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13 Abstract: During recent years UAVs have been increasingly used in agriculture and forestry
14 research and application. Nevertheless, most of this work has been devoted to improving accuracy
15 and explanatory power, often at the cost of usability and affordability. We tested a low-cost UAV
16 and a simple workflow to apply four different greenness indices to the monitoring of pine (Pinus
17 sylvestris and P. nigra) after-fire regeneration in a Mediterranean forest. We selected two sites and
18 masured all pines within a pre-selected plot. Winter flights were carried out at each of the sites, at
19 two flight altitudes (50 and 100 m). Automatically normalizing images entered an SfM based
20 photogrammetric software for restitution and the obtained point cloud and orthomosaic processed
21 to get a canopy height model and four different greenness indices. Sum of pine DBH was regressed
22 on summary statistics of greenness indices and canopy height model. ExGI and GCC indices
23 outperformed VARI and GRVI in estimating pine DBH, while canopy height model slightly
24 improved the models. Flight altitude did not severely affect model performance. Our results show
25 that low cost UAVs may improve forest monitoring after disturbance, even in those habitats and
26 situations were resource limitation is an issue.

27 Keywords: low-cost UAV; greenness index; Pinus nigra; Pinus sylvestris; forest regeneration; flight
28 altitude; small UAV

29

30 1. Introduction

31 During recent years, UAVs (unmanned aerial vehicles) have grown increasingly popular for the
32 study of land and its cover (Hardy & Hardy 2010, Colomina & Molina 2014). This trend is the
33 consequence of a recent exponential development of both the UAV industry and the DIY community,
34 fostered by the technological advances in robotics and the miniaturization of electronics.

35 Forest research is one of the fields where the use of UAV has promised immediate benefits
36  (Hardy & Hardy 2010). UAVs allow reducing the costs of airborne photography and LIDAR and
37  approaches technology to its final user (Colomina & Molina 2014, Matese et al. 2015). By doing so, it
38  offers a great flexibility. UAV deployment is fast and cheap, ensuring rapid responses to the needs of
39  the academy and the industry and allowing for repeated sampling with no limits on deployment
40  periodicity. A new, tailor-cut telemetry sampling strategy is now possible, designed to fit the specific
41 needs of each case study (Matese et al. 2015).

42 UAVs have been used to discriminate among species and provide estimates of tree and stand
43 size, tree cover, canopy height, gap abundance or even productivity, alone or in combination with
44 LIDAR data (Wallace et al. 2012, Getzin et al. 2014, Salami et al. 2014, Diaz-Varela et al. 2015, Puliti et
45 al. 2015, Guerra-Hernandez et al. 2016, Kaerpina et al. 2016, Baena et al. 2017, Thiel & Schmullius
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46  2017). Tree health and pathogen or parasite attack have also been evaluated by means of UAV
47  telemetry (Nebiker et al. 2008).

48 Therefore, research on different methodologies and, more specifically, on the accuracy of those
49  dataestimated by means of UAV imagery has bloomed during the last five years (Colomina & Molina
50  2014). The accuracy level of these kind of works is continuously increasing and it is a major focus of
51  animportant body of research on UAV use in forestry (Wallace et al. 2012, Colomina & Molina 2014,
52 Puliti et al. 2015, Wallace et al. 2016, Gianetti et al. 2018, Puliti et al. 2018). Spatial accuracy and
53  automatic tree detection in particular are rapidly improving (Blaschke 2010, Chehata et al. 2011,
54 Torres-Sanchez et al. 2015, Guerra-Hernandez et al. 2016, Thiel & Schmullius 2017, Puliti et al. 2018).
55 Nevertheless, accuracy is not always the main constraint to UAV use in forestry science. In fact,
56  pursuing high standards of spatial and analytical accuracy is a time consuming goal that often
57  requires an important investment. While this might be a sensible approach when working with
58  economically exploited forests and woodlands, it might hinder the development of forestry research
59 in other areas or research fields, such as disturbance response, where immediate revenues cannot be
60  envisaged. In these situations, the absence of any kind of data is common and economic resources
61  and work force scarce. A reduction of both accuracy and cost of deployment could hence help to get
62  general data on the ecology of the forest that would greatly improve the knowledge.

