Series Construction


Two methods were used for the evaluation of the unmixed images. With the first method only the mean value and the SE of the evaluated area was calculated. This method allowed us to get a simple comparison between the evaluated treefall gap area and their reference area. It created a comprehensive result, but it neglected the spatial distribution of the treefall gaps. The number of correctly detected treefall gaps therefore cannot be defined, because the reference has a different data type. The spatial correlation of the transformed reference showed the goodness of the fit.



This method is based on a time series construction. A 10 m resolution grid was placed over the study site in the national projection system (HD72/EOV, EPSG:23700). The nearest pixel from an unmixed result was assigned for each grid centroid and their values were stored as an attribute. Since the unmixed images were still in a UTM projection, a coordinate transformation [71] was applied in this step. After assigning all individual images to the grid, a GIS vector layer was available for the analysis. It contained a treefall gap fraction value for each grid cell which went through an individual noise filtering. The treefall gap fraction ranged from 0 to 1 on each individual date. That allowed us to turn their value into probability. Their values were summarized and normalized for each year. We suspected that no significant change took place during the vegetation period during a year. The normalized value on the grid showed the fuzziness of the detected gaps. If it had a value 1.0, it appeared on every date as a treefall gap. If the fuzziness was lower, it could be a part of treefall gap or a false detection. If a false detection was caused by the shadow of low sun elevation, it appeared only a few times. If the number of observations are sufficient, with an observation from each month during the vegetation period, the fuzziness value over these false detected cells will be much lower than if it would cover only a small fraction of a real treefall gap. Therefore, a global filtering was applied for the normalized treefall gap fuzziness value. This global threshold was estimated empirically based on the results. The threshold value was not used in the area evaluation. We detected changes by comparing the fuzziness values from different years. This also created a change map.



The nearest-neighbor sampling method could cause a subpixel shift on the results. According to the preliminary tests, it was always less than 3 m.





3.7. Spectral Sample Subsampling


We wanted to determine the optimal number of spectral samples to create endmembers. Therefore, a subsampling was carried out using the existing endmember samples. We subsampled the spectral sample dataset from 100% to 10% by 10% steps, and from 10% to 0% by 1% steps. The subsampling was done by random selection. An array containing the indexes of the spectral samples was randomly shuffled by C++ STL function [72] and the first n element was selected to create an endmember, where n is the number of samples at a certain subsampling ratio. When the subsampling ratio was set to 0%, it used only 1 randomly selected sample. The endmembers were created from the subsampled spectral data for the forest and gap features. The unmixing workflow was done using the created endmembers for each Sentinel-2 image. Two hundred iterations were done for each Sentinel-2 product (L1C, L2A, L2ADEM). Each treefall gap fraction area was evaluated from the unmixed results. A constant 0.7 threshold was applied for each image. The mean value of the area from iterations was considered during the evaluation.




3.8. Validation


The reference treefall gap maps were created from the aerial photos, orthophotos and the available DSMs. The treefall gap polygons were created using multi-source visual interpretation. The polygons were drawn on the orthophoto. The DSM and the stereo pairs of aerial photos were used for reducing uncertainties. Only the visible parts of the gap were drawn. The seed trees inside the gaps were excluded from the polygons. The polygon vertexes were dropped with approximately 0.5 m accuracy over the edges of the treefall gaps. The GNSS measurements from the OS1 were used to separate artificial and natural gaps in the canopy. The spatial validation of the map with the reference treefall gap polygons was done on the grid polygons. The GIS vector layer of polygons was merged with the 10 m resolution grid polygons. After this operation, the remaining fraction of a treefall gaps was assigned to the grid which already contained the remote sensed gap fraction. A correlation was calculated between the remote sensed and the reference data values.





4. Results and Discussion


The main aim of this research was to determine the area which is covered by treefall gaps and to create maps from them. We carried out the method on a satellite image time series. Three types of satellite imagery were used: L1C, L2A and L2ADEM datasets. Our assumption was that the different types of preprocessing highly influence the results. In the oak forests, 9 images, and on the beech forests 6 images were evaluated due to cloud cover restrictions on the further images. The rest of the images were used only for spectral sampling.



