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Abstract: When using microwave remote sensing for land use/land cover (LULC) classifications,
there are a wide variety of imaging parameters to choose from, such as wavelength, imaging mode,
incidence angle, spatial resolution, and coverage. There is still a need for further study of the
combination, comparison, and quantification of the potential of multiple diverse radar images for
LULC classifications. Our study site, the Qixing farm in Heilongjiang province, China, is especially
suitable to demonstrate this. As in most rice growing regions, there is a high cloud cover during the
growing season, making LULC from optical images unreliable. From the study year 2009, we obtained
nine TerraSAR-X, two Radarsat-2, one Envisat-ASAR, and an optical FORMOSAT-2 image, which is
mainly used for comparison, but also for a combination. To evaluate the potential of the input images
and derive LULC with the highest possible precision, two classifiers were used: the well-established
Maximum Likelihood classifier, which was optimized to find those input bands, yielding the highest
precision, and the random forest classifier. The resulting highly accurate LULC-maps for the whole
farm with a spatial resolution as high as 8 m demonstrate the beneficial use of a combination of
x- and c-band microwave data, the potential of multitemporal very high resolution multi-polarization
TerraSAR-X data, and the profitable integration and comparison of microwave and optical remote
sensing images for LULC classifications.

Keywords: land use classification; polarimetric SAR; TerraSAR-x; Radarsat-2; Envisat; FORMOSAT-2;
radar; multi-sensor; rice; crop classification

1. Introduction

Satellite remote sensing is used as a powerful tool to monitor the Earth’s surface, particularly in
producing land use and land cover (LULC) classifications [1,2]. In general, creating LULC classifications
builds upon two imaging methods: optical and microwave remote sensing. Both sensing approaches
imply distinct advantages and disadvantages. While optical sensors rely on reflectance and cloud free
conditions, microwave sensors only capture the backscatter in a given wavelength [3]. Examples of
optical LULC analysis on a global scale are given by Chen et al. [4], for example, and for a regional
scale by Lo and Fung [5], and Immitzer et al. [6]. Microwave imaging using synthetic aperture radar
(SAR) images for LULC emerged in the 1980s, and examples are described by Bryan [7] and Dobson
et al. [8]. The combined analysis of optical and microwave imagery to use the advantages of both
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systems for LULC classifications was investigated by Solberg et al. [9], McNairn et al. [10], Forkuor et
al. [11], and Blaes et al. [12].

A common information gap in LULC classifications and products are detailed crop classes within
the arable land use class [13]. For numerous agricultural applications, the spatial information of arable
land is not sufficient. This is true for agro ecosystem modeling [14], yield estimation [15], subsidy
control [16], and retrieval of biophysical plant parameters on regional scales [17]. However, using
satellite remote sensing to differentiate crops is a demanding task, as different crop types have similar
reflection properties in remote sensing images for some periods of the year [18]. Those crops can
only be separated from each other by a multitemporal analysis, which considers the phenology of
the investigated crops [3]. Multitemporal and multispectral optical and infrared remote sensing has
proved to be an effective approach to discriminate different crops [19]. However, as mentioned above,
the availability of optical satellite-borne imagery is sometimes limited due to cloud cover in the region
of interest. Therefore, for many agricultural regions it is a coincidence whether optical images from the
right time are available or not, which makes crop classifications based on optical imagery unreliable.

The key advantage of satellite-borne SAR imaging is the independence from cloud cover, and as it
is an active sensing system, also from sun-induced reflection. Consequently, SAR imagery has become
an important tool to distinguish agricultural crops [12,20–23]. Sophisticated SAR systems provide a
temporal resolution that lies within a few days, with a spatial resolution as high as 20 cm [24]. Such
systems are already in application to deliver annual crop inventories on regional levels [10]. Recently,
polarimetric SAR images have been analysed using decomposition theorems such as the alpha/entropy
decomposition [25], which increases the accuracy of LULC analysis from microwave data. Especially
in rice-growing regions (which usually have a very high cloud cover during the growing season),
polarimetric SAR has been intensively used as a monitoring tool [26–31].