63 In this work we explore the use of a low-cost UAV platform as a tool for monitoring recovery
64  after a strong disturbance in a Mediterranean forest. Our objective is to assess post fire pine
65  regeneration (Scots pine, Pinus sylvestris, and black pine, P. nigra) in an area affected by a wild fire in
66  which oak has become the dominant tree species. In order to identify pine cover in our area, we
67  compare the use of four different greenness indices at two different flight heights, a key determinant
68  of accuracy, recorded area and hence cost. In this context, we aimed to develop a tool to monitor
69  the emergence of pines that grow among the oaks and test the suitability of low-cost UAVs as a cost
70 effective monitoring tool.

71 2. Materials and Methods

72 We carried out our work in the municipality of Riner, in the Lleida province, where an extensive
73 wildfire burnt down around 25.000 ha of pine-dominated woodland in 1998. Most of the area have
74  apparently recovered to a great extent in these last 18 years. A closer look, however, depicts a
75  different picture. The effect of wildfire might have drawn the forest beyond its resilience threshold,
76  causing a change to a new alternative equilibrium state (Rodrigo et al. 2004). In fact, although tree
77  cover seems to be almost completely recovered, its species composition has changed in a radical way,
78  as Portuguese oak (Quercus faginea) thrives in the burnt land where pines (P. nigra and P. sylvestris)
79  were dominant before the wildfire.

80 Our two sites, La Carral and Cal Rovira-Sanca, in the municipality of Riner in the Lleida province
81  (Catalonia, Spain). They are 3.7 km away from each other and both of them supported similar
82 Mediterranean forests before the 1998 fire, on marl, limestone and sandstone rocks (Institut
83  Cartografic i Geologic de Catalunya 2014).

84

85  2.1. UAV deployment and field sampling

86 We carried out two flight in each of the sites, one at a height of 50 m and a second one at a height
87  of 100 m, by means of a DJI Phantom 2 quadcopter. The copter was equipped with a Phantom Vision
88  FC200 camera, manufactured by DJI, which has a resolution of 14 Mpx with a sensor size of 1/2.3"
89  (6.17 mm * 4.55 mm) and a focal length of 5 mm. We set the camera to shot one picture every two
90  seconds with an automatic exposition mode setting (with ISO 100).

91 All four flights were carried out on March 7 2015 (17 years after the fire) under optimal weather
92  conditions; in Cal Rovira-Sanca in the morning and in the afternoon in La Carral. By flying in winter,
93  we ensured a good spectral discrimination between pines -the only perennial tree species group in
94 the area— and the remaining components of the canopy, namely Portuguese oaks —which still hold
95 their dry leaves on the branches and do not shed new leaves until spring-.
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96 In each of the sites we selected a sampling area within the flight area and identified all the pines
97  within a preselected area located at the center of each sampling area (figure 1). Each pine was
98  identified to the species level, located in a map and its height and diameter at breast height measured
99  (DBH measured at Im height).

100
101 Figure 1. Aerial ortophotographies of both sites, with overlapped positions of all the pines found
102 in the sampling areas.
103
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105
106  2.2. Image analysis
107 We aimed to get an easy workflow, and to that end, we tried to minimize parameter tweaking

108  during the whole process. Hence, most of the procedures were carried out using automatic tools and
109  algorithms, as well as default values for the various parameters. For the rest of the section, we will
110 be giving details on the parameters we set specifically, while omitting those parameters that were set
111  to their default values.

112 First we adjusted all the aerial images with XnViewMP (XnView MP 2016), by sequentially
113 applying the Automatic Levels and Automatic Contrast tools. By doing so we corrected some
114  inequalities in colour balance produced by the FC200 camera and improved their contrast for further
115  analysis.

