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I. INTRODUCTION

A CCORDING to the Committee on Earth Observation
Satellites, about 300 satellites for Earth observation were

launched in the last 50 years and more than 200 are planned
over the next 15 years [1]. In this scenario, the interest
for multisource integration rapidly increased in the scien-
tific community, especially for mixing together data gathered
with imaging sensors in the optical and microwave domains
[2]–[6]. With respect to land-cover/land-use (LC/LU) mapping,

Manuscript received September 02, 2014; revised April 09, 2015; accepted 
April 13, 2015. Date of publication May 14, 2015; date of current version 
July 20, 2015. This work was supported by the Italian Space Agency under 
Grant I/042/09/0 “Evaluation of COSMO-SkyMed system and performances 
and simulation of future ORFEO system with existing optical data.” COSMO-
SkyMed data were provided by the Italian Space Agency.

M. Gianinetto, A. Marchesi, P. Maianti, F. Frassy, and F. Rota Nodari are 
with the Laboratory of Remote Sensing (L@RS), Department of Architecture, 
Built Environment, and Construction Engineering (ABC), Politecnico 
di Milano, Milano 20133, Italy (e-mail: marco.gianinetto@polimi.it; 
andrea.marchesi@polimi.it; pieralberto.maianti@polimi.it; federico.frassy@ 
polimi.it; francesco.rotanodari@polimi.it).

M. Rusmini was with the Laboratory of Remote Sensing (L@RS),
Department of Architecture, Built Environment, and Construction Engineering 
(ABC), Politecnico di Milano, Milano 20133, Italy. He is now with the ERM 
Italia S.p.A., Milano 20124, Italy (e-mail: marco.rusmini@erm.com).

G. Dalla Via was with the Laboratory of Remote Sensing (L@RS),
Department of Architecture, Built Environment, and Construction Engineering 
(ABC), Politecnico di Milano, Milano 20133, Italy. He is now with the Istituto 
Nazionale di Geofisica e Vulcanologia–Sezione di Milano, Milano 20133, Italy 
(e-mail: giorgio.dallavia@ingv.it).

L. Dini is with the Space Geodesy Center of the Italian Space Agency (ASI), 
Matera 75100, Italy (e-mail: luigi.dini@asi.it).

Color versions of one or more of the figures in this paper are available 
online.

the information provided by multispectral (MS) images are
useful for identifying LC/LU classes according to their spec-
tral signature and geometry, whereas synthetic aperture radar
(SAR) data give information about surface roughness, soil
moisture, object shape, and orientation. Besides, SAR sen-
sors are able to collect information all-weather, day, and night,
thus increasing the temporal resolution of optical sensors those
observation capabilities are limited by weather conditions and
cloud cover.

After entering the era of commercial very high-resolution
(VHR) imaging from space at the beginning of the 21st century
with the first MS satellites (Ikonos and QuickBird), the advent
of VHR X-band SAR space sensors [COSMO-SkyMed (CSK®)
and TerraSAR-X] widened the interest of multisource data inte-
gration for LC/LU map to the VHR domain [7]–[13]. On the
one hand, VHR imagery gives the possibility to describe LC/LU
classes with more detail than low- and medium-resolution data:
spatial extent, shape, structure, and texture of landscape fea-
tures appear clearer because the mixture of different classes in a
single pixel is directly proportional to the pixel size [14]. On the
other hand, moving from medium to high resolution, the inter-
nal variability of LC/LU classes increases, leading to an overall
decrease of accuracy in pixel-based (PB) classification because
geometric and semantic information are absent in single images
pixels [15]–[17].

Object-based image analysis (OBIA) aims at grouping adja-
cent image pixels into self-existent objects (or segments)
with spectral and geometric similarities, so that textural and
contextual/relational characteristics among objects can be
exploited as well in thematic classification [18], [19]. Better
results of OBIA approaches in LC/LU mapping compared to
PB analyses have been widely demonstrated, especially with
VHR optical data [16], [20]. Furthermore, OBIA allows the
assimilation of optical images with other kind of data, such
as LiDAR [21], [22], asserting itself as a powerful tool for
multisource data integration. The authors describing OBIA
approaches usually distinguish between urban and agricul-
tural/natural LU/LC classification, because features are remark-
ably different with respect to their size, geometry, and patterns
[20], [23]–[25]. When dealing with single-band images, like
panchromatic or single polarization SAR, textural measure-
ments and local spatial statistics may be used to increase the
classification accuracy. For example, [26] improved riparian
ecosystem classification by using textural information derived
from VHR optical images and [27] improved OBIA classifica-
tion in urban areas by adding gray-level cooccurrence measures
(GLCM) and Moran’s I spatial statistics to VHR MS data.



