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Abstract: Many Land Use and Land Cover (LULC) monitoring
and classification methods have been proposed in recent years.
Objective of the research, presented in this paper, is to
determine how effectively the Phase Array type L-band
Synthetic Aperture Radar (PALSAR) data and Advanced
Visible and Near Infrared Radiometer type 2 (AVNIR-2) data,
collected by the Advanced Land Observing Satellite (ALOS),
could be combined to describe LULC over a mining area. The
integration of SAR and optical remotely sensed data was tested
and the contributions of input datasets with different features
were evaluated, including the classification accuracy statistics.
The results demonstrate that PALSAR data provided Overall
Accuracy (OA) at the level of 60.69%. The higher classification
accuracy (72.07%) was achieved by merging the texture
information derived from the SAR data. The AVNIR-2 optical
image produced the classification with OA of 86.45%. The
Nearest-neighbour diffusion-based algorithm (NNDF) merging
SAR and optical image increased the classification OA up to
87.69%. The highest classification OA (91.65%) was archived
by merging optical and SAR features using the classifiers
ensemble methods. The research results indicate the
significance of merging SAR data with optical imagery, feature
information and classifiers for obtaining LULC characteristics
of a mining area.

I. INTRODUCTION

With the development of the mining industry and the
continuous accumulation of environmental effects caused by
underground coal resource exploitation, land use and land
cover (LULC) identification over mining areas is affected
obviously and further results in serous ecological
degradation. Obviously, LULC is an effective bridge to link
underground mining, land degradation and environmental
evolution, and it is necessary and urgent to seek for a high-
efficiency and convenient way to monitor, analyse or predict
LULC and its trend (Du et al., 2007).

Remotely sensed data, undoubtedly, is the most important
information source to monitor and model LULC types in
mining areas for the all-day, all-weather observation (Du et
al., 2014). SAR data provided abundant texture information,
polarization information, and optical data provided abundant
spectral information. To improve mining area LULC
classification accuracy further, the benefits could come from
improving both the input features and classification
algorithms. Numerous classifiers have been developed and
tested for LULC classification, such as Minimum Distance
Classifier (MDC), Maximum Likelihood Classifier (MLC),
Neural Networks Classifier (NNC), Decision Tree Classifier
(DTC) and Support Vector Machine (SVM) classifier.
Researches on optical sensor inputs mostly on spectral
information, such as digital value of different LULC types,

feature information, such as Normalized Difference
Vegetation Index (NDVI) (Lazzarini et al., 2013),
Normalized Difference Water Index (NDWI) (Xu, 2006).
Studies on SAR data have focus on polarimetric and texture
information. Due to sensitive to clustered and irregular
human-madding structures, SAR texture is found helping in
improving classification accuracy (Zhang and Lin, 2015).

Numerous research on monitoring and/or analysing
LULC using optical or SAR data in mining areas has been
conducted by some domestic and international researchers,
but there hasn't much experiments on the collaboratively use
of optical and SAR data information to mining areas. In this
research, to make full use of SAR and optical remotely
sensed data for classification, a significant mining area
mapping strategy was proposed based on integration of SAR
backscatter coefficient, spectral features provide by optical
data, texture features of both SAR and optical data and
multi-classifier ensemble. The key goal is to verify the
importance of the different features provide by different
sensor data, and obtain the best accuracy achievable by
merging SAR and optical remotely sensed data in mining
areas.

This paper consists of 5 parts. Section 1 is a brief
introduction to the background and related studies. The case
study area, data and methodologies are introduced in Section
2. Feature combination and classifier ensemble is conducted
in Section 3, and results are discussed in Section 4. Finally,
some conclusions and suggestions are given in Section 5.

II. STUDY AREA AND METHODS

A. Study area

The study area is located at Pangzhuang coal mining area
(Fig. 1), which belongs to Jiuli mountain mining district, in
north sub-urban of Xuzhou and has a distance of 13km from
city centre, covered areas about 18.3km”. The mean annual
temperature is 14.8 degree, the highest average monthly
temperature is in July, the lowest is in December and
January. Pangzhuang coal mining group has three pairs of
wellhead include Pangzhuang, Zhangxiaolou, Dongcheng,
and put into production in 1964, 1973 and 1956
respectively, which has a production capacity of 2.60
million t/a.
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(a) PALSAR

(b)AVNIR-2

Fig.1: Study area, (a) PALSAR data without the speckle filter, (b) AVNIR-
2 multi-spectral data with R=Band3, G = Band2, B = Band]1.

