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ABSTRACT

This paper introduces a feature selection method based
on random forest -the Guided Regularized Random Forest
(GRRF)- which can be used in classification and regression
tasks. The method is based on the regularization of the infor-
mation gain in the random forest nodes to obtain a subset of
relevant and non-redundant features. The proposed method
is used as a preliminary step In the process of retrieving bio-
physical parameters from a hyperspectral image.Preliminary
experiments show that we can reduce the RMSE of the re-
trievals by around 7% for the Leaf Area Index and around
8% for the fraction of vegetation cover when compared to the
results using random forest features.

Index Terms— Feature selection, biophysical parameter
retrieval, hyperspectral images, random forest

1. INTRODUCTION

Dimensionality reduction is an important processing step
for many remote sensing applications. The huge data vol-
ume acquired by modern Earth observation sensors, their
increasing temporal, spatial and/or spectral resolution, and
the economic and time costs to obtain label data make di-
mensionality reduction a basic step in most classification and
regression tasks. For instance, a common problem when ana-
lyzing hyperspectral data is the Hughes phenomenon [1], i.e.
the available labelled samples cannot cover all the volume
generated by a high-dimensional dataset. Two solutions are
possible to solve this problem, either increase the amount of
labelled data or reduce the dimensionality of the data set. The
former solution is very expensive, and the latter is addressed
by feature extraction or selection methods.

Feature extraction methods are well-known and they have
shown good results in classification as well as in regression
tasks [2]. However, the physical meaning and the understand-
ing of the features are lost in the combination (transformation)
of the original data features, specially when non-linear meth-
ods are used [3]. Feature selection methods choose the most
informative features from the original data (without trans-
formation) based on filters (ranking the variables), wrappers

(performing the quality of the performance on a modelling
algorithm) or embedded (performing feature selection during
the modelling algorithm’s execution) approaches [4]. The
performance wrapper and embedded methods is better than
that of filter based approaches [5]. A well-known wrapper
approach is based on the random forest (RF) algorithm. RF
is commonly used as feature selection method because it is a
simple and fast way to select and to interpret feature [6, 7].
RF provides the importance of each feature by means of the
information gain, which depends on the predictions in each
node of the model. A selection of the most relevant features
is made by ranking the importance of each feature. However,
this feature selection approach requires fixing the number of
features to select or a threshold of feature importance. The
use of regularization overcomes these problems.

The regularization adds information to the model to pre-
vent the overfitting and generalize the model. Nevertheless,
the regularization can obtain a non representative features be-
cause of the regularization is based on maximizing the gain to
select a single feature at each node and non-representative set
of samples (few number from the original data) fall in the last
nodes. So, a second regularization, which is dependent on the
feature by the RF importance, is included on the model and
then, the representativeness problem is avoided. The Guided
Regularized Random Forest (GRRF) consists of a regularized
RF, where the regularization is guided by feature importance.
The GRRF has been applied in gene research applications [8]
and identification of crops in smallholder farm fields [9]. This
work presents the first application of the GRRF in remote
sensing for biophysical parameter retrieval analysis (i.e. in
a regression task). The proposed method provides a set of
features that is more compact and meaningful without using
a threshold than a subset obtained by RF method. First, the
GRRF model is explained in more detail (Section 2). Then,
the data used in this work is described (Section 3). After that,
the results are shown and discussed (Section 4). Finally, the
conclusions are presented (Section 5).
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2. GUIDED REGULARIZED RANDOM FOREST

The GRRF is based on RF method to select more relevant fea-
tures than the standard method taking into account a regular-
ization per feature. This parameter keeps the gain of the fea-
tures selected in previous nodes and penalizes the gain when
the feature is not selected previous nodes. The GRRF infor-
mation gain is defined as:

GGRRF (xj ,v) =
{ G(xj ,v) if j ∈ F
αjG(xj ,v) if j 6∈ F, (1)

where G(xj ,v) is the gain of the RF, xj ∈ RN×1 is the j
feature vector (being N the number of samples), v is a split-
ting node and αj is the regularization parameter of feature j,
which is calculated by:

αj = (1− γ) · λ+ γ
importancej

maxj=1,··· ,p(importancej)
. (2)

Note that, the RF gain (G(xj ,v)) for regression is calculated
using the Residual Sum Squares and, λ ∈ (0, 1] is the penal-
ization factor and γ ∈ [0, 1] is the weight of the normalized
importance. Thus, the gain of GRRF is equal to the stan-
dard RF when the penalization is equal to one and the weight
is equal to zero. Taking into account eq. 1, GRRF selects a
compact set of features in a simple way:

1. Train the RF regression model to obtain the feature im-
portance.

2. Initialize empty subset of selected features andG∗ = 0.

3. Select the samples and features from the original data
by bagging.

4. Fixing the penalization factor (λ) and weight parameter
(γ) and using eq. 2, the regularization parameter (αj)
is calculated.

5. Calculate the GGRRF (xj ,v).

6. The features that fulfil GGRRF (xj ,v) > G∗ are se-
lected and G∗ = GGRRF , otherwise the features are
not selected.

To evaluate the selection process, a new RF model with the
features selected is trained to compare the results with the
same number of features obtained by RF (sorted by impor-
tance).
Summarizing, RF method provides the relevant importance
based on the information gain of the features in all nodes of
the trees whereas the GRRF uses a double regularization to
obtain relevant and non-redundant features.

3. DATA

The data used in this work consists of a hyperspectral im-
age and of field data. The hyperspectral image was acquired

Fig. 1. RGB composite over the Barrax test site, Spain.

by the CHRIS/PROBA spaceborne sensor 1 of the Euro-
pean Space Agency (ESA). Although this sensor can acquire
multi angular images, here we use a Nadir image that was
geometrically and atmospherically corrected using the offi-
cial CHRIS/PROBA Toolbox for BEAM [10]. The image
has 62 bands in the visible and near-infrared (NIR) region
(400− 1000 nm) at a spatial resolution of 34m. Seven bands
were removed to avoid noise problems.

The field data was collected during the SPectra bARrax
Campaign (SPARC) in 2003 and 2004 in Barrax, Spain (co-
ordinates: 30 ◦39’ N, 2 ◦69’ W). The study area is character-
ized by large circular fields of cereals (see RGB composite in
Fig. 1) and it is a typical test area of satellite and airborne
experiments. Leaf area index (LAI) and fraction of vegeta-
tion cover (fCover) were acquired for a total of 9 crops and
135 label samples are available for this work. The LAI val-
ues ranged from 0.4 to 6.3, and the fCover from 0 to 1. All
measurements were done in a test area belongs to an agricul-
tural research facility with an extent of 5 × 10km. Both the
LAI and the fCover values were measured using the concept
of elementary sampling units (ESU) were the final values are
the results of integrating multiple measurements. The LAI
was derived from canopy measurements made with a LiCor
LAI-2000 at 24 locations per ESU. The fCover was derived
from hemispherical photographs taken at the same locations
than the LAI measurements. All parameters present standard
errors between 3% and 10%.

4. CASE STUDY AND EXPERIMENTAL RESULTS

This section presents the results of the biophysical parameter
retrieval of LAI and fCover using the information contained
in the hyperspectral image, i.e. the features are the spectral
bands of the hyperspectral (from red to near-infrared range)

1https://earth.esa.int/web/guest/missions/
esa-operational-eo-missions/proba/instruments/
chris
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Fig. 2. Average RMSE versus the number of features selected
by GRRF.