However, there is a wide choice of different remote sensing satellites, radar, and optical. While
optical satellites usually operate in one imaging mode, radar satellites can be programmed to work in
different configurations. The user has to choose the polarization configuration, the incidence angle,
and the spatial resolution as a result of the chosen imaging mode [32]. Interestingly, only a few studies
such as McNairn et al. [23] deal with multisensor data (i.e., the combination and comparison of
SAR images from more than one satellite). Furthermore, to the knowledge of the authors, no other
studies investigate the comparison of different imaging modes from the same sensor in the context of
crop classification. In addition, the image information gained from optical and microwave sensing
methods contains different LULC properties. Consequently, combined approaches of using optical
and microwave images can improve the LULC analysis [9–12].

For a LULC analysis, an extensive set of ground truth is typically mapped and separated into
two datasets. One dataset is used to train the classifier for the automated classification of the entire
image. The second dataset is used to evaluate the classification’s accuracy. Results of the evaluation are
summarized in a confusion matrix [1]. Based on the confusion matrix, statistical accuracy parameters
are calculated. One is the overall accuracy [33], which counts pixels that are correctly classified in the
reference divided by all pixels that are taken for reference. This procedure applies for both optical and
microwave image classification.

Considering the need for multitemporal and multisensor radar image classification in a
combined approach with optical image analysis for crop classification, this study is framed by
three objectives. (i) To investigate how to derive LULC classifications from multitemporal, multisensor,
and multi-polarisation SAR satellite images with the best possible accuracy; (ii) to evaluate the potential
of those images and the combinations to obtain a crop type map with a spatial resolution as high as
8 m; (iii) to identify the best combination of available input images that yields the best classification
accuracy for each respective part of the study area.
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2. Study Area and Data

The study area is the Qixing farm, situated in northeast China, in the Sanjiang Plain (Figure 1).
The climate is continental and influenced by monsoonal effects. As a result, the area is characterized
by a cold and dry winter and a relatively warm summer with sufficient precipitation for high-yield
agriculture [35]. The growing season is short and lasts for about five months. Thus, only one yield per
year is possible. Main crops include: paddy-rice, summer-wheat, soya-beans, pumpkins, and maize.
Additionally, the terrain of the whole farm is virtually flat.

Figure 1. Location of study site, modified after [34].

During the 2009 growing season, between June and October, we collected ground data of field
crop distribution. A total of 22 agricultural fields, 3 areas of rural villages, and one lake, covering an
area of about 5 km2 were investigated several times. Based on the observations, their spatial extents
were transferred to a Geographic Information System (GIS). Table 1 shows the spatial statistics of
the dataset. The collection of fields was equally divided into a training dataset and an independent
validation dataset. Different fields were either used for training or validation. Unfortunately, only one
pumpkin field, one lake, and one deciduous forest were situated in the area of interest. In those cases,
we divided single areas into two parts and used one part for training and the other for validation.
All observed fields lie in an area covered by all remote sensing images. Furthermore, the area of the
validation was roughly matched to be representative of the study area.

As described in Section 1, optical satellite images can be used exclusively under cloud-free
conditions in the area of interest. In the year of investigation, we observed unusually long periods of
rainy and cloudy weather. The consequence was that only the FORMOSAT-2 image from the beginning
of August had a low enough cloud cover over the area where the training and validation field data
were collected. Various other optical images could not be used because of too many clouds in the
images.
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Table 1. Field data collected during the 2009 growing season that is covered by all remote
sensing images.

Land Use/Land Cover Number of Extent Area Used for Area Used for
Polygons (km2) Classification (%) Validation (%)

Coniferous Forest 3 0.065 27 73
Decideous Forest 2 0.120 43 57

Maize 2 0.169 76 24
Pumpkin 1 0.173 50 50

Rice 6 1.576 26 74
Soya 8 1.858 57 43

Urban 3 0.958 30 70
Concrete 1 0.002 100 -∗

Water 1 0.004 52 48
* dissolved into the class “urban”.