4.1. Endmember Evaluation


It was visible that the endmembers would have too much variation if the range would be not split into 3 illumination classes as shown in Figure 7. The feature types in the created classes are located separately in the spectral space (Figure 8). Since we were looking at vegetation the NIR spectrum has a main response to the features. But other bands also show differences in their spectral profiles. Spectral features with oak forests always show higher NIR values than the gap features due to projected shadows inside the gap. The forest endmembers in a lower illumination class overlap with a gap endmember from a higher class. This result proves that the spectral mixture analysis should work with better accuracy if illumination is considered.



The mean and SE of the endmembers showed a prior accuracy of the spectral unmixing. A SE value bigger than 1000 on the NIR band indicates an unreliable result. The SE at the NIR band on cloudless images ranges between 0 and 1000. On images with partial cloud cover, due to the errors of the cloud mask, the SE was much higher. After applying a threshold filter on B2, the SE was reduced on each band. Results from the L1C data, where only geometrical correction was applied, showed the lowest SE with 166 on the NIR band on all endmembers, while L2A products had 210 and L2ADEM 251.



The sample positions for the endmembers cover almost the whole Börzsöny Mountains so they come from different altitudes. Even an 800 m height difference occurred between sample positions inside the same class where there is a difference between the aerosol and water vapor thickness (Table 2). The proportion of the useable sampling positions on individual images was calculated (Table 3).



We would expect the lowest SE for endmembers with the L2A radiometrically corrected imagery. In the L2A radiometrically and topographically normalized data type, the SE of the endmembers was higher as expected. The reason for this is the inaccurate DEM (SRTM 90) or the topographic normalization method [73] which caused over-correction of spectral values. The correlation of the endmembers from different data types (Table 4) showed that the atmospheric correction is highly dependent on wavelengths. Aerosols in the atmosphere affect the blue band (B2) most while the topographic correction made only minor changes according to their correlation. This phenomenon was also observed on the green band (B3). The radiometric correction showed less change over the NIR range, and the difference at the correlation is much smaller but it did change the values. In the beech area, the Spectral profiles of young and the old forests converge while without topographic normalization they were clearly separated. In oak forests the distances between the spectral profiles stayed constant where only old forest and shadowed treefall gap features were present.




4.2. Subsample Number of Endmember Samples


We tested the effect of decreasing the number of samples during the creation of endmembers (Figure 9). According to the area evaluation on the subsampled results, there is only a minor difference above the 10% subsampling ratio. In certain cases only 1 really good endmember for a feature type was enough for each date. This could not be guaranteed so numerous samples are still required, which forms a normal distribution.



Increasing the number of samples for creating endmembers increases the accuracy of the mapped treefall gap positions by the law of large numbers. The optimal number of samples based on this test would be 100–200 rather than a few thousand as we had.




4.3. Synthetic Treefall Gap Modelling


The spectral mixing and then the unmixing was carried out for the selected 6 treefall gap models. All 11 available images were used for the modelling. The minimum fraction on a treefall gap in the visually selected sampling pixels showed the expected pattern through the year. The correlation between the minimum fraction and the elevation of the sun is −0.98. It indicates that the detected amount of shadow which we handle as a treefall gap highly depends on the elevation of the sun. The lower the sun’s elevation is, the more false detections take place. Therefore, a dynamic thresholding value is required for area evaluation on each date. For thresholding, the minimum fraction value was used (Figure 10), which is the average of the minimum fraction of all sampled values.



The evaluated area on the selected sampling pixels was inspected. Using the threshold values, which were calculated previously, the overestimation of the spectral unmixing was modelled. It showed that on average the time series will display the exact area (Figure 11), but individual images could have bigger overestimations in relation with the angle of elevation of the sun.




4.4. Gap Area Evaluation


4.4.1. Oak Study Site I


From the aerial orthophotos in the year 2015, 1.79 ha were evaluated as a gap area. From the aerial orthophotos in the year 2016, 3.29 ha were evaluated as a gap area. The change was 1.50 ha. This area is including the canopy of the single seed-trees inside the gaps. The results exclude those trees, because the satellite imagery is limited to its 10 m resolution.



