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A Multiscale Random Forest Kernel for
Land Cover Classification

Azar Zafari , Raul Zurita-Milla , and Emma Izquierdo-Verdiguier

Abstract—Random forest (RF) is a popular ensemble learning
method that is widely used for the analysis of remote sensing
images. RF also has connections with the kernel-based method.
Its tree-based structure can generate an RF kernel (RFK) that
provides an alternative to common kernels such as radial basis
function (RBF) in kernel-based methods such as support vector
machine (SVM). Using an RFK in an SVM has been shown to
outperform both RF and SVM-RBF (i.e., using an RBF kernel in
an SVM) in classification tasks with a high number of features.
Here, we explore new designs of RFKs for remote sensing image
classification. Different RF structural parameters and character-
istics are used to generate various RFKs. In particular, we explore
the use of RFs depth, the number of branches between terminal
nodes of trees, and the predicted class probabilities for designing
and evaluating new RFK. Two depth-based kernel are proposed:
an RFK at the optimal depth, and a multiscale one created by
combining RFKs at multiple depths. We evaluate the proposed
kernels within an SVM by classifying a time series of Worldview-2
images, and by designing experiments having a various number
of features. Benchmarking the new RFKs against the RBF shows
that the newly proposed kernels outperform the RBF kernel for the
experiments with a higher number of features. For the experiments
with a lower number of features, RFKs and RBF kernel perform
at about the same level. Benchmarking against the standard RF
also shows the general outperformance of the proposed RFKs in
an SVM. In all experiments, the best results are obtained with a
depth-optimized RFK.

Index Terms—Image classification, random forest kernel (RFK)
designs, support vector machine (SVM).

I. INTRODUCTION

R EMOTELY sensed images are one of the most important
sources of data for land cover mapping. However, produc-

ing high-quality land cover maps using remotely sensed data
is still challenging because the necessary use of time series of
images leads to high-dimensional problems and because land
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cover classes typically are nonlinearly separable [1]. The curse
of dimensionality or Hughes phenomenon occurs when the
number of features is much larger than the number of training
samples [2]. The Hughes phenomenon is a common problem
for several remote sensing data such as hyperspectral images
and time series of multispectral satellite images [3]. Moreover,
the Hughes phenomenon occurs when spatial, textural, or other
types of extracted features are stacked on top of the original spec-
tral features for modeling additional information sources [3].
Several works have reviewed land cover classification meth-
ods, and findings show that kernel-based methods outperform
traditional classification methods particularly in dealing with
the Hughes phenomenon [2], [4], [5]. Kernel-based methods
map the nonlinear data into a reproducing kernel Hilbert space
(RKHS) where the data is linearly separable. Instead of explicitly
using a mapping function, a kernel function is used to reproduce
the pairwise similarities matrix by computing the inner products
among the samples in the RKHS [6]. The most well-known
kernel-based classifier and kernel function are support vector
machine (SVM) and radial basis function (RBF), respectively.
Using the SVM-RBF (i.e., using an RBF kernel in an SVM),
one needs to optimize two parameters (i.e., RBF bandwidth and
SVM regularization parameters) through a high computational
cross-validation process [2], this is a known limitation of using
the RBF kernel in an SVM.