Since SAR imaging is not influenced by clouds and haze in the atmosphere, all 12 microwave
images obtained during the growing season of 2009 could be used for this study. Acquisition
numbers 1–4 (Table 2) are a time series of very high resolution TerraSAR-X images in dual polarization.
A second time series consists of images 5–8 (Table 2), which were taken in stripmap mode with only
one polarization and have a lower spatial resolution. While the data density of this time-series is
generally lower, the covered area is about 20 times larger, but still does not cover the whole area of the
farm. Dataset 10–13 (Table 2) are from the Radarsat-2 and Envisat satellites. They operate in c-band,
which means increased wavelength and therefore sensitivity to other properties of the ground. While
they have a lower spatial resolution, more area is imaged at once. Indeed, the Envisat image is the
only one covering the whole area of the farm. The polarizations of the Radarsat-2 acquisitions are
horizontal-send–horizontal-receive (HH) and horizontal-send—vertical receive (HV). For the Envisat
acquisition, the polarization configuration is the same, but the directions of the polarizations are
inverted (VV and VH).

Table 2. Remote Sensing acquisitions that were used in this study.

No. Date Sensor Mode Ground Res. Polarisation Pass Extent Rice Growth
Az × Rg (m) (km) Stage

1 5 July 2009 TerraSAR-X Spotlight HS 1.76 × 1.43 HH, VV Asc. 7 × 11 Stem elong.
2 16 July 2009 TerraSAR-X Spotlight HS 1.76 × 1.43 HH, VV Asc. 7 × 11 Booting
3 27 July 2009 TerraSAR-X Spotlight HS 1.76 × 1.43 HH, VV Asc. 7 × 11 Heading
4 7 August 2009 TerraSAR-X Spotlight HS 1.76 × 1.43 HH, VV Asc. 7 × 11 Flowering
5 26 June 2009 TerraSAR-X Stripmap 1.89 × 1.57 VV Desc. 30 × 50 Tillering
6 7 July2009 TerraSAR-X Stripmap 1.89 × 1.57 VV Desc. 30 × 50 Stem elong.
7 18 July 2009 TerraSAR-X Stripmap 1.89 × 1.57 VV Desc. 30 × 50 Booting
8 29 July 2009 TerraSAR-X Stripmap 1.89 × 1.57 VV Desc. 30 × 50 Heading
9 9 August 2009 TerraSAR-X Stripmap 1.89 × 1.57 VV Desc. 30 × 50 Flowering

10 25 June 2009 Radarsat-2 Fine 4.8 × 8.93 HH, HV Asc. 54 × 53 Tillering
11 29 July 2009 Radarsat-2 Fine 4.8 × 6.96 HH, HV Desc. 54 × 53 Heading
12 26 June 2009 Envisat ASAR APS 3.88 × 11.85 VV, VH Asc. 60 × 107 Tillering
13 9 August 2009 FORMOSAT-2 multispectral 8 (4 Bands) - 28 × 34 Flowering

3. Methods

As described in Section 2, the remote sensing data differ from each other in one basic aspect: The
TerraSAR-X Spotlight data (dataset no. 1–4, Table 2) and the cloud-free part of the FORMOSAT-2 image
only cover the area where the ground data are taken. The TerraSAR-X stripmap data (datasets no.
5–9,Table 2), the Radarsat-2, and Envisat data cover a much wider area, but with a decreased spatial
resolution. Therefore, we divided our data into two subsets. One contains the data that cover a small
area at a very high resolution (dataset no. 1–4, 13). The other subset contains images no. 5–12 (Table 2),
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and is used to provide land use information for the whole Qixing farm, which covers an area of about
1070 km2.

To process the remote sensing images, the following software packages were used: The
polarimetric radar images were processed with Polsarpro. The European Space Agency (ESA) provided
the Next ESA SAR Toolbox (NEST) (new name: SNAP/ Sentinel-1 Toolbox), which was used for speckle
filtering and range doppler terrain correction. For the co-registration of the FORMOSAT-2 image, we
used ENVI 5.0. The Maximum Likelihood classification and its optimization (Section 3.4) and the
error assessment was done using ArcGIS 10.1 and the python scripting extension. The python script
can be downloaded freely using the associated enrichments. The implementation of the Random
Forest Classifier (Section 3.5) was done using the statistics software R [36] (Version 3.2.5) and the
randomForest package [37] (Version 4.6.12), with a script published by [38].