The natural canopy gaps over the small valley which divided the site into two parts were masked. The image dynamic in that area over the year was so low that valid gap detection was not expected there. The area for evaluation was reduced to 26.3 ha. The area for the treefall gaps was calculated on each single image. Two images from 2015 and seven images from 2016 were evaluated. The individual filtering for each date was applied based on the synthetic treefall gap modelling. Basic statistics were calculated for each year and for each data type (Table 5).



According to the results, the L2A radiometrically and topographically corrected imagery showed the most reliable results for this area. The simple L2A results showed a double amount of gaps with a bit less SE. Despite that the L2A DEM endmembers had a higher SE, the result is surprisingly good on this type of forest both spatially and quantitatively. The change from 2015 to 2016 showed different results. There was almost 1 ha difference, which is 3.5% of the total area, when comparing the biggest to the smallest data. The gaps appeared where reference points were measured on the field but their size was larger than the reference. The georeferencing quality test on some images failed the quality test during the preprocessing of L1C products according to the metadata. The different view angles of the sensor caused a subpixel shift in the result. Some treefall gaps were situated on the border of the study site right next to a road. The sub-pixel movement in the georeferenced areas caused some errors there with the automated evaluation.



There is no regular error between the images which were taken from different orbits. The evaluated area of gaps depends more on the vegetation phase and the lighting conditions. The two types of L2A-based maps showed better overlapping. The L2A DEM maps have more transparent outlines around the gap center. We observed that the adjoining gaps sometimes appear to be fully joined, but on other dates they look separate. This is because their thin border of canopy sometimes mixes into the gap, or sometimes appears individually based on amount of self-shadowing. The different view angles of the sensors could also influence a result with a few pixels’ difference. This was also inspected by view shed test.



The unmixed results from different data types were compared by correlating them (Table 6). This showed a very high correlation between the L1C and L2A images. However, the filtered results showed a much greater difference than the unfiltered results. The atmospheric correction leads to higher contrast between forest and treefall gaps, which causes the differences in area evaluation. The topographic normalization highly affects the correlation value, which makes the area evaluation better.




4.4.2. Oak Study Site II


Treefall gaps were digitalized using the orthophotos and the nDSM on a 1.24 ha area. This site was located in the middle of a forest compartment so it was free from the border effect noise. Two images from 2015 and 7 images from 2016 were evaluated. Since there were no significant changes between the two years’ treefall gap area the results are comparable. In 2015 the first image was taken in the middle of a summer at a high sun elevation. The second image was taken in late autumn. According to the spectral modelling, the average of these two dates should give a reliable estimation for the area. On the L2ADEM product it showed a really close value to the reference with a high SE. In 2016 the images were taken in the second half of the vegetation period. Thus, it brings the average closer to the overestimation which took place at a lower sun elevation.



Since this site was a flat area with neutral topographic exposure, the topographic normalization should not affect the result. However, there is a significant difference between the evaluated areas (Table 7). The correlation between the unmixed unfiltered results showed a better connection than at OS1 due to the smoother topography (Table 8).




4.4.3. Beech Study Site


On the 10 m resolution Sentinel-2 images, only the standing old forest and the young forest and gap categories could be evaluated. These two categories were used during the creation of the reference data set. The total area of the site was 32.76 ha and the gaps covered 14.11 ha according to the orthophoto from the summer of 2015. The convex hull of the crown was considered as a projection where only partial crown damage was detected on the aerial image. Two images from 2015 and 4 images from 2016 were evaluated (Table 9). This site is located in the higher region of the mountains where cloud cover is more frequent.



The previous endmember evaluation showed that the topographic normalization of the L2A data minimizes the spectral distance between the old forest and the young forest signatures. Due to this artifact, many old forest pixels were classified as a young forest which belongs to the treefall gap category. The difference between the L1C and the L2A data results are negligible. The beech sampling positions were situated in the higher region of the mountains, where the amounts of atmospheric aerosol are similar.



Furthermore, the topography under the forest was smoother but steep. The illumination of the site was more balanced. The L2A data showed the lowest SE values in the two different years (Table 9).



On the results from 2015, the damage of the 2014 ice damage was observed. The ice damage caused a partial crown loss for mature beech trees. Thus, more self-shadowing appeared where the general canopy closure was lower. This produces different textures on the orthophotos as well. On images from 2016, the gap area reduced by 22.36% and the SEs of individual results were below one hectare. This can be explained because the canopy of beech trees has a strong ability to regenerate even at older ages.



