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Abstract—In this paper, we study the potential of the new
satellite Sentinel-2 (S2) images to identify tree species in temperate forests. Fourteen tree species are classified from eleven
S2 images acquired from winter 2015 to autumn 2016 with 2181
reference pixels. Two datasets are compared: (1) the 4-bands
dataset including the 10-m VNIR images only and (2) the 10bands dataset including the red-edge and SWIR bands at 20-m,
resampled at 10-m. Three standard supervised algorithms are
tested: SVM with three kernel functions, Random Forest, and
Gradient Boosted Trees. Depending on the considered dataset
and algorithm, we obtain very high performances (Cohen’s
kappa from 0.92 to 0.97). Black pine and Douglas fir are the
most confused species (F1-score of 0.81 and 0.74 respectively).
Cultivated tree plantations such as Aspen and Red Oak are the
best predicted (F1-score of 0.99 for both). SVM-RBF outperforms
systematically the other classifiers. These first results suggest a
high potential of the new Sentinel-2 optical images for mapping
the distribution of tree species in forest ecosystems.

I. I NTRODUCTION
Knowing tree species distribution is essential to protect
and manage forest ecosystems, especially to monitor shortterm or long-term disturbances (drought, fire, diseases, global
warming) [1], [2]. For example, Armillaria ostoyae mushroom
affects some pinus species and mapping theses trees can help
to monitor their evolution and to understand how the pines
react to the forest pathogen [3].
Remote sensing is used for a long time to collect information on forest resource [4] including species distribution [5].
However, the accurate discrimination of the tree species is still
an open question. In their recent review’s paper, Fassnacht
et al. indicate that phenology could be an interesting trait to
separate species (from their differences in bud burst, blooming,
or leaf color period...) but the use of multitemporal data is not
the common way for this task because of the cost for multiple
acquisitions [6]. With the availability of the new Sentinel-2
(S2) time series, providing free images with a high revisit
frequency (5 days at best), this phenological-based approach
could be revisited. Differences between species is expected
to be higher with temporal information. For example, we can
observe the change of the surface reflectance (Fig. 4) according
to the phenology evolution of the oak species (e.g. bud burst,
flowering, or leaf fall). Previous works have shown a high
potential of dense satellite image time series (SITS) based on
Formosat-2 or RapidEye sensors to classify tree species [7],
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[8]. A first attempt was also proposed by [9] using S2 but
with a limited success (overall accuracy of 65%) because of
the use of one single image. Interestingly, SWIR bands (B11
and B12), Red-Edge (B5), Blue (B2) and Red (B4) bands were
identified as the most useful to separate the species. With the
use of a full-year S2 SITS, higher accuracy may be obtained.
The aim of this paper is to:
1) Evaluate the potential of Sentinel-2 data for mapping
tree species in temperate forests.
2) Compare the performance of several learning algorithms
and the stability of their respective results.
II. M ATERIAL & M ETHOD
A. Study site
The study site is located in the southwest France, near the
city of Toulouse (Fig. 1). It covers approximately 510 km2 .
This site is characterized by a sub-Atlantic climate with mild
and rainy winters and warm and dry summers (average annual
temperature > 13°C ; annual precipitation = 656 mm). The
woody area is about 10% of the scene. The remainder is
composed of crops (including wheat, sunflower, maize) and
grasslands.

Fig. 1. location of the site

B. Images
For the present study, 11 S2 optical images acquired from
winter 2015 to autumn 2016 were used (Fig. 2). The multispectral S2 images are composed of 4 spectral bands (B2:
490 nm, B3: 560 nm, B4: 665 nm, B8: 842 nm) at 10-m
spatial resolution, and 6 spectral bands at 20-m, from the
Red Edge (B5: 705 nm, B6: 740 nm and B7: 783 nm) to

the NIR and SWIR domains (B8a: 865 nm, B11: 1610 nm,
B12: 2190 nm). The radiometric resolution of the data is
12 bits. We selected the pre-processed time series proposed
by the French national THEIA platform (http://www.theialand.fr/en/products/sentinel-2). Data are available at level 2A
(i.e. orthorectified product in surface reflectance) with masks
of clouds and cloud shadows. These masks are derived from
the MACCS algorithm including a correction of atmospheric
effects by combining multi-temporal and multi-spectral criterion to estimate the aerosol optical thickness [10]. We used
the v1.0 mask correction, the v1.1 must be available soon
with more spatial accuracy between the dates. Based on these
masks, a linear gap-filling approach was applied on the SITS
to correct the invalid observations at each date. Finally two
datasets were created for the experiments: (i) the 4-bands
dataset containing the 10-m images only (B2, B3, B4, B8), (ii)
the 10-bands dataset, including the previous dataset in addition
to the 20-m images resampled to 10 meters (B5, B6, B7, B8a,
B11, B12).
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Fig. 2. Available dates of Sentinel-2 images