3.1. Retrieval of Polarimetric Features

The measured signal from coherent polarimetric SAR systems can be analysed by determining
the covariance matrix C and the coherency matrix T from the measured signal. The elements of
those matrices can be directly used as input parameters in LULC classifications. As both matrices are
related to each other, and [39] found out that the two matrices lead to similar classification results,
we concentrated on the elements of the covariance matrix C. Furthermore, by eigenvector analysis of T
it is possible to calculate entropy and alpha, which can be related to backscatter mechanisms on the
ground. This is an advantage to single polarization systems and significantly improves the results of
LULC classifications [40].

In this study, we obtained the possible parts of C from the dual polarimetric data from Radarsat-2
(datasets 9 and 10, Table 2) and TerraSAR-X (datasets 1–4, Table 2). In the case of the Radarsat-2 images,
the cross elements of C (c12i, c12r) were excluded, because visual inspection revealed poor quality
and unsuitability for LULC mapping. Additionally, based on the spatially averaged (5 × 5 window)
coherency matrix T, we calculated the dual-pol entropy, alpha angle, and the degree of polarization [41].
In total, we derived seven individual rasters for each coherent TerraSAR-X polarimetric radar scene,
and five for each Radarsat-2 scene.

3.2. Preprocessing of the Remote Sensing Data

For the Envisat ASAR image (dataset 12, Table 2), polarimetric decompositions as described in
Section 3.1 is impossible, as the signal is not recorded coherently [42]. In this case, only the amplitudes
of the radar signal were computed and used for the LULC classification. The same applies for the
TerraSAR-X scenes that only contain one polarization (datasets 5–9, Table 2).

For all radar data, the next step was a multilooking, which decreases the pixel size, but reduces
the speckle effect. Range and azimuth multilooking windows were chosen to roughly match the 8 m
pixel size of the final classification.

The orthorectification of radar images is a transformation from slant range radar geometry to
ground range, and involves the usage of a digital elevation model (DEM). We used data from the
Shuttle Radar Topography Mission (SRTM) in 90 m resolution [43] to carry out a range-doppler terrain
correction as described by Curlander and McDonough [44]. During this process, the final pixel size
of 8 m was determined. We chose 8 m for all products in order to be able to compare and combine
the images with the optical FORMOSAT-2 image on the pixel level. Furthermore, 8 m is a good
compromise between oversampling the Radarsat-2 and Envisat ASAR data and undersampling of
the TerraSAR-X data. Additionally, 8 m per pixel seems to be a decent size to determine fields in this
region, as our field investigations have shown that they are rarely smaller than 20 m in diameter.

The orthorectification described above has to be carried out with high spatial precision for
the intended pixel-based analysis. Therefore, it is worth looking at the anticipated positional error
of the orthorectified radar images. It mainly depends on the location error of the position of the
sensor platform during image acquisition and the error of the used DEM [44]. The first error is
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known to be low for TerraSAR-X [45], Radarsat-2 [46], and Envisat [47]. Concerning the second
error, Rodriguez et al. [48] state the absolute error of the SRTM to be below 10 m. The resulting low
positional error of the images is required for the combined pixel-based processing of the scenes. For a
more detailed analysis of this aspect, see [17], where a subset of the same dataset was used to create a
spatial reference for various other datasets.

In the next step, two speckle filters were applied to all images in the ground range to decrease the
speckle effect. First, the gamma map filter with a with a 5 × 5 kernel size, and second, a rather simple
median-filter with a kernel size of 3× 3. More radar-specific image filters resulted in residuals in the
final classification and tend to have a negative impact on the results.

In contrast, the optical FORMOSAT-2 image does not need such sophisticated preprocessing;
it was co-registered to the orthorectified TerraSAR-X Spotlight images and thereby benefits from their
high spatial accuracy. The RMSE (root mean square error) was 0.79 m, which is less than one pixel and
allows a pixel-based combination of the image with the involved SAR images.

