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Abstract: In Portugal, cork oak (Quercus suber L.) stands cover 737 Mha, being the most predominant 9 
species of the montado agroforestry system, contributing for the economic, social and environmental 10 
development of the country. Cork oak decline is a known problem since the 11 
late years of the 19th century that has recently worsen. The causes of oak decline seem to be a result 12 
of slow and cumulative processes, although the role of each environmental factor is not yet 13 
established. The availability of Sentinel-2 high spatial and temporal resolution dense time series 14 
enables gradual processes monitoring. These processes can be monitored using spectral vegetation 15 
indices (VI) once their temporal dynamics are expected to be related with green biomass and 16 
photosynthetic efficiency. The Normalized Difference Vegetation Index (NDVI) is sensitive to 17 
structural canopy changes, however it tends to saturate at moderate-to-dense canopies. Modified 18 
VI have been proposed to incorporate the reflectance in the red-edge spectral region, which is highly 19 
sensitive to chlorophyll content while largely unaffected by structural properties. In this research, 20 
in-situ data on the location and vitality status of cork oak trees are used to assess the correlation 21 
between chlorophyll indices (CI) and NDVI time series trends and cork oak vitality at the tree level. 22 
Preliminary results seem to be promising since differences between healthy and unhealthy 23 
(diseased/dead) trees were observed. 24 

Keywords: Quercus suber; cork oak decline; Sentinel-2; time series, vegetation indices 25 
 26 

1. Introduction 27 

Cork oak (Quercus suber L.) woodlands are one of the most representative forest ecosystems 28 
characterizing the Western Mediterranean region. This species occurs spontaneously in Portugal 29 
mainland, usually forming low density stands with open heterogeneous canopies in silvo-pastoral 30 
ecosystems, named as montado. According to the Portuguese National Forest Inventory, eucalyptus 31 
(mainly Eucalyptus globulus) is the dominant species (812 Mha; 26%), but cork oak (737 Mha; 23%) 32 
and maritime pine (714 Mha; 23%) stands are equally representative [1].  33 

In Portugal, the importance of cork oak has been recognized by law since the 13th century. Cork 34 
oak was even unanimously established as Portugal's National Tree in 2011, mostly due to its 35 
economic, social and environmental relevance. Besides the importance of the cork industry, it also 36 
promotes local population employment and contributes for the preservation of a wide range of flora 37 
and fauna habitats. Legislation protecting cork oak stands forbids the felling of trees, meaning that 38 
only dead or diseased trees can be cut down and yet with a permission from the National Nature 39 
Conservation and Forest Authority (ICNF). 40 

A significant cork oak decline has been observed in Portugal for the last decades. Land 41 
management practices, rather than environmental factors, seem to be the main trigger of changes in 42 
the phytosanitary conditions of cork oak trees [2]. Besides, land use disturbances, mostly associated 43 
to intensity/type of grazing and shrub encroachment, tree water stress is an additional cause of 44 
decline [3]. As reported by [4], changes in climate conditions (water scarcity or excessive soil moisture) 45 
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are stressing cork oak trees. As stated in the last International Panel on Climate Change (IPCC) 46 
assessment report [5], mean annual temperature has been rising while precipitation has been 47 
decreasing, in the Mediterranean region, for the past decades foreseeing a higher frequency of 48 
extreme drought and rainfall events. The impact on water resources is causing the lowering of 49 
groundwater levels which consequently has a negative effect on cork oak growth since it relies on 50 
deep rooting to access the groundwater table [6]. Additionally, [7] have reported that insect pests and 51 
plant pathogens may act synergistically with both mismanagement and adverse climatic factors 52 
accelerating the onset of decline. 53 

Although being an evergreen tree, canopy renewal occurs mainly during early spring. This 54 
means that cork oak trees perform photosynthesis for a longer period during the year, when 55 
compared to other broad-leaved trees that lose their leaves during winter. This makes the use of 56 
vegetation indices (VI) suitable to monitor cork oak phenology and identify leaf phenological events. 57 
Normalized Difference Vegetation Index (NDVI) [8] showed a good relationship with cork 58 
production at the forest stand level [9], revealing that one-tenth of the area of cork and holm oak 59 
stands in mainland Portugal have significant declining trends over a 34-year period. This trend, 60 
identified using a summer NDVI (July and August) time series obtained from Landsat and MODIS 61 
imagery, resulted not from short-term events, such as droughts or debarking, but reflects a long-term 62 
evolution of the forest stands health. A 15-year Enhanced Vegetation Index (EVI) time series and 63 
micrometeorological data was used by [10] to evaluate if the relationship between cork oak 64 
woodlands productivity, in Southern Portugal, and climate is affected by the combined response of 65 
trees, shrubs and grassland. EVI trends, obtained also from Landsat data, showed differences in oaks 66 
and shrubs productivity that were positively related with relative humidity and negatively with 67 
temperature, suggesting that cork oak seems to be more resilient or having lagged responses to 68 
climate change. 69 

