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Abstract

:

Dynamic changes in land use, many of which are related to land abandonment, are taking place in many regions of the world. As a result, forest vegetation appears, which in part is a consequence of planned afforestation programs and in part has the characteristics of secondary forest succession. Monitoring of forest structure allows the range and dynamics of such changes to be identified. The aim of the study was to assess the usefulness of historical aerial photographs in the determination of forest structure. On the basis of such data, a point cloud was created which represented the forest structure in 1966. Subsequently, using airborne laser scanning data for the same area, corresponding datasets describing the situation in 2012 were created. Comparison of the two tall vegetation models made it possible to perform four analyses related to forest structure changes over a period of 46 years. The analyses were carried out in four areas in southern Poland. The analysis of the results confirmed that historical aerial photographs may be a valuable source in long-term analyses of changes in the range and height structure of areas containing tall vegetation.
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1. Introduction


The accelerating rate of climate change, together with demographic, social, and economic processes, causes several significant land-use changes [1]. These affect the growth or contraction of the surface area of crops, or changes in agricultural production trends. This increase in arable land is caused mostly by the growing rural population or the intensive expansion of large-scale agricultural holdings, including intensive monocrop farms in the tropics. The reduction in agricultural land is typical of countries with a negative birth rate and migration from rural to urban areas [2]. As a result of reduced workforce, those pieces of land are cultivated where the yield is obtained with the lowest labor input. Areas with high labor input become unattractive for farmers. Over time, such pieces of land are abandoned. In such cases, the abandonment of agricultural land primarily affects the areas that are least suitable for economically sustainable agricultural production [3] because of significant fragmentation [4], low soil quality [5], or difficult topography [6]. Climate change is another critical factor in crop abandonment as it degenerates natural conditions, particularly access to water in many areas where farming is the traditional type of land use.



Central and eastern Europe is a region where agricultural land is being abandoned intensively. This fact is related to the adjustment of agriculture to changes effected after the fall of socialism at the beginning of the 1990s [7,8]. Other important factors that affect land-use change include climate change, which is particularly severe in southern Europe, Italy, Portugal, and Spain [9]. The most common effect of the abandonment of agricultural land in Europe is the appearance of various forms of tree vegetation. This is mostly a result of planned afforestation of the least agriculturally valuable land, but many areas are dominated by secondary forest succession [10].



Land-use change monitoring is of great importance in managing the use and development of land resources [11]. The analysis of long- and short-term changes and their dynamics facilitates the development of appropriate tools for local and regional policies to support specific development directions and limit the identified rural development issues [12,13].



The pace and direction of these changes can be pinpointed using many data sources, including cadastral data and cartographic documents. Still, remote sensing data is the key source in land-cover change analysis [14,15,16]. This data can be collected using various measuring systems on airplanes, satellites, or unmanned aerial vehicles (UAVs). Geospatial data collected using remote sensing are represented in satellite images, aerial photographs, or point clouds. It is possible to determine the dynamics of land-use change [17] and analyze these changes in the height structure of tree vegetation using remote sensing data from various periods [18,19].



Historical aerial photographs may be of particular value here as they are a means of reproducing the state of a particular area from before other remote sensing techniques were available [20]. Such photographs, which were archived in virtually every country in the world since the first half of the 20th century [21], were taken with stereoscopic coverage, which provides great potential for three-dimensional (3D) documentation of past changes [22]. Modern image-processing technologies, in particular SfM (structure from motion), can compute aerotriangulation for blocks of photographs that do not have complete interior orientation data [23]. This is of particular importance when archives do not have camera calibration reports or adjustment information for some blocks.



The use of historical aerial photograph stereograms to reconstruct vegetation height profiles in a nature reserve was described by Będkowski [24], and the use of aerial photograph stereograms in multitemporal landslide studies was discussed by Kamiński [25]. In her work, Kaczmarek presented an example of the use of individual historical aerial photographs combined with other cartographic sources to study the variability of the shoreline of an artificial water reservoir [26]. In their paper on the Błędów Desert, Bryś and Gołuch [27] also used historical aerial and satellite images from various periods. St-Onge et al. [28] demonstrated that it was possible to integrate airborne laser scanning data (light detection and ranging (LiDAR) ALS) and digital stereophotogrammetry to map forest canopy height. Ullah [29] achieved similar results using a similar method of generating point clouds from images. The high consistency of tree height data from the identification of individual crowns in a photogrammetric point cloud (PPC) and a point cloud from airborne laser scanning was demonstrated by the authors of [30]. Ullah [31] indicated that photogrammetric methods aided by a digital terrain model (DTM) from airborne laser scanning yielded similar accuracies of forest tree volume calculation to pure airborne scanning data and may be used to this end when no ALS data are available. Also, Maltamo et al. [32] proved the value of point clouds generated from digital aerial photographs in decision-making processes regarding forests; they also pointed out the lower cost of this information compared to ALS data. According to Korpela [33], it is possible to obtain high-quality spatial data from historical photographs spanning 42 years when combined with airborne laser scanning data. This author also mentioned the issue of missing camera calibration data, deformed negatives in archives, and the necessity of finding spatial invariants as tie points for images taken in periods for which no aerotriangulation results are available. He emphasized the practical value of this material in extensive analyses of vegetation cover change over a long period. Similar challenges regarding historical aerial photographs were discussed by Feurer and Vinatier [34] ], who proposed the computation of orientations of photographs from various epochs in a single block using SfM algorithms.



Historical photographs are often of poor quality due to parameters of negatives and the airborne equipment used. The resolving power of lenses, which improved significantly in the second half of the 20th century, is of particular importance in this context. The average radial and tangential resolving power weighted for the whole area of the photograph (area-weighted average resolution) increased from about 50–60 line pairs per mm in the 1960s to about 110–120 line pairs per mm at the beginning of the 1990s [35]. At the same time, the resolving power of today’s lenses is more consistent over the whole area of the image and does not deteriorate toward the edges. The distortion that results in geometrical deformations of images was reduced in the aforementioned period from about +10 µm to about +2 µm. Apart from the resolving power of the lens, the lack of forward motion compensation (FCM) systems for reducing the impact of aircraft motion when the shutter is open (not to mention vibration-damping and angular-stabilization systems) affected the quality of historical aerial photographs the most. These systems were not introduced until the 1980s [35].



