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Abstrac® It is a challengeo developmethodswhich canprocess th&@olSAR and multispectrgMS)

data modalitiesogether without losing information from eithar remote sensing applicatianbnis

paper presents a studwhich attemptsto introducenovel deep learningpasedremote sensinglata
processing frameworkbat utilizes convolutionalneural networ& (CNNSs) in both spatial and spectral
domains to perform land cover (LC) classification RihiISARMS data Also sinceearth observation
remotely sensed data have usually laggerctral depth than normal camera image, dagaloiting the
spectral information inremote sensing (RSJata is cruciahs well In fact, convolutions in the sub
spectral space are intuitive and alternative to the process of feature selRetiently, researchers
have gained success in exploiting the spectralimition of RS data, especially the hyperspectral data
with CNNSs. In this paper,exploitation of thespectral informatiorin the PolSARMS datavia a
permuted localized spectral convolution along with localized spatial convolatimoposedFurther,

the study in this paperalso establishes the significance of performing permuted localized spectral
convolutionsover nontlocalized or localized spectral convolutions. Two models are proposed, namely
a permuted local spectral convolutional netwdPkrfLS-CNN) and a permuted local spectsgatial
convolutional networkRermLSSCNN). These models are trained on ground truth class data points
measured directly on the terrain. The evaluation of the generalization performance is done using
ground truth knowledgen selected well known regions in the study ar€msnparison with other
popular machine learning classifiers shows that PermLSSCNN model provides better

classification results in terms of both accuracy and generalization.

Index Term8 CNNs, PoISARMS, spectralspatial convolution, generalization, Pebl8S-CNN.



1. Introduction

Today, both synthetic aperture radar (SAR) and multispectral {(d®pte sensinglata are easily
available with good spatial and temporal resolutioffse two data modalitieare crucial for earth
studies andcomplement each other in many applicaticugeh as land cover classification, crop

monitoring, or change detectioim generalmultispectralremote sensinglataprovidesspectral reflectance

information andPolSAR remote sensinglata providesscatteringand polarizing behaviourinformation
aboutthe earth surface objectBhese earth surface objects arerecommonly termed aknd coves by

the remote sensing communityhe basic idea behind utilizing the two data modalities together is to

acquire better spatid, spectral, and temporal informatian theland coves. Although, hgher spectral

information can be chieved through hyperspeal remote sensinut at a cost of spati@nd temporal
information. Also, since it is an optical remote sensing technigusuffers from the classical challenges

(cloudg. For applications such as land use land calassificationor land cover monitang, all three

aspects arerucialanda multi sensor approach morebeneficial Using PoOISARand MSdata modalities

together is shown to bea@nvenient and successful stratelghethodologiedisted in many review articles
such asn Pohl and Van Genderda998) o more recery in J. Zhang(2010 or Joshi et al(2016)have
beenusedby the earth observatiowata processing community in processimgltispectraland PoISAR
datatogether Authors inJoshi et al(2016)provide anextensive review on thapplicationof PolISARand

MS datafusion for remote sensingpplications.The reviewednethodologies includ&aditional, machine

learning andknowledge based decision tredsithors inJoshi et al(2016)also remarked that the studies

in multi-sensordata fusiorbasedand coverclassificationmostly useMS andPolSAR datawith machine
learningmethods Most populamachine learninglata fusiortechniques include artificial neural networks

(ANNs or NNs) and support vector machines (SVMs)fact, gudies(J. Zhang Q10 Joshi et al. 2016

Lary et al. 2016and P. Feng et al. 2019)ave also recognizedthe significanceof machine learningn

variousmulti-sensoremote sensingpplications From the aforementioned revietwo pointsare evident;

first, utilization of POISAR and MS data together is a successful strategy and sew@uthjne learning
techniques are successiinlutilizing the two data modalities together.

Howevet it is challenging fo{NNs) with shallowdepth(numbero f | ayers O 2) to
abstradcomplex features fom high dimensionalremote sensingdata without overfitting or losing
generalizationGeneralization refers to the ability bbw well an algorithm performo n 6 o u seeno f t
samplad  dpaintsalf an algorithm igperformingwell outside training data, then the algorithm is showing
good generalization performance and vice veR&searchers many studie§Zhu et al. 2017W. Li et al.
2016 andL. Zhang, Zhang, and Du 2016Je exploringnew advanceanachine learningpproaches for



remote sensingpplicationghatare able to extract complex featufemm high dimensionalemote sensing
data In the direction, dep neural networksith deep learningrethe high-potentialandpowerful tools for
extractinghigh levelinformation fromremote sensindata(Zhong, Hu, and Zhou 201&ndHuang, Zhao,
and Song 2018Authors inZhu et al.(2017 and L. Zhang, Zhang, and D{2016)havereviewed studies
which usedand demonstrated the significance defep neural networkrameworksfor remote sensing
applications Convolutionaldeepneural networks@NNs) arerecently themostwidely useddeep network
models inremote sensinglata basedand coverclassification(Zhu etal. 2017) CNNs have the ability
extract complex featuredirectly from data(Yann LeCun, Yoshua Bengio, and Geoffrey Hinton 2015)
Another advantage of focusing on developing CNNsHoISARMS data processing that CNNs can
directly utilize multi-sensor high dimensional remote sensing dath efficient performancéor remote
sensing applications. Unlike the conventional data fusion methiodsieduces the need of fusing the
PoISARMS data modalities together before using it further.