3.3. Supervised LULC Classification Using Remote Sensing Images

The training part of the ground reference data was used to carry out a supervised classification,
during which a classifier assigns each pixel location to a certain land use class. The two different
classifiers used in this study are the Maximum Likelihood classifier, in combination with a
newly-developed optimization approach, further described in Section 3.4. The second is the Random
Forest classifier, described in Section 3.5.

The different land use classes for forest and urban were not of interest for this study, and based on
visual examination, it was clear that none of the remote sensing images would be able to discriminate
between those classes. Consequently, after the classification, the deciduous and coniferous forest
classes were merged into forest, while concrete was dissolved in urban.

The following validation process to quantify the accuracy of the LULC-classifications was based
on independent ground reference. We chose overall accuracy as the most prominent measure of
accuracy in this study. It is obtained by dividing all correctly classified pixels by all pixels that were
used for validation [33,49]. Additionally, we calculated the confusion matrix (which allows more
interpretation of the individual accuracy of the different land use classes) and the kappa-coefficient (κ),
which illustrates accuracy compared to a random classification.

3.4. Maximum Likelihood Classification and Optimization

The supervised classification using the established Maximum Likelihood classifier was
transformed to a python code using the scripting extension provided by ArcGIS. With this extension, it
is possible to execute all software tools from a programming environment. Next, we implemented an
innovative script logic to determine the raster band combination that results in the highest accuracy
of the LULC classification, which likewise indicates that this band combination is suited best for the
respective classification. Basically, the whole process was repetitively executed with stepwise addition
of the input bands, until the highest accuracy was reached or all input bands were used. Figure 2
visually shows the workflow of the process. The script logic in pseudo-code is as follows:

1. Classify and validate all input raster bands individually.
2. Choose the one which results in the classification with the highest accuracy.
3. Combine this/these band(s) of the final stack successively with those bands that are not in the

final stack. Add the band whose combination resulted in the highest accuracy-increase into the
final stack.

4. Repeat step 3 until the accuracy does not increase any more or all bands are used.

In the end, this optimization process reveals those bands resulting in an increase of accuracy
when added to the image stack of the classification. All other bands are neglected. Thereby, the
optimum combination of input bands can be found, over-fitting is avoided, and erroneous information
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is dislodged. Furthermore, all input features are evaluated, whether they are able to increase the
classification accuracy or not, which expresses the usefulness of this feature for the classification.

input bands
(e.g. HH, C11, C22, …)

Clasval: Classification and validation procedure 

ground 
data I

-training

ground 
data II

-validation

ML classification

Validation: Error 
Matrix

Input:
Bandcombination

Output: accuracy

Stack of image-
bands for best 
classification

…

…
…

*

Continue steps 
until: overall 

accuracy does 
not increase or 
all bands are in 

the stack

*…

* Choose the band, which resulted in the maximum accuracy increase*

step 1

step 2

step 3
Clasval

Clasval Clasval

ClasvalClasvalClasval

*

Figure 2. Workflow to optimize the Maximum Likelihood classification and find the input features
resulting in the highest classification accuracy. In the example above, band C22 is the band which
results in the highest accuracy in step1, and is therefore kept in the final image stack. In step2, the
bands HH and C11 would each be combined with the C22, classified, and validated. In the example,
it is assumed that the combination with C11 results in a higher accuracy of the classification and is
therefore put in the final stack. In step3, only the HH band has not been used, and the classification
and validation process is only done to evaluate if the classification accuracy increases, which would
also mean that HH is kept in the final stack. The “...” indicate that the procedure can also be used to
find the best band of more than three input bands.