One of the fundamental issues when using historical aerial photography is the lack of data on interior orientation. Archives usually only store negatives and cannot provide aerotriangulation results for individual blocks of photographs. These limitations result in serious issues with obtaining reliable geometrical data from historical aerial photographs using the traditional photogrammetric approach (with a digital photogrammetric station). If the calibration report is unavailable, the interior orientation can be determined using autocalibration, which results in both interior and exterior orientation parameters. This method was successfully used by some authors [36,37]. Distortion parameters are another unknown aspect of this problem. In the case of these parameters, it is necessary to take into consideration errors resulting from the scanning of negatives [38]. These additional factors significantly increase the necessity to use a large number of ground control points.



Structure from motion (SfM) [39] and bundle adjustment [40] introduced new ways of using scanned aerial photographs [41]. The use of such detectors as SIFT (scale-invariant feature transform) [42] or SURF [43] (speeded-up robust features), their modified versions, and the Random sample consensus (RANSAC) algorithm [44] which is used to identify photograph key points, facilitates relative orienting of blocks of historical photographs [45], despite the lack of data on the interior orientation or the distortion parameters of the lens [46].



The lack of photogrammetric control photopoints and information that identifies photopoints on photographs for aerotriangulation is another problem related to historical aerial photographs. It can be resolved by establishing a number of photo-identifiable points on the ground and measuring them in relation to the spatial frame of reference in place, thus creating a new photogrammetric control for the photographs in question. If a sufficient number of photopoints are identified for a block of photographs, the interior orientation of the photographs and the distortion parameters can be treated as unknowns and determined in a joint computation together with exterior orientation using bundle adjustment. This minimizes the reprojection error between the locations of observed and predicted image points and is expressed as the sum of squares of a large number of non-linear, real-valued functions [47].



The purpose of the present study is that it proposes a method for determining long-term changes in the range and height structure of tree vegetation using modern airborne laser scanning data and historical aerial photographs with stereoscopic coverage. The authors verified the value of the resulting point clouds using four test plots with about 50 years of difference in the age of the material. To this end, the key stages of source data processing were presented, followed by examples of analyses representing an array of the possible applications of the results yielded by the method.




2. Materials and Methods


2.1. Study area


The study area is located in the Lesser Poland region of southern Poland. This area was selected for two reasons. The first one was the availability of aerial photographs of adequate quality from around 50 years before modern airborne laser scanning data (in this particular case, the data were from 1966). The other reason was the intention to research an area where significant forest vegetation range changes were noted. This applies to both a reduction and an increase in the surface area of forests, as well as several changes related to forestry approaches, including clearance and reforestation. Four test plots were eventually qualified, each exceeding 1 km2. The location of the study area (divided into four test objects) is presented in Figure 1.




2.2. Data


The study employed materials representing the historical and current state of tall vegetation in the investigated area. The time between the dates of creation of both datasets was about 50 years. The historical state was represented by aerial photographs. The study involved 52 stereograms of historical aerial photographs, making up five lines in a single block. The aerial photographs were taken on 5 June 1966. The imaging covered the area of and around Szarwark. The only information about camera parameters or the flights from which the images were taken was on the borders of these analog photographs. It included flight altitude and time data. The photographs were taken in the morning between 9:00 a.m. and noon. The border of the analog photographs contained information about the focal length of the camera (203.63 mm). The historical stereograms were digitized using a 2400-dots-per-inch (DPI) photogrammetric scanner, which resulted in a 10.57-µm pixel. Ground sampling distance was 13 cm.



The recent data come from LiDAR measurements. They represent the range and height structure of forest vegetation in 2012 when the ISOK aerial imagery project (Informatic State Protection Program) was carried out in Poland [48]. The measurement resulted in LiDAR data with a density of at least four points per square meter, and digital photographs were used to produce an orthophoto. The horizontal error did not exceed 0.4 m, and the vertical root-mean-square error (RMSE) was below 0.2 m. The study also involved vector data that represents cadastral plots. All data used in the study were provided by the Head Office of Land Surveying and Cartography in Poland.




2.3. Data Processing


Data processing consisted of several stages. It was due to the significant diversity of source data that included rasters (historical aerial photographs and orthophotos), LiDAR data, and vector cadastral databases. The following tools were used: Agisoft Metashape™ for aerial photograph processing, Microstation™ [49] with TerraSolid™ [50] and CloudCompare™ [51] for point clouds, and ArcGIS™ to analyze other datasets and combine them with the results of the tools mentioned above.



The first stage was to create a point cloud from historical aerial photographs taken with analogue cameras, referred to as a photogrammetry archive point cloud (PAPC). Such data usually lack complete information regarding aerotriangulation and camera calibration. It was, therefore, necessary when creating this dataset to adjust it to the parameters of the modern LiDAR measurement for the area, which was a sine qua non condition for further analyses.



The parameters are related to the frame of reference, point density, or point cloud accuracy. The first stage involved Agisoft Metashape™. After the scanned analog photographs were loaded, the known camera parameters were input, but these only included the focal length of the camera (203.63 mm). The pixel size (10.57 µm) was determined using the scanning resolution (2400 DPI) and the physical dimensions of the scanner. Next, fiducials were measured for the whole set of photographs. Each photograph was marked with four fiducials in the corners. This facilitated the determination of coordinates of the fiducials in mm. The coordinates of the fiducials were determined through the assumption that the principal point is the origin of the fiducial system (x0 = 0, y0 = 0). The actual coordinates of the principal point and distortion parameters were unknown. They were determined using ground control points. The photographs were aligned using Align Photos. Accuracy was set to highest. The highest option takes quite a long time and demands more computational resources, providing more effective results. Key point and tie point limits were set to 6000 points. The next stage was to add ground control points to the photographs. It was a considerable challenge to identify terrain invariants of locations with the same horizontal coordinates and elevation as almost 50 years before. Ground control points were set in the area during the measurement in 1966, but the relevant documentation was lost. Potential objects and areas that probably did not change were selected. This group included buildings, roads, and boundaries of arable land. They were then narrowed down to establish ground control points. These were most often points located on arable land where the plot boundary remained the same over the years and was consistent with ownership boundaries on cadastral maps. Having established the ground control points, the authors determined their coordinates based on an orthophoto and cadastral datasets that included boundaries of cadastral plots (see Figure 2). Both the sets used a consistent coordinate system Poland CS92 (EPSG 2180) [52]. LiDAR data and ArcGIS™ were used to compute elevation coordinates for ground control points. Ground control points were assigned elevation, and then all points were imported into Metashape™.



Exterior orientation was then established so that Poland CS92 coordinates could be assigned to the model. Thirty ground control points were used. At this stage, the fitness accuracy of the whole model was 2 m for horizontal coordinates (X, Y) and 0.5 m for vertical coordinates (Z).