The correlation between results from different data types showed a low correlation between the topographically corrected data and the others (Table 10). This could be explained by the mixing of old and young forest spectra, which highly effects the NIR range. All the correlation coefficients are lower than in oak forests. The area results show a strong connection between the L1C and the L2A results.





4.5. Time Series Evaluation


4.5.1. Oak Study Site I


The simple area evaluation in Section 4.4 showed an overestimation on every site. Those statistics do not show any spatial distribution, and thus the type of error remains unknown. The evaluation of the time series on a regular grid gave a more accurate result (Figure 12). Turning the treefall gap abundance value into a fuzziness, produced a map for each year with information about the detected accuracy. Only the L2ADEM results were used for this type of evaluation. The area results barely differ from the simpler method in Section 4.4. The individually filtered single values constructed the final result (Table 11). A global filtering was not applied during the area evaluation for the normalized fraction value which shows the fuzziness. The correlation between the evaluated and the reference gap fractions was 0.63 for the year 2015 and it was 0.65 for the year 2016. The fuzziness map of treefall gaps overlaid to the reference data shows further details about the canopy closure. If the crown structure of a tree is looser, it appears on the map with a low fraction as a treefall gap. If the treefall gap mapping process is done on a series of images which were taken before the artificial gap opening, these noises were automatically excluded from area evaluation. The global threshold value is determined empirically at 0.25 for this effect on the summarized fuzziness map of the quantity of gaps. This value highly depends on the elevation of the sun. It was determined visually based on the thematic map (Figure 12). If more images with low sun elevation are used, this will increase the amount of false detections. The amount of false detection is negligible compared to the real gaps. Elongated gaps with low fractions in the pixel are unfortunately filtered out during the individual scene filtering. Treefall gaps with seed trees inside also cause this effect. The minimum extent that could be detected with higher confidence is a compact-shaped gap, which is not much smaller than the pixel size.




4.5.2. Oak Study Site II


The overestimation was investigated in detail on this study site, which was free from border noises and more VHR reference data were available. In total, 1.72 ha of forest were evaluated with the time series method using only individual filtering on the L2ADEM-type unmixed products (Figure 13) (Table 12). The detected pixels overlapped the reference dataset. The correlation between the reference grid and the merged time series was 0.72 without global filtering.




4.5.3. Beech Study Site


The individually filtered, unmixed L2A products were used for the time series evaluation (Table 13). The simple area evaluation in Section 4.4.3 produced acceptable results on images from 2016 (Figure 14). According to the oak study sites, the same gap border artifact should be present. The different structures of the non-compact treefall gaps and inhomogeneous tree height distribution should bring more border effect noise into the time series result. Results from 2015 showed the damaged part of the site. Tree groups which suffered partially broken crowns in 2014 can be seen on the map. The result from 2016 showed better connections to the reference gap polygons. The correlation of the merged treefall gap ratio and the fuzziness of a gap showed the value 0.21, which is significantly lower than with the oak sites since the canopy structure of a mature beech tree is much looser than a mature oak tree. This is especially so if the beech trees had ice damage several times during their lives. These effects were filtered from a longer time series. Here only the regeneration was observed. The regions where strong regeneration took place were observed on the change map of 2015–2016 (Figure 14). The differences between the reference and the calculated maps show the border effect along the edges.




4.5.4. Possible Sources of Overestimated Area


As shown on Figure 13, most errors appear around the edge of the reference gaps, especially on the south-eastern edges. In these cells only a fraction of 1.0 should appear while in most cases it is present with a value close to 1.0. This effect is caused by the shading on the tree crown at the edge (Figure 15). The shading becomes clearly visible if the same approach is applied here which calculated the illumination for the surface using a high resolution DSM. The shape of the upper crown of a broadleaf tree could be approximate with a half sphere. Those parts which face against the direction of the sunlight become shaded. Thus, it is also detected as a shadowed treefall gap signature but this takes place in the canopy. On an aerial photo which was taken in the morning this could be observed in more detail. A 2 m wide buffer zone was added to the reference layers in both years to model this effect. With this extension of reference, the evaluated area from the Sentinel-2A images matched better (Table 11 and Table 12). This shaded canopy effect could also bias the reference dataset during visual interpretation. The effect of a loose crown structure is observed here too, especially between adjacent treefall gaps where a narrow path was cut for transporting the timber. Older trees usually have a looser crown structure and their crown projection is big enough to cover one pixel. If a group of mature trees is observed at a lower sun elevation, the amount of self-shadowing appears on the final map as a treefall gap with a low ratio.