The European Copernicus program with its Sentinel-2 satellites provides high (10 m) optical 70 
spatial resolution data at higher temporal frequencies (5 day revisit with two operational satellites) 71 
than previously available with the Landsat data. Besides, it provides red-edge spectral data that 72 
combines both sensitivity to chlorophyll content and leaf area variation. Cork oak red-edge spectral 73 
response from Sentinel-2 was compared with Landsat-8 data and in-situ observations for mapping 74 
and monitoring cork oak woodlands in the Calabria region (Southern Italy) [11]. As expected, and 75 
despite the bandwidth proximity of the two sensors, Normalized Difference Red-Edge (NDRE) 76 
vegetation index [12] provided more details on cork oak phenology than NDVI obtained from 77 
Landsat-8 data, improving significantly its discrimination from other broad-leaved woodlands. In 78 
line with these results, [13] demonstrated that gradual decline processes affected the entire red-edge 79 
spectral region. In fact, red-edge chlorophyll index (CI) vs. NDVI temporal rates of change for healthy 80 
trees differ from the ones observed for trees under decline. 81 

The main goal of this research is to evaluate the potential of Sentinel-2 imagery for the annual 82 
monitoring of cork oak vitality. We propose a strategy to monitor cork oak vitality through space 83 
borne remote sensing and to provide information to forestry farmers about diseased and/or dead 84 
trees in an annual basis. Taking advantage of the Sentinel-2 mission continuity, it becomes possible 85 
to monitor long-term phenomena based on its multi-spectral high-spatial and temporal resolution 86 
optical observations. The use of dense VI time series is assessed in order to ensure a periodic 87 
monitoring of the cork oak vitality at the tree level and, consequently, the identification of diseased 88 
and/or dead trees. An annual inventory of dead trees would be extremely useful to simplify the tree 89 
felling procedure, which requires first the identification of all individual trees on the field (marked 90 
as diseased using a white painted band), followed by a permission from ICNF and finally an 91 
inspection by the field technicians. Two cork oak stands of around 15 ha and 45 ha located northeast 92 
Lisbon (Ribatejo province), are used to assess the relationship between VI trends and cork oak forests 93 
vitality. This research was developed in the scope of the GEO SUBER project, funded by the Financing 94 
Institute for Agriculture and Fisheries (IFAP) through the European Agricultural Fund for Rural 95 
Development (EAFRD). 96 

2. Materials and Methods  97 
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2.1. Test sites 98 

The study was undertaken in two agro-silvo-pastoral systems located in central Portugal, 99 
namely in Companhia das Lezírias (site CL) and Herdade da Machoqueira do Grou (site HMG) 100 
(Figure 1). Site CL has a total area of around 46.1 ha while site HMG has approximately 14.6 ha. Both 101 
sites are located northeast Lisbon in the Ribatejo province. Companhia das Lezírias lies between the 102 
Tagus and the Sorraia Rivers and is divided by a national road into north and south Lezíria, while 103 
Herdade da Machoqueira do Grou is located at the left bank tributary of the Tagus River, 104 
approximately 100 km of Lisbon. This region is characterised by a mild Mediterranean climate with 105 
Atlantic influences. The bioclimate is considered semiarid to subhumid, with a mean average annual 106 
rainfall of 662.5 mm and a mean annual temperature of 16.3C. 107 
 108 

 

 
(b) 

 
(a) (c) 

 109 

Figure 1. (a) Test sites location (white dots) approximately 50 km (CL) and 100 km (HMG) northeast 110 
of Lisbon; (b) Companhia das Lezírias (CL) and (c) Herdade da Machoqueira do Grou (HMG). Yellow 111 
polygons represent the limits of the test sites and yellow triangles the location of the ground control 112 
points (CGPs). 113 

Companhia das Lezírias is the biggest agro-silvo-pastoral system in Portugal with a total area of 114 
around 18 000 ha. Within its limits, four different tree species stands (maritime pine, stone pine, cork 115 
oak and eucalyptus) occupy an area of 8 680 ha, being cork oak (Quercus suber L.) the most 116 
representative species corresponding approximately to 78% of the total forest area. This is the biggest 117 
unbroken stretch of cork oak in the country, with an average annual productivity of 1 125 ton and an 118 
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average productivity of 2.17 ton per hectare. The area is low-lying (ranging from 1 to 53 m at the 119 
highest locations) and practically flat (riverside meadows and plains). The soil is composed entirely 120 
of a mixture of brown, clayey alluvial and colluvial lutum, created from fertile deposits and left by 121 
floods and tides as sediment on sandy layers. 122 