The next stage was to create a point cloud. This was done using Build Dense Cloud. Quality was set to high and depth filtering was set to mild. As quality was set to high, the density of the point cloud was similar to one of the LiDAR clouds for the area. The resulting point cloud (2.3 billion points) was exported to a single *.las file. Apart from the X, Z, Y coordinates, the points in the cloud had an intensity parameter of 0 to 255 (255—white, 0—black). Next, four test plots were delineated where large changes in the range and height structure of high vegetation were noted in the study area. The test areas were selected due to the fact that there were significant changes observed in the structure of afforestation. Both forest vegetation expansion and depletion occurred. The expansion was related to the growth of forest vegetation, which increased its range and height with time. The losses were related to forest management that was realized in the studied areas. There were no fires or other disasters in the selected areas that could have caused a sudden change in vegetation structure. The final datasets were extracted using TerraSolid™ software for Microstation™. With this tool, the authors restricted the point cloud to the boundaries of the four test plots and classified it. This involved assigning each point to a layer that represented the topography or type of land cover. The classification was divided into separate stages. Firstly, topographical points were classified. Using the elevation over the ground layer, subsequent points were assigned to individual layers in the category. Points more than 2 m above the ground layer were classified as tall vegetation. If the elevation over the reference layer was 0.4 to 2 m, it was classified as medium-height vegetation. Points up to 0.4 m above the ground were classified as short vegetation. Points representing other topographical features such as buildings or infrastructure were not classified or included in the study. The classification was carried out in accordance with Polish regulations for updating databases of aerial and satellite images, orthophotos, and the digital terrain model [53].



The point cloud created from the photographs was different from the point cloud from LiDAR data. The fundamental difference was that it was not possible to extract topographical information in places with vegetation from point clouds from aerial photographs. Points in the cloud from aerial photographs correspond to points in the cloud from LiDAR data from first returns. The historical PAPC classification was performed semi-automatically. Firstly, TerraSolid™ algorithms were used to identify ground points; vegetation was classified next. Manual tools were used to correct errors of automatic classification. The classification of PAPC facilitated its calibration. The PAPC was generated with 2-m horizontal error (X, Y) and 0.5-m vertical error (Z) to correct automatic classification errors. The figures were improved during calibration of the point clouds using CloudCompare. The calibration was performed for the four plots based on points representing topographical features that could be unambiguously identified in both the point cloud from aerial photographs and in the LiDAR cloud. Four points that remained unchanged over the years were identified in each test plot. They were used to perform a Helmert transformation and calculate transformation parameters [54]. The application of the Helmert transformation (linear conformal transformation) often takes place while matching coordinate systems in geodesy [55]. The use of the Helmert transformation allows to shift the origin of the coordinate system, rotate it, and change its scale while maintaining the conformity. In this case, it was used to improve the accuracy of the point cloud position obtained from archival data based on LIDAR data. The Helmert transformation was used to improve the quality of adjusting point cloud to the real terrain model. The parameters were used to transform the whole point cloud from aerial photographs. This way, the mean fitting error was below 1 m for all coordinates on all the analyzed fragments (X—0.98 m, Y—0.88 m, Z—0.32 m). The final result of the computations mentioned above was two point clouds from two periods. The first one was obtained using LiDAR and represented the current state as of 2012. The other was obtained using PAPC and represented a historical state in 1966.



The next stage was to create a canopy height model (CHM) from the point clouds to determine the height structure of the vegetation in the study area. The CHM was created by subtracting the DTM from DSM (Digital Surface Model) containing only the high vegetation layer. On the basis of the collected data, the authors determined that there were no changes in the terrain structure of the studied area. The methodology presented in this work assumes the unchangeability of the terrain. This allowed to compare the structure of afforestation for two different periods of time.



The first step in the process of building the CHM was to create two point clouds for each test plot. The first one included the ground layer and the tall vegetation layer from LiDAR data. The other one comprised the ground layer from LiDAR data and the tall vegetation layer from PAPC. The ground LiDAR layer was the reference level in both clouds. The PAPC had no points representing the ground except for places with no vegetation. The combination of the PAPC with the ground LiDAR layer resulted in the relative height of vegetation (from ground level) for both LiDAR data and the PAPC cloud. The effect was converted into a raster. With the goal of the study in mind, only points representing tall vegetation were used for this purpose (with a minimum relative height to the ground of 2 m). The conversion was performed in ArcGIS with LASDataset to raster. The interpolation method was binning. Cell assignment type was maximum, and the void fill method was not selected. Rasters with two grid cell sizes of 1 m and 2 m were generated. Next, classes representing trees of various heights were created through reclassification. Plants with a height of 2–3 m above ground constituted class 1. Plants of 3–4 m constituted class 2. The same approach was employed for the remaining data until all vegetation had been assigned to height classes. The next stage was to create masks to represent forest areas in 1966. To this end, rasters with historical forest cover data underwent reclassification; all values exceeding 2 m above the ground were changed to 1. The next step was to use raster to polygon to perform vectorization that yielded polygons representing forest cover over 2 m tall. The individual stages of the computation are shown in Figure 3.



Having obtained data on the current and historical height structure of tall vegetation for the four selected plots, the authors performed four analyses related to the forest cover structure. The first one focused on the height structure of tall vegetation in 1966. The second one investigated changes in the height structure of forest areas over the 46 years between 1966 and 2012. In order to limit the analysis to forest areas that existed in 1966, the vector forest cover masks built from the PAPC were used. The third analysis concerned the investigation of changes in the surface area of the forest cover in the study area, for which a forest cover differential model was used. Thanks to this model, it was possible to determine areas where tall vegetation (for all practical purposes, forest vegetation) appeared and disappeared. The last analysis was intended to determine the range and height structure of tall vegetation that grew after 1966. All the analyses were performed in two variants using rasters with two different grid cell sizes: 1 m and 2 m.





3. Results


Table 1 compares the height structure of vegetation in the four test plots in 1966. It contains a juxtaposition of height classes from raster data with two grid cell sizes: 1 and 2 m. Table 2 presents data on the forest cover height structure derived from LiDAR data. The 1966 state was also analyzed using two grid cell sizes. Table 3 shows the differential forest cover model for two periods: 1966 and 2012. Table 4 contains the height structure of forest cover after 1966. Table 3 and Table 4 contain data from two sources (PAPC and LiDAR) and two grid cell sizes.