5. Conclusions


A workflow was implemented during the research to detect artificial treefall gaps on Sentinel-2A satellite images. These maps are essential for a more sustainable forest management. The preprocessing of images highly affected the results. In the oak forest, the BOA reflectance gave the most promising result with topographic normalization. For the beech forest, the BOA reflectance without topographic normalization showed better results. At least 100 spectral sample positions from each category with high accuracy would be enough for a region to create spectral endmembers. The accuracy of the DSM for illumination modelling has an important influence on the shadow map we derived. The DSM should match the conditions captured at the satellite images. In Hungary country- wide, commercial DSMs [45] are available every 5–10 years which can be used for this purpose. By using a longer time series which covers the whole vegetation period, a more precise filtering could be made for false gap signals. However, it has not been available with Sentinel-2 until now. With the recently launched Sentinel-2B [74], a denser time series will be available in the future. The vegetation period of 2018 could be the first time when the pair of calibrated Sentinel-2 satellites can deliver a dense time series. One cloudless observation per month from a forest compartment is enough to get acceptable results.



The area estimation for individual compact-shaped treefall gaps is better on images with high sun elevation. On the other hand, smaller and non-compact gaps appear on the satellite images only at lower sun elevation with overestimated size and shifted position due to the shade. The detected area must be reduced with a constant value in order to eliminate known effect of shading on canopy borders. Change detection showed a very high accuracy on the treefall gap area change. Due to the relatively high SE of the results, it is not recommended to use evaluated area directly from single dates. It is better to use a fuzziness map for treefall gaps instead of a binary mask. This also creates a map of the dynamically changing canopy layer. The detection of gaps using higher-resolution remote sensed data could be more precise, but the cost comparing to this method is significantly higher.
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Figure 1. Location of forest study sites in Hungary with Sentinel-2 footprints. 
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Figure 2. OS1 with an orthophoto from 2015. The spatial resolution of the orthophoto is 0.2 m. 
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Figure 3. OS2 with an orthophoto from 2015 with a spatial resolution of 0.2 m. 
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Figure 4. BS with an orthophoto from 2015 with a spatial resolution of 0.2 m. 
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Figure 5. The workflow chart for spectral mixture analysis. 
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Figure 6. The workflow chart for synthetic treefall gap modelling. 
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Figure 7. Gap and Forest type endmembers from the 3 classes of illumination. 
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Figure 8. Endmembers spectral profile from one illumination class. 
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Figure 9. Area evaluation with randomly subsampled endmember sources on different dates. 
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Figure 10. Minimum threshold value for gap fraction. 
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Figure 11. Area errors on selected pixels. 
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Figure 12. Treefall gap fuzziness map evaluated from time series for 2015 (a) and 2016 (b) at the OS1 on a 10 m resolution grid. Reference treefall gap polygons shown with black outline for both years. 
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Figure 13. Treefall gap fuzziness map evaluated from the merged time series of 2015 and 2016 at the OS2 on a 10 m resolution grid. Reference treefall gap polygons are shown with black outline. 
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Figure 14. Treefall gap fuzziness map evaluated from 2016 at the BS on a 10 m resolution grid (a). Regeneration strength map of partial crown damage between 2015 and 2016 on the same 10 m resolution grid (b). 
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Figure 15. Overestimation of gap size modelled on DSM (a) and the same treefall gap contour on a 0.1 m resolution color infrared orthophoto captured with lower sun elevation (b). 






Figure 15. Overestimation of gap size modelled on DSM (a) and the same treefall gap contour on a 0.1 m resolution color infrared orthophoto captured with lower sun elevation (b).