116 We followed the recommended workflow within Photoscan. Agisoft Photoscan is an advanced
117  terrain-oriented software that can create 3D models, point clouds and orthomosaics from a set of
118  images on the same subject, by means of SFM (structure from motion) techniques (Agisoft Photoscan
119  Professional 2016; Westoby et al. 2012, Wallace et al. 2016). Photo aligning and estimation of camera
120 locations and calibration parameters is carried out as a first step, together with the building of a sparse
121 point cloud (figure 2). This sparse point cloud was then used to create a dense point cloud with mean
122 point density of 407 points/m for the 50 m high flights and 69 points/m for the 100 m high flights.
123 Finally, a digital elevation model and an orthomosaic were built from this point cloud, using the
124 corresponding default tools in Photoscan.

125

126

127

128
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130
131 Figure 2. General workflow for the analysis of UAV imagery, as shown by its intermediate
132 output images, point clouds and 3D models. A detailed workflow is provided as Figure S2-1.
133
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135
136 As a reference image to set control points, we used the most recent orthophoto of the area from

137  the National Plan of Aerial Orthophography (Plan Nacional de Ortofotografia Aerea, PNOA), which
138  hasa pixel resolution of 25 cm. We set between 7 and 9 control points per flight by selecting particular
139 features that could be identified both in the orthomosaic obtained from the Photoscan and in our
140  reference aerial photography, such as stones, rocks, fallen trunks and artificial features (corners, road
141  paint, etc.). We then used those control points to reconfigure the cameras and rebuild the dense point
142  cloud, the DEM and the orthomosaic.

143 All the process within Photoscan was carried out with by-default parameters and pixel size was
144 only set during the export step. We exported 50 m high flight orthomosaics and DEM with a pixel
145  size of 2 and 8 cm, respectively, and those from 100 m high flights with pixels of 4 and 16 cm.

146 The obtained point cloud was then clipped by means of Fusion tools for forest LIDAR data
147  analysis (McGaughey 2016), tool Clip). Misplaced points were detected in those clipped point clouds
148  obtained from 50 m high flights and hence, they were cleaned up with CloudCompare, a point cloud
149  editing and registering open software (CloudCompare 2016). Those from both 100 m high flights did
150  not need such a cleaning process. We extracted those points corresponding to the ground level, by
I51  means of a filtering algorithm adapted from Kraus and Pfeifer (1998) as implemented in Fusion tools
152 (tool GroundFilter), and then computed a digital terrain model (DTM) by using the mean elevation
153 of all ground points within a cell (Fusion tools GridSurfaceCreate). From the highest elevation point
154  in each cell and the created DEM, we built a canopy height model (Fusion tool CanopyModel) with
155  acell size of 10*10 cm2.

156 We calculated four different greenness indices from the obtained orthomosaic: excess green
157  index (ExGI), green chromatic coordinate (GCC), green-red vegetation index (GRVI) and visible
158  atmospherically resistant index (VARI):

159

160 * The excess green index (ExGI) is a contrast index that has been shown to outperform other
161  indices in discriminating vegetation (Woebbecke et al. 1995, Sonnentag et al. 2012), and is defined as:
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162
163 ExGI =2+G—(R+B) [eq- 1]
164
165 * The green chromatic coordinate has also been used to detect vegetation and analyses plant

166  phenology and dynamics (Woebbecke et al. 1995, Toomey et al. 2015) and is simply the chromatic
167  coordinate of the green channel expressed as a proportion of the sum of coordinates, which eliminates
168  the influence of illumination on green brightness and is given by:

169
G
170 GCC = —— [eq. 2]
171
172 * The green red vegetation index was first used by Rouse et al. (1973 & 1974) who concluded it