3.5. Random Forest Classification

The second classifier implemented in this study is the Random Forest classification algorithm,
introduced by Breiman [50] and adopted for the classification of remote sensing images by Pal [51].
Random Forest is a ensemble learning technique, and builds upon multiple decision trees. Each
decision tree is built using a subset of the original training data and is evaluated by the remaining part
of training features. New objects are classified as the class that is predicted by the most trees. According
to [52], the classifier has three main advantages for LULC classifications from remote sensing images:
(i) It reaches higher accuracies than other machine learning classifiers; (ii) It has the ability to measure
the importance level of the input images; (iii) It does not make any assumptions about the distributions
assumptions of the input images. Therefore, Random Forest classifications have been successfully
applied to crop classification scenarios using remote sensing images, optical [53], and radar [54,55].
Ok et al. [56] concluded an accuracy increase using the Random Forest classifier over the Maximum
Likelihood classifier of about eight percent to classify crops using one Spot5 satellite image.

4. Results

As described before, the input datasets were divided into spatial subsets. One consists of the
scenes with a high resolution and the cloud-free part of the optical image. This area has a smaller
extent of about 5 × 10 km. The resulting 31 combinations were each classified using the proposed
optimized Maximum Likelihood approach and the Random Forest classifier. An overview of those
results is given in Figure 3, whereas individual classifications are presented in Figures 4–6. The second
spatial subset consists of the five stripmap images of TerraSAR-X, the two Radarsat2 scenes, and the



Remote Sens. 2016, 8, 684 8 of 15

Envisat ASAR image. The 15 meaningful combinations of this subset were also each classified with
both classifiers; results are shown in Figure 7. Additionally, the processing time of each of the 92
classifications is stated.

Figure 3. Comparison of the classifications of the smaller extent. Bold numbers indicate a
higher accuracy.

Figure 4. Optimized Maximum Likelihood Classification from all radar data covering the smaller
subset (datasets no. 1–4, Table 2).

As an illustration, Figure 4 shows the result of the the combination of the four TerraSAR-X
Spotlight images (datasets 1–4, Table 2), which results in an accuracy as high as 93%. By adding the
optical FORMOSAT-2 image, it was possible to reach a higher accuracy of 95%—the highest accuracy
of the study—which is shown in Figure 5 . When only two or three radar images are used, the accuracy
declines. Notably, one Spotlight TerraSAR-X Radar acquisition alone still enables the determination of
the rice cultivation area with minimum 97% when using Random Forest, and 94% with the Maximum
Likelihood classifier. However, if two TerraSAR-X Spotlight acquisitions are combined, the overall
accuracy reaches at least 86% (Random Forest). Especially of note, the rice accuracy becomes ideal
(>99%). The rice accuracy of the classification of the optical image alone reaches 97%, whereas the
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accuracy of this classification is slightly higher than the classifications of each single radar acquisition.
Interestingly, any combination of radar and optical images results in substantially increased accuracy
indices. Nevertheless, the best combination of one single radar image (5 July 2009) and the optical
FORMOSAT-2 image reaches an accuracy of 92% (κ-index of 0.89%), regardless of the classifier used,
and is the one where the timespan between the acquisitions is longest. This result is shown in Figure 6.
This smaller subset also demonstrates the benefit of the Optimization approach. On the one hand,
once the optimum features are selected, the runtime is considerably reduced; on the other hand, an
analysis of all selected features is possible, as shown in Table 3.

Figure 5. Optimized Maximum Likelihood Classification from all data covering the smaller subset
(datasets no. 1–4 and 13, Table 2).

Figure 6. Best combination of one single radar acquisition (TerraSAR-X July 5) with the optical
FORMOSAT2 image over the smaller area (datasets no. 1 and 13, Table 2). Classified using the
Optimized Maximum Likelihood approach.