In order to focus the analysis on the forests, we also used
a forest/non-forest mask produced in 1996 by the French National Forestry Inventory (IFN-IGN). This mask was manually
corrected and updated using orthophotographs at 50-cm spatial
resolution from 2013. Only forests higher than 0.5 ha were
retained.
C. Field data
Five field surveys were conducted from November 2013
to January 2017 to collect sample points of tree species (n
= 2181) using a Garmin GPSMap 62st receiver (±3-5 m
accuracy). To get pure stand of species, plots were acquired at
the center of homogeneous areas corresponding to a window
of 64 m2 (8x8m) composed of the same species [8]. For undersampled species, a reject class (other) was created mixing
them (n = 219). Fourteen tree species were retained for the
classification, composed of 8 broadleaf species and 6 conifer
species, in addition to the reject class (Table I). In the end,
2181 sample points corresponding to as many as pixels are
used for the classification protocol.
D. Classification protocol
After masking the non-forest areas using the available mask,
several supervised learning algorithms were compared to discriminate the tree species: SVM (Support Vector Machine), RF
(Random Forest) and GBT (Gradient Boosted Trees, [11]). All
the classifiers were computed using OTB (the Orfeo ToolBox

TABLE I
L IST OF TREE SPECIES WITH

THE SAMPLE SIZE ( EACH SAMPLE IS ONE
PIXEL WITH A TOTAL OF 2181).

Species
Silver birch (Betula pendula)
Oak (Quercus robur/pubescens/petraea)
Red oak (Quercus rubra)
European ash (Fraxinus excelsior)
Aspen (Populus tremula)
Black locust (Robinia pseudoacacia)
Willow (Salix spp.)
Eucalyptus (Eucalyptus spp.)
Corsican pine (Pinus nigra subsp. laricio)
Maritime pine (Pinus pinaster)
Black pine (Pinus nigra)
Silver fir (Abies alba)
Douglas fir (Pseudotsuga menziesii)
Cypress (Cupressus)
Other (Mix of other species not listed above)

S2

Sample size
85
269
224
141
227
107
53
158
228
209
55
75
81
50
219

application [12]). SVM was tested with different kernels (linear, polynomial and Gaussian RBF). The optimal values of the
hyperparameters were selected by cross-validation from a grid
search. For RF, we fixed the number of classification trees to
100. For GBT, the number of boosting algorithm iterations was
fixed to 200, and the maximum depth of the trees was set to
20. The classifiers were trained using half of the reference data
(50% per category). The other half was used for validation.
This random-splitting procedure was repeated 10 times. Each
algorithm was trained and validated with the same subsets for
accurate comparison. Finally, confusion matrices with overall
accuracy, kappa statistic and F-score were computed from the
aggregation of the ten results.
III. F IRST RESULTS AND CONCLUSIONS
Overall accuracies are above 90% for all the classifiers,
including the two datasets (Table II). Kappa indices are also
above 0.90 which proves the potential of S2 SITS for mapping
tree species.
TABLE II
C LASSIFICATION ACCURACY ACCORDING TO THE LEARNING ALGORITHM
( MEAN VALUE ±STANDARD DEVIATION AFTER 10 ITERATIONS )
Algorithm

Overall accuracy

Kappa

F1

Classification results with the 4-bands dataset
GBT
Random-Forest
SVM-linear
SVM-polynomial
SVM-rbf

91.02
93.04
93.29
94.93
95.53

(±4.06)
(±3.07)
(±2.49)
(±2.62)
(±2.03)

0.93
0.92
0.93
0.94
0.95

(±0.03)
(±0.03)
(±0.03)
(±0.03)
(±0.02)

0.92
0.91
0.92
0.94
0.94

(±0.04)
(±0.05)
(±0.04)
(±0.04)
(±0.03)