L. Zhang, Zhang, and D{2016)presents @omparison of CNN based modelith somepopular
remote sensingdata classifiers for processing hyperspecgeaiote sensingata The CNN modeleported
in L. Zhang, Zhang, and D(2016)is designedo effectively captureglobal spectral faturesalong with
local spatial featureSimilar studies areeportedin Chen et al(2016, Mei et al.(2016, andJ. Feng et al.
(2019) The CNN models in these studies emphlbpne two, and threedimensional convolutianto
extract spectrahnd spatiainformation fromunimodalremote sensinglata Moreover, CNNs have also
beenusedwith multisensoy for examplePolSARMS data inremote sensingpplications Kussul et al.
(2017) used one and two dimensional CNNBs Landsat&Sentinel data for land cover and crop type
classification andurther compared theaesults with random fest (RF classifier Their model reports
better classification performance by capturing local contexspectral and/or spatiadigatures whreas the
RF classifier capturednly the global dominant feature$he study inKussul et al (2017) indicates
potential of CNNs witHiPoISARMS data foremote sensingpplicationsand motivates for similar studies.

However one important aspect comes tonsiderationwhile processing?olSAR and MS data
togetherusing CNNs. The aspect the efficient exploitation ofthe spectral information present in the
multisensor data. Exploitation of spectral informatidrnyperspectratemote sensingatahas been done
in past eitherexclusively with one dimensional CNNs, along withthe spatial ifiormation using two, or
threedimensional CNNsMany sudies(Chen et al. 2034Hu et al. 2015Mei et al. 2016He et al. 2016
andYu, Jia, and Xu 2017and more haveisedone dimensional CNNs apectralfeature extractors for
hyperspectrafemote sensinglata classification.In contrast, gtracting spectralnformation along with
spatial informatiorfrom hyperspectralemote sensindatausing CNNs is a recently popular approach. The

approachhas howevermproved theresults in land cover monitoring and classification applications.
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Because hyperspectnamot sensinglata havdarge spectral dimensions, extracting spectral information
is computationally expensivand compounding with extraction of spatial information makdsarter
Therefore, some studiédlakantasis et al. 201%ue etal. 2015 Aptoula, Ozdemir, and Yanikoglu 2016
andL. Zhang, Zhang, and Du 2016¥edprincipal component analysis (PCA) for feature dimensionality
reductionand thenusedtwo dimensional CNIS for classification applicationsWhile, alternate to this,
some studiegH. Zhang et al. 2017Yue, Mao, and Li 2016and Zhao and Du 2016)sedone and two
dimensional CNNs separately extractthe spectral and spatial informati@and combined the separately
extracted features latefurther, sme studiesisedthree dimensional CNNs to extrdotal spectral and
spatial informationsimultaneouslyChen et al(2016 and Ying Li, Zhang, and Shef2017) usedthree
dimensionalCNNs asspectralspatialfeature extractorand classifiersfor hyperspectratemote sensing
data.

In summary enough evidence suggests that; am®, and three dimensional CNNs have been
successfullyusedto extract spectral afat spatial information from hyperspectredmote sensinglata.
However the significanceof spectral and/or spatial CNNsland coverclassifierswith high dimensional
multisensor datés still interesting to investigatd herefore, he study presented in thi@perfocusses on

two aspects.

1 Tocritically analysehe onedimensional (1D)two dimensional (2D)and three dimensional
(3D) CNN capabilities to perforrand coverclassification using muksenso(PolSARMS)
data.

1 Development ohovel classificationframeworls based oriD (spectralpr 3D (spectralspatia)
CNNs; in orderto improvethe generalization abilityf the classifieduringland cover
classfication with POISARMS satellitedata.

1D, 2D, and 3D CNN frameworks fdPoISARMS data basedand coverclassification are
discussed in section 4. The idea of extracting the spectral information efficientlyPiltBARMS data
using CNNs is achieved by performing a permuted localized spectral convolution alone, or along with
localized spatial convolution orfPoISARMS data. Spectral permutation before localized spectral
convolution is proposed to increase the generalization ability of the CNN clasd#ssed on this idea,
two models are proposed, namely permuted local spectral GMNWHLS-CNN) and permuté local
spectralspatial CNN PermLSSCNN). Boththemodels are discussed in section 5.