Another well-known classifier able to handle high-
dimensional and nonlinear problems is the random forest
(RF) [7]–[9]. The RF is fast and comparatively robust to a
high number of features, a few numbers of training samples,
overfitting, noise in training samples, and the choice of param-
eters [1], [10]. The RF can be used for feature selection and
outlier detection [11], [12]. The operational use of RF classifiers
requires setting two parameters: the number of the decision
trees to be generated (Nt) and the number of the features to
be randomly selected for defining the best split in each node
(mtry). Using the default value of 500 trees and the square root
of the number of features stabilize the error of the classification
in most applications [13]. However, an RF is difficult to visualize
and it can get overfitted [13]. Despite this, integrated approaches
of the RF and SVM-RBF can be used to exploit strong points of
both classifiers and avoid their limitations. For instance, using
the RF to find the most important features and importing these
features into an SVM-RBF classifier is shown to improve the
overall accuracy (OA) of the classification compared to single
use of the RF or SVM-RBF [12].
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In addition, the tree-based structure of the RF allows the
extraction of kernels that can be integrated with kernel-based
methods such as an SVM [10], [14]. The tree-based structure of
the RF draws partitions in the data that can be used to generate
an RF Kernel (RFK), which encodes similarities between data
samples based on the partitions [14]. The classic RFK uses the
average of a Kronecker delta function of pairwise leaf node
samples as similarity values [10], [14]. Using an SVM classifier
to compare kernels, we found that the classic RFK performs
competitively in terms of the OA while reducing the computa-
tional time with respect to the RBF, as shown in classification
tasks involving time series of satellite multispectral images and
an airborne hyperspectral image [15]. Moreover, integration of
the RFK and SVM is shown to yield slightly higher OAs than the
traditional RF in high-dimensional and noisy experiments, and
it provides competitive results in low-dimensional experiments
[15]. However, the problem associated with the classic RFK is
that similarity values are binary metrics, and this rough binary
estimation may not be always compatible with real-world data
classes with similar spectral signatures (i.e., crops) [16]. In other
words, it is more realistic to think that pairs of samples can be
similar to a certain degree instead of assuming that they are either
similar or dissimilar [16]. A large number of trees is necessary to
get accurate estimations for the classic RFK. When a relatively
low number of trees are used, a more elaborate estimate of
similarity values is required [16]. To overcome this problem, the
similarity values can be obtained based on the number of tree
branches between the terminal nodes containing the samples.
This design was evaluated over two-class classification prob-
lems, and it was found to improve the data similarity estimation,
especially when an RF is made of a small number of trees [16].
Accordingly, the first goal of this article is to compare the
performance of the branch-based RFK for a multiclassification
problem against that of the classic RFK and RBF kernel when
used within an SVM. We also compare their performance against
that provided by a standard RF classifier. Another problem with
classic RFK is that the samples from the same class can land in
different nodes in fully grown trees, and their similarity value
gets assigned zero consequently. The second goal of this article is
to address this issue by exploring the influence of the RF depth
on the RFK performance. Following on this, the third goal is
to design a multiscale RFK based on multiple depths, inspired
by [17]. The idea in [17] is to encode similarity values among
samples using the probability that they are grouped together
at different scales through Gaussian mixture models clustering.
Different scales are defined by varying the number of clusters
and initialization. Here, a multiscale RFK is designed based on
multiple depths of the RF.

In a nutshell, the contribution of this article lies on the inves-
tigation of alternative designs of RF-based kernels for remote
sensing image classification. Four alternative designs of the RFK
are evaluated: a branch-based RFK based on the distance among
terminal nodes, a depth-optimized RFK, a multiscale RFK based
on obtaining the classic RFK at multiple depths, and a proba-
bilistic multiscale RFK based on obtaining RF-based class prob-
abilities at multiple depths. We benchmarked the performances
of these kernels against those provided by the RBF kernel in an

SVM and the standard RF model. Our work is illustrated with
a time series of very high spatial resolution data acquired over
agricultural lands.

II. BACKGROUND

The main idea of the so-called kernel trick is to allow map-
ping nonlinear separable data in the original space into the
RKHS without the explicit knowing of the mapping function
Φ : x → ϕ(x) [6]. The dot product of two training samples
vectors (xi and xj) in the RKHS space is defined by a kernel
function k(xi, xj) = ϕ(xi)

Tϕ(xj). When the kernel function
is calculated for all samples (N ), the kernel function generates
a square matrix (K ∈ RN×N ) of pairwise similarities between
the samples.

Kernel-based methods belong to the generative or discrimi-
native categories [18]. Generative models aim at learning proba-
bility density functions and discriminative learning methods are
based on learning class boundaries [19]. Generative approaches
assume a data model that is often improper for the remote
sensing data [18]. Discriminative learning methods obtain the
class boundaries directly from the data [18]. Discriminative
approaches can partition the data through several algorithms
such as clustering and RF [17]. The key idea of discriminative
kernels is that samples located in the same partition are similar
and those ending up in different partitions are dissimilar [14]. In
this article, the RF is used to create random partitions. The reason
is that the RF is known for being fast, stable against overfitting,
and requiring a small sample size with high-dimensional input
compared to several classifiers [10], [13]. Moreover, the RF is
robust to the choice of parameters [10], [13]. The strong points of
the RF along with its tree-based scheme can be used to partition
data into homogeneous groups, and these partitions can be used
to create an RF-based kernel that can subsequently be used in
a kernel-based method such as the SVM [15]. In the following,
we present the background on different possible RFKs designs
selected for the experimental tests of this study.