Herdade da Machoqueira do Grou is a private agro-silvo-pastoral system with 2 423 ha. Again, 123 
cork oak is the dominant species occupying an area of 1 017 ha and additionally more 464 ha of mixed-124 
tree stand with stone pine. The entire watershed is on deep Miocene sands and the main soil types 125 
include fluvisols, leptosols, and podzols. The landscape is mostly plain, with altitudes ranging from 126 
79 to 173 m, with slopes between 0% and 5%, and exceptionally up to 35%. Cork oak average density 127 
is 90 trees/ha and the average production of dry weight cork is 1.3 ton/ha [14]. 128 

2.2. UAV survey campaigns  129 

UAV visible and near infrared (NIR) imagery was collected using a senseFly eBee Classic drone 130 
equipped with a Parrot SEQUOIA sensor. The sensor has four 1.2 MPIX global shutter single-band 131 
cameras with a focal distance of 3.98 mm and a 1280 x 960 pixel detector that capture images at four 132 
separate bands: green (centre wavelength, 550 nm), red (660 nm), red edge (735 nm) and near infrared 133 
(790 nm) with an angular field of view (FOV) of 61.9 x 48.5. It also includes a sunshine sensor that 134 
records the intensity of light emanating from the sun in the same four bands of light. The Parrot 135 
Sequoia multispectral sensor incorporates a GPS, an Inertial Measurement Unit (IMU) and a 136 
magnetometer, which greatly increase the accuracy of the collected data. 137 

Aerial survey campaigns were conducted in June/July and October 2018 at both sites (Table 1). 138 
All flights were performed within a 2-h window around the solar zenith to maintain relatively 139 
constant lightning conditions. The eMotion software was used to plan the flights, allowing the 140 
definition of an automatic flight route with waypoints, depending on the camera’s FOV, the forward 141 
and side overlap between images and the required ground sampling distance (GSD). Data was 142 
acquired with 75% side overlap and 70% forward overlap at a flight altitude of around 140 m above 143 
ground level (AGL), providing images with an average GSD of 0.12 m. 144 

2.3. Sentinel-2 satellite images 145 

Sentinel-2 (S2) carries an innovative multispectral imager (MSI) that acquires high-resolution 146 
imagery at 13 spectral bands in the visible, near infrared, and short-wave infrared regions of 147 
the spectrum with 10 to 60 m spatial resolution. A single 100 km x 100 km orthoimage (tile 29SND) 148 
in UTM/WGS84 projection covers both test sites. For this study, 30 cloud-free Level-2A S2 images 149 
acquired from May 25, 2017 to December 6, 2018 were used (Table 1). Level-2A products provide 150 
Bottom-Of-Atmosphere (BOA) reflectance generated with Sen2Cor processor whose main purpose is 151 
to correct single-date Sentinel-2 Level-1C products from the effects of the atmosphere. Since surface 152 
reflectance values are coded in JPEG2000 with the same quantification value of 10 000 as for Level-153 
1C products, a factor of 1/10 000 was applied to Level-2A digital numbers (DN) to retrieve physical 154 
surface reflectance values. 155 

 156 
Table 1. Image’s acquisition dates (Sentinel-2 Level-2A images and UAV images). 157 

   Month/  

Year 

Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

Sentinel-2 

2017   25 4 

4 

14 

24 

3 

2 

12 

22 

2 

12 

22 

11 

21 

1 

21 

2018 26 25 

5 

10 

15 

19 29 
8 

18 
12 

7 

27 
16 6 

UAV/HMG 2018    26    22   
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UAV/CL     12   23   

2.4. Field campaigns 158 

Two circular areas of 150 m diameter were defined as in-situ data collection sites, one for each 159 
site (Figure 2). All cork oak trees within both circles were coordinated by RTK-GPS, corresponding 160 
to 164 trees for site CL and 182 trees for site HMG. Also, the defoliation condition of each tree was 161 
evaluated as belonging to one of 6 different classes: 0 – no damage; 10 – light damage; 20 – moderate 162 
damage; 30 – severe damage; 40 – very severe damage; and 50 – dead tree (Table 2). Phytosanitary 163 
and defoliation condition data were collected in several field campaigns held during October 2018. 164 
The location of each tree was edited manually by visual interpretation after field work, using the 165 
corresponding orthomosaic, in order to place all trees in their exact location. These data were used 166 
not only to identify the phenological behaviour (trend) of each tree during the time period under 167 
study but also to validate the results of the algorithm developed in this research for the automatic 168 
detection of tree crowns. 169 

 170 

Figure 2. Location of the cork oak trees (green circles) considered for in-situ measurements in Herdade 

da Machoqueira do Grou (HMG). 
 171 

Table 2. The degree of defoliation by cork oak class considered in this study. 