The emaining of the paper is organized as follows; Section 2 proddasef backgroundon

PoISAR featuresaind CNNs utilized during the studySection 3 provides infmation on the experimental



setup i.e. study areas, datasets, ground truth, and other resources consideisetidadng the study.
Section 4 discusses the popular 1D, 2D, and the 3D CNN muoskedfor remote sensingata processing
so far andurtherpresentsand discussesD, 2D, and 3D CNN modealonfigurationsused in this studfor
PoISARMS dataprocessingSection 5 presenthe novel CNNbased models developed during the study
for POISARMS data processing fdand coverclassification. Resultfrom the proposed and compared

methodsare discussed in section 6. Finally, section 7 concludes the paper.
2. Theoretical Background

2.1.Polarization Signatures

Polarization signature (PS) is a three dimensional graphical representation of backscattering
behaviour of a target, or in the case of current study, a land cover. In PS represenrtati®anx yaxis
representllipticity angle and orientation anglesggectively and -axis represent received backscattered
power coefficient (sigma naught). Orientation or tilt angleyaries from-90° to 9¢ and ellipticity angle

(¢) varies from45° to +45. The signatures are computed using equation (1).
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Wherel represents backscattering coefficient, suiffidj represent transmit and received
combinations respectivelK is the Kennaugh matrjxvhich provides received power, given the
polarization characteristics of the receiving antefftrdenna Laboratory1952) It is also known athe
Stokes scattering matrix or the Stokes scattering operator. ComputakiqgraoAmeters is done similar to

(Harold 2007)k is the propagatin constantCo-polarized signature is obtained by transmit and received
combination oy, = y; and ¢, = ¢, and cross polarized signatureyof =90+ y;, andc = - g.

Ellipticity angle defines the polarization behavior (linear, circular or elliptical polarization), while
orientation or tilt angle defines polarization states, for example, horizontal or vertical polarizatign
Sen Lee, Mitchell R. Grunes, and WolfgaMiartin Boerner; 1997)For the sake of visualization,-co
polarized PS of an arbitrary land cover is shawhRigure 1. H and V basis have been considered and the

co-polarized signatures are considered in the current study.
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Figurel Co-polarized polarization signature of an arbitrary land cover

2.2.Convolutional Neural Networks

CNNs are a popular class of deep feedforward artificial neural networks proposed in various(lstadies
Goodfellow, Bengd, and Courville 2017kCiresan, Meier, and Schmidhuber 20ERkushima and Miyake
1982 LeCun et al. 1998and W. Zhang et al. 1991)Building blocks of a conventional CNN are; a
convoltional layer, a poolingayer, a droput layer, a fully connectethyer, and a loss layer. A generic
arrangement of the layers is discussethimGoodfellow, Bengio, and Courvill20173 and Albelwi and
Mahmood(2017)

Imagine a CNN withM layers, the output stateectorof thed  layer is denoted b)*:D, where

mi {L2.M}and, | represents the input data. The infayeris then connected to @nvolutional layer. In

the convolutional layer, a 1D, 2D or 3D convolution is performed with kernelsor the sake of
understanding, a 2D convolution is explaineere. The matrixfj encodes the weights of the links
connecting thefirst convolutional layer to the input layer. vectorb; which denotes dias termis also
added. Subsequently, a nlmear pointwise activation operati@g.) is performed. Finally, poolinglayer

is used which helps in selection of dominédtures. The convolution plus poolimgthe & layer is

represented irquation(2).
O™ = pool(g(O™" AN,, #,)) 2

Where, A indicates convolution operation amdol denotes a spatial aggregation, as defined in

Boureau et al(2010) Several convolutional and pooling layers can be stacked to form a hierarchical



feature extradbn architecture. The resultant features are then combined to formdinoeaesional feature
vectorto be taken as inpudy thefully connectedayer. Thefully connectedayer acts as a typical multi
perceptron layer. The last layer is usuallinaar (for regression scenarios) ssftmax(for classification
scenarig) layer, with the number of neurons matching the number of owpuéables orclasseglesired
This layer also specifies how training penalizes the deviation between the predicted aableisiarid is
normally the final layer.

The weights{w,,w,,.w,}and the biasegh,b,..h,} of the CNNcompose the model parameters, which

are iteratively and jointly optimized via overall accuracy maximization over the tragehdsimilar
networks can be realizéddr 1D or 3D CNNs accordingly-However, he architecturgof 1D, 2D, and 3D

CNNs for remote sensindata processing aes follows.