Table 5 juxtaposes the land-use structure, including areas covered by tall vegetation (for all practical purposes, this is forest resulting from afforestation of agricultural land and secondary forest succession). It includes areas covered by forest vegetation in 1966 and 2012, areas with new forest cover after 1966, and the total surface area of tall vegetation from both datasets.



The use of the PAPC and LiDAR data allowed the authors to determine changes in the surface structure of the forest cover in the investigated areas (see Figure 4). The figure was divided into four parts corresponding to the investigated plots (Plot 1 a–d, Plot 2 e–h, Plot 3 i–l, and Plot 4 m–p). Each part contains the height structure based on historical stereographic data (Figure 4a,e,i,m), the height structure of the historical forest cover based on LiDAR data (Figure 4b,f,j,n), the differential model of the historical and current forest cover (Figure 4c,g,k,o), and new forest cover that grew between 1966 and 2012 based on LiDAR data (Figure 4d,h,l,p). Figure 5 and Figure 6 contain histograms from the PAPC and LiDAR data. The figures have four columns (A–D) describing the structure of the forest cover in the four analyzed plots. The first one (A) is the forest height structure in 1966. The second element (B) is the 2012 forest cover height structure of areas that were covered in forest in 1966. The third element (C) is the 1966–2012 differential forest cover model. The last element (D) is the height structure of the forest cover grown between 1966 and 2012. Each analysis employed two variants of the raster model, with grid cell size 1 m (see Figure 5) and 2 m (see Figure 6).




4. Discussion


The analyses of the four distinct test plots helped in the assessment of the proposed method in terms of its value for the investigation of several aspects of changes in the range and height structure of forest vegetation. The surface area of the first object (Plot 1) was 1.63 km2 and was mostly covered by forest in 1966. Its height structure was dominated by two groups in 1966: the first was in the vicinity of classes 8–10; the other was in the vicinity of classes 14–18. The two groups of height classes were indicated as dominant by the raster CHM (see Figure 4a), relevant data in tables (see Table 1), and their histograms. The northern and northeastern parts of the plot exhibited class 14–18 forest cover. The central part featured class 8–10 forest cover. Compared to the 2012 data, the surface area and height structure of the vegetation changed due to the clearing and growth of trees. Trees in the highest height classes were automatically removed. Trees in classes 8–10 grew over time and, therefore, moved into classes 20–23 (see Figure 5 Plot 1B and Figure 6 Plot 1B). Also, the differential model indicated that trees classified as classes 14–18 in 1966 were automatically removed (see Figure 5 Plot 1C and Figure 6 Plot 1C). Some of them were replaced by new vegetation, but some areas were not reforested (Figure 4b). New forest cover appeared in the investigated area after 1966; its height structure indicates that the vegetation is young and dominated by classes 2–7.



The analysis of Plot 1 employed CHM data with a grid cell size of 1 m and 2 m. The type of CHM from historical photographs does not affect the assessment of the forest cover tree structure. Some differences were noted between the height structure from CHM and the LiDAR data. They involved a lower share of the lowest height classes in the CHM with a grid cell size of 2 m. This is related to the use of an algorithm for generating the CHM from the point cloud. This algorithm assigns to each cell the highest height value resulting from the cloud point analysis. This approach increases the number of cells with the highest values at the expense of cells with the lowest values.



The second object (Plot 2) of 1.13 km2 was covered by forest only in its central part in 1966. There was no forest cover in other regions. The area was mostly agricultural land. The initial (1966) height structure of the forest cover was very diverse. Class 2–4 vegetation dominated, but class 8–10 vegetation was also noticeable (see Figure 5 Plot 2A and Figure 6 Plot 2A). The existing vegetation grew with time, resulting in the fact that classes 16–19 became the largest in terms of LiDAR data. Vegetation in the whole area clearly grew. In the case of the CHM from LiDAR, the impact of cell size on the results became apparent for areas with fragmented forest cover. As in the case of Area 1, in the CHM model with cell size equal to 2 m in relation to the 1-m model, the number of classes with height below class 5 decreased in favor of classes over 16. The new forest cover after 1966 was dominated by class 2–7 vegetation.



There was no compact forest area in the next analyzed test object (Plot 3) of 1.75 km2 (Figure 4i). Several groups of trees were uniformly distributed over this area. Their height structure fell mostly in classes 2–7. The higher the trees were, the smaller the groups became (see Figure 5 Plot 3A and Figure 6 Plot 3A). The histogram of the differential model indicated that the investigated plot had negative forest cover growth (see Figure 5 Plot 1C and Figure 6 Plot 1C). New forest cover after 1966 was dominated by class 2–7 trees (see Figure 5 Plot 1D and Figure 6 Plot 1D).



The last analyzed object (Plot 4) was mostly covered by forest in 1966. This 1.69-km2 plot featured a compact group of trees in its central part. Its height structure was dominated by class 8–10 trees (see Figure 5 Plot 4A and Figure 6 Plot 4A). The trees grew over time, and no changes indicative of excessive clearing were noted. The vegetation that was dominant in 1966 grew to reach classes 22–24 in 2012.



The historical aerial photographs facilitated the determination of changes in the surface area of tall vegetation in the analyzed plots. As opposed to the height structure analysis, the assessment of the surface structure was significantly affected by the method of obtaining the CHM. This was related to the type of source data used in the CHM and the parameters of the model itself. When historical data were used (PAPC), the results were similar regardless of the grid cell size. The CHMs based on LiDAR data demonstrated significant sensitivity to grid cell size. In the CHMs with 1-m grid cell size, surface areas of forest covers were significantly lower than for the 2-m CHMs (see Table 5).




5. Conclusions


The present study demonstrated that historical aerial photographs may be a valuable source of data in temporal analysis of range and height structure changes in high-vegetation areas. The possible fields of application include the assessment of the scale of forest clearing, reforestation of such areas, and identification of areas affected by permanent agricultural land abandonment. Such analyses can additionally determine the approximate date of abandonment or commencement of afforestation based on the height of forest vegetation. If multiple sets of historical aerial photographs from various periods and LiDAR data are available, the method can be used to characterize the dynamics of high-vegetation cover changes. Current LiDAR data facilitate the use of point clouds based on historical aerial photographs even if photograph orientation data are incomplete.