Defoliation class Percentage of defoliation Tree status 

0 0-10% Healthy 

10 11%-25% Healthy 

20 26%-50% Healthy 

30 51%-90% Unhealthy 

40 > 90% Unhealthy 

50 Dead tree Unhealthy 

2.5. UAV mosaic orthorectification  172 

UAV images were processed using Pix4Dmapper Pro software to produce a digital surface 173 
model (DSM) and an orthomosaic for each flight. The orthomosaic was generated using the DSM that 174 
comes from the 3D densified point cloud. The DSM was generated using the Inverse Distance 175 
Weighting (IDW) algorithm in Pix4Dmapper Pro. For filtering and smoothing the points of the point 176 
cloud, a sharp noise filter and a sharp surface smoothing were used to preserve the orientation of the 177 
surface and to keep sharp features. 178 
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To ensure an accurate rectification of the UAV images, 5 ground control points (GCPs), 4 at the 179 
corners and 1 in the middle of each test site, were designed specifically for that purpose with 50 x 50 180 
cm in size (Figure 3). RTK GPS coordinates were recorded with a positional uncertainty of 0.02 m. 181 
Route mean square errors (RMSE) were calculated to evaluate the accuracy of the bundle block 182 
adjustment. RMSE (95% confidence interval) was within 0.05 m for HMG and 0.01 m for CL, and the 183 
adopted coordinated system was ETRS89/Portugal TM06 (EPSG: 3763). 184 

 185 

 186 

Figure 3. In-situ photos of GCP used to rectify the UAV imagery. 

 

2.6. Individual tree crowns identification  187 

An algorithm for the tree crown automatic identification based on very high-resolution UAV 188 
imagery was developed using MATLAB® . Normalized Difference Vegetation Index (NDVI) and Soil-189 
Adjusted Vegetation Index (SAVI) grayscale images were used to develop the algorithm. NDVI [8] is 190 
used basically as an indicator of canopy structure and photosynthetic activity, however it has some 191 
limitations in low to medium levels of vegetation density covers. When vegetation is sparse, with 192 
bare soil in between, the soil may affect significantly the spectral response, which is the case of cork 193 
oak woodlands. This is the reason why SAVI [15], that improves the sensitivity of NDVI to soil 194 
backgrounds, was also considered.  195 

This algorithm works in two steps. In the first step, a locally adaptive threshold is applied based 196 
on the characteristics of the image ś grayscale values distribution to determine whether a given pixel 197 
is a tree or ground. This threshold is set based on the local mean intensity (local first-order statistics) 198 
in the neighbourhood of each pixel, separating the foreground from the background with 199 
nonuniform illumination. Grayscale images were resampled (downscaled) to 0.36 m and the size of 200 
the neighbourhood used to compute local statistic around each pixel was set as 11x11. A binary mask 201 
is then generated with the local mean threshold obtained from the original images (Figure 4b). 202 
However, this segmentation was not enough to segment individual tree crowns once several clusters 203 
of tree crowns are found in the image, and besides some noise was also present in the binary image. 204 
The next phase was to apply a low-pass filtering, using a 7x7 kernel size, in order to create a 205 
smoothing effect and therefore to remove noise. After noise removal, the binary image was converted 206 
into a polygon vector file with isolated trees and clusters of trees (Figure 4c). 207 

 208 
 209 
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(a) (b) 

  
(c) (d)  

Figure 4. HMG test site: (a) False-colour composite image (NIR, R, G); (b) Binary image with the tree 210 
crowns (in white); (c) tree crown ś delimitation (in yellow) superimposed on the false-colour 211 
composite; and (d) Euclidean distance calculated from the binary image. 212 

As the binary image defines the outer limit of tree crowns, polygons might have more than one 213 
tree and must be further analysed. This next step has the purpose of inferring the number of trees 214 
within each polygon and then the location of each tree. Polygons were first divided into two distinct 215 
sets depending on their area. Polygons with an area less or equal to 20 m2 were identified as isolated 216 
trees, while for the remaining polygons the Euclidean distance of the binary file was calculated 217 
(Figure 4d). For each pixel in the binary file, a number corresponding to the distance between that 218 
pixel and the nearest zero pixel is assign. The maximum value for the Euclidean distance within each 219 
polygon was 25 pixels corresponding to 9 m (25 x 0.36 m).  220 

For the identification of each tree, the same strategy was adopted for both cases. Individual trees 221 
location was determined as the maximum of the distance function inside each isolated polygon, 222 
whilst in the case of tree clusters, the local maximum of the distance function was considered. In the 223 
latter case, local maximum values must exhibit a distance greater than the minimum distance 224 
between trees, set as 2 m. This is performed recursively for all local maximum of the distance function, 225 
beginning with the highest local maximum value. The result of the algorithm (Figure 5) is a file with 226 
the centroid of each tree crown that was validated using the location of the cork oak trees identified 227 
within the in-situ data collection sites (150 m diameter circles).   228 