1 For 1D CNNs, theemote sensindatainput is a vectofusuallya vector ofspectrafeatures.
W,, is amatrixand b, is vector In general 1D CNNs are used as feature extractoremote

sensingdatg especially hyperspectrdhta processing
1 For 2D CNNs, the convolution is performedtbe two spatial dimensions (e.g. images). The

input may contain extra dimensions (such as spectral information), but these are not used in the
convolution. W, is a3D matrixand b, is vector It is importantto note that in 2D CNNs, local

convolutions are only performed in the spatial dimensions and not in the spectral dinsion.
CNNs areusedasspatialfeature extractorand classifiers

1 In 3D CNNs, convolutions are performed in the spatial dimensionthartdmporal dimension
simultaneously. However, in the absence of temporal information and presence of high spectral

information, spectral dimension replaces the temporal dimension and local spectral convolutions
are possibleW,, is a4D matrix andb,, is vector Therefore 3D CNNs are used apatial

temporal or spatial spectrfature extractors and classifiangemote sensindata processing

The hyper parameters to be set during the CNN architectisigrdincludethe numbeiland shape
of convolutionfilters to be used irthe convolutionallayer, stride and dilation valuegnd the pooling
window shapeRegularization methods, preventing the CNN from overfitting, are also Asszhg many,
Dropout is themostpopular regularization methd&rivastava et al. 2014Propout is a tehnique where
randomly selected neurons are ignored during training. This means that their contribution to the activatior

of downstream neurons is temporally removed on the forward pass and any weight updates are not applie



to the neuron on the backwarégs. Other methods include Drop Connect, stochastic pooliny, ea
stopping, and weight decay.

The currentstudy utilizes and investigates the ability of 1D, 2D, and 3D CNNRrad cover
classifiers orPoISARMS data.Also, thecurrentstudy proposes nefiameworks based on these CNNs.

3. Experiment Setup

3.1. Study area

Two areas are considered for the analysis, the development and the testing of the proposed methodoloc
The first study area includes Roorkee city at the foothills of the great Himalayas oftimermandia and

its neighbouring region. The area extends from 29.951 degrees North and 77.865 degrees East to 29.8!
degrees North and 78.068 degrees East. The area covers about’361akmiscape. Another study area
includes Haridwar city of the ndrern India and neighbouring region. The area extends from 29.973
degrees North and 77.995 degrees East to 29.823 degrees North and 78.168 degrees East. The area co
about 270 krhof landscape. Both study areas have mixed class type landscape, wienkfisiél for the

evaluation of classifiers performance in mixed class scenarios.

3.2.Dataset

Multisensor datases used in the studi.e. multispectral anéPolSAR data acquired over the study areas.
Multispectral data used the LandsaB multispectral datacquired on March 17, 201BolSARdata used

is the ALOS PALSAR2 L band fully polarimetric single look compléISAR data acquired on March
13, 2015.

Preprocessing is required with bathe multispectral andhe PoISAR raw data.The landsaB
multispectal data suffes from atmospheric perturbations where¢hs PoISAR data suffes from speckle
noise. Preprocessing is done separatelthemultispectral andhe PolSAR data. PALSAR2 single look
complex PolSAR data is calibrated, multilooked, speckle filtered, and terrain corrected to obtain
backscattering (sigma naught) coefficients in a procedure simil& Rktishra, Singh, and Yamaguchi

(2011) Gamma MAP polarimetric speckle filter with a window size 3® 3 is usedfor speckle filteriry
similar toPooja Mishra, Garg, and Singh017) Four features nameltH, HV, VH, andVV are obtained.
Since,HV and VH are similar due to the reciprocity theorem, okli, HV, andVV are used furtherA
false colour composite using the selected features is displayégure 2@) for visualization purpose.

Derived PolSAR features are also used in this study. Polarization signatures (PSs) are computed from the
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single look complexPolSAR data withprocedure similar t&hartiyal et al(2017) Further, polarization
signatures correlation features (PSCFs) are computed from the PSs using procedure similar to as explain
in Phartiyal, Kumar, and Singh(2020) PSCFs prode the degree of -correlation between
canonical/standard target PSs and observed/pixel PSs. Based on the and¥wastigdl, Kumar, and

Singh (2020) four PSCFs nameliicorr_co_DD, ficorr_co_FR, ficorr_co_HDO, and ficorr_co_VDD are

used as derive®olISAR features in the current study. Overall, three baldid,(HV, andVV) and four
derived €orr_co_Di corr_co_FP corr_co_HD, andcorr_co_ VD PolSARfeatures are used ithe current
study.Landsat 8 operational land imager (OLI) multispectral data is atreasphy corrected first. Out of

the 11 bands, 6 bands namefjue, green, red, near infrared, short wave infrared 1, ahdrt wave
infrared 2 are selected for the study. These selected bands are pan sharpened as exphiilespia)

Kahle, and Walke¢1987)and then resampled to the PALS&RRPolSARdata spatial resolution of 6 meters
using the Abicubic s gRapun €&boshj antd &umaro20ldXk falsencoloore t h o
composite using the selected multispectral bands is dispiay@dure 2p) for visualization purposéhe

spatial resolutions of the PoISAR and MS datasets are used judiciously via CNNs later in the study toward:
improvement of the land cover classificatibhe resampled, prgrocessed multispectral bands #ren
co-registeredwith the selectedpre-processedolSAR featuresand theco-registeredl3 bands (six from
Landsat8 and seven fronPALSAR-2 datg aretermed as PolSARIS datafurther in the studyand are

used as input data for further analysis and stilithg flovchart shown in Figure 8epictsthe experiment

setup

3.3.Ground Truth

Five land coveclasses are considered namely bare soil (BS), tall vegetation (TV), short vegetation (SV),
urban, and water. Ground truth class data points are measured directly on the terrain based on visu
inspection. Approximately 1200 data points are collected ébh the study areas. Details of the ground
truth collected for both study areas are showhahlel.