Fig. 1. Study area and data. 1) GE1 MS image (true colors). 2) CSK®

amplitudes (data provided by the Italian Space Agency).

Other studies exploited first-order and second-order textural
measurements to improve urban LC/LU classification with
either MS or SAR VHR images [28], [29].

Past studies suggested that the incorporation of synthetic
aperture data could improve the LC/LU mapping based on
optical images. However, most of the literature considered
medium-resolution data, typically Landsat-TM or SPOT for
optical and RADARSAT or ERS for radar. At present, only
few studies reported case histories of thematic classification
involving both MS and SAR images collected with metric or
submetric spatial detail [7], [8], [10], [11], [13], [30], [31].
Furthermore, most of them debated the mapping in urban areas
or in natural areas and only few managed both LC/LU in the
same classification workflow.

The main objective of this study is to fill this gap, by
assessing the classification’s improvement of VHR MS satel-
lite images of a complex environment made up of both urban
and rural areas by incorporating in the classification workflow
single-polarization X-band SAR data, like CSK® [32], with-
out the need of developing ad hoc algorithms. The expected
benefit of including the SAR information is to achieve a better
knowledge of the LC/LU fragmentation.

II. METHODS

A. Study Area and Data

The study area is located near the Marco Polo Airport, on
the shore of the Venetian Lagoon, west of Veneto region in the
North–West Italy (Fig. 1). Originally dominated by agriculture,
in the last decade, the test site has been partially urbanized and
nowadays it shows an intricate mixture of settlements, cultiva-
tions, channels, roads, and marshes. Therefore, the site provides
a suitable research area for examining LC/LU mapping in a
complex environment.

Fig. 2. Outline of the processing and analysis workflow. 1) PB data fusion and
classification. 2) Data integration with OBIA.

VHR optical images were acquired over the Venetian Lagoon
on February 12, 2010 with GeoEye-1 (GE1). GE1 images were
taken with a nominal collection elevation of 73.2◦, resulting in a
nominal spatial resolution of 0.43 m for the panchromatic chan-
nel and 1.74 m for the four-band MS. The data were supplied as
geo product without dynamic range adjustment and resampled
with nearest neighbor to standard 0.5 m for panchromatic and
2.0 m for MS.

The radar data were an X-band CSK® image acquired over
the Venetian Lagoon on March 27, 2010 and part of a stack
made up of 61 CSK images collected by the Italian Space
Agency in the framework of its announcement of opportunity
on the demonstration of the COSMO-SkyMed capabilities and
exploitation for science and civilian applications. The data used
in this study were an ascending, single-polarization, HH-mode,
Stripmap scene, with a nominal spatial resolution of 3.0 m.

B. Classification Schemes

The benefit of the data integration of the X-band SAR infor-
mation for LC/LU mapping was evaluated in two stages. Fig. 2
outlines the processing and analysis workflow.

First, a standard PB classification was performed with GE1
MS data and the maximum likelihood algorithm. The follow-
ing classes were defined: 1) Arable land; 2) tile roofs; 3) gray
roofs; 4) paved surfaces; 5) bare soil; 6) beet; 7) wheat/barley;
8) forest; 9) grassland; 10) marshes; 11) roads; and 12) water.
Training samples were collected with an equalized random
sampling scheme [33]: for each land-cover class, about 1000
random samples were extracted. During postclassification, “tile
roofs,” “gray roofs,” and “paved surfaces” were merged into
the superclass “built-up.” The same classification scheme afore-
mentioned (same algorithm, same classes, same training sam-
ples) was applied to GE1 and CSK® fused data.

The second stage was object-based (OB) classifications of
the study area, first executed with only GE1 imagery and then
with both GE1 and CSK data, where GE1 spectral signatures
were coupled with CSK amplitude values and texture features
calculated with GLCMs. In this case, training samples (here



objects) were generated from those used in the PB classification
[34]. For example, the training objects for the class “vegetated”
were a subset of the training samples from the classes “for-
est,” “grassland,” “marshes,” and “wheat/barley” used in the PB
classification.