The fundamental limitation of this method lies in the quality of historical source data. They must meet conditions for PAPC. If the data of the location of ground control points in aerial pictures are incomplete or missing, they can be replaced by other points that did not change over the years and can be assigned spatial coordinates. It is hard to do so automatically, which is the largest challenge of the method in the case of large-area analyses.
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Figure 1. Location of the study area (c) in Europe (a), and the Małopolskie Voivodeship (b). 
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Figure 2. An example of the identification of ground control point located in the corner of the land parcel which did not change over the years. Both in 1966 (a) and 2012 (b), the boundary of the cadastral parcel overlapped the boundary of use. 
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Figure 3. Scheme presenting the methodology used in the processing of archival aerial photographs. 
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Figure 4. Comparison of height classes for four plots (Plot 1 (a–d), Plot 2 (e–h), Plot 3 (i–l), Plot 4 (m–p) developed with the use of archival aerial photographs and light detection and ranging (LiDAR) data. 
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Figure 5. Histograms of afforestation height structure for plots developed with the use of grid cell size equal to 1 m. 
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Figure 6. Histograms of afforestation height structure for plots developed with the use of grid cell size equal to 2 m. 
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Table 1. The forest cover height structure derived from historical stereometric photographs. The data in the table represent the share of individual classes in the forest cover structure. The table contains the percentage of classes for plots developed for a grid cell size of 1 m and 2 m.
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height of tress

	
2–3 m

	
3–4 m

	
4–5 m

	
5–6 m

	
6–7 m

	
7–8 m

	
8–9 m

	
9–10 m

	
10–11 m

	
11–12 m

	
12–13 m

	
13–14 m

	
14–15 m

	
15–16 m

	
Grid Cell Size




	
class

	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
9

	
10

	
11

	
12

	
13

	
14






	
Plot 1

	
0.77

	
1.14

	
1.20

	
1.76

	
2.94

	
4.32

	
6.05

	
7.23

	
5.87

	
4.20

	
4.10

	
5.63

	
7.79

	
8.87

	
1 m




	
0.83

	
1.18

	
1.20

	
1.78

	
2.98

	
4.34

	
6.11

	
7.32

	
5.88

	
4.19

	
4.24

	
5.79

	
7.85

	
8.92

	
2 m




	
Plot 2

	
9.74

	
11.5

	
8.94

	
7.24

	
6.47

	
6.22

	
6.14

	
6.50

	
6.71

	
5.84

	
5.28

	
4.61

	
3.99

	
3.30

	
1 m




	
9.85

	
11.7

	
8.97

	
7.15

	
6.18

	
5.96

	
5.65

	
6.03

	
6.37

	
5.56

	
5.29

	
4.77

	
4.06

	
3.56

	
2 m




	
Plot 3

	
12.8

	
11.5

	
10.1

	
9.16

	
8.51

	
8.01

	
7.84

	
6.74

	
5.86

	
5.16

	
4.04

	
3.22

	
2.42

	
1.65

	
1 m




	
9.92

	
10.8

	
9.40

	
8.50

	
8.55

	
7.89

	
7.95

	
7.01

	
6.30

	
5.61

	
4.86

	
3.81

	
3.08

	
2.20

	
2 m




	
Plot 4

	
4.92

	
4.38

	
3.74

	
4.62

	
6.87

	
11.5

	
17.5

	
20.7

	
15.0

	
6.18

	
2.34

	
1.02

	
0.53

	
0.31

	
1 m




	
5.11

	
4.65

	
3.69

	
3.93

	
5.52

	
8.93

	
15.4

	
20.2

	
17.8

	
8.30

	
3.32

	
1.45

	
0.72

	
0.45

	
2 m




	
height of tress

	
16–17 m

	
17–18 m

	
18–19 m

	
19–20 m

	
20–21 m

	
21–22 m

	
22–23 m

	
23–24 m

	
24–25 m

	
25–26 m

	
26–27 m

	
27–28 m

	
28–29 m

	
29–30 m

	
Grid Cell Size




	
class

	
15

	
16

	
17

	
18

	
19

	
20

	
21

	
22

	
23

	
24

	
25

	
26

	
27

	
28




	
Plot 1

	
8.99

	
8.43

	
6.99

	
5.20

	
3.74

	
2.36

	
1.32

	
0.62

	
0.31

	
0.13

	
0.05

	
0.01

	
0.00

	
-

	
1 m




	
9.01

	
8.35

	
6.80

	
5.02

	
3.65

	
2.24

	
1.28

	
0.59

	
0.27

	
0.12

	
0.04

	
0.01

	
0.00

	
-

	
2 m




	
Plot 2

	
2.44

	
1.70

	
1.11

	
0.81

	
0.53

	
0.36

	
0.23

	
0.16

	
0.09

	
0.04

	
0.02

	
0.01

	
0.00

	
-

	
1 m




	
2.76

	
2.06

	
1.32

	
1.02

	
0.66

	
0.39

	
0.26

	
0.18

	
0.12

	
0.07

	
0.03

	
0.02

	
0.00

	
-

	
2 m




	
Plot 3

	
1.31

	
0.86

	
0.45

	
0.21

	
0.10

	
0.03

	
0.00

	
0.00

	
-

	
-

	
-

	
-

	
-

	
-

	
1 m




	
1.59

	
1.28

	
0.68

	
0.36

	
0.18

	
0.07

	
0.00

	
0.00

	
-

	
-

	
-

	
-

	
-

	
-

	
2 m




	
Plot 4

	
0.15

	
0.10

	
0.05

	
0.03

	
0.02

	
0.01

	
0.01

	
0.00

	
-

	
-

	
-

	
-

	
-

	
-

	
1 m




	
0.20

	
0.14

	
0.07

	
0.04

	
0.03

	
0.01

	
0.01

	
0.01

	
-

	
-

	
-

	
-

	
-

	
-

	
2 m
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Table 2. The forest cover height structure developed on the basis of light detection and ranging (LiDAR) data for afforested areas determined on the basis of afforestation acquired using historical stereometric photographs. The forest cover height structure was derived from LiDAR data that corresponded to forest areas in 1966. The table contains the percentage of classes for plots developed for a grid cell size of 1 m and 2 m.
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height of tress