The experiment setup i.e. the study areas, the datasets, or the ground truth data points, is used for,
first, a critical analysis of the performancecohventional CNN frameworks and, second, the development

of novel CNN classification frameworks for land cover classification.



Figure2 Datasets for Roorkee study ares: False colour composite of ALOS PALSARPOISAR déa

and, p). False colour composite of Langatnultispectral data

Fully
Ground Truth polarimetric
SAR data

|

R R “-vl' Preprocessing )
1

- :
"'l Polarization Backscattering 1
: Signature coefficients (HH, L
, | computation HV, and VV) :
S P I |

Stacked RS data with 13 features; 3 basic SAR features
namely HH, HV, and VV, 4 derived SAR features and 6
resampled multispectral features

v

—» 1D, 2D, 3D, Perm-LS, and Perm-LSS CNN architectures

| Classified image |

Figure3 Flowchart of the CNNs baséaind coverclassification methodologyith POISARMS data

Tablel Summary of the ground truth collected for stuB$ = Bare Soil, TV = Tall Vegetation, SV =
Short Vegetation. All points are acquired directly on the field by visual ingpeatiselected GPS

coordinates.

Land Cover — —— Roorl_<ee — — Haridvyar

Training andvalidation Testing Training and validatior Testing
BS 200 40 200 40
TV 200 40 200 40
SV 200 40 200 40
Urban 200 40 200 40
Water 200 40 200 40
Total 1000 200 1000 200
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4. 1D, 2D, and 3D CNNs fol_and Cover Classification with POISAR-MS Data

4.1.0Onedimensional CNNs for PoISARMS data.

One dimensionabr 1D CNNs have been successfullyedwith unimodalremote sensindata in the recent
years.Chen et al(2014)usedstacked auto encoders fdassificationwith hyperspectratemote sensing
data.They alsousedPCA for hyperspectrafeature reduction before classificatiaa the number of input
features is very high (say 176 for KSC datasAt)range i.e. from 4 to 8 principle components are
considered as features during classificatiBnlSARMS data used in the present study onlyehd3
spectral bands and do not require feature reduchonet al.(2015) useddifferent 1D CNN for two
popular hyperspectraémote sensingata (the Salimas V& and the Indian Pines datgsdassification.
Mei et al.(2016)alsoused1D CNN for hyperspectratemote sensindata classificationAll thesestudies
reportthat 1D CNNsare good feature extractors foyperspectral remote sensing ddost of these
studies used some form of feature reduction technique before feeding data to the 1D CNN in order tc
reduce the computational complexity of the modéle reduced number of bands are on the same order as
the number of bands present in P@SARMS data considered in this study, which justifiee direct use
of 1D CNNs forPolSARMS remote sensing data

Two variants of 1DCNNs are considered here. In the first 1D CNN modael1D-CNN-v], the
kernel size ofhefilter in thefirst convolutional lagri.e. C1layeris equal to the spectral depthRdISAR
MS data i.e. 130ne dimensionaspectralconvolution is shown irFigure 4(b). In the second 1D CNN
mode] i.e.1D-CNNv2, the kernel sizeés less than the spectral deptiRaiISARMS data.One dimensional
local spectral convolution is visualizedkigure4(c). Models similar talD-CNN-v2 has been successfully
tested with hyperspectral dafidu et al. 2015and Chen et al. 2016)The present study focuses on the
analysis of the performance of 1D CNNs; bdB*CNNv1and1D-CNNv2 with PoOISARMS data.

The selected hypgrarameter settings are listed in TabléApart from kernel size, the rest of the
parameters are similar for both modétectified linear unibr ReLU and Softmaxactivation functions are
used in the intermediate and output layers respectively. A dropout strategy is considered for regularizatiol
and dropout fraction values of 0.2 f6d and 0.1 forC2 and FC layer are set. Pooling is not considered
because it hinders the full usability of the spectral variation. The loss function used in both models is the
categorical cross entropfunction. It optimizes the classification accuracy based on probabilities of each

class during classification. The learnirage and the number of epodire set to 0.01 and 200 respectively.
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Figure4 (a). Data cuboid with M by N pixels andtnds. f). Convolution withp  p 0 convolutional

filter wherep p represents to the spatial extent and P represents total number of bands in the data. Each
filter convolves with all the bands as all times. This strategy is employed in 1D CNNs durpiggber
classification of remote sensing dat). Convolution withp p o convolutional filters wherep p

represents the spatial extent and 3 represents the number of adjacent bands to be convolved simultaneous
One filter can convolve with three adjat&ands only. For example, a first filter (in yellow) convolves

with bands 1, 2, and 3 whereas a second filter (in blue) convolves with bands 4, 5, and 6. This strategy is
also employed in 1D CNN£hen et al. 2016)d). Convolution withp p o convolutional filters where

p prepresents to the spatial extent and@esents number of arbitrarily selected bands to be involved.