[image: Forests 08 00426 g015]







[image: Table] 





Table 1. Details of the Sentinel-2A data.
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	Satellite Path
	Year
	Month
	Day
	Sun Azimuth (°)
	Sun Elevation (°)





	R079
	2015
	08
	07
	156.43
	56.68



	R036
	2015
	10
	03
	165.49
	37.17



	R079
	2016
	03
	24
	161.83
	42.31



	R079
	2016
	07
	22
	154.09
	60.17



	R036
	2016
	08
	28
	157.52
	49.64



	R079
	2016
	08
	31
	161.92
	49.22



	R036
	2016
	09
	07
	159.99
	46.28



	R079
	2016
	09
	10
	164.19
	45.74



	R036
	2016
	09
	27
	164.46
	39.09



	R079
	2016
	09
	30
	168.16
	38.37



	R079
	2016
	10
	10
	169.69
	34.67
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Table 2. Types and number of sampling positions for endmembers.
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	Sample Type
	Number





	beech forest old
	1632



	beech shadowed treefall gap
	563



	beech forest young
	2961



	oak forest old
	6694



	oak shadowed treefall gap
	2809
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Table 3. Proportion of the sample positions on the images.
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	Image Date
	Active Sampling Positions





	7 August 2015
	97.76%



	3 October 2015
	88.34%



	24 March 2016
	58.51%



	22 July 2016
	62.73%



	28 August 2016
	98.01%



	31 August 2016
	100.00%



	7 September 2016
	100.00%



	10 September 2016
	100.00%



	27 September 2016
	70.75%



	30 September 2016
	99.99%



	10 October 2016
	95.90%
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Table 4. Correlation matrices for all endmembers from different data types.
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R

	

	

	
R

	




	
B2

	
L2ADEM

	
L2A

	
L1C

	
B4

	
L2ADEM

	
L2A

	
L1C




	
L2ADEM

	
1.00

	
0.91

	
0.32

	
L2ADEM

	
1.00

	
0.97

	
0.78




	
L2A

	
0.91

	
1.00

	
0.31

	
L2A

	
0.97

	
1.00

	
0.78




	
L1C

	
0.32

	
0.31

	
1.00

	
L1C

	
0.78

	
0.78

	
1.00




	

	
R

	

	

	
R

	




	
B3

	
L2ADEM

	
L2A

	
L1C

	
B8

	
L2ADEM

	
L2A

	
L1C




	
L2ADEM

	
1.00

	
0.85

	
0.58

	
L2ADEM

	
1.00

	
0.88

	
0.86




	
L2A

	
0.85

	
1.00

	
0.60

	
L2A

	
0.88

	
1.00

	
0.95




	
L1C

	
0.58

	
0.60

	
1.00

	
L1C

	
0.86

	
0.95

	
1.00
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Table 5. Area evaluation results on OS1.
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Year

	
L2ADEM

	
L2A

	
L1C

	
Reference






	
Mean (ha)

	
2015

	
3.39

	
6.58

	
7.10

	
1.79




	
2016

	
5.04

	
8.32

	
7.85

	
3.29




	
SE (ha)

	
2015

	
2.08

	
0.64

	
1.97

	




	
2016

	
1.18

	
1.12

	
0.63

	




	
Gap/Total area

	
2015

	
12.92%

	
25.05%

	
27.03%

	
6.80%




	
2016

	
19.20%

	
31.67%

	
29.89%

	
12.52%




	
2016–2015 change

	
ha

	
1.65

	
1.74

	
0.75

	
1.50




	
%

	
6.28%

	
6.62%

	
2.86%

	
5.71%
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Table 6. Correlation between the treefall gap abundance rasters on different data types on different dates on OS1.
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Date

	
R




	
L2ADEM-L2A

	
L2ADEM-L1C

	
L2A-L1C






	
7 August 2015

	
0.84

	
0.82

	
0.99




	
3 October 2015

	
0.58

	
0.59

	
1.00




	
22 July 2016

	
0.86

	
0.86

	
0.98




	
28 August 2016

	
0.83

	
0.82

	
1.00




	
31 August 2016

	
0.84

	
0.84

	
1.00




	
7 September 2016

	
0.81

	
0.81

	
1.00




	
10 September 2016

	
0.82

	
0.82

	
1.00




	
27 September 2016

	
0.73

	
0.78

	
0.98




	
30 September 2016

	
0.75

	
0.75

	
1.00
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Table 7. Area evaluation results on OS2.
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Year