 229 
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 230 

Figure 5. Individual tree location obtained using the developed algorithm (yellow cross) and 231 
coordinated at the field (green circles) for site HMG. 232 

2.7. Cork oak trees spectral characterisation and temporal variability  233 

Cork oak decline is related with crown structure change due to leaf loss. This structural change 234 
may be detected using remote sensing data, which are able to interpret changes in green leaves and 235 
canopy structure. 236 

First, reflectance values for all trees were extracted from the UAV and Sentinel-2 images 237 
considering the visible and the near infrared bands to evaluate the potential of the different spectral 238 
and spatial resolution data for the discrimination of healthy from unhealthy cork oak trees. This was 239 
performed just for one epoch as a first assessment of the cork oak vitality discriminant power of the 240 
Sentinel-2 images when compared with higher spatial resolution imagery. 241 

Next, cork oak temporal variability was evaluated using several vegetation indices (VI) time 242 
series calculated from the Sentinel-2 images. The VI used in this study were the Normalised 243 
Difference Vegetation Index, NDVI [8], the Normalised Difference Water Index, NDWI [16], the 244 
Green Normalised Difference Vegetation Index, GNDVI [17] and the red-edge Chlorophyll Index, CI 245 
[18].  246 

Common VI are based on red and near infrared spectral regions, however they usually saturate 247 
at moderate-to-dense canopies. Modified VIs, where the red/green spectral region is replaced with 248 
the red edge spectral region, are sensitive to chlorophyll content which depends on the physiological 249 
status of the plant. In the red edge region, there is an abrupt rise in the vegetation reflectance, from 250 
chlorophyll absorption in the red region to leaf cellular scattering in the near infrared region. So, the 251 
focus was in the comparison of red edge (chlorophyll) and visible and near infrared (structural) 252 
reflectance-based VI. Besides, replacing the red spectral region by the short-wave infrared (SWIR) 253 
spectral region, which reflects changes in the vegetation water content (water has high absorption in 254 
these wavelengths), makes NDWI a good indicator of plant water stress. 255 

VI values were extracted based on the location of two separate sets of trees to generate the time 256 
series for the evaluation of the seasonal progression of cork oak phenological events. These two sets 257 
of trees were established based on the degree of defoliation: healthy trees with a percentage of 258 
defoliation less than 50% and unhealthy trees with a percentage of defoliation higher than 51%. 259 

Besides the VI time series, the Vegetation Condition Index, VCI [19, 20] and the temporal VI 260 
variability (mean and standard deviation as a ratio) were also considered (Equation 1). VCI is a NDVI 261 
pixel-wise normalization that is useful for making relative assessments by comparing the current 262 
NDVI to extreme NDVI values observed in the time series being analysed and is given by [21]: 263 

 264 
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ijk min

ijk

max min

VI VI
VCI

VI VI

−
=

− ,   (1) 265 

 266 
where VIijk represents the monthly VI for pixel i in month j for year k, and VImax and VImin denote 267 

the multiyear minimum and maximum VI for pixel i. In this study, NDVI, CI, GNDVI and NDWI-268 
derived VCI were computed based on the formula above replacing VI by NDVI, CI, GNDVI and 269 
NDWI, respectively. 270 

In order to separate healthy from unhealthy trees a univariate analysis was performed. 271 
Thresholds for the spectral discrimination between the two cork oak classes were established by 272 
comparing the cumulative distribution function (CDF) for different VI time series. The CDF is a 273 
function derived from the probability density function for a random variable. It gives the probability 274 
of finding the random variable at a value less than or equal to a given cut-off (Equation 2). For any 275 
random variable X, the CDF FX is defined as [22]: 276 

 277 

X
F (x) P(X x)= 

,    (2) 278 

 279 
which is the probability that X is less than or equal to x. 280 

3. Results and Discussion 281 

Cork oak trees locations obtained using the algorithm developed for the automatic tree crown 282 
identification based on very high-resolution UAV imagery were validated not only in terms of 283 
percentage of trees correctly identified but also in terms of positional accuracy. In-situ measurements 284 
within the reference parcels were used to validate the results.  285 

Preliminary visual analysis of both VI showed that, in the NDVI grayscale images, trees had a 286 
blurred appearance when compared to SAVI. The SAVI adequacy over the more popular NDVI in 287 
arid and semiarid zones, especially in medium spatial resolution, had already been reported by [23, 288 
24]. Therefore, further developments of the algorithm were done based only on SAVI images.  289 