173 could be used for several measures of crops and rangelands. Their conclusions have been later
174 confirmed in several occasions (Tucker 1978; Falkowski et al. 2005, Motohka et al. 2010, Vina et al.
175 2011). This index is given by:

176
G-R
177 GRVI = m [eq 3]
178
179 * Lastly, the visible atmospherically resistant index (VARI) was proposed by Gitelson et al. (2002)

180  in order to correct GRVI for atmospheric effects and was found to show a higher relation with
181  vegetation fraction that its uncorrected counterpart. It is defined as:

182
G-R
183 VARl = —— [eq. 4]
184
185 We calculated all four greenness indices directly from their digital numbers as provided by the

186  jpg format the camera stores the images with, instead of calculating reflectance values. As we were
187  not using reflectance for calculating these indices their properties might not be the same as described
188 by other authors (Tucker 1978, Gitelson et al. 2002, Motohka et al. 2010). Still, we expected them to be
189  useful in our context and decided to use this simpler approach, as our aim was to get as simple a
190  workflow as possible in order to allow for an easy, handy use of UAV imagery by non-expert users.
191 Index calculations and their posterior analysis were carried out in QGIS, by combining the use
192 of raster calculator with specific tools of zone statistics and spatial joining. The whole process for each
193 index, after its calculation, involved the following steps:

194 * Applying the greenness threshold to the indices layers, in order to erase all non-green
195  pixels, which were set to 0. We selected as green pixels those where the green channel showed higher
196 digital numbers than the channels it was compared to. For ExGL, GRVI and VARI, hence, we selected
197  those pixels with values greater than 0 as green pixels, and reclassified values less than 0 as 0. For
198  GCC, the applied threshold was 1/3, and hence all values equal to or lesser than were set to 0.

199 e Calculating the zone statistics of the greenness index and the filtered canopy height model
200  for each 5*5-m2 cell within the study area. Zone statistics produces six different measures of the index
201 value per each cell: count, mean, standard deviation, median, maximum and minimum.

202 ¢ Calculating the pooled DBH of all measured pines within the cells of this same grid.
203
204

205  2.3. Statistical analysis
206

207 We aimed to assessthe recovery of pines in the areas burnt in 1998. Hence, we selected the sum
208  of the diameter at the breast height (DBH) of all pines within a cell as our response variable. DBH
209  was highly correlated to pine height (see Supplementary Material S1) and its measure in pines is
210  easier and less prone to measurement errors. DBH has also been related to many other morphological
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211 and functional traits (Ribbens et al. 1994, Parresol 1999, Bolte et al. 2004, Poorter et al. 2006, 2008, He
212 etal. 2018) and hence it is open to a more insightful analysis.

213 First, we carried out simple linear regression analysis of the sum of DBH on the four greenness
214  indices and on the canopy height model. For each greenness index and the canopy height model, we
215  fitted 6 models, where the derived explanatory variables corresponded to seven different summary
216  statistics per 5 m grid-cell: count of points with non-zero values for the corresponding index or
217  canopy height model and sum, mean, standard deviation, maximum and median of the values of all
218  points within the cell. Our aim was to explore which statistic could be better suited for its use in
219  total DBH estimation from greenness index maps and canopy height models. Then we tried to
220  improve model fit by combining greenness indices with pine canopy height, by means of multiple
221  linear regression analysis.

222 R2 (for simple linear models) and adjusted R2 (for multiple linear models) and scatterplots were
223 used throughout to assess model fit and comparing models.
224 All statistics were carried out in R (R Core Team 2016), by means of the R-Studio integrated

225  development environment (RStudio Team, 2015).