III. METHODS

A. Classic-Node-Based RFK

The classic RFK uses the terminal nodes as partitions created
on data by trees to calculate the pairwise similarity values among
the samples. If two samples fall into the same terminal node of
a tree, the similarity is equal to one; otherwise, it is zero. The
classic RFK suggested by [10] is extensively described in our
previous work [15]. For each tree, one pairwise similarity matrix
is generated and the RFK is the average of the matrices obtained
for all trees. Here, we indicate this node-based RFK by RFKNd.

B. Branch-Based RFK

To get accurate similarity values in RFKNd, a large number
of trees is required [16]. In the experiments of using few trees,
more elaborate estimate of data proximity is needed. A novel
approach to estimate data proximity in the RF is proposed in [16].
This approach is based on measuring the distance between two
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Fig. 1. General design of the RFK for an RF classifier with n number of trees.

terminal nodes containing samples i (si) and j (sj). In this study,
we indicate this kernel by RFKBr, and it can be assessed with
the following equation:

RFKBr(si, sj) =
1

Nt

Nt∑

n=1

1

ew.gijtn
(1)

whereNt is number of trees in the RF andn runs over the number
of trees, the parameter w controls the influence of the distance
between two terminal nodes occupied by the samples si and
sj , and gijtn is the number of branches between two terminal
nodes containing si and sj in the nth tree of the RF (i.e., tn).
For example, g131 = 3 between the terminal nodes 1 and 3 of
tree1 in Fig. 1. If si and sj land on the same terminal node, then
gijtn = 0 and RFKBr will be increased by one as in the original
way (i.e., RFKNd) to assess the similarity of two samples.

C. Multiscale Probabilistic RFK

The pairwise similarity matrix is computed based on a kernel
function (k(xi, xj) = ϕ(xi)

Tϕ(xj)), which can be also de-
signed through probabilistic approaches [17]. A probabilistic
kernel function can be designed by considering a probability
density function as the mapping function [19]. If we show the
probabilistic mapping function as φ(si) = πi, the probabilistic
kernel can be defined as

K(si, sj) = 〈πi(si), πj(sj)〉H . (2)

Recently, [17] introduced a probabilistic cluster kernel by
computing the composition of dot products between the poste-
rior probabilities obtained via Gaussian mixture models. In this
approach, the posterior probability of two samples belonging
to the same cluster is considered as the similarity between
such samples. Thus, the probabilistic cluster kernel is obtained

through a generative and unsupervised approach. Here, we in-
troduce a Probabilistic RFK that is obtained through a discrim-
inative and supervised approach. In this work, we indicate this
kernel by RFKProb.

The RF assigns a probability of membership to each one
of the class labels of interest for all samples, namely the
predicted probability vector. This vector contains the propor-
tion of votes of the trees for each class. For each sample,
the class label with the highest probability is selected as the
class label for that sample by the RF. Accordingly, the pre-
dicted probability vectors for samples i and j can be defined,
respectively, as πi(si) = (pi1, pi2, pi3, . . ., piC) and πj(sj) =
(pj1, pj2, pj3, . . ., pjC), where piC is the probability that sample
i belongs to the class C. The similarity value for samples i and
j using the RFKProb can be defined as the inner product of the
vectors πi(si) and πj(sj) [19], [20]

RFKProb(si, sj) = 〈πi(si), πj(sj)〉H
= pi1.pj1 + pi2.pj2 + · · ·+ piCpjC . (3)

As a matrix notation, all the predicted probability vectors are
placed in the matrix P as following:

P =

⎡

⎢⎢⎢⎣

p11 p12 p13 . . . p1C

p21 p22 p23 . . . p2C

. . . . . . . . .

pn1 pn2 pn3 . . . pnC

⎤

⎥⎥⎥⎦ . (4)