Finally, validation was performed based on equalized ran-
dom sampling: for each LC/LU class, 200 testing samples were
generated and tested.

The standard preprocessing of CSK data was performed by
Tele-Rilevamento Europa, the data processing of GE1 and the
PB thematic classifications was done using Exelis’ IDL/ENVI,
DWT was performed with IDL [35], and Trimble’s e-Cognition
was used for the OBIA.

C. Data Preprocessing

Focusing, despeckling, equalization, and projected to the
UTM-WGS84 reference system were applied to CSK® raw data
as standard data preprocessing [36], [37]. Since standard pro-
cedures are not enough for making SAR data suitable for the
integration with optical imagery with already available meth-
ods and software, the speckle-free CSK® amplitude distribution
was compressed and clipped for making it comparable to GE1
data distribution, thus avoiding computational issues during
data fusion and image classification. According to (1), the long
right tale of the CSK data was compressed

Alog = log10 [A0 + (1−minA0
)] (1)

where A0 is the original CSK® amplitude signal and Alog is the
log-transformed CSK® amplitude signal.

To further reconcile the optical and SAR data distributions,
a cutoff threshold was applied to Alog. The clipping was deter-
mined by analyzing the membership of the CSK data to LC/LU
classes (Fig. 3): features with extremely large SAR amplitudes
mainly belonged to the “built-up” superclass, followed by the
classes “Arable land” and “forest.” On the other hand, features
with extremely small SAR amplitudes mainly belonged to the
class “water,” followed by shadowed “built-up” areas. By ana-
lyzing the rate of change, the left tale of the density function
was clipped at 0.6% and the right tale was clipped at 99.0%
(Fig. 4). Data values clipped were replaced with the correspond-
ing cutoff level. According to this criterion, features included
in the clipped tails mainly belonged to “water” (94.0%) or
“built-up” (68.5%). Consequently, the misclassification intro-
duced with the left-side cutoff was 0.04% (6% of 0.6%) and
0.32% for the right-side cutoff (31.5% of 1%). It is negligible if
compared to the classification results. Fig. 5 shows CSK® data
distribution before and after data preprocessing.

Finally, CSK® data were rescaled to match the dynamic
range of GE1 MS images (11 bpp) and the coregistration of the
whole data set was fine-tuned using ground control points man-
ually collimated on existing 1:5000 scale topographic maps.
GE1 data were preprocessed by applying standard radiometric
calibration. Fig. 6 shows an overview of the whole preprocess-
ing.

Fig. 3. Membership of the CSK® data to LC/LU classes. Left: left tale of the
density function. Right: right tale of the density function.

Fig. 4. Rate of change of the membership of the CSK® data to LC/LU classes.
Left: left tale of the density function clipped at 0.6%. Right: right tale of the
density function clipped at 99.0%.

Fig. 5. Histograms of CSK® amplitude values. Top: original data. Bottom: data
after log-transformation and clipping.

D. PB Approach

Image fusion aims at integrating data collected with different
sensors to obtain more information than what can be gathered
from the single sensors. For optical and radar data fusion, the
final scope is to summarize in the image pixel the information



Fig. 6. Preprocessing workflow.

TABLE I
CORRELATION VALUES BETWEEN GE1 AND CSK® FUSED DATA, GE1

SPECTRAL BANDS (MS1–MS4), AND CSK® AMPLITUDE DATA

Best results in bold.
aN/A, not applicable.

from both the target reflectance in the solar spectrum, related to
its physical and biochemical properties, and the backscattering
of the SAR signal, related to its texture properties and moisture
content.

In this study, three well-established techniques were consid-
ered for image fusion: hue-intensity-saturation (HIS) fusion,
principal component analysis (PCA), and discrete wavelet
transform (DWA) [38]. For each technique, the correlation coef-
ficients between the fused data and the original images were
calculated [39]. HIS had a good overall correlation with the
CSK® data, but showed poor results with the GE1 due to the
high color distortion of the technique. Furthermore, this method
is able to fuse only three bands at the same time. PCA and DWT
returned better results: PCA was more correlated with CSK®

than DWT, which was more faithful to the GE1 data. Based
on the results shown in Table I, the DWT method was finally
selected and used for thematic classification.

As introduced, both the GE1 image and the fused GE1 +
CSK® synthetic data were classified with standard maximum
likelihood algorithm.