226  3.Results

227 Two pine species were found in both study sites, black pine (Pinus nigra) and Scots pine (Pinus
228  sylvestris), although only one individual of the latter was recorded in La Carral site. Mean tree height
229  was 124.94 cm (s.d.= 88.78) for black pine and 188,15 (s.d.=117.87) for Scotch pine in Cal Rovira-Sanca
230  and 109.82 (sd=51.38) for black pine in La Carral, while the only Scotch pine in this site was 230 cm
231  high. DBH values were lower for black pine than for Scotch pine, around 3.25 cm (mean=3.36 and
232 s.d.=2.1 for Cal Rovira-Sanca; mean = 3.2 and s.d.=1.87 for La Carral) versus 5 (mean=4.91 and
233 s.d.=3.12in Cal Rovira-Sanca 6.6 cm for the only tree in La Carral).

234 The proportion of small trees was high for both species, but higher for black pine: median height
235  of 117.5 and 105 and median DBH of 3.1 and 2.4 for Cal Rovira-Sanca and La Carral, respectively, as
236  opposed to a median height of 192,5 and median DBH of 4.1 in Cal Rovira-Sanca for the Scotch pine
237  (see Supplementary Material S1).

238  3.1. Greenness indices

239 Greenness indices showed to be much better proxies for the sum of pine DBH than for canopy
240  height in both La Carral and Cal Rovira-Sanca. In fact, mean R2 for the regressions of sum of pine
241  DBH on the different statistics of greenness indices values ranged between 0.005 and 0.466, while the
242 regressions of the sum of pine DBH on canopy statistics ranged from 0.008 to 0.028 (table 1; figure 3).
243 However, large differences were found among greenness indices. Even if GRVI and VARI still
244 resulted in higher R2 than any pine canopy height model, they were clearly outperformed by ExGI
245  and GCC, which reached a maximum R2 of more than 45% (table 1).

246 Different statistics for the four greenness indices showed markedly differing fits on the sum of
247  pine DBH, as shown by the high coefficients of variation of R2 (table 1; figure 3). There were not
248  clear-cut patterns of precision among the tested statistics that can be considered general for all four

249  indices, although the count of non-zero values appears as the most consistently unreliable measure,
250  with CVs higher than 100% for the all four indices.

251

252 Table 1. Summary statistics of the determination index (R2) for the simple regressions of the
253  sum of pine DBH on the four greenness indices and the canopy height model. Figures show the
254  average R2 across flights (two sites at each of two flight altitudes) and its coefficient of variation,
255  expressed as percentage (within brackets). CHM stands for canopy height model. See “Imagery
256  analysis” for a definition of the four indices.

257
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ExGI GRVI GCC VARI  Alllndices | CHM

Count of non zero index 0,154 (124,0) 0,114 (118,4) 0,147 (127,9) 0,121 (119,8) 0,134 (14,5) | 0,028 (50,0)
Max index value 0,389 (27,2) 0,164 (982) 0,297 (37,7) 0,051 (119,6) 0,225 (65,9) | 0,014 (121,4)
Mean index value 0,401 (127) 0,195 (61,0) 0,370 (50,5) 0,039 (184,6) 0,251 (66,9) | 0,015 (113,3)
Median index value 0,227 (80,6) 0,162 (50,6) 0,182 (103,3) 0,076 (118,4) 0,162 (39,1) | 0,008 (125,0)
Std index values 0,440 (37,3) 0,152 (57,9) 0,466 (32,2) 0,005 (40,0) 0,266 (84,5) | 0,018 (100,0)
Sum of index values 0,256 (40,2) 0,088 (78,4) 0,155 (122,6) 0,027 (122,2) 0,132 (74,6) | 0,014 (114,3)
All measures 0,311 (36,8) 0,146 (26,4) 0,270 (48,4) 0,053 (76,8) 0,016 (41,1)

258

259  3.2. Canopy height

260 A Canopy height alone shows a very poor explanatory power of the sum of DBH of pines, with
261  a pooled mean of R2 of 0,016, well below the values obtained from the four greenness indices.
262 Accordingly, jointly considering greenness indices and canopy height does not increase adjusted R2
263  more than 10% (figure 3). For both sites and both flight heights, however, the best fitting model
264  included always a canopy height statistics (figure 4).