P is the matrix of predicted probabilities by the RF, one col-
umn per class and one row per observation. Once P is calculated,
the RFKProb is defined as RFKProb = P.PT . The kernel also
can be obtained at different depths. Therefore, the average of
probabilistic RF kernels obtained at different depths is defined
as follows:

RFKProb =
1

Nd

Nd∑

n=1

(P.PT)dn
(5)

where Nd is the number of the depths considered to obtain
RFKProb, n runs over the number of depths, and dn is the nth
depth in the RF. Moreover, the RFKProb obtained at each depth is
separately imported in an SVM and the RFKProb that generates
the best OA is considered as an a depth-optimized probabilistic
kernel. Here, we indicate this depth-optimized probabilistic
kernel with RFKProb∗ .

D. Multiscale-Node-Based RFK

Similar to RFKProb, RFKNd can be obtained at different
depths as well and average of these kernels can be obtained
as a multiscale RFK based on the terminal nodes. The average
of classic RF kernels obtained at different depths is defined as
follows:

RFKNd =
1

Nd

Nd∑

n=1

(RFKNd)dn
(6)

where Nd is the number of the depths considered to obtain
RFKNd, n runs over the number of depths, and dn is the nth
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Fig. 2. (a) Study area of Sukumba site, southeast of Koutiala, Mali. (b) Crop polygons for Mali.

depth in the RF. Here, we indicate this kernel by RFKNd and
the depth-optimized classic RFK with RFKNd∗ .

IV. EXPERIMENTAL SETUP

In this section, we first describe the data and study area used
to illustrate this study. Next, we explain the experimental setup
followed to evaluate the newly proposed RFKs (see Figs. 3
and 4).

A. Data and Study Area

A time series of WorldView-2 (WV2) images acquired over
Sukumba area in Mali, West Africa, in 2014 is used to illustrate
this study. The WV2 sensor provides data for eight spectral
features at a spatial resolution of 2 m. There are seven multi-
spectral images in this dataset that defines the cropping season
in 2014 [21]. Ground-truth labels for five common crops includ-
ing cotton, maize, millet, peanut, and sorghum, were collected
through fieldwork. The images were atmospherically corrected
using the 6S radiative transfer model [22], and coregistered using
the centroid of the trees located in the study area [21]. Tree masks
were automatically created by applying a series of Gaussian
filters [21], and cloudy pixels were removed by eliminating the

pixels with the highest reflectance value in the blue band that fall
within the percentage of cloud coverage reported in the metadata
of the image delivery [21].

This dataset and the ground data are part of the STARS project
that aims to improve the livelihood of smallholder farmers. The
Sukumba dataset contains a total of 45 labeled polygons. Each
polygon corresponds to a single farm management unit, and the
average size of these units is about 1.35 ha. This means that the
average farm contains about 3500 pixels. Fig. 2(a) and (b) shows
the study area and the 45 fields contained within the database.

This dataset originally contains seven multitemporal images
with eight bands each image (56 bands). The acquisition dates in-
clude May, June, July, October, and November [21]. The vegeta-
tion indices (VIs) including normalized difference vegetation in-
dex (NDVI), difference vegetation index (DVI), ratio vegetation
index (RVI), soil adjusted vegetation index (SAVI), modified
soil-adjusted vegetation index (MSAVI), transformed chloro-
phyll absorption reflectance index (TCARI), and enhanced veg-
etation index (EVI) were obtained and added to spectral features
to increase class separability of the crops. The definitions of
these VIs are given in [15]. Besides the aforementioned classic
VIs, the combinations of bands 2–8 through difference, ratio,
and normalization of these bands were obtained and added



2846 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 13, 2020

TABLE I
EXPERIMENTS DESCRIPTION (Nf : NUMBER OF FEATURES USED IN

EACH EXPERIMENT)

to spectral and classic VIs, and this increases the number of
feature to 525. Next, the number of features was extended by
obtaining the gray-level cooccurrence matrix (GLCM) textures
to the spectral features and VIs. Texture analysis based on the
GLCM is a statistical method to define the spatial relationship of
pixels [23]. The GLCM textures derived for Sukumba dataset are
comprehensively described in [15] and [24]. For each spectral
and VI feature, 17 GLCM textures were computed using a
window of 3 by 3 pixels and by averaging the values obtained
along four directions (0, 45, 90, and 135). For all spectral and VI
features separately, statistical textures including angular second
moment, correlation, inverse difference moment, sum variance,
entropy, difference entropy, information measures of correlation,
dissimilarity, inertia, cluster shade, and cluster prominence were
obtained [24].