Most of the tree crowns at site CL were correctly detected by the algorithm, whilst a slightly 290 
lower accuracy was verified for site HMG (Table 3). In the case of site CL, the number of tree crowns 291 
correctly detected corresponds to 85.4% of the trees in the validation dataset (140 out of 164 trees), 292 
while 4.2% (7 false positives) of the segmented crowns were detected erroneously. A slightly higher 293 
value of omitted tree crowns was obtained for site HMG, with 75.3% of tree being correctly detected, 294 
however in this case no false positives were verified. This lower overall accuracy might be justified 295 
not only by its rougher topography but also by a lower density of trees and a higher number of small 296 
trees.    297 
 298 

Table 3. Omission and commission error of the automatic tree crown identification. 299 

 Omission Commission Accuracy 

CL 24/164 7/164 85% 

HMG 45/182 0/182 75% 

 300 
Although the algorithm is still not able to fully under-segment individual trees in the presence 301 

of clusters of trees, denoting some dependence on the size and density of the trees, it proved to be 302 
useful for crown detection and delineation as compared to recent studies that employed high spatial 303 
resolution images [25]. Previous studies also reported that large and small crown density tends to be 304 
underestimated when optical images are used to delineate individual tree crowns [26]. Besides, [27] 305 
reported that cork oak crowns are more difficult to detect (higher omission errors), when compared 306 
to other types of trees with more regular crowns such as pine, due to their sparse canopy and lower 307 
density of leaves, especially in small trees. 308 
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Both UAV and S2 spectral response (reflectance) for each defoliation class were analysed. In the 309 
case of the UAV images, only four spectral regions are available (green, red, red-edge and NIR), while 310 
for S2, all 10 and 20-m spatial resolution spectral regions, from blue (490 nm) to SWIR2 (2190 nm), 311 
were used. Figure 6a and 6b, show the spectral responses obtained, respectively, from the UAV and 312 
S2 images.  313 

For the former case, one can observe that reflectance for trees with a defoliation degree higher 314 
than 50% or dead (defoliation classes 30 to 50, respectively) is significantly lower than the one 315 
observed for the other three classes (Figure 6a). Unhealthy trees show a slightly higher reflectance in 316 
the visible region, especially in the red band, and a significant lower reflectance in the red-edge and 317 
NIR bands in a UAV image acquired on October 22, 2018.  Considering the S2 data acquired on 318 
October 27, 2018, the same spectral response is observed for the visible and NIR bands (Figure 6b). 319 
In the short-wave region (SWIR1 and SWIR2), unhealthy cork oak trees show a significantly higher 320 
reflectance, mainly for dead trees, when compared with healthy trees. This is an indicator that trees 321 
are subjected to water stress, once green vegetation spectra in the SWIR region is dominated by water 322 
absorption effects [28]. 323 

 324 

 
(a) 

 
(b) 

Figure 6. (a) Spectral response of cork oak trees with a defoliation degree < 50% (green lines) and with 325 
a defoliation degree > 51% or dead (yellow and red lines) for the HMG test sites using an UAV image 326 
collected at October 22, 2018; (b) spectral response of cork oak trees with a defoliation degree < 50% 327 
(green lines) and with a defoliation degree > 51% or dead (yellow and red lines) for the HMG test sites 328 
using S2 image collected at October 27, 2018 (no tree was classified as defoliation class 40 in this test 329 
site). 330 

 331 
Regarding the VI time series analysis, results are very similar for all the indices considered in 332 

this study (Figure 7). The phenological behaviour of healthy and unhealthy trees is significantly 333 
distinct from July to October, while during winter months both exhibit almost the same behaviour. 334 
The performance of different VI analysed by [26][26] was also very similar for dates that correspond 335 
to senescent background. Since unhealthy or dead trees show, respectively, little or absent 336 
photosynthetic activity, one can conclude that this increase in the VI values results from an increase 337 
in understory production due to precipitation, which in turn causes a significant contribution of the 338 
understory (or forest floor) spectral reflectance in the NIR region. As observed by [29, 30], NIR rapidly 339 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 September 2019                   doi:10.20944/preprints201909.0316.v1

Peer-reviewed version available at Remote Sens. 2019, 11, 2515; doi:10.3390/rs11212515

https://doi.org/10.20944/preprints201909.0316.v1
https://doi.org/10.3390/rs11212515


 11 of 16 

 

increases for sparse canopy covers when the understory starts sprouting after the first rains in 340 
October/November. 341 

Healthy trees seem to be more resilient to the dry summer climate than the understory 342 
vegetation dominated by herbaceous vegetation and sparse shrubs, producing a higher contrast 343 
between tree crowns and ground. Precipitation data observed at a nearby weather station (Magos 344 
dam, 38 59’ N, 8 42’ W, 43 m in altitude) were superimposed to the NDVI time series in order to 345 
evaluate the relationship between rainfall and vegetation. During the dry season, there is a significant 346 
difference between the NDVI (and other VI) values for healthy and unhealthy trees, which fades 347 
when the rainy season begins (Figure 7a). 348 