III. ALOS PALSAR AND AVNIR-2 DATA

The L-band PALSAR data used in this study was
acquired on November 09, 2008, in horizontal-horizontal
(HH) polarization mode, with an incidence angle of 39
degrees and a pixel resolution of 9.4*3.2 meter. In order to
eliminate temporal influence, AVNIR-2 data covered the
same area, acquired on November 12, 2008 was selected.
Pre-processing for SAR were (1) PALSAR raw data is
processed into multi-look intensity image with 2 range looks
and 4 azimuth look; (2) terrain correction is applied using
SRTM 90m Digital Elevation Data (DEM), and PALSAR
data resample to a grid with pixel spacing equal to the one in
the optical image; (3) a Gamma-Map despeckle filter is
applied to mitigate speckle, while preserving texture. Pre-
processing for merging optical and SAR data were (1) Fast
Line-of-fight Atmospheric Analysis of Spectral Hypercubes
(FLAASH) model provide by ENVI software is an effective
method for atmospheric correct and selected to correct the
optical image; (2) optical and SAR were accurate
registration on the basis of Image to Image method and the
root mean squares are less than 0.5 pixel.

A. SAR and optical imageries merging algorithm

With respect to SAR and optical imageries merging
algorithms, the techniques summarized as below were
considered (Gamba et al., 2012).

e The Brovey transform (BT) method through computing
the product of AVNIR-2 bands and SAR imagery to
enhance information, and the advantage is that this
method could sharpen the image while keeping
information of original AVNIR-2 imagery.

e The Principal Component Analysis (PCA) is a powerful
data merging algorithm based on statistical techniques
with the advantage of all bands could be used.

e The main advantage of Gram-Schmidt (GS)
transformation algorithm is the maximum band number
is unlimited and the spectral information can be
preserved.

Nearest-neighbour diffusion-based merging algorithm
(NNDiffusion) is a new developed algorithm by Sun, in
2014(Sun et al., 2014). NNDiffusion algorithm works best
when the spectral response function of each multispectral
band has minimal overlap with one another, and the
combination of all multispectral band covers the spectral
range of the panchromatic raster.

IV.INTEGRATION STRATEGIES AND CLASSIFIER ENSEMBLE

In spite of digital spectral information provide by optical
imagery. Feature information such as NDVI, NDWI were
also extracted. NDVI is an indicator of vegetation
productivity, and it is defined as the ratio of the difference
between near-infrared reflectance and red visible reflectance
to their sum (equation 1), where py; and pg is band 4 and
band 3 respectively for AVNIR-2 optical data.

NDVI = (pNIR - pR)/(pN]R + pR) (1)

NDWI = (pGREEN - leR)/(pGREEN + leR) (2)

Although a modified NDWI is proposed by Xu, NDWI is
still selected in this research, because lack of middle
infrared band in AVNIR-2 imagery. NDWI is a useful
method for water extraction from remote sensing imagery,
the model can be described as equation 2, where p,, and
pcreen 18 band 3 and band 2 respectively for AVNIR-2
optical data

For SAR data, spatial texture information are created
using Grey-Level Co-occurrence Matrix (GLCM) method.
By using a number of these features, information stacks
including different data sets according to possible
processing strategies are shown in Table 1.

TABLE 1: SPATIAL AND SPECTRAL FEATURES COMBINATION STRATEGIES

Scenario Number of
number | variables

1 Gamma-Map filtered PALSAR

10 PALSAR and its textures

AVNIR-2 optical

PALSAR and AVNIR-2 Brovey merge
PALSAR and AVNIR-2 GS merge
PALSAR and AVNIR-2 PC merge
PALSAR and optical NNDiffusion merge
SAR and NDVI, NDWI

15 SAR, SAR textures, NDVI, NDWI, opt

Combinations

O 0 NN N R WD~

V. CLASSIFIER ENSEMBLE

As one of the most important operation to RS application,
the traditional classifiers include supervised and
unsupervised methods, such as MDC, MLC, DTC, SVM
and Object-Oriented classifier (OOC) (Du et al., 2007).
Obviously, classification algorithms focused on designing
single classifiers in the past. While no classifier could
always perform well and classifier ensemble is rapidly
growing and enjoying a lot of attention from pattern
recognition and machine learning communities nowadays
(Kuncheva, 2004). Classifier ensemble could be
summarized into three categories such as: algorithms based
on training sample manipulation, concatenation combination
and parallel combination (Du et al., 2012). Previous studies
demonstrated the simple majority vote of classifier
prediction is an effective strategy. The corresponding
algorithm is selected in this research and mathematic model
can be described as equation 3.

oy = log (ag/ (1 — o)) (3)

where ay, is the accuracy produced by a single classifier.