Stacking all the spectral, VIs and GLCM features, the total
number of features reached 8498. This number further was
increased by including extra features, namely green leaf index
(GLI) [25] and local binary pattern (LBP) [26]. With this addi-
tion, the final number of features available for the experiment
ALL equals 10584. Table I shows the sequence of adding the
features that are used in four tests to examine the proposed
methods in this study.

B. Comparing RFKBr and RFKNd

In the preprocessing and sampling step of Fig. 3, we divided
the polygons representing the labeled farms in the study area into
four almost equal-sized subpolygons. Two of these subpolygons
were used to select the training samples and the other two to
select test samples so that samples from the same neighborhood
do not end up in both training and test sets, and this prevents
inflating the performance of the classifiers. Next, each of the train
and test sets were randomly sampled to get ten random subsets,
with a balanced number of samples per class (130 and 100
samples per class for training and test, respectively). We used
these ten randomly selected subsets with a different number of
features (for each of four experiments shown in Table I) to obtain
representative results (i.e., all presented results correspond to
the average of the results obtained for the ten subsets). In the
high-dimensional experiments (i.e., BVITVI and ALL), there
are many correlated features and some of them might be not
helpful for the classification task at hand (i.e., they might be
considered noise).

After obtaining training and test samples for four experiments,
as it is shown in Fig. 3, RF models with 500 fully grown trees are
obtained in the first step. RF models are trained using 5, 10, 20,

Fig. 3. Overview of the steps followed to compare RFKBr (i.e., RFK obtained
based on the distance of nodes) with RFKNd (i.e., classic design of the RFK)
through importing them an SVM.

50, 100, and 500 trees, and for each model, the mtry parameter
is optimized in a range of [Nf

(−1/2) − 10, Nf
(−1/2) + 10] in

steps of two, where Nf is the number of features.
Based on these RF models, we obtained RFKNd and RFKBr.

First, we investigated the performance of RFKNd and RFKBr

in an SVM against the different number of trees. Next, we
benchmarked their performance against the RBF kernel in an
SVM and a standard RF. The SVM using the RBF kernel requires
to fix two parameters, the σ (i.e., bandwidth of the) and C
(i.e., a penalty or regularization parameter) [27]. A fivefold
cross-validation approach is used to find the optimum bandwidth
in the range [0.1, 0.9] of the quantiles of the pairwise Euclidean

distances (D = ‖x− x
′ ‖2) between the training samples, and

the optimal C value in the range of [5, 500]. Using the RFKs in
an SVM requires to fix theC parameter as well. A fivefold cross-
validation approach is also used to optimize the C parameters
for all the models.

Besides the C parameter, RFKBr requires optimizing w pa-
rameter, which is optimized in a range of w = [0.1, 2] in steps
of 0.1 [16].

Obtaining RFKBr requires to compute the pairwise distances
among the end nodes in terms of number of the branches between
the end nodes. To find number of number of branches between
the end nodes containing samples si and sj in the kth tree (gijk),
we obtained the paths of the end nodes containing these samples
to the root node, and we found the first ancestor of these end
nodes by comparing their corresponding paths to the root node.
Then, the number of branches is counted between each end
node and the first ancestor. Finally, two number of branches
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TABLE II
CLASSIFICATION RESULTS OBTAINED IN TERMS OF OVERALL ACCURACIES (OA) OVER TEN TEST SUBSETS FOR SVM-RFKNd AND SVM-RFKBr

CLASSIFIERS VERSUS THE NUMBER OF TREES FOR FOUR CANDIDATE FEATURE SUBSETS (Nf ) DEFINED IN TABLE I

are summed up to obtain the number of branches between the
end nodes containing si and sj . For each tree, a g-matrixTRTR

and a g-matrixTSTR is obtained. The g-matrixTRTR contains the
pairwise distance among training samples and the g-matrixTSTR

contains the pairwise distance among test and training samples.
Next, the g-matricesTRTR together with the ranges of w and C
parameters are used in an SVM to optimize w and C parameters
in the cross-validation process. Next, optimal values of w and C
parameters are used to train the SVM-RFKBr model. After train-
ing the model, the g-matricesTSTR are used to evaluate the model.