	
2–3 m

	
3–4 m

	
4–5 m

	
5–6 m

	
6–7 m

	
7–8 m

	
8–9 m

	
9–10 m

	
10–11 m

	
11–12 m

	
12–13 m

	
13–14 m

	
14–15 m

	
15–16 m

	
16–17 m

	
Grid Cell Size




	
class

	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
9

	
10

	
11

	
12

	
13

	
14

	
15






	
Plot 1

	
5.53

	
3.60

	
3.44

	
3.02

	
2.84

	
3.02

	
3.04

	
3.12

	
3.06

	
3.01

	
3.12

	
3.17

	
3.34

	
3.54

	
3.89

	
1 m




	
3.42

	
2.52

	
2.22

	
2.12

	
1.75

	
1.85

	
2.17

	
2.56

	
2.66

	
2.50

	
2.68

	
2.75

	
2.91

	
3.27

	
3.80

	
2 m




	
Plot 2

	
6.12

	
5.67

	
5.03

	
4.76

	
4.53

	
4.49

	
4.26

	
4.22

	
4.20

	
4.47

	
4.68

	
5.11

	
5.49

	
5.72

	
5.69

	
1 m




	
3.65

	
3.85

	
3.94

	
3.90

	
3.87

	
4.01

	
4.09

	
4.03

	
3.79

	
4.18

	
4.43

	
4.88

	
5.39

	
5.77

	
6.06

	
2 m




	
Plot 3

	
8.81

	
7.87

	
7.26

	
6.58

	
5.93

	
5.21

	
4.73

	
4.62

	
4.58

	
4.69

	
4.98

	
5.26

	
5.43

	
5.06

	
4.65

	
1 m




	
3.97

	
4.68

	
4.86

	
5.10

	
4.91

	
4.27

	
4.26

	
4.16

	
4.46

	
4.62

	
5.17

	
5.84

	
6.65

	
6.47

	
6.53

	
2 m




	
Plot 4

	
2.71

	
2.39

	
1.89

	
1.46

	
1.30

	
1.16

	
1.02

	
0.98

	
1.01

	
1.14

	
1.38

	
1.75

	
2.27

	
2.91

	
3.75

	
1 m




	
1.38

	
1.34

	
1.21

	
1.06

	
0.93

	
0.90

	
0.90

	
0.90

	
0.85

	
0.98

	
1.14

	
1.50

	
1.88

	
2.41

	
3.09

	
2 m




	
height of tress

	
17–18 m

	
18–19 m

	
19–20 m

	
20–21 m

	
21–22 m

	
22–23 m

	
23–24 m

	
24–25 m

	
25–26 m

	
26–27 m

	
27–28 m

	
28–29 m

	
29–30 m

	
30–31 m

	
31–32 m

	
Grid Cell Size




	
class

	
16

	
17

	
18

	
19

	
20

	
21

	
22

	
23

	
24

	
25

	
26

	
27

	
28

	
29

	
30




	
Plot 1

	
4.23

	
4.66

	
5.30

	
5.91

	
6.35

	
6.27

	
5.66

	
4.47

	
3.08

	
1.81

	
0.93

	
0.39

	
0.14

	
0.04

	
0.01

	
1 m




	
4.62

	
5.37

	
6.28

	
7.20

	
7.68

	
7.70

	
6.61

	
5.04

	
3.18

	
1.77

	
0.77

	
0.30

	
0.10

	
0.02

	
0.00

	
2 m




	
Plot 2

	
5.72

	
5.55

	
5.03

	
3.37

	
2.16

	
1.65

	
1.06

	
0.65

	
0.25

	
0.11

	
0.01

	
-

	
-

	
-

	
-

	
1 m




	
6.47

	
6.47

	
5.06

	
3.46

	
2.72

	
1.85

	
1.16

	
0.45

	
0.20

	
0.03

	
0.00

	
-

	
-

	
-

	
-

	
2 m




	
Plot 3

	
3.79

	
2.91

	
2.52

	
1.79

	
1.43

	
0.88

	
0.57

	
0.25

	
0.12

	
0.05

	
0.02

	
0.02

	
-

	
-

	
-

	
1 m




	
4.55

	
4.15

	
3.16

	
2.63

	
1.65

	
1.14

	
0.51

	
0.21

	
0.10

	
0.05

	
0.04

	
0.01

	
-

	
-

	
-

	
2 m




	
Plot 4

	
4.76

	
5.89

	
7.30

	
8.67

	
9.63

	
10.1

	
9.55

	
7.74

	
5.16

	
2.69

	
1.02

	
0.28

	
0.00

	
0.00

	
-

	
1 m




	
4.92

	
6.09

	
7.65

	
9.08

	
10.5

	
11.1

	
10.3

	
8.09

	
4.86

	
2.09

	
0.63

	
0.12

	
0.01

	
0.00

	
-

	
2 m
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Table 3. The height structure changes in the investigated plots. The data in the table represent the percentage change in the forest cover structure. The table contains the percentage change of classes for plots developed for a grid cell size of 1 m and 2 m.
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height of tress