E. OBIA Joint Classification

OBIA has the peculiarity of working with multiresolution
hierarchical levels; therefore, the integration of multisource
data can occur during the OBIA itself.

Fig. 7. Workflow of OBIA classification.

TABLE II
SEGMENTATION PARAMETERS USED IN OBIA FOR GE1 AND CSK® DATA

Image segmentation and classification with the nearest
neighbor algorithm was performed using four hierarchical lev-
els, according to the flow diagram outlined in Fig. 7 and the
input data illustrated in Tables II and III. First, the top-level
classes “unvegetated,” “vegetated,” and “water” were gener-
ated using the classification level CL1. Next, the top-level class
“unvegetated” was subdivided using the classification level CL2
into “bare soil,” “paved surfaces,” “buildings,” and “roads”
and the top-level class “vegetated” was subdivided using the
classification level CL3 into “forest,” “grassland,” “marshes,”
“beet,” and “wheat/barley.” Finally, all the LC/LU classes were
included in the final classification level CL4.



TABLE III
PARAMETERS USED IN OB JOINT CLASSIFICATION OF GE1 AND CSK® DATA

The OB classification of GE1 + CSK® data followed the
same workflow described for GE1 but with the inclusion of
CSK® amplitude values and the following GLCM textural
features

Homogeneity =
∑N−1

i=1

∑N−1

j=1
[p(i, j)] /

[
1 + (i− j)

2
]

(2)

Contrast =
∑N−1

i=1

∑N−1

j=1
p(i, j)(i− j)

2 (3)

Dissimilarity =
∑N−1

i=1

∑N−1

j=1
p(i, j) |i− j| (4)

Entropy =
∑N−1

i=1

∑N−1

j=1
p(i, j) log (p(i, j)) (5)

Second Moment =
∑N−1

i=1

∑N−1

j=1
p(i, j)

2 (6)

Correlation =
∑N−1

i=1

∑N−1

j=1
[(i, j)p(i, j)− μiμj ] / [σiσj ]

(7)

where μ and σ are mean and standard deviation, i and j are
values and coordinates of the cooccurrence matrix, p(i, j) are
the normalized frequencies of two neighboring cells with (i, j)
values, and N is the size of the cooccurrence matrix.

GLCMs were calculated for CSK® with kernel sizes from
3× 3 to 51× 51. The most meaningful parameters were deter-
mined by analyzing their class separability based on the training
samples.

III. RESULTS AND DISCUSSION

A. Classification Results

Figs. 8 and 9 show the LC/LU classification maps. Tables IV
and V show the overall accuracy (OA), Cohen’s k coeffi-
cient, user accuracy (UA), and producer accuracy (PA) for
all the methods/input data used. The corresponding confusion
matrices are summarized in Tables VI–IX.

At pixel level, SAR has much greater variance within each
class compared to optical data. Even if preprocessed, CSK®

image still showed the classical “salt and pepper” effect, espe-
cially in built-up areas where this phenomenon is prominent
due to the close alternation of very bright (reflectors) and very
dark (SAR shadows) spots. Consequently, when SAR ampli-
tudes are “injected” into the MS images, new information is
available for the thematic classification, but the intraclass vari-
ability increases to the detriment of the classification accuracy.
As a matter of fact, the inclusion of the SAR information did not
significantly improve the PB classification: both the OA and the
k coefficient only slightly increased to about 1.5%.

More in detail, in a few classes (i.e., “built-up,” “Arable
land,” and “wheat”), the PA decreased when including CSK®

data, whereas in other cases (i.e., “wheat,” “grassland,” and
“marshes”), there was a decrease in UA. For the LC/LU



Fig. 8. Results from PB classification. Left: classification map of GE1 data. Center: classification map of GE1 and CSK® fused data (data provided by the Italian
Space Agency). Right: GE1 false color composition.

Fig. 9. Results from OB classification. Left: classification map of GE1 data. Center: classification map of GE1 and CSK® data (data provided by the Italian Space
Agency). Right: GE1 false color composition.

classes “forest,” “bare soil,” and “roads,” the data fusion led
to improvement of the UA and PA.

At object level, once reduced the speckle noise and after
log-transformation, clipping, and rescaling, standard image
segmentation techniques could be efficiently applied to radar
data. In this case, the inclusion of the SAR information and
its textural features calculated with GLCMs provided a signif-
icant improvement in thematic classification: +21.6% for OA

and +25.7% for k coefficient with respect to OBIA of optical
data and +29.8% for OA and +35.4% for k coefficient with
respect to PB optical classification. The UA and PA increased
in near all the LC/LU classes, with the significant exclusion of
the classes “grassland” that showed a lower UA and “beet” that
showed a lower PA.