VI.RESULTS

In order to analyse the scenes, five LULC types namely
built-up areas, steeper areas, road, bare land and farmland
using methods and strategies described in previous sections.
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In this first step, a single SVM classifier with RBF (radial
basis function) kernels was selected and tested, according to
the results from previous researches, it works well in most
cases. The mathematical representation of RBF is as:

2
k(xi,xj) = exp (—y“xi —x]-|| ),y >0,

where: y is the bias term in the kernel function for the
polynomial and sigmoid kernels.

The parameters of the SVM classifier were assigned as:
0.143 gamma genes, 100-penalty parameter, and 0 pyramid
levels. The results of that overall accuracy and the kappa
coefficients are shown in Table 2 and the classification maps
of PALSAR and all features inputs can be seen in Figure 2.

Variable features obtained from SAR imagery is input to
SVM classifier. The use of the L-band PALSAR backscatter
coefficient (Scenario 1 in Table 1) resulted in low OA
(60.69%) by SVM classier.

Then SAR spatial features, eight texture variables (9*9
pixels window size) for unfiltered SAR band were created
using GLCM measures, including the variance, mean,
contrast, homogeneity, entropy, second moment,
dissimilarity, and correlation. There is a 11.38% increase of
OA when the texture data were combined to Gamma-Map
filtered SAR data.

All four AVNIR-2 were selected to explore the spectral
feature (scenario 3 in Table 1). The OA of classification is
14.38% higher than OA obtained using SAR and its GLCM
textures. Among the different image fusion algorithms of
Brovey, DS, PCA and NNDiffusion, only the new
development NNDiffusion merged result improved map OA
1.24% than the using of single optical imagery. Layer stack
of Gamma-Map filtered SAR, NDVI and NDWI could
increase 0.49%, 2.05% and 2.79% than Brovey, GS and
PCA merging result respectively. When using all the
features available provided by PALSAR and optical data,
the OA was 89.55%. There is 28.86% OA increase
compared with SAR data used and 3.1% OA increase
compared with only optical imagery used.

TABLE 2: CLASSIFICATION RESULTS USING SVM CLASSIFIER OF
DIFFERENT MERGING STRATEGIES

In order to test classifier ensemble strategies described in
section 3, NNC, MLC, SVM classifiers were chosen as base
classifier, and the method is included in image processing
software packages like ENVITM, and the majority ensemble
implemented in IDL programming language. During this
process, the parameters of the MLC are simple and assigned
as the default value packages providing. And the parameters
of the NN classifier were adjusted, because NN classifier
was not stable and sensitive to parameters. So in this
experience for NN classifier the training threshold
contribution value is 0.90, training rate value is 0.2, training
momentum value is 0.8 and training RMS exit criteria value
is 0.1. In this step, the features combination result (scenario
9) was selected as input to test effective of classifier
ensemble. The results of the overall accuracy and the kappa
coefficients are shown in Table 3.

TABLE 3: CLASSIFIER ENSEMBLE TEST WITH SCENARIO 9 STRATEGIES

NNC MLC SVM Ensemble
0A 80.12% 90.11% 89.55% 91.65%
KAPPA 074 0.88% 0.87 0.89

scena | scena | scema | scema | scema | scema | scena | scena | scena
riol | rio2 | rio3 | rio4 | rio5 | rio6 | rio7 | rio8 | rio9

0A 60.6 72.0 86.4 85.8 84.3 83.5 87.6 86.3 89.5
9% 7% 5% 9% 3% 9% 9% 8% 5%

Ka | 049 | o064 | 083 [ 082 | 080 | 079 | 084 | 083 | 087
ppa

road bare land farmland

building

steeper

(a) using the PALSASAR data  (b) all features input map result

Fig.2 - Classification results
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Using classifier ensemble and all features extracted in this
research provided by SAR and optical remote sensing
imageries, the classification OA is 91.65%. Compared with
the best OA from MLC method, the 1.54% classification
accuracy increase seems small, but this is significant at 90%
level. Compared with the OA from original SAR and optical
remotely sensed data, the 5.2% and 30.96% classification
accuracy increase is stable and significant.
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Fig.3 -Overall Classification accuracy with feature combination and
classifier ensemble