C. Multiscale RFKs

In Fig. 4, we start by following the same preprocessing and
sampling used in the previous workflow. Here, however, we use
ten different depths to grow 500 trees in the RF ensemble. Then,
we obtain a RFKNd and RFKProb at each depth. The depth of
the RF is controlled by setting a maximum number of nodes as
the threshold for splitting the nodes in the training phase of the
model. Different depths are defined by changing the number of
terminal nodes in the trees.

The range considered for the number of terminal nodes is
[3, Nn − 3], where Nn is the number of terminal nodes of trees
in the fully grown RF and ten different depths are selected with
almost equal intervals. First, we compare the performance of
RFKNd over the ten different depths for all the ten subsets. After
that, we obtain two multiscale kernels by averaging RFKProb and
RFKNd over the ten depths. The multiscale RFKs are noted as
RFKProb and RFKNd. The results for the depths with the best
OA are shown with RFKNd∗ and RFKProb∗ .

Moreover, we evaluate the performance of the multiscale
RFKNd by varying the number of depths used to generate this
kernel. This means that rather than using ten depths, we use 2 to
9 depths (with almost equal intervals) to obtain the multiscale
RFKNd and we evaluate the performance of these kernels in an
SVM. We compare these kernels in terms of the averaged OA, κ
index, and computational time. The computational time for each
classifier were estimated using the ksvm function in the kernlab
package of R [28]. The custom kernel of this package were used
to obtain RBF and RFKs classifications in an SVM.

Fig. 4. Overview of the steps followed to compare depth-based RFKs. Nota-
tion: RFK

Nd
and RFKProb denote multiscale RFKs obtained, respectively, with

RFKNd and RFKProb at different depths. RFKNd∗ and RFKProb∗ denote the
kernels at the depth with the best OA.

V. RESULTS AND DISCUSSION

In this section, we discuss and compare the classification
results for the experiments described in Sections III-B and III-C.
The results are compared in terms of averaged OA, κ index, and
computational time for ten test subsets.

A. Comparing RFKBr and RFKNd

The performance of the SVM-RFKNd and SVM-RFKBr

classifiers are compared in Table II that displays the OAs versus
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TABLE III
CLASSIFICATION RESULTS OBTAINED FOR THE EXPERIMENTS IN TABLE I

RF models trained with 500 fully grown trees are used to obtain RFKBr and
RFKNd. OA (in %) is the averaged overall accuracy, SD (in %) is its standard
deviation, κ̄ is the averaged Cohen’s kappa index, and SDκ is its standard deviation.

TABLE IV
COMPUTATIONAL TIME

the different number of trees. Table II shows that these two
classifiers perform at about same level for different number
of trees and different tests shown in Table I. However, the
computational load of RFKBr is higher compared to RFKNd.
The reason is that w parameter should be optimized for RFKBr,
and finding the number of branches between two nodes requires
more computational load than checking if two samples land in
the same terminal node.

The performance of the SVM-RFKNd and SVM-RFKBr clas-
sifiers was also compared against that of the SVM-RBF classifier

(see Table III). Focusing on experiments with B and BV I
features, all three kernels perform at about the same level. The
experiments with BV ITV I and All features show that RFKs
considerably outperform the RBF kernel for high-dimensional
and possibly noisy problems, increasing the difference in OA
up to around 7%. The performance of RFKBr and RFKNd are
about at the same level for all experiments, whileRFKBr shows
marginal improvements in experiments with B, BV I , and All
features. However, considering the tradeoff between the compu-
tational load and OA, the use of RFKNd is generally preferred.
It is worth mentioning that using RFKs in an SVM improves
the OAs of the classifications in comparison to the standard RF.
The higher the dimensionality of the experiments, the higher the
improvement in OAs, reaching to 2.5% for RFKNd.