For example, first filter (in yellow) convolves with bands 1, 3, and 7 whereas second filter (in blue)
convolves with bands 2, 5, and 6. This strategy is employed in the proposet &N framework

Table2 1D-CNN-v1, 1D-CNN-v2, 2D CNNv1and3D-CNN- vl CNN model configuratios

hyperpaameterand trainingsettings

Layer
Model Input Convolutional Convolutional  Fully  connected Outputlayer
layer 1 (C1) layer 2 (C2) layer (FC)
1D-CNN-  Input data size = Filters = 20 Filters = 20
vl 1313 Kernel size =12 13 Kernel size =
Normalization = Activation = ReLU 1:1
Batch Dropout fraction = Activation = _
Normalization 0.2 RelLU Nodes ._16_ Labels =5
Pooling size =0  Dropout fraction Activation = ReLU Activation =
9 - _ b Dropout fraction = a
=0.1 Softmax
: 01
Pooling size =0
1D-CNN-  Input data size = Filters = 20 Filters = 20
v2 13 13 Kernel size =1 4 Kernel size =
Normalization = Activation = ReLU 13 4
Batch Dropout fraction = Activation =
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Normalization 0.2 RelLU
Pooling size =0  Dropout fraction

=0.1
Pooling size =0
2D-CNN-  Input data size = Filters = 20 Filters = 20
vl 33 3 313 Kernel size =33 3 Kernel size =
Normalization = Activation = ReLU 1:1
Batch Dropout fraction = Activation =
Normalization 0.2 RelLU
Pooling size =0  Dropout fraction
=0.1
Pooling size =0
3D-CNN-  Input data size = Filters = 20 Filters = 20
vl 33 3 313 Kernel size = Kernel size =
Normalization = 33334 131 34
Batch Activation = ReLU Activation =
Normalization Dropout fraction = RelLU
0.2 Dropout fraction

Poolingsize=0 =0.1
Pooling size =0
Training parameters Loss function = Categorical cross entropy
Learning rate = 0.01
Number of epochs = 200
Optimizer = AdamKingma and Ba 2015)
10 fold cross validation strategy is employed during training

4.2. Two Dimensional CNN folPolSARMS data.

The wse of spectral information without spatial information by 1D CNNs undermines the full potential of
remote sensingdata. Adding spatial information provides contettaid to the classifiergspecially CNNs
in the classification proces§wo dimensional or2D CNNs have also been successfuliged with
unimodalremote sensingata in the recent yearSharma et al(2017)usedpatch based 2D CNN model
for land coverclassificationwith multispectral dataThey opted ab v ( Landsat 8mage patch and a
o o 2D convolutional kernelGeng et al.(2015) used2D CNNs forland coverclassification with
PolSARdata. Many studiegMakantasis et al. 201¥ue et al. 2015Zhao et al. 201,5Zhao and Du 2016
and Yunsong Li, Xie, and Li 2017)used2D CNNsfor classificationwith hyperspectralemote sensing
data.The need for dimension reduction in these studies is already discussed in the previousTées#on
studies support the utilization of 2D CNNs wRISARMS dat for land coverclassification.Kussul et
al. (2017)used2D CNNs for crop type classification witholSAR and multispectral data. They used
Landsat8 multispectral and Sentin&lC-Band PolSAR data.Although Kussul et al.(2017) have studied
the POISARMS data potential for crop typdassification with 2D CNNsthe current study differs ofi:

first, usingPolSARMS on a single time stamp with a focus on spectral and spatial fedfus=sil et al.
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(2017) usd time seriesPolSARMS data with a focus on temporal and spectral featuresj astond,
Quad PdBAR data is considered in the presstudy in contrast to dual F®AR used inKussul et al.
(2017) The increased channels add complementary information which in turn add an indirect weighting of
the spatial features. Analysis of fully polarimetRolSAR with multispectral data for classification is
therefore beneficial.

A 2D CNN model namely2D-CNNwv1 is proposed here.2D-CNNv1 configuration and
hyperparameter settings considered are listdthbie2. The idea of a local spatial convolution is shown in
Figure5(b). The configuration for the intermediate and output layers and learning parameterssaraehe

as in section 4.1 and are summarized in Table 2.

4.3.Three Dimensional CNN foPolSARMS data.