To further explore the contribution of the radar data to LC/LU
mapping, OBIA was also performed with only CSK® data. In



TABLE IV
OA AND COHEN’S K FOR THE PB AND OB CLASSIFICATIONS OF GE1

AND GE1 + CSK® AND DATA

Best results in bold.

TABLE V
UA AND PA FOR THE PB AND OB CLASSIFICATIONS OF GE1 AND GE1 +

CSK® AND DATA

Best results in bold.

this case, a single segmentation level was created using the fol-
lowing input layers selected with a trial-and-error approach:
mean CSK®, mean contrast 7× 7, mean dissimilarity 9× 9,
standard deviation CSK® 11× 11. Again, the classification
was done using the nearest neighbor algorithm but only into
six classes (i.e., “Arable land,” “built-up,” “water,” “marshes,”
“bare soil,” and “vegetated”). The map is shown in Fig. 10.
The computed OA was 57.2% and the k coefficient was 0.49,
mainly due to the inability to differentiate “marshes” from
the other vegetation. Moreover, the misclassification between
“bare soil” and “vegetation” was relevant. On the other hand,
CSK® data well discriminated built-up areas and water, as
expected (Table X). When comparing these results to homol-
ogous obtained with GE1 data (Table XI), it is clear that
the major contribution of SAR was in increasing the PA of
the classes “built-up,” and “water” and the UA of the classes
“Arable land,” “built up,” and “water.” Nevertheless, also all the
other LC/LU classes benefited from the inclusion of the SAR
information. A special reference needs to be made for the class
“bare soil.” Both GE and CSK® individually produced very
poor results, but the joint classification led to acceptable val-
ues of UA, again confirming that the joint processing of MS
and SAR data can extract more information than what can be
gathered from the single sensors.

B. Comparison to Past Studies and New Outcomes

Past studies suggested that the incorporation of SAR data
could improve MS LC/LU mapping. However, as recalled in

the introduction, most of the literature considered medium-
resolution data, typically Landsat-TM or SPOT for optical
and RADARSAT or ERS for radar, whereas only fewer stud-
ies focused on the use of high-resolution data that set new
issues about the increase of the internal variability of LC/LU
classes. Moreover, most of the past studies about OBIA sug-
gested different LU/LC classification approaches for urban and
agricultural/natural environments.

With respect to high-resolution SAR and MS data integra-
tion, [40] described a study of thematic classification involving
optical and radar imagery collected from aircraft on the eastern
coast in far north Queensland (Australia). Using CASI images
(fourteen 2.5-m spatial resolution narrow spectral bands) and
AIRSAR multiband (L-band, P-band, and C-band) multipolari-
metric acquisitions (10-m spatial resolution), they found that
the combined use of the optical/SAR data set led to an increase
of the OA up to 12.4% (from 0.710 to 0.798) for the classifica-
tion of tropical mangrove ecosystems. Reference [7] reported
the improvement of urban land-cover classification using a
refined Bayesian classification algorithm with high-resolution
QuickBird MS image (four 2.4-m spectral bands) and high-
resolution TerraSAR-X dual-polarization acquisition (1-m spa-
tial resolution) imaged over the urban area of Ulaanbaatar
(Mongolia). The authors concluded that the joint use of opti-
cal and radar data led to an increase of 8.9% for OA (OA =
0.7537) using standard Bayesian maximum likelihood, com-
pared to the classification results of the optical data only (OA =
0.6924). Reference [10] combined high-resolution QuickBird
MS data (four 2.4-m spectral bands) and high-resolution single
polarization TerraSAR-X Stripmode acquisitions (3.0-m spatial
resolution) collected over the urban area of Nanjing (China).
Fusing optical and SAR imagery with OBIA, they improved the
land-cover classification accuracy by 7.0% for OA (from 0.830
to 0.888) and by 10.4% for k coefficient (from 0.77 to 0.85),
with respect to optical-based image classification. Reference
[30] analyzed the performance attained by combining opti-
cal and SAR single-images into a joint classification. Using
the ESA AgriSAR 2009 data set, made up of high-resolution
Radarsat-2 fine quad-polarimetric acquisitions (spatial resolu-
tion of 5.4 m in slant range and 8.0 m in azimuth direction)
and a high-resolution RapidEye MS image (five 6.5-m spectral
bands), they highlighted a thematic enhancement in the range of
6%–8%. The authors concluded that, for crop classification, the
information complementarity with respect to the optical spec-
tral bands was effectively provided by SAR data, with almost
every polarimetric mode (single-pol, dual-pol, and quad-pol).
However, the authors pointed out that most of the benefits from
multisensor integration concerned only some of the land-cover
classes considered. Reference [13] studied the multisensor clas-
sification of high-resolution pan-sharpened GE1 image (three
0.5-m spectral bands) and high-resolution single polarization
CSK® StripMap acquisition (2.5-m spatial resolution) collected
over the port area of Port-au-Prince (Haiti). They described
an increase in the classification OA of 4.0% (from 0.7895
to 0.8212) when combining the optical and SAR data. More
in details, the authors observed improvements related to the
joint use of the CSK® and GE1 images particularly in the
urban areas. Finally, [31] tested multisource classification of