VIL CONCLUSIONS AND DISCUSSION

In this research, we tested the importance of different
features obtained from SAR and optical remotely sensed
data as well as classifier ensemble for LULC classification
in mining area. When using PALSAR data only, the
Gamma-Map filtered band resulted in low OA. By adding
spatial features of unfiltered PALSAR data, OA improved
significantly (72.02%, Figure 3). When OPT (optical) data
of AVNIR-2 using, higher OA obtained (86.45%). By fusion
of optical and PALSAR data using NNDiffusion algorithm
OA improve to 87.69%. Finally, by combining all features
include SAR, GLCM features, NDVI, NDWI, optical
spectral feature, OA improved to 89.55% (Figure 3). On the
other hand, by classifier ensemble of results from all
features combination using MLC, NN, SVM classifiers, the
highest OA is obtained (91.65).

From this research we can make a conclusion that the
proposed combination multi-features and multi-classifier
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strategy can make full use potential of optical and SAR
remotely sensed data for LULC types recognition in mining
area to obtain a satisfying outcomes. The overall accuracy
for classification maps demonstrate that the modified multi-
method collaboration strategy not only observed spectral
and texture information, but also improved classification
accuracy than only optical and SAR data selected, even
outcomes of the traditional image fusion algorithms such as
Brovey, GS and PCA method improving OA limited. The
multi-classifier ensemble results were evaluated by overall
accuracy for classification maps, indicate that the proposed
multi-classifier ensemble strategy could sufficiently utilize
information provided by both optical and SAR remotely
sensed data, It can also make full use of complementary
advantage of different classifiers with multi-feature
integration, which can improve OA on the basis of high
score obtained by different classifier, even though the
increase is small but significant. So land use/cover
identification accuracy of proposed method for optical and
SAR could improve 5% - 30% over the research area, which
not only improved the identification accuracy of single
LULC type, but also for complex underlying surface district
over a mining area.

ACKNOWLEDGEMENT

The authors thank the support to this research from the
joint project of National Natural Science Foundation of
China and the Shenhua Coal Industry Group Co., Ltd.
(No.U1261106, No. U1261206), the Fundamental Research
Funds for the Universities of Henan Province
(NSFRF140113), the Ph.D. Fund of Henan Polytechnic
University (No0.B2015-20), the youth fund of Henan
Polytechnic University (No.Q2015-3), The Key Research
Project Plan of Colleges & Universities in Henan Province
(16A420004) and the Henan province university
technological innovation team and personnel support
program in 2013(13IRTSTHNO029).

REFERENCES

Du, P, et al. (2012). "Multiple Classifier System for Remote Sensing
Image Classification: A Review." Sensors[J], 12 (4): 4764.

Du, P., et al. (2014). "Remote Sensing Image Interpretation for Urban
Environment Analysis: Methods, System and Examples." Remote
Sensing[J], 6 (10): 9458.

Gamba, P., et al. (2012). Evaluation and analysis of fusion algorithms for
active and passive remote sensing image[C]. Geoscience and Remote
Sensing Symposium (IGARSS), 2012 IEEE International.

Zhang, H, S. and Lin, H (2015). Feature selection for urban impervious
surfaces estimation using optical and SAR images[C]. Urban Remote
Sensing Event (JURSE), 2015 Joint.

Kuncheva (2004). Combining Pattern Classifiers[M].

Lazzarini, M., et al. (2013). "Temperature-land cover interactions: The
inversion of urban heat island phenomenon in desert city areas." Remote
Sensing of Environment[J], 130: 136-152.

Du, P. J., et al. (2007). Land Use/Cover Change in Mining Areas Using
Multi-source Remotely Sensed Imagery[C]. Analysis of Multi-temporal
Remote Sensing Images, 2007. MultiTemp 2007. International Workshop
on the.

Sun, W, et al. (2014). "Nearest-neighbour diffusion-based pan-sharpening
algorithm for spectral images." Optical Engineering[J], 53 (1): 013107-
013107.

Xu, H. (2006). "Modification of normalised difference water index (NDWI)
to enhance open water features in remotely sensed imagery." International
Journal of Remote Sensing[J], volume 27 (14): 3025-3033.

266