265 Different statistics of the canopy height model resulted in markedly different models (table 1),
266  with adjusted Rs varying between 0.8 and 28%. The canopy statistics that provided the highest R2
267  for the regression on the sum of pine DBH was the count of cells with non-zero values, although it
268  was not the one producing the best models when combined with greenness indices (table S1).

269

270  3.3. Flight altitude

271 The altitude of the flight did not severely affect the capacity to estimate the sum of pine DBH
272 per grid-cell (figures 3 and 4). However, the best fits were always achieved for 100 m flights (figure
273 3), although with a larger difference in Cal Rovira-Sanca.

274  Figure 3. Values of the determination coefficient from the OLS regressions of the four greenness
275  indices on the sum of DBH. Upper panel: simple regressions. Lower panel: multiple regressions
276  where canopy height statisticsincluded as additionalexplanatory variables.
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277

278 Figura 4. 3D scatterplots showing the best fitting model as assessed per site and flight altitude. All
279 variables correspond to summary statistics within each 5*5 m cell (see text for details).
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280
281  3.4. Global- and flight-wise best models
282 Overall, the model with a best fit was that including the standard deviation of the GCC index

283  and the median of the canopy height model. It generally achieves fits close to those of the best fitting
284  model for each of the flights (figures 4 and S5-1, tables S3), although the difference was higher for the
285 50 m flight in Cal Rovira-Sanca.

286

287 4. Discussion

288 We have used a simple and low cost UAV to monitor pine regeneration after fire in a
289  regenerating forest growing on rocky substrates. We have further analyzed the effect of flight altitude
290  on model performance and compared the efficiency of different greenness indices or visual
291  vegetation indices. Two different sites were flown with the UAV at altitudes of 50 m and 100 m and
292  theresulting orthoimage and digital surface model were analyzed to calculate a canopy height model
293  and four different greenness indices: excess green index (ExGI), green color coordinate (GCC), green-
294 red vegetation index (GRVI) and visible atmospherically resistant index (VARI). The measured
295  obtained were finally statistically related to direct measures taken in the field.

296 Our results show that low cost UAV platforms are a useful alternative to professional platforms
297  when it comes to the detailed, cost-effective monitoring of forest ecosystems and forest recovery after
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298  disturbance, especially in non-profit forests where economic and human resources may be scarcer.
299 By using a simple approach with a consumer level UAV platform and low cost or free software, we
300  havepredicted post fire pine cover recovery (estimated as the sum of pine DBH)with a relatively high
301  coefficient of determination of up to 60%. Furthermore, the application of all the software used has
302  been performed on d, with no tweaking of any of their characteristics. This allows the use of this kind
303 of procedures to end users, working in forestry and applied research, and at the same time leaves
304  margin for further improving the accuracy of the process.

305 UAVs are being increasingly use in ecological and conservation studies and monitoring, due to
306  their multiple advantages, such as an increased spatial resolution, lower cost and higher acquisition
307  flexibility (Hardin & Hardin 2010, Colomina & Molina 2014), which also allows a higher temporal
308  resolution. Low cost models increase flexibility of use and general costs, as compared to professional
309  platforms, and at the same time reduce considerably their learning slope, which has been deemed too
310  steep (). Yet, despite their low cost and ease of use, they accomplish spatial resolution way higher
311  than those of aerial orthoimagery and provide useful results with a limited effort in image post-
312 processing and analysis. This cost reduction is especially important for ecological studies and
313 monitoring in non-profit forests and other habitats. In fact, nowadays, close forests make up only a
314  small fraction of the experiments with UAVs in the field, while high value crops and forests are the
315  main focus of most of them (Salami et al. 2014).