LAI fCover

737.76

758.29

780.01

787.57

861.61

712.17

810.86

724.74

870.46

688.41

852.72

802.96

682.71

795.17

731.23

694.19

831.37

744.5

674.42

879.54

0.0 0.2 0.4 0.6 0.8 1.0

w
a
v
e
le
n
g
th

importance

718.37

724.74

731.23

737.76

604.97

633.83

688.41

744.5

592.79

615.65

682.71

706.07

653.34

624.57

795.17

751.36

674.42

583.14

451.24

694.19

0.0 0.2 0.4 0.6 0.8 1.0

w
a
v
e
le
n
g
th

importance

927.35

861.61

731.23

917.6

810.86

787.57

942.46

852.72

888.9

724.74

879.54

831.37

898.31

737.76

758.29

795.17

870.46

844.07

780.01

772.64

0.0 0.2 0.4 0.6 0.8 1.0

w
a
v
e
le
n
g
th

importance

460.86

471.05

481.8

491.99

501.51

511.53

522.16

531.97

542.36

553.38

563.37

573.91

583.14

592.79

604.97

615.65

624.57

674.42

682.71

688.41

0.0 0.2 0.4 0.6 0.8 1.0

w
a
v
e
le
n
g
th

importance

Fig. 1. Top 20 feature selected by GRRF [top] and top 20
features of RF [bottom] for LAI and fCover variables.

Fig. 3. Top 20 feature selected by GRRF [top] and top 20
features of RF [bottom] for LAI and fCover variables.

and two models were trained, one per biophysical parameter.
The RFs used to obtain the feature importance were trained
with a standard configuration 500 trees and one third of the
number of features. 100 of the available samples were ran-
domly selected to train the models and to obtain the selected
features per parameter. After the feature selection, standard
RF was trained to estimate LAI and fCover with the selected
features. Additionally, a RF was trained with the features
selected (with the same number of GRRF) using a standard
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Fig. 4. Two predictions maps for the (left) LAI, and (right)
fCover for an area of the image CHRIS/PROBA using 47 and
27 features and their RMSE, respectively.

RF to compare the results. The RF regression was run ten
times to avoid the randomness of the model and the results
were averaged. The feature selection and the retrieval of LAI
and fCover were repeated for ten partitions of the ground
truth and the best subset of features was selected to show the
final results.

The number of selected features is determined by the two
parameters (λ and γ) of the GRRF. The higher the λ (and
the lower the γ), the more features are selected. In practice,
this means that different combinations of λ and γ provide the
same number of selected features. Figure 2 shows the average
the reduction and stabilization of the RMSE as a function of
the number of features. The optimal number of features to
predict LAI (47) and fCover (27) were selected considering
the range of features for which the RMSE stabilizes. The
lowest RMSE value from the RF regressions of the ten data
partitions provides the optimum λ and γ parameters. These
parameters are λ = 0.6 and γ = 0.4 for LAI and λ = 1 and
γ = 0.2 for fCover.

One advantage of the feature selection methods is the
understanding and visualization of the features selected. So,
the GRRF features can be compared with the RF features
(Fig. 3). As we can see, the most important features selected
by GRRF (Fig. 3[top]) to predict LAI and fCover are con-
centrated on the red and near infrared range whereas the most
important features of the RF (Fig. 3[bottom]) are concen-
trated on higher wavelengths (infrared) in the case of LAI
and lower (blue range) in the case of fCover. Taking into ac-
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count that LAI and fCover are directly related to Normalized
Difference Vegetation Index (NDVI) [11], the GRRF set of
features is more meaningful than RF subset.

Finally, the prediction maps of LAI and fCover parame-
ters obtained using the best model are shown in Fig. 4 to-
gether with the RMSE values. The results show an improve-
ment of the model using the GRRF selection instead of the
RF selection. Comparing the RMSE values, the use of GRRF
method increases the results around 7% comparing with RF
selection in the case of LAI and 8% in the case of fCover.

5. CONCLUSIONS

Feature selection is one way to minimize the impact of the
Hughes phenomenon, a typical problem in remote sensing.
In this paper, we illustrated the use of the GRRF feature se-
lection method for biophysical parameter retrieval and com-
pare the retrieval errors obtained with the subset of selected
features and with the same number of features but selected
by a standard RF. Smaller errors were obtained by the subset
of GRRF features. Regarding to the subsets of features, the
GRRF provides a subset of features more compact, relevant
and meaningful than RF method. The GRRF is centred in
the red and near infrared range than RF to predict biophysical
parameters of the vegetation and the RMSE of the regression
models indicate a better effectiveness model in the LAI and
fCover prediction.
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