B. Multiscale RFKs

The performance of RFKNd versus different depths of the
RF is compared in Table V and Fig. 5. Table V shows that for
almost all subsets and experiments (except for s6 in experiment
with BV I features) optimizing the depth results in an improved
OA of the classification for RFKNd. In Fig. 5, we illustrate the
performance of RFKNd against different depths for the subset
9 (i.e., sub9). The reason for selecting sub9 is that optimizing
depth yielded to the largest improvement in OA of SVM-RFKNd

in the experiment with ALL feature. Fig. 5 shows that for the
low-dimensional tests (i.e., B and BV I), the optimized depth
is closer to the depth of fully grown trees, while for the high-
dimensional tests (i.e., BV ITV I and ALL), shallower depths
are found to be optimal.

The performance of the two multiscale RFKs over ten depths
based on the terminal nodes and class probabilities are compared
in Table VI. This table also presents the results for the best depth
(RFKNd∗ and RFKProb∗ ). In the following paragraph, we com-
pare the multiscale and best depth results with the ones obtained
with the RBF and RFKNd kernels (depicted in Table III).

Focusing on the experiment withB features, multiscale RFKs
(i.e., RFKProb and RFKNd) and RFKNd perform at about same
level considering their OAs and SD values. However, RFKNd∗

and RFKProb∗ with 1.5% gain in the OA slightly outperform
RFKNd. For the experiment with B features, RFKNd∗ and
RFKProb∗ slightly outperform the RBF kernel considering κ̄ and
SD of OA. Focusing on the experiment with BV I features,
RFKNd∗ with OA of 83.62% outperforms all other RFKs.
RFKNd∗ also outperforms RBF kernel considering κ̄ and SD
of OA. The lowest OA and κ̄ obtained for the experiment with
BV I features are obtained by RFKProb∗ and RFKProb.

Focusing on the experiment with BV ITV I features, the
highest OAs of 88.62% and 86.04% are, respectively, obtained
for RFKNd∗ and RFKNd. All RF-based kernels outperform the
RBF in this experiment, while RFKProb∗ and RFKProb obtain
the worst results among the RF-based kernels. Focusing on the
experiment with All features, the highest OAs of 89.48% and
86.18% are, respectively, obtained for RFKNd∗ and RFKNd.
Again for this experiment, RFKProb∗ and RFKProb obtain the
worst results among the RF-based kernels, while all RF-based
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TABLE V
IMPROVEMENT OF THE CLASSIFICATION RESULTS OF SVM-RFKNd∗ COMPARED TO SVM-RFKNd IN TERMS OF OA

The results are shown for ten pairs of training and test subsets in the experiments with different dimensionality (see Table I).
Notation: subi denotes subset i.

Fig. 5. OA obtained for the SVM-RFKNd classifier at ten different depths of the RF for four tests. Different depths are defined by changing the number of
terminal nodes (Nn) in the trees. The panels show the classification results corresponding to sub9, which yields the greatest improvement in OA of RFKNd∗
compared to RFKNd.

TABLE VI
INFLUENCE OF USING TEN DEPTHS ON THE CLASSIFICATION RESULTS

OBTAINED FOR THE CASES IN TABLE I

OA (in %) is the averaged overall accuracy, SD (in %) is its standard deviation, κ̄
is the averaged Cohen’s kappa index, and SDκ is its standard deviation.

kernels outperform RBF results. Using the depth-based RFKs in
an SVM also improves the OAs of the classifications compared
to the standard RF. This improvement is more noticeable in
case of higher dimensional experiments by about 3.5 to 6.8%
for RFKNd and RFKNd∗. Overall, RFKNd∗ outperforms other
kernels including RFKNd in all experiments. In other words, we
found that SVM-RFKNd∗ is the best classifier in terms of OA
and Kappa.