  
(a) (b) 

  
(c) (d) 

Figure 7. Healthy (green) and unhealthy (red) cork oak trees temporal variability computed based on 349 
the NDVI (a), CI (b), NDVI-derived VCI (c), and CI-derived VCI (d) indices. Monthly precipitation 350 
values (blue line), obtained from the Magos Dam weather station, are superimposed to the NDVI time 351 
series calculated for the HMG test site. 352 

Based on indices calculated from in situ measurements with a FieldSpec 3 spectroradiometer, 353 
[31] observed no correlation between rainfall and vegetation indices for cork oak, while a significant 354 
correlation was found for the herbaceous layer. This is not in line with our results, in which a positive 355 
correlation between rainfall and vegetation indices response was found, probably due to the low 356 
spatial resolution of the S2 images (10 and 20 m), in which each pixel may include more than one tree 357 
as well as herbaceous vegetation. Nevertheless, there is a clear evidence that healthy cork oak trees 358 
behave differently than unhealthy trees over the year, with healthy trees exhibiting a lower VI 359 
temporal variability when compared to unhealthy trees. Therefore, the strategy is to define a 360 
threshold, allowing the separation between healthy and unhealthy trees, based on the temporal 361 
variability of cork oaks trees spectral response over one or more years.  362 

Analysis of the relationship between temporal mean and standard deviation for all VI indices 363 
allowed the evaluation of the temporal change rate for each tree using S2 data from May 25, 2017 to 364 
December 6, 2018. It is expected that healthy trees would have higher mean values and lower 365 
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standard deviation values in opposition to unhealthy trees. This was verified by plotting the mean 366 
and standard deviation values for each tree obtained from each vegetation index time series. Best 367 
results were obtained when applying CI, enabling a clear separation between healthy and unhealthy 368 
trees with low omission and commission errors (Figure 8). As already observed by [13], the temporal 369 
change of rate of the CI vs. the NDVI made it possible to distinguish trees in healthy conditions from 370 
those undergoing decline, and moreover that it can potentially be used to define decline levels. 371 

 372 

  

Figure 8. Relationship between NDVI (a) and CI (b) temporal mean and temporal standard deviation 373 
for the HMG test site (green circles correspond to healthy trees while red circles correspond to 374 
unhealthy trees). 375 

VCI was used as an indicator of the index dispersion for a certain epoch relatively to the 376 
temporal mean for a certain time series. VCI time series have a similar trend when compared with 377 
other VI time series, however, they seem to improve the discrimination between healthy and 378 
unhealthy cork oak trees. The separability between the two classes was objectively determined using 379 
the cumulative distribution function (CDF). The CDF function indicates the probability of finding a 380 
healthy (or unhealthy) cork oak for a given vegetation index value.  381 

Figure 9 shows the cumulative distribution function for both classes of cork oaks considering 382 
NDVI and CI as well as the VCI associated with these indices for site HMG. NDVI, CI, and NDVI and 383 
CI-derived VCI values from September to October 2018 were used to define thresholds to separate 384 
healthy from unhealthy trees using a CDF. This time period was chosen since it corresponds to one 385 
of the periods along the year where the difference between the spectral responses of both cork oak 386 
classes is the highest. Thresholds were defined as the values for which the commission error for the 387 
class “unhealthy” is lower than a priori established value.  388 

 389 

  
(a) (b) 
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(c) (d) 

Figure 9. Cumulative distribution function (CDF) applied to NDVI (a), CI (b), NDVI-derived VCI (d), 390 
and CI-derived VCI (d) for site HMG. Green lines show the cumulative probability of healthy trees 391 
while red lines show the cumulative probability of unhealthy trees. 392 

Considering a commission error of 10% (CDF=0.1) for the class “unhealthy”, a value lower than 393 
0.40 is obtained for the NDVI threshold (with an omission error of 34%), while a value lower than 394 
0.18 is obtained for the CI threshold (with an omission error of 18%). Thus, in the latter case, 82% of 395 
unhealthy trees are correctly identified by considering CI values lower than 0.18, yet 10% of healthy 396 
trees are also classified as “unhealthy”. Likewise, for the same commission error, a value lower than 397 
0.16 is obtained for the NDVI-derived VCI threshold (with an omission error of 25%), while a value 398 
lower than 0.10 is obtained for the CI-derived VCI threshold (with an omission error of 18%). Results 399 
for the CDF when using the VCI show a notorious discrimination between healthy and unhealthy 400 
cork oak trees. 401 

The thresholds established for the identification of cork oak trees with vitality loss in site HMG 402 
were set as (equation 3): 403 