TABLE VI
CONFUSION MATRIX FOR PB CLASSIFICATION OF GE1 DATA

TABLE VII
CONFUSION MATRIX FOR PB CLASSIFICATION OF GE1 + CSK® DATA

TABLE VIII
CONFUSION MATRIX FOR OB CLASSIFICATION OF GE1 DATA

random forest in the Llanrhidian salt marsh in Wales (U.K.).
For their research, the authors used VHR quad-polarimetric
S-band and X-band SAR data (0.75-m spatial resolution in both
slant and azimuth direction) imaged with the Astrium Airborne
Demonstrator and VHR MS aerial photography (0.25-m spa-
tial resolution for the visible and 0.5-m spatial resolution for
the infrared), together with a high-resolution Digital Surface
Model derived from a LiDAR survey (2.0-m spatial resolu-
tion). The accuracy evaluation of the extent mapping showed

an increase in the OA of 3.7% (from 0.8830 to 0.9155) and
of the k coefficient of 7.8% (from 0.77 to 0.83) passing from
the classification of the optical-based aerial images to all the
available data set.

All the above-mentioned studies considered different envi-
ronments, different land-cover types, and used different source
data. Nevertheless, all of them described an improvement in
LC/LU classification of about 6%–10% when jointly using opti-
cal and radar data. The only exception is reported in [7]. The



TABLE IX
CONFUSION MATRIX FOR OB CLASSIFICATION OF GE1 + CSK® DATA

Fig. 10. OB classification of CSK® data (data provided by the Italian Space
Agency) into a six-class thematic map.

authors claimed a surprising +31.4% for OA (OA = 0.9096)
but achieved in the simple classification of an urbanized area
(into the following classes: “built-up area,” “ger area,” “open
area,” “road,” “central squire,” and “ice”) and, especially, using
a priori local knowledge of the study area in the classification
workflow, thus, with detriment toward the generalization of the
method, making it unlikely suitable for LC/LU mapping of
other urban areas.

Our study confirmed that the integration of optical and
radar data improves the LC/LU classification, but, with com-
parison to previous papers, a substantial increase in thematic

accuracy was reached (about 20%–25%). Moreover, this study
highlighted that OBIA methods are more suitable for data inte-
gration rather than PB image fusion techniques, and that also
complex environments with a mixture of urban, agricultural,
and natural areas can be managed into a unique classification
process. With respect to the segmentation of data, some new
researches concluded that it is often not appropriate to apply tra-
ditional segmentation methods to high-resolution SAR data as
they are and propose new segmentation strategies [41]–[43]. On
the contrary, our research pointed out that, with appropriate pre-
processing, traditional OBIA could also be applied to X-band
SAR data without the need of developing ad hoc algorithms.

C. Issues and Possible Improvements

The workflow described in Fig. 6 contains some arbitrary
choices related to data preprocessing, selection of the classi-
fier, and input features. Regarding the preprocessing, our study
highlighted that standard radar preprocessing (i.e., focusing,
despeckling, equalization, and projected) is not enough when
merging together optical images and SAR amplitudes, and the
latter needs further processing (i.e., data compression, clip-
ping, and dynamic range rescaling) for making it suitable for
the integration with MS images. Besides, the use of despeckle
filters and the different viewing angles of the radar sensors
with respect to the optical could compromise the high spatial
detail of the SAR data. Thus, it is suggested to test the filtered
radar data over homogeneous areas to confirm that they can be
properly used at the original spatial resolution. If despeckling
methods may have a significant influence on PB algorithms, and
this should partially explain why CSK® data did not enhance
to the maximum likelihood classification of GE1, they have
a smaller relevance when using the OBIA approach. This is
because OBIA is applied to image objects and not at the pixel
level. In particular, the use of different despeckling algorithms
has a limited impact on the computation of GLCMs, thus on
image classification. On the other hand, it may be nonnegligible
for image segmentation.