The 2D-CNNv1 model discussed in section 4.2 is successful because of its spatial contextual awareness
The localized spatial convolutions provide local cotirég, which controls the impact of neighbouring
pixels on the pixel to classify. Parameter sharing between local filters also makes the learning faster an
less cumbersome, in contrast to fully connected neural networks. In remote sensing data applicatio
spectral information is as important, if not more, as spatial information. Local connectivity in spectral
dimension also provides the same benefits. Advantages of local spectral convolutions and local spatic
convolutions together can be exploited gsBD CNNs. The 3D CNNs have been successfully used with
hyperspectral (unimodal) remote sensing data in the recent y€drsn et al.(2016, H. Zhang et al.
(2017, andJ. Feng et al(2019)used 3D CNNs for spectral spatial information extracfar fusion and
classificationapplications

The proposed 3D CNN mod8D-CNNv1 architecture and hyperparameters considered are listed
in Table2. TheC1 layer of 2D-CNN-v1 in section 4.2 uses the complete spectral depth, i.e. 13 bands,
during convolutios wherea8D-CNN-v1 uses only a subset during convolutions. The idea of local spectral
and local spatial convolution is shown kigure 5(c). This provides an improvement in classification
accuracy and robustness compared to other 3D CNN m(@eén et al. 2016andJ. Feng et al. 2019)

Configuraton and learning parameters are the same as in section 4.1 and are summarized in Table 2.
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l Data Cell - Convolutional Filters

(b) {c) {d}

Figure5: (a). Data cuboid with M by N pixels and P bands. Convolution witho ¢ 0 convolutional

filler whereo o represents the spatial extent and P represents the total number of bands in Becdata.
filter convolves with all the bands. This strategy is employed in 2D CNNLénvolution withc ¢ o
convolutional filters where o represents to the sjatextent and 3 represents number of adjacent bands
to be convolved simultaneously. One filter can convolve with three adjacent bands only. For example, a
first filter (in yellow) convolves with bands 1, 2, and 3 whereas a second filter (in blue) cawatlie

bands 5, 6, and 7. This strategy is employed in 3D C{@Ken et al. 2016)(d). Convolution witho o

o convolutional filters where o represents the spatial extent and 3 represents the number of arbitrarily
selected bands to be involved. For example, a first filter (in yellow) convolves with bands 1, 2, and 4
whereas a second filter (in blue) convolves with bands 5, 7, and 10. Tteggisiemployed in the

proposed PershSS-CNN framework.

5. ProposedPermuted Local Spectral CNN (PermLSS-CNN) Permuted Local Spectral-Spatial
CNN (PermLSSCNN)

In 1D-CNN-Vv2, a local convolution is performed over the spectral dimension. The convolutesrside in

the spectral dimension i.e. 4 is less than the total number of input bands i.e. 13. This local spectra

convolution improves the classification performance as discus<elden et al(2016) Figure4(c) depicts

the pictorial representationf the local spectral convolution employedliB-CNN-v2. However, an issue

arises in the process of local spectral convolution with high dimensional remote sensing data such a

hyperspectral remote sensing data or multisensor sifai&ar to the POISARMS dataused in this study

While performing local spectral convolution, various combinations of spectral bands are not convoluted

together and therefore, unegtilizing the full potential of the spectral information present in the data. For

example, it isevident fromFigure4(c), that the second spectral band and the tenth spectral band cannot not
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get convoluted together usirdd-CNN-v2 and hence the use of spat information is limited. This issue
needs more attention whijgocessingnultisensor data ith CNNs. Similarly, for the POISARMS data
used in this studysome polarimetrichannels might not convolute together with some multispectral bands.
For example, out of the 13 bands, only 4 consecutive bands get convoluted together with a convolutions
kernel window of 4. Moreovetthe stackingof PoISAR and MS data in a common feature set induces
arbitrary ordering athirrelevant band neighbourhood relationshilglS neighbour bands may be related by
some wavelength ordering relation, but the boundaryvdet PoISAR and MS bands is irrelevant.
Therefore, using local filters in these conditish®uld be well generalized

To address the issue, the present study proposes an ensemble approach which attempts to improy
the utilization of spectrahformation. To present a proof of concept, this paper introduces a permuted local
spectral CNN model nameRermLSCNN which is based on th&D-CNN-v2 discussed in section 4.1.
PermLSCNN performs local spectral convolutions on permuted sets ofPHIEAR-MS data. The
permuted sets of thPolSARMS data provide increased combinationsRafiISARMS bands that are
missing from using only the origin®olSARMS band orderingThe idea of local spectral convolution
with permutedPolSARMS bands can be realiden Figure 4(d). The proposedPermLSCNN model
configurations are provided ihable3. A permutation layer before the first convolution layer is added to
obtain permuted sets of the originRloISARMS bands Although the optimal number of permuted sets
required for full utilization of the spectral information is not derived in this study, 20 permuted sets are
used as a proof of concept. Other configuration and hyperparameters are sihda€hN-v2 and are
listed in Table 3.