In comparison to the high accuracy values of the small subset, the classifications of the wider
area exhibit lower classification accuracy. As can be seen, the area at the eastern end of the farm was
classified with lower accuracy, as it was obtained from the Envisat image alone. Fortunately, only for
about 8 km2 of the farm is this the only available source. Westwards, successively adding the two
Radarsat-2 scenes increases the overall accuracy and the accuracy of the rice class to 89% (85% for
Random Forest) after adding the first, and 0.96% (Random Forest and Maximum Likelihood) after also
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adding the second one. Notably, the combination of the two c-band images that are only one day apart
from each other (datasets 10 and 12, Table 2) is the worst combination of the study. The two Radarsat-2
scenes are from different angles, and when classified alone, their accuracy is slightly higher than the
one obtained from the five TerraSAR-X stripmap images (datasets 5–9, Table 2), which all have the
same viewing geometry but only VV-polarization. In contrast, all combinations of the x-band time
series with each c-band image yields a considerably higher accuracy. However, the best combination
of images reaches 85% accuracy, which is still lower than the 89% that was obtained from the optical
image. When it comes to the accuracy of the rice class, the combination is just able to outperform the
optical image (98% vs. 97%). This radar combination covers 80% of the Qixing farm, which equals
about 872 km2, and the major parts of Figure 8 contain this classification.

Figure 7. Accuracy comparison of the classifications from acquisitions with a wider coverage; colours
of the rows are the same as in Figure 8 and indicate usage of the combination for the creation of the
final land use map.

Table 3. Importance of input features for the smaller subset, following the Maximum Likelihood
optimization; the maximum possible value is 64.

Feature Times Chosen for the Final Stack
Alpha angle 56

Degree of Polarisation 45
Entropy 34

C12r 34
C11 24
C12i 20
C22 17
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Land Cover
Forest
Maize
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Urban / Road
Water

Projection: WGS 84 - UTM 53N
8 m Ground Resolution
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overall accuray, datasets
used, covered area
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89% 4x TSX Spotlight, 93 km²
85% Envisat, 1x RS2, 5x TSX
Stripmap, 872 km²
79% 2x RS2, Envisat, 109 km²
79 %,1x RS2, Envisat, 38 km²
51 %, Envisat, 8 km²

Figure 8. Combination of the best classifications from all microwave images involved in this study to
classify the whole area of the farm with the best possible accuracy.

5. Discussion

Both the developed optimized Maximum Likelihood classification and the Random Forest
classifier work well for LULC and crop analysis based on multitemporal, multisensor, and
multi-polarization SAR satellite images. The analysis of four TerraSAR-X Spotlight images results in
an accuracy of 93% and 92% for Maximum Likelihood and Random Forest, respectively, and of up to
99% for the rice crop class. The combined analysis of those four images with an optical FORMOSAT-2
image slightly improved the classification to a maximum of 95% overall accuracy (rice accuracy:
99%). Additionally, the mono-temporal analysis of the four TerraSAR-X Spotlight acquisitions are
each able to determine the area of rice with a very high accuracy of at least 94%. This is not a new
discovery, and is a consequence of the special interaction of microwaves with inundated rice fields
[30,57]. By making use of this interaction, rice fields can be separated from the other land use classes
with high accuracy [27,31,58]. Another known fact that can be justified by this study is that only
multi-temporal radar acquisitions are adequate to dissolve different crops [20,21]. Bush and Ulaby
[20] also used dual polarimetric SAR data and recommended four target revisits at an interval of
ten days to get 90% accuracy. We can almost exactly conclude the same from our study, as the four
TerraSAR-X acquisitions—which are 11 days apart from each other—resulted in accuracy of 93% and
92%, depending on the classifier. This is also in accordance with the more recent study of Bargiel and
Herrmann [22], who reached about 90% accuracy using 14 TerraSAR-X images to separate different
crops in two regions. However, in this study, the only way to further increase such high accuracies
was the combination with the optical FORMOSAT-2 image, which delivered an accuracy of up to 95%.
This justifies the studies of Blaes et al. [12] and Forkuor et al. [11]. Notably, our study additionally
quantifies the benefit of the optical image: Its availability substitutes about two TerraSAR-X Spotlight
images, as combinations of two radar images and the optical image deliver accuracies about as high as
the four radar images combined.
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These results of the small subset show how the developed approach is well-suited to reproduce
and validate existing knowledge and quantify accuracy improvements from added remote sensing
datasets. In the same way, Figure 7 shows accuracy for the wider area, which is influenced by different
aspects. Again, accuracy generally increases when more data is added. Additionally, we demonstrated
the beneficial use of combined x- and c-band radar images for crop classification, which has been
shown before by McNairn et al. [23]. The wider area is also a good test-bed for the comparison of
the two classifiers used in the study. The Random Forest classifier seems to be much more effective
in data-poor situations; the worst classification from the single Envisat image alone is the extreme
example—it has a 16% higher overall accuracy using Random Forest than the same classification
using Maximum Likelihood. Interestingly, in data intensive environments of the study, the proposed
optimization of the Maximum Likelihood is able to very slightly outperform the Random Forest
classifier. Analysis of the processing time reveals the potential of the Maximum Likelihood classifier to
be carried out much faster, once the optimal band combination is determined.