Classification results with the 10-bands dataset
GBT
Random Forest
SVM-linear
SVM-polynomial
SVM-RBF

92.74 (±1.2)
95.11 (±0.65)
96.58 (±0.64)
96.92 (±0.62)
97.4 (±0.52)

0.92
0.95
0.96
0.97
0.97

(±0.01)
(±0.01)
(±0.01)
(±0.01)
(±0.01)

0.92
0.95
0.96
0.96
0.97

(±0.02)
(±0.01)
(±0.01)
(±0.01)
(±0.01)

Using the 4-bands dataset per date (images of 10-m spatial
resolution), SVM-RBF provides the best classification results

SVM-RBF

Random-Forest

SVM-Poly

GBT

SVM-Linear

Count agreement

Majority class (for 5 algorithms)

1
2
3
4
5

0

500 m

Oak
Red oak
Silver birch
European ash
Black locust
Aspen
Willow
Eucalyptus
Corsican pine
Maritime pine
Black pine
Douglas ﬁr
Silver ﬁr
Cypress
Others

Fig. 3. Comparison of the species distribution according to the learning algorithms with the number of agreements between them. Forests showed are located
in an area with no ground samples.

(kappa = 0.95±0.02) before the other kernel functions or the
other classifiers (Table II). Random forest performs the worst
(kappa = 0.92±0.03). Using the 10-bands dataset (i.e. 110
spectral features with all the dates), higher performance was
obtained, despite the fact that some images are less detailed
(original spatial resolution of 20 m). SVM-RBF is still the
best (kappa = 0.97±0.01) with slight differences with the other
kernels (e.g. kappa = 0.96±0.01 with SVM-linear).
Despite these good statistical results, a comparison of the
classifications between the algorithms shows some spatial
divergences (Fig. 3). SVM-RBF and Polynomial kernel have
quite similar results. Random Forest seems to overestimate
Oak (the dominant species), and underestimate the class of
mixed species (Other). No silver birch and nor black locust
were found contrary to the three SVM kernels. Concerning
GBT, the algorithm erroneously predicts willow trees in this
excerpt. This error is due to an artefact in the cloud correction of one image in the SITS (1st may 2016). The others
algorithms are insensitive to this noise after gap-filling.
The number of agreements between the five algorithms
shows that Oak is the best predicted (Fig. 3). This can be
explained by the fact that this species has the larger sample
size (n = 269). An in-depth analysis based on the F-score
(harmonic mean of precision and recall) showed that some
species are much confused than others. Douglas fir (F1 = 0.7)
and Black pine (F1 = 0.72) are the two species with the less
confidence using the 4-bands dataset (Table III). Their classification performance is improved with the 10-bands dataset
but these species remain the worse recognized (F1 = 0.74 and
F1 = 0.81 respectively). Aspen and Red oak (homogeneous
cultivated plantations) are perfectly discriminated, with a Fscore equal to 0.99, as Cypress.
IV. D ISCUSSIONS
Our results are consistent with previous works based on
Formosat-2 SITS on the same study site [8]. SVM-RBF was
also the best algorithm (kappa = 0.93), and Douglas fir the

TABLE III
M EAN F1- SCORE PER CLASS FOR 10 SVM- RBF ITERATIONS
Species
Silver birch
Oak
Red oak
European ash
Aspen
Black locust
Willow
Eucalyptus
Corsican pine
Maritime pine
Black pine
Silver fir
Cypress
Douglas fir
Other

F1 (4 bands)
0.96
0.96
0.99
0.96
0.99
0.92
0.90
0.96
0.96
0.95
0.72
0.86
0.97
0.70
0.97

F1 (10 bands)
0.98
0.98
0.99
0.98
0.99
0.95
0.90
0.97
0.98
0.98
0.81
0.91
1.0
0.74
0.97

most confused species (87% accuracy versus 0.74 F1-score in
this paper). Sample size of ground thruth have been increased
(from n = 1235 in [8] to n = 2181 in our experiments) to reduce
overfitting that was suspected. Kavzoglu and Colkesen found
similar performance with SVM-RBF kernel using Landsat
images [13]. This kernel seems to be the best to predict tree
species.
Next steps will be focused on the identification of the most
important dates for each species and on the estimation of the
contribution of each spectral band.
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