Regarding the classification algorithm used for PB LC/LU
mapping, we adopted one of the (still) most used methods
for MS images: maximum likelihood. Several recent compara-
tive studies affirm that the maximum likelihood classifier often
yields to higher accuracy and lower errors in per-pixel image



TABLE X
UA AND PA FOR CSK® SIX-CLASSES LC/LU MAP

TABLE XI
UA AND PA FOR GE1 SIX-CLASSES LC/LU MAP

classification of MS images [44]–[48]. Even if the outcomes
of past studies may be questionable and different classification
algorithms may lead to higher accuracy in specific contexts,
in our research, we adopted the same classification scheme
(i.e., algorithm, training samples, and testing samples) for both
the PB LC/LU mapping. Consequently, results are consistent
and the very small differences found in MS versus MS +
radar PB thematic mapping are to be ascribed to the additional
information included in the radar data.

Regarding the OBIA approach, the input features were
selected by including in the data processing only the most
meaningful GLCM textural features determined with a sensi-
tivity analysis [17]. Even if the results discussed above showed
that a substantial increase in thematic accuracy can be achieved
using standard OBIA applied to high-resolution optical and
radar data, we should remember that these outcomes were
obtained for a single test site. Moreover, this study used only
data from single-channel SAR, whereas the inclusion of a mul-
tipolarized SAR could bring some polarimetry parameters (e.g.,
entropy, mean backscattering angle) in the data fusion, thus
leading to a higher level of both OA and k coefficient.

Another limit of the study is that the classification maps
are referred to the acquisition time of both optical and SAR
data only and are not extended to the multitemporal domain, as
would be required for a proper knowledge of the temporal evo-
lution of the landscape. Nevertheless, results pointed out that
the joint use of VHR optical and SAR images can be quite use-
ful to have a best knowledge of the land fragmentation of the
territory, thus increasing the quality of the LC/LU maps gener-
ated with VHR optical images. Obviously, the radar technology
can collect images all-weather and is not limited by cloudiness,
especially during winter; thus, it is possible to think about the
use of SAR data only instead of optical data for understand-
ing rapid landscape changes. However, this topic is outside the
scopes of our research.

IV. CONCLUSION

This study demonstrated how optical (GE1) and radar
(CSK®) data imaged with high spatial resolution can be used
together for mapping a complex environment with mixture of
settlements, cultivations, channels, roads, and marshes using
standard OBIA.

Past studies mainly focused on the integration of medium-
resolution data and only few papers about high-resolution and
VHR data assimilation are available today. The high spatial
detail of metric and submetric sensors introduces issues related
to the increase of the internal variability of LC/LU classes that
may lead to an overall decrease in the mapping accuracy with
traditional PB classification.

The major findings of this research are related to the clas-
sification techniques and the map accuracy. Regarding the
methods, the research demonstrated that an appropriate pre-
processing of the SAR data is required for being able to use
standard algorithms and techniques traditionally used with opti-
cal images, with the great advantage of never requiring the
development of ad hoc data processing. Regarding the con-
tribution of the SAR signal to optical-based LC/LU thematic
classification, validation clearly showed that the inclusion of
the SAR information provided a significant improvement in
thematic classification in the range of 20%–30% for OA and
25%–35% for k coefficient. It is much more than what was
reported in the previous studies. Besides, no distinction was
made in managing urban areas and natural areas in the same
classification workflow.

In conclusion, this study proved that the integration of
VHR MS and X-band SAR data with standard OBIA can
considerably improve the LC/LU classification. Thus, metric
X-band SAR data could be efficaciously used for providing
additional structural information to complement VHR opti-
cal images collected by today’s satellite systems. Additional
research will be required for evaluating the effects of differ-
ent despeckling techniques on SAR segmentation/classification
and layover/shadowing effects in complex topographic sites.
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