	
L2ADEM

	
L2A

	
L1C

	
Reference






	
Mean (ha)

	
2015

	
1.30

	
0.76

	
1.00

	
1.24




	
2016

	
1.53

	
1.05

	
0.78

	
1.24




	
SE (ha)

	
2015

	
0.21

	
0.05

	
0.10

	




	
2016

	
0.30

	
0.28

	
0.17

	




	
Gap/Total area

	
2015

	
14.58%

	
8.54%

	
11.29%

	
13.98%




	
2016

	
17.23%

	
11.77%

	
8.83%

	
13.98%




	
2016–2015 change

	
ha

	
0.23

	
0.29

	
−0.22

	




	
%

	
2.64%

	
3.24%

	
−2.46%
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Table 8. Correlation between the treefall gap abundance rasters on different data types on different dates on OS2.
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Date

	
R




	
L2ADEM-L2A

	
L2ADEM-L1C

	
L2A-L1C






	
7 August 2015

	
0.92

	
0.92

	
1.00




	
3 October 2015

	
0.78

	
0.77

	
1.00




	
22 July 2016

	
0.90

	
0.88

	
0.98




	
28 August 2016

	
0.87

	
0.86

	
1.00




	
31 August 2016

	
0.88

	
0.88

	
1.00




	
7 September 2016

	
0.86

	
0.86

	
1.00




	
10 September 2016

	
0.86

	
0.86

	
1.00




	
30 September 2016

	
0.82

	
0.82

	
1.00




	
10 October 2016

	
0.78

	
0.77

	
1.00
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Table 9. Area evaluation results on BS.
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Year

	
L2ADEM

	
L2A

	
L1C

	
Reference






	
Mean (ha)

	
2015

	
26.04

	
22.01

	
22.74

	
14.11




	
2016

	
21.27

	
14.69

	
14.61

	
14.11




	
SE (ha)

	
2015

	
2.07

	
1.34

	
1.57

	




	
2016

	
1.51

	
0.73

	
0.91

	




	
Gap/Total area

	
2015

	
79.47%

	
67.18%

	
69.41%

	
43.06%




	
2016

	
64.91%

	
44.82%

	
44.58%

	
43.06%




	
2016–2015 change

	
ha

	
−4.77

	
−7.33

	
−8.14

	




	
%

	
−14.56%

	
−22.36%

	
−24.83%
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Table 10. Correlation between the abundance of treefall gap rasters on different data types on different dates on BS.
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Date

	
R




	
L2ADEM-L2A

	
L2ADEM-L1C

	
L2A-L1C






	
7 August 2015

	
−0.16

	
−0.11

	
0.83




	
3 October 2015

	
0.27

	
0.25

	
0.97




	
28 August 2016

	
−0.17

	
−0.22

	
0.96




	
7 September 2016

	
−0.24

	
−0.26

	
0.97




	
10 September 2016

	
−0.04

	
−0.26

	
0.77




	
30 September 2016

	
−0.27

	
−0.38

	
0.88
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Table 11. Evaluated area from time series on OS1.
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	L2ADEM
	Reference
	Reference + 2.0 m Buffer





	Area 2015 (ha)
	3.33
	1.76
	3.18



	Area 2016 (ha)
	5.19
	3.26
	5.32



	Area 2015 + 2016 (ha)
	5.39
	3.26
	5.32
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Table 12. Evaluated area from time series on OS2.
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	L2ADEM
	Reference
	Reference + 2.0 m Buffer





	Area 2015 (ha)
	1.43
	1.24
	1.67



	Area 2016 (ha)
	1.81
	1.24
	1.67



	Area 2015 + 2016 (ha)
	1.72
	1.24
	1.67
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Table 13. Evaluated area from time series on BS.






Table 13. Evaluated area from time series on BS.










	
	L2ADEM
	Reference





	Area 2015 (ha)
	23.03
	14.11



	Area 2016 (ha)
	15.49
	14.11



	Area 2015–2016 (ha)
	7.54
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