Although our findings offer some insights on crop classification using diverse SAR satellite
images, the limitations of the study design and outcomes should be recognized. First of all, the crop
types presented in this study are limited. It would be interesting to investigate the potential to classify
other crops with even more diverse SAR images. Those could also be extended to fully polarimetric
images, which offer much more possibilities to derive polarimetric features. Qi et al. [40], for instance,
derived as many as 80 different features from two fully polarimetric Radarsat-2 acquisitions for their
pixel-based approach. Furthermore, Souyris et al. [59] quantified the increase of accuracy from fully
polarimetric versus dual polarimetric L-band images. Another issue with our study is that more
possible SAR satellites and more SAR acquisition modes were not incorporated. Data from the L-band
SAR sensor PalSAR onboard the ALOS satellite would extend our analysis to another wavelength,
with an evaluation of its already-demonstrated crop classification potential [60] and the possibility to
study the synergistic effects of l-, c- and x-band SAR data.

Another key point, especially for the small and more data-intense subset, is the question of
whether or not that many radar datasets at such a high resolution are necessary. For instance, we
described above that the accuracy of the rice class is always higher from SAR images. Notably, every
high-resolution acquisition alone or any combination of two radar images is sufficient to differentiate
the area of rice. Only when other classes are relevant and a high overall accuracy is needed, do
more radar acquisitions actually make sense. The accuracy of the classification of the whole farm
distinguishes the area of rice with more than 98% accuracy for 80% of the area of the farm, and the
accuracy reaches 85 %. According to Anderson et al. [61], this is suitable for application.

6. Conclusions

In this study, we determined Land Use Land Cover of a rice farm in north-eastern China. The main
objective was to fill the information gap of detailed crop classes within the arable land use class using
a combination of multitemporal, multisensor, and multi-polarisation microwave satellite acquisitions.
Forty-six different combinations of acquisitions were evaluated, and their accuracy quantified. A
supervised classification was carried out using two different classifiers. The state-of-the-art Random
Forest classifier and the well-established Maximum Likelihood classifier, which was optimized using
an innovative script to find the optimum input bands. Finally, the classifications were merged to reach
an optimized classification of the whole farm with the best accuracy possible. This final classification
covers more than 1000 km2, in a spatial resolution as high as 8 m. Most of the area of the farm was
classified with more than 85% accuracy, while the accuracy of the land cover class rice (which is the
most important one) was almost perfect.

The results of the study concur with various studies on SAR-based crop classification.
Furthermore, the potential of microwave and optical images to differentiate the area of rice is
demonstrated and quantified on a regional scale with very high spatial resolution. It is shown



Remote Sens. 2016, 8, 684 13 of 15

that microwave and optical remote sensing is eminently suitable to discriminate the area of rice with
high spatial resolution.

Data from c-band radar satellites such as Sentinel-1, Radarsat-2, and the future Radarsat
constellation combined with operational x-band satellites such as TerraSAR-X, TanDEM-X, and PAZ
make the presented approach ideal for even more data-intense study sites and years in the future. It is
well suited to be adopted for other LULC crop distribution studies on regional scales. As the Maximum
Likelihood optimization script is freely downloadable, all that is needed is therefore a ground truth
set of crop distribution of the respective year and remote sensing images. The possibility to integrate
multiple acquisitions from different sensors and automatically find the ideal combination of bands for
land use classification is an important improvement for future LULC mapping from satellite remote
sensing observations.
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