𝑁𝐷𝑉𝐼 − 𝑑𝑒𝑟𝑖𝑣𝑒𝑑 𝑉𝐶𝐼 <  0.16 ∧  𝐶𝐼 − 𝑑𝑒𝑟𝑖𝑣𝑒𝑑 𝑉𝐶𝐼 <  0.10 ∧  𝑠𝑡𝑑 (𝐶𝐼) < 0.51 × 𝑚𝑒𝑎𝑛 (𝐶𝐼) −404 
0.03,    (3) 405 

Based on these 3 conditions, an alert system was developed to provide information to the 406 
farmers on the location of potential diseased and/or dead trees. Cork oak trees that obey equation 3 407 
are considered by the system as highly probable diseased and/or dead tree (represented graphically 408 
as red circles on a vector file). Whenever any two conditions are verified simultaneously for a certain 409 
tree, this tree is highlighted as a suspicious tree (yellow circles), meaning that it is unclear if it is a 410 
real critical situation or an outlier resulting from the limitations of the S2 images spatial resolution. 411 
In the case of young trees (radius less than 2 m), the contribution from the understory within an area 412 
of 100 km2 is dominant when compared to a small-sized tree crown. All the remaining cork oak trees 413 
are considered by the system as healthy trees and, therefore, are represented as green circles. 414 

To test the transferability of the method, these thresholds were applied to site CL using the same 415 
S2 time series. Figure 10 represents the results obtained when applying equation 3 to site CL. These 416 
results were validated with defoliation data collected at the corresponding in-situ data collection site. 417 
The total number of endangered trees identified by the alert system (in this case, 13) was slightly 418 
lower than the 19 unhealthy trees identified in the field. However, as already mentioned before, most 419 
of the cork oak trees identified incorrectly as diseased and/or dead, correspond to trees with small 420 
crowns. 421 

 422 
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 423 

Figure 10. Results of the alert system for site CL (red circles represent diseased and/or dead trees, 424 
yellow circles represent suspicious trees and green circles represent healthy trees) superimposed to a 425 
S2 false-coloured composite. 426 

5. Conclusions 427 

A dense Sentinel-2 time series, covering a time period of around 18 months, was used to evaluate 428 
the potential of this free and open data for monitoring cork oak vitality. For this purpose, the temporal 429 
variability of two samples of healthy and unhealthy trees identified within the two in-situ data 430 
collection sites considered in this study was analysed using different vegetation indices. 431 

To focus the analysis at the tree level, very high-resolution UAV images were used to develop 432 
an algorithm for the automatic detection of individual trees. The algorithm relies first on the binary 433 
segmentation and filtering of a SAVI image, followed by an iterative method based on the Euclidean 434 
distance of the binary image to detect each tree centre. The algorithm was able to detect trees with an 435 
overall accuracy higher than 75%.  436 

Independently of the vegetation index considered, cork oak status exhibited a positive 437 
correlation with increased precipitation for both sets of trees.  During the rainy season, the increase 438 
in the spectral response of both types of trees in the near infrared region results from the spectral 439 
contribution of the understory to cork oak reflectance, particularly for trees with small crowns. 440 
However, during the dry season healthy cork oak trees showed higher spectral reflectance responses 441 
in the near infrared and red edge bands than unhealthy trees. This might be explained by the higher 442 
degree of defoliation exhibited by trees with loss of vitality, implying a reduced photosynthetic 443 
activity and consequently a lower spectral response in the near infrared region. 444 

NDVI and CI were the vegetation indices that maximised the discrimination between healthy 445 
and unhealthy cork oak trees when using data corresponding to the driest period of 2018, which 446 
occurred from the beginning of September until the beginning of October. The ratio between the 447 
temporal mean and the temporal standard deviation calculated with data acquired during the dry 448 
season seems to be useful for the identification of cork oak trees with less vitality. Healthy cork oak 449 
trees showed higher NDVI and CI temporal mean values and lower temporal standard deviation 450 
values than unhealthy trees, which is easily explained by the fact that being an evergreen tree, its 451 
spectral response in the near infrared region is relatively stable along the year. Alternatively, the 452 
NDVI-derived VCI and CI-derived VCI also improved the discrimination between healthy and 453 
unhealthy cork oak trees when using a cumulative distribution function (CDF). Both approaches 454 
enabled the establishment of three simultaneous conditions for site HMG, which applied to the other 455 
test area (site CL) were able to detect around 68% of the unhealthy trees identified on the field. 456 

These preliminary results seem promising, especially when considering VCI that is useful for 457 
making relative assessments of changes in the NDVI signal. Relative measurements of the present 458 
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vegetation condition against a reference condition are critical for understanding and quantifying real 459 
vegetation conditions, characterized by historical mean.  460 
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