	
−24–−23 m

	
−23–−21 m

	
−22–−21 m

	
−21–−20 m

	
−20–−19 m

	
−19–−18 m

	
−18–−17 m

	
−17–−16 m

	
−16–−15 m

	
−15–−14 m

	
−14–−13 m

	
−13–−12 m

	
−12–−11 m

	
−11–−10m

	
Grid Cell Size




	
class

	
−24

	
−23

	
−22

	
−21

	
−20

	
−19

	
−18

	
−17

	
−16

	
−15

	
−14

	
−13

	
−12

	
−11






	
Plot 1

	
0.00

	
0.01

	
0.02

	
0.07

	
0.15

	
0.29

	
0.61

	
0.97

	
1.37

	
1.63

	
1.86

	
1.91

	
1.90

	
1.88

	
1 m




	
0.00

	
0.01

	
0.03

	
0.09

	
0.20

	
0.39

	
0.76

	
1.25

	
1.73

	
2.11

	
2.36

	
2.48

	
2.44

	
2.37

	
2 m




	
Plot 2

	
0.01

	
0.01

	
0.01

	
0.02

	
0.03

	
0.04

	
0.06

	
0.10

	
0.18

	
0.24

	
0.42

	
0.58

	
0.76

	
1.02

	
1 m




	
0.00

	
0.01

	
0.01

	
0.01

	
0.04

	
0.06

	
0.11

	
0.15

	
0.25

	
0.38

	
0.60

	
0.69

	
0.95

	
1.21

	
2 m




	
Plot 3

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
0.03

	
0.04

	
0.09

	
0.18

	
0.26

	
0.45

	
0.64

	
1 m




	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
0.01

	
0.02

	
0.06

	
0.13

	
0.22

	
0.33

	
0.56

	
0.86

	
1.19

	
2 m




	
Plot 4

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
0.01

	
0.02

	
0.02

	
0.04

	
1 m




	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
0.01

	
0.01

	
0.02

	
0.03

	
0.05

	
0.10

	
2 m




	
height of tress

	
−10–−9 m

	
−9–−8 m

	
−8–−7 m

	
−7–−6 m

	
−6–−5 m

	
−5–−4 m

	
−4–−3 m

	
−3–−2 m

	
−2–−1 m

	
>−1–0 m

	
0–1 m

	
1–2 m

	
2–3 m

	
3–4 m

	
Grid Cell Size




	
class

	
−10

	
−9

	
−8

	
−7

	
−6

	
−5

	
−4

	
−3

	
−2

	
−1

	
0

	
1

	
2

	
3




	
Plot 1

	
1.83

	
1.84

	
1.98

	
2.18

	
2.37

	
2.45

	
2.56

	
2.63

	
2.66

	
2.75

	
2.85

	
3.06

	
3.26

	
3.59

	
1 m




	
2.32

	
2.31

	
2.42

	
2.73

	
2.95

	
2.97

	
3.07

	
2.98

	
3.02

	
3.00

	
3.05

	
3.11

	
3.29

	
3.41

	
2 m




	
Plot 2

	
1.25

	
1.47

	
1.89

	
2.10

	
2.43

	
2.62

	
2.94

	
3.32

	
3.85

	
4.38

	
5.07

	
4.90

	
4.86

	
4.77

	
1 m




	
1.43

	
1.78

	
2.36

	
2.63

	
2.87

	
3.09

	
3.22

	
3.55

	
4.19

	
4.64

	
5.38

	
5.22

	
5.37

	
4.99

	
2 m




	
Plot 3

	
0.86

	
1.13

	
1.53

	
1.91

	
2.30

	
2.73

	
3.29

	
3.66

	
4.25

	
4.78

	
5.56

	
5.45

	
5.52

	
5.35

	
1 m




	
1.54

	
1.88

	
2.33

	
2.84

	
3.14

	
3.93

	
4.23

	
4.70

	
5.02

	
5.90

	
6.25

	
5.73

	
5.86

	
5.46

	
2 m




	
Plot 4

	
0.09

	
0.23

	
0.51

	
0.90

	
1.19

	
1.30

	
1.31

	
1.21

	
1.20

	
1.20

	
1.18

	
1.19

	
1.22

	
1.28

	
1 m




	
0.26

	
0.61

	
1.29

	
1.95

	
2.34

	
2.29

	
2.09

	
1.88

	
1.80

	
1.84

	
1.91

	
1.64

	
1.49

	
1.55

	
2 m




	
height of tress

	
4–5 m

	
5–6 m

	
6–7 m

	
7–8 m

	
8–9 m

	
9–10 m

	
10–11 m

	
11–12 m

	
12–13 m

	
13–14 m

	
14–15 m

	
15–16 m

	
16–17 m

	
17–18 m

	
Grid Cell Size




	
class

	
4

	
5

	
6

	
7

	
8

	
9

	
10

	
11

	
12

	
13

	
14

	
15

	
16

	
17




	
Plot 1

	
3.96

	
4.36

	
4.75

	
5.06

	
5.03

	
4.81

	
4.49

	
4.02

	
3.54

	
3.05

	
2.52

	
2.03

	
1.46

	
0.97

	
1 m




	
3.64

	
3.96

	
4.05

	
4.27

	
4.27

	
4.00

	
3.74

	
3.27

	
2.89

	
2.43

	
2.04

	
1.57

	
1.22

	
0.75

	
2 m




	
Plot 2

	
4.58

	
4.63

	
4.72

	
4.52

	
4.41

	
4.36

	
4.12

	
3.85

	
3.52

	
3.12

	
2.68

	
2.08

	
1.54

	
1.12

	
1 m




	
4.94

	
4.62

	
4.47

	
4.31

	
4.13

	
3.99

	
3.43

	
2.98

	
2.56

	
2.16

	
1.98

	
1.63

	
1.28

	
0.99

	
2 m




	
Plot 3

	
5.23

	
4.99

	
4.87

	
4.84

	
4.53

	
4.37

	
3.99

	
3.47

	
3.14

	
2.70

	
2.15

	
1.61

	
1.19

	
0.96

	
1 m




	
4.86

	
4.46

	
4.48

	
4.05

	
3.80

	
3.34

	
2.93

	
2.52

	
2.03

	
1.66

	
1.18

	
0.75

	
0.57

	
0.43

	
2 m




	
Plot 4

	
1.50

	
1.84

	
2.35

	
2.97

	
3.82

	
4.98

	
6.29

	
7.68

	
9.07

	
9.98

	
9.95

	
8.77

	
6.58

	
4.32

	
1 m




	
1.81

	
2.16

	
2.74

	
3.37

	
4.23

	
5.30

	
6.41

	
7.62

	
8.38

	
8.75

	
8.30

	
6.87

	
4.70

	
2.86

	
2 m




	
height of tress

	
18–19 m

	
19–20 m

	
20–21 m

	
21–22 m

	
22–23 m

	
23–24 m

	
24–25 m

	
25–26 m

	
26–27 m

	
27–28 m

	
28–29 m

	
29–30 m

	
30–31 m

	
30–31 m

	
Grid Cell Size




	
class

	
18

	
19

	
20

	
21

	
22

	
23

	
24

	
25

	
26

	
27

	
28

	
29

	
30

	
31




	
Plot 1

	
0.58

	
0.31

	
0.17

	
0.09

	
0.05

	
0.03

	
0.02

	
0.01

	
0.01

	
0.00

	
0.00

	
0.00

	
0.00

	
-

	
1 m




	
0.48

	
0.26

	
0.14

	
0.08

	
0.04

	
0.03

	
0.01

	
0.01

	
0.01

	
0.00

	
0.00

	
0.00

	
0.00

	
-

	
2 m




	
Plot 2

	
0.65

	
0.40

	
0.19

	
0.11

	
0.04

	
0.02

	
0.01

	
0.01

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
-

	
1 m




	
0.60

	
0.36

	
0.17

	
0.09

	
0.05

	
0.03

	
0.01

	
0.01

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
-

	
2 m




	
Plot 3

	
0.67

	
0.47

	
0.33

	
0.18

	
0.12

	
0.07

	
0.03

	
0.03

	
0.01

	
0.01

	
0.00

	
0.00

	
0.00

	
-

	
1 m




	
0.26

	
0.20

	
0.11

	
0.07

	
0.04

	
0.03

	
0.01

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
-

	
2 m




	
Plot 4

	
2.53

	
1.42

	
0.83

	
0.46

	
0.26

	
0.17

	
0.07

	
0.03

	
0.01

	
0.00

	
0.00

	
0.00

	
0.00

	
-

	
1 m




	
1.55

	
0.83

	
0.47

	
0.23

	
0.13

	
0.07

	
0.02

	
0.01

	
0.00

	
0.00

	
0.00

	
0.00

	
0.00

	
-

	
2 m
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Table 4. The height structure of forest cover grown after 1966. The data in the table represent the share of individual classes in the forest cover structure. The table contains the percentage of classes for plots developed for a grid cell size of 1 m and 2 m.