316 The flexibility and low cost of UAV deployment have been key factors determining the results
317  of our pine estimation, as it allowed flying during the end of winter, before Portuguese oaks shed
318  their leaves and the grass becomes growing after the winter. This strategy of seeking the best moment
319  to maximize spectral difference among habitat components is paramount when it comes to
320  discriminating different plant species or vegetation types from visual spectrum cameras and has
321  previously used (Leduc & Knudby 2018).

322 Since the proposal of the first two vegetation indices by Pearson and Miller (1972), and that of
323 the NDVIshortly after by Rouse et al. (1973), a high number of vegetation indices have been proposed
324 and used for the study of vegetation from satelite, airplane and UAV sensor imagery (see for example
325 Bannari et al. 1995, Gitelson et al. 2002, Vina et al. 2011, Baluja et al. 2012, Sonnentag et al. 2012). Most
326  of them rely on the use of near infrared region (NIR), which profits from the marked difference in the
327  absorbance spectrum of chlorophyll between red and near infrared regions. The use and
328  development of those indices that rely exclusively on the visual spectrum has sharply increased
329  during last years, though, as a way to overcome the limited choice of spectrum bands in most UAV
330  carried sensors. Assessment of their differential performance has yielded unconclusive results
331 (Tucker 1978, Woebbecke et al. 1995, Gitelson et al. 2002, Falkowski et al. 2005, Sonnentag et al. 2012,
332  Motohka et al. 2010, Toomey et al. 2015), but may even be better than those that include a NIR band
333 (Falkowski et al. 2005, Rasmussen et al. 2016). Our results match those of Woebbecke et al. (1995) who
334 reported ExGI and GCC to perform better than other four indices when discriminating vegetation
335  from nonplant background in different light conditions. Sonnentag et al. (2012) recommended using
336  GCC over ExGI to examine vegetation phenology in repeat photography studies, due to its lower
337  sensitivity to changes in scene illumination. In our two sites, GCC also achieved higher accuracies
338  when estimating pine cover in regenerating forests than ExGI.

339 By combining these indices with information derived from a canopy height model, we obtained
340  determination coefficients for the pooled DBH of pines of up to 60%. These figures are comparable
341  tothose reported in similar studies with agricultural plots relating vegetation indices with vegetation
342 fraction or cover (Geipel et al. 2014, Diaz-Varela et al. 2015, Rasmussen et al. 2016), as well as in forest
343 studies with (Puliti et al. 2015, Modzelewska et al. 2017). For example, Puliti et al. (2015) achieved a
344  60% determination coefficient when estimating basal area from UAV imagery, by combining point
345  density and height. In our case, the canopy height model only improved the fit slightly (around 10%),
346  probably due to the small size of most of the pines in both of our study sites. Later stages in the
347  regeneration of vegetation would probably change the role of canopy height models in pine
348  abundance prediction, as they would allow to better discriminate pines from tall grasses and shrubs.
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349  Trials with canopy height of green pixels did not improve the fit of our models in this early stage
350  (unpublished data).

351 We did not find marked differences between two contrasting flight altitudes in the general
352  performance of greenness indices, although the selection of optimal greenness index or cell statistic
353  depended on altitude at both sites. Flight altitude was an important determinant of the estimate of
354  vegetation cover of wheat and barley experimental crops, together with growth stage and stitching
355  software (Rasmussen et al. 2016). Flight altitude determines the final image resolution obtained as
356  well as the effect of topography on radiance (by changing the relative angle between terrain slopes
357  and the UAV), and hence, values of greenness indices (Burkart et al. 2015, Rasmussen et al. 2016).
358  Although a change of scale can be expected to modify the determination coefficient of greenness
359  indices, by changing the greenness values of each pixel (Mesas-Carrascosa et al. 2015), we did not
360 notice any remarkable effect, probably because our analysis relied on descriptive statistics
361  encapsulating information at a coarser spatial extent of 5*5 m (figure S5). Topography was not
362  expected to introduce important variations on the values of greenness indices, as the topography of
363 our field plots was relatively mild and homogeneous.