The outperformance of RFKNd∗ is small compared to RFKNd

in experiments with B and BV I features, but it makes a consid-
erable improvement up to around 4% in OA when the number
of features is highly increased in experiments with BV ITV I
and All features. This evidences that optimizing the depth of
RF can improve the results for the classic RFK. We have also
benchmarked our approach against the proposed method in [12].
To do so, we have obtained 100 most important features using the
RF for the subset with ALL features. These features are imported
into an SVM-RBF. The obtained ŌA and SD for this approach
are 89.02% and 1.83%. These results are slightly lower than best
results of our work, which is obtained for SVM-RFKNd∗ with
ŌA and SD of 89.48% and 1.32%.
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TABLE VII
F-SCORE AVERAGE (F ) AND THE CORRESPONDING STANDARD DEVIATION (SD) FOR THE DIFFERENT CLASSIFIERS

Fig. 6. Performance of multiscale SVM-RFKNd in terms of OA (i.e., averaged OA over ten subsets) against varying the number of the depths used to generate
this kernel. Nd shows the number of depths.

For the higher number of features, obtaining a multiscale
RFK by averaging RFKNd over multiple depths also led to an
improvement of around 1% in OA compared to the classic RFK.
Obtaining a multiscale RFK based on the class probabilities
gives competitive results only in case of the experiment with

B features. The reason is the higher dependence of obtained
similarity values among samples of this kernel on the class
labels. For high-dimensional and possibly noisy datasets, the
probability that a sample is correctly classified decreases and
this affects directly the similarity values in the kernel. This
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explains the relatively poor performance of this kernel in our
experiments.

The analysis of the classifications results for each class is
carried out by mean of the average of F-scores (F ) obtained
over ten subsets. Table VII shows the results of F for the
top performing classifiers. Table VII depicts that the highest
class separabilities also are achieved for RFKNd∗ and RFKNd.
Moreover, the RF-based kernels frequently obtain higher scores
than the RBF.

The computational times for each classifier and for the sub-
sets are shown in Table IV. The time required for obtaining
g-matrices is considerably higher than the one required for
the other methods. Therefore, we skipped obtaining the time
required for importing g-matrices in an SVM and we did not cal-
culate the time required to get these matrices for the experiment
with other subsets of features. As it is shown, the time required
for obtaining the SVM-RBF cannot beat SVM − RFKNd when
the number of features grows.

At the end, the performance of the RFKNd against the number
of the depths used to generate this kernel is evaluated in terms
of OA in Fig. 6. Fig. 6 shows how the RFKNd performs in
an SVM against using different number of depths from 2 to
10 depths. Fig. 6 shows that optimizing the number of depths
marginally improves the OA compared to the use of ten depths
for the experiments with B, BV I , and ALL features. Thus,
considering the tradeoff between the gained OA and the added
computational load, the use of a default number of depths that
generally stabilizes the OA for RFKNd is preferred.

VI. CONCLUSION

In this article, we investigate the connection between RF and
kernel methods by exploring different RF characteristics. To
overcome the downsides of classic RFK, we designed novel
RFKs by using the distance among terminal nodes, obtaining
classic RFK and RF-based class probabilities at multiple depths.
We evaluated these novel kernels by comparing their perfor-
mances in an SVM against classic RBF and classic RFK for
a crop classification problem over small-scale farms. We also
compared the performances of the RFKs in an SVM against
that provided by a standard RF classifier. A time series of WV2
images was used to illustrate the study. In general, using the
proposed kernels in an SVM outperformed the standard RF. In
all experiments, the RFKs obtained based on the number of
branches performed at about the same level of the classic RFK,
while the computational cost for classic RFK is considerably
lower. For low-dimensional experiments, the RBF kernel and
the classic RFK at an optimized depth slightly outperform other
kernels, while all kernels perform at about the same level con-
sidering the OAs and their SDs. It is worth mentioning that all
RF-based kernels obtained for high-dimensional and possibly
noisy features considerably improve the classification results
obtained by the standard SVM-RBF classifier and this improve-
ment is 4 to 11% in terms of the OA. Overall, SVM-RFKNd∗

that corresponds to a classic RFK at an optimized depth, leads
to the best results. In particular and compared to the classic

RFK, it results in an improvement of 4 to 5.46 % in terms of the
OA for higher dimensional experiments. Although the proposed
kernels show high overall accuracies in a complex classification
problem, future work is required to evaluate their performance
with other datasets, land cover types, and kernel-based methods.
Future work is also required to improve the rough binary estima-
tion of similarity values through a better notion of probability.
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