Table 4. The height structure of forest cover grown after 1966. The data in the table represent the share of individual classes in the forest cover structure. The table contains the percentage of classes for plots developed for a grid cell size of 1 m and 2 m.





	
height of tress

	
2–3 m

	
3–4 m

	
4–5 m

	
5–6 m

	
6–7 m

	
7–8 m

	
8–9 m

	
9–10 m

	
10–11 m

	
11–12 m

	
12–13 m

	
13–14 m

	
14–15 m

	
15–16 m

	
Grid Cell Size




	
class

	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
9

	
10

	
11

	
12

	
13

	
14






	
Area 1

	
8.76

	
9.24

	
10.9

	
12.2

	
9.97

	
8.38

	
8.23

	
6.47

	
4.02

	
3.25

	
2.84

	
2.50

	
2.55

	
2.62

	
1 m




	
5.74

	
6.46

	
8.04

	
10.6

	
10.7

	
8.06

	
7.79

	
7.78

	
5.35

	
3.87

	
3.57

	
2.99

	
2.81

	
2.86

	
2 m




	
Area 2

	
12.9

	
11.7

	
11.1

	
10.6

	
9.23

	
6.25

	
4.31

	
3.31

	
3.17

	
3.15

	
3.10

	
3.07

	
3.07

	
3.16

	
1 m




	
9.16

	
9.30

	
9.27

	
9.24

	
8.85

	
7.51

	
5.06

	
3.77

	
3.41

	
3.28

	
3.35

	
3.39

	
3.51

	
3.69

	
2 m




	
Area 3

	
14.6

	
11.5

	
9.83

	
8.59

	
7.35

	
6.35

	
5.42

	
4.93

	
4.58

	
4.02

	
3.90

	
3.71

	
3.32

	
2.84

	
1 m




	
11.5

	
9.73

	
8.69

	
7.94

	
7.10

	
6.06

	
5.25

	
4.84

	
4.79

	
4.31

	
4.33

	
4.37

	
4.04

	
3.65

	
2 m




	
Area 4

	
11.7

	
9.64

	
8.75

	
7.53

	
5.49

	
4.42

	
4.01

	
4.84

	
5.29

	
5.26

	
5.33

	
4.33

	
3.59

	
3.06

	
1 m




	
9.06

	
8.15

	
7.54

	
7.52

	
6.10

	
4.81

	
3.97

	
4.19

	
4.91

	
5.01

	
5.43

	
5.16

	
4.26

	
3.73

	
2 m




	
heightof tress

	
16–17 m

	
17–18 m

	
18–19 m

	
19–20 m

	
20–21 m

	
21–22 m

	
22–23 m

	
23–24 m

	
24–25 m

	
25–26 m

	
26–27 m

	
27–28 m

	
28–29 m

	
29–30 m

	
Grid Cell Size




	
class

	
15

	
16

	
17

	
18

	
19

	
20

	
21

	
22

	
23

	
24

	
25

	
26

	
27

	
28




	
Area 1

	
2.40

	
1.88

	
1.29

	
0.93

	
0.62

	
0.39

	
0.26

	
0.13

	
0.07

	
0.04

	
0.01

	
0.01

	
0.00

	
-

	
1 m




	
3.27

	
3.01

	
2.27

	
1.65

	
1.25

	
0.79

	
0.56

	
0.29

	
0.15

	
0.07

	
0.03

	
0.01

	
0.00

	
-

	
2 m




	
Area 2

	
2.84

	
2.51

	
2.29

	
1.80

	
1.20

	
0.67

	
0.37

	
0.17

	
0.05

	
0.02

	
0.01

	
0.00

	
-

	
-

	
1 m




	
3.60

	
3.22

	
3.25

	
2.73

	
2.00

	
1.17

	
0.70

	
0.37

	
0.13

	
0.04

	
0.02

	
0.00

	
-

	
-

	
2 m




	
Area 3

	
2.48

	
1.93

	
1.39

	
1.09

	
0.80

	
0.58

	
0.36

	
0.23

	
0.11

	
0.05

	
0.02

	
0.01

	
0.00

	
0.01

	
1 m




	
3.44

	
2.76

	
2.01

	
1.61

	
1.30

	
0.93

	
0.63

	
0.39

	
0.19

	
0.09

	
0.04

	
0.01

	
0.00

	
0.01

	
2 m




	
Area 4

	
2.63

	
2.40

	
2.23

	
2.10

	
2.02

	
1.86

	
1.49

	
1.06

	
0.60

	
0.26

	
0.08

	
0.02

	
0.00

	
-

	
1 m




	
3.10

	
2.76

	
2.54

	
2.33

	
2.14

	
2.20

	
1.86

	
1.48

	
1.02

	
0.50

	
0.17

	
0.05

	
0.01

	
-

	
2 m
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Table 5. Forest cover surface area analysis. The table contains data for plots developed for a grid cell size of 1 m and 2 m.






Table 5. Forest cover surface area analysis. The table contains data for plots developed for a grid cell size of 1 m and 2 m.





	
Name

	
Area (km2)

	
Historical forest cover (%)

	
Current forest cover (%)

	
New forest cover, LiDAR (%)

	
Total forest cover (%)

	
Grid Cell Size






	
Plot 1

	
1.63

	
57.01

	
43.12

	
15.26

	
58.38

	
1 m




	
57.58

	
52.27

	
18.36

	
70.63

	
2 m




	
Plot 2

	
1.13

	
15.75

	
9.64

	
16.11

	
25.75

	
1 m




	
17.57

	
14.35

	
23.08

	
37.42

	
2 m




	
Plot 3

	
1.75

	
6.47

	
4.26

	
6.73

	
10.99

	
1 m




	
6.66

	
6.39

	
11.65

	
18.04

	
2 m




	
Plot 4

	
1.69

	
42.06

	
30.16

	
18.92

	
49.08

	
1 m




	
44.17

	
39.03

	
25.19

	
64.22

	
2 m
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