364 The UAV deployment and imagery analysis we present here has its own limitations leading to
365  areas for further improvement of image acquisition and analysis. First, the camera used has a FOV of
366  120° and non-rectilinear lenses, which results in a heavy fish-eye effect. Although the processing of
367  images within Agisoft Photoscan corrects for lens distortion before carrying out the image matching
368  process, the effect of distortion on image quality is too high beyond 50 m of the image center and may
369  result in a low quality in important fractions of the orthoimage. However, quality of low cost UAVs
370  hasrapidly increased parallel to the decrease in their relative price.

371 Second, trying to reduce complexity of deployment and analysis to a minimum, we did not place
372  ground control points and so, spatial accuracy of the obtained orthoimage was limited by the
373 resolution of the PNOA imagery (pixel size of 25 cm and RMSE below 50 cm). Although most present
374  day low cost UAVs geotag the images taken on the fly, their GPS accuracy is still low and commonly
375 results in location errors of few meters. Hence, if we aim to reduce costs to a minimum , we are to
376  deploy several ground control points around the plot to increase the spatial accuracy. The spatial
377  accuracy we get when using GCPs will ultimately depend on the accuracy of GCP location
378  measurement, which may be reduced to centimeters or even millimeters with differential (DGPS) or
379  RTK GPS measurements.

380 The camera we used is recording data only on the visual spectrum. While this is one of the
381  strengths of our work (due to its availability and ease of operation), it also limits the capacity to
382  properly discriminate the photosynthetically active vegetation from the dormant vegetation.
383  Capturing near infrared radiation (NIR) requires a more expensive, multispectral, These kind of
384  multispectral cameras are more readily available for UAVs deployment and the assessment of its
385  value in forestry is under current development and will prove specially suitable for multitemporal
386  image acquisition and comparison (Nebiker et al. 2008, del Pozo et al. 2014, Suomalainen et al. 2014).
387 Allin all, consumer level UAVs can be expected to provide a common low cost tool for ecological
388  monitoring of after fire recovery and other conservation and monitoring tasks, with increasingly
389  lower prices, higher accuracy levels and wider application types.

390 Supplementary Materials: The following are available online at www.mdpi.com/xxx/s1, Figure S1.1. Height
391 distribution of Pinus nigra and Pinus sylvestris in La Carral and Cal Rovira-Sanca, as measured in the field,
392 Figure S1.2. Diameter at breast height (DBH) distribution of Pinus nigra and Pinus sylvestris in La Carral and
393 Cal Rovira-Sanca, as measured in the field, Figure S1.3. Regressions of tree height on DBH for both species in La
394 Carral and Cal Rovira-Sanca, Figure 52-1. General workflow followed for the anlaysis of UAV imagery and the
395 software frameworks used in each of the steps. Numbers refer to the different intermediate outputs shown in
396 figure 52, Table 53-1. Estimates of the best fitting model for the 50 m high flight in La Carral, with one greenness
397  index (ExGI) and one pine canopy height model (GCC CAN), Table S3-2. Estimates of the best fitting model for
398 the 100 m high flight in La Carral, with one greenness index (GCC) and one pine canopy height model (GCC
399  CAN), Table S3-3. Estimates of the best fitting model for the 50 m high flight in Cal Rovira-Sanca, with one
400 greenness index (GCC) and one pine canopy height model (ExGI CAN), Table S3-4. Estimates of the best fitting
401 model for the 50 m high flight in Cal Rovira-Sanca, with one greenness index (GCC) and one pine canopy height
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402 model (ExGI CAN), Figure S4-1. Maps of the four greenness indices and the estimated canopy model from the
403 four flights carried out at two sites and two flight altitude. Colors have been differentially scaled for the four
404 greenness indices and four flights, due to different value ranges, while the color scale is common for the four
405 canopy height models (CHM), Figure S5-1. 3D scatterplots showing the overall best fitting model applied to each
406 site and flight altitude.
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