Further, based on th@ermLS-CNN, another novel classification framework for land cover
classification usingPolSARMS data is introduced here. This framework extends the idearatLS-CNN
to spatial context. The proposed permuted local spespedial CNN or thdPermLSSCNN utilizes the
spatial feature extraction capability of CNNs, along with the idea of permuted local spectral convolution
proposed hereThe added spatial context helps CNNs to extract more complex and abstract features, whict
furtherimprovesthe classificdion results. The idea of permuted speeg@dtial convolution is presented in
Figure5(d). The propose®ermLSSCNN model configurations are provided in Table 3. SimilaP&rm
LS CNN, 20 permuted sets are created inReemLSSCNNmodel. All hyperpeameters are set as f8b-
CNN-wvland are listed in Table 3.

The advantage and significance of the permuted local spepaial convolutions used erm
LSSCNN over the local spatial convolutions used2iD-CNN-v1 or local spectraspatial convolutns
used in isS3D-CNNv1 is evaluated based on a class separability measap®sed inCumming and Van
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Zyl (1989) The separability measure éemputed using equatiod)( Sl;is the measure of separability

between classandj. /Mand /M are mean values for clasandj respectively, and>; and S ; are standard

deviation for class andj respectively

m- |/
S|, = - (3)
s 5
Table3 PermLSCNNandPermLSSCNNmodel configuratiog hyperparameters and trainisettings
Layer
Model Input Permutation  Convolutional Convolutional Fully Output
layer (P1) layer 1 (C1) layer 2 (C2) connected layer
layer (FC)
PermLS  Inputimage Permuted sets Filters = 20 Filters = 20
CNN Size =13 13 =20 Kernel size = Kernel size =
Normalization Kernel size = 1: 4 13 4
= Batch 1313 Activation =  Activation =
Normalization Activation=  RelLU ReLU
Linear Dropout Dropout
fraction = 0.2 fraction=0.1 Nodes =16
Pooling size = Pooling size = Activation=  Labels =5
0 0 RelLU Activation
PermLSS Inputimage Permuted sets Filters = 20 Filters = 20 Dropout = Softmax
CNN size=33331z2 =20 Kernel size = Kernel size = fraction =0.1
Normalization Kernel size = 33334 131 24
= Batch 13 1 %13 Activation =  Activation =
Normalization Activation= RelLU RelLU
Linear Dropout Dropout

fraction = 0.2 fraction = 0.1
Pooling size = Pooling size =
0 0
Training Loss function = Categorical cross entropy
parameters Learning rate = 0.01
Number of epochs = 200
Optimizer = AdamKingma and Ba 2015)
10 fold cross viedation strategy is employed during training

In particular, 0.8 <Sl; < 1.5 indicates a godeature, Sl; > 2.0 indicates the best feature, anbj
< 0.8 indicates the worst feature, for separatiotheftwo classesi andj. Remote sensing studies have
usedthis measure for feature selection purpd¥es et al. 201 1Mishra, Garg, and 8gh 2017)

The class separabilitiege measuredn the ground truth class samptdsRoorkee areandat the
first convolutionallayeri.e. C1, of the2D-CNNv1, 3D-CNN-v1 and the proposeBermLSSCNN modek

for Roorkee PoISARMS data For each modednd class pajrithe highestSl valueachieved using equation
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3is givenin Table4. For example,n the BSwater class pair casthe highest Sl value of; 1.82 f@D-
CNN-vl, 1.99for 3D-CNN-v1, and 2.87 fothe PermLSSCNN are obtained.In other exam, in the tall
vegetati on (-sdhreorott ewde gaest abdtTiVon ( d e, the highadt Shvalue @fSIVAP ¢ |
for 2D-CNNv1, 1.56 for3D-CNN-v1, and 2.77 for th€ermLSSCNNare obtained.

Overall, it is observed frorable4 that thePermLSSCNN modeltransforms the input data space
to a feature space where the classes are more significantly separable than what is achipvEdi Ny 2
or 3D-CNNv1

The above experiment establishes the advantage of permuted local convolution ipedbieab

dimension with spatial context over the convolution strategies usHo-@NN-v1 or 3D-CNN-v1

Table4 separability index values faill the possible class pairs for ttB CNN-v1, 3D CNN-v1, and
PermLSSCNN filters.

HighestSeparability IndeXSl) value

Classpairs 2D CNNv1 3D-CNNv1 PermLSSCNN
BS vs Water 1.82 1.99 2.87
BS vs Urban 2.09 2.35 2.90
BSvs TV 2.98 3.82 3.75
BS vs SV 1.29 1.69 1.87
Water vsUrban 3.05 3.04 3.57
Water vsTV 2.59 3.75 4.38
Water vsSV 1.43 1.29 1.64
Urban vs TV 2.81 3.64 5.47
Urban vs SV 1.70 2.10 2.27
TV vs SV 1.47 1.56 1.77

6. Results andDiscussiors

The modelslD-CNNv1, 1DCNNv2, 2D-CNNv1, 3DCNNv1, PermLS-CNN, and PermLSSCNN are

trained and cross validated on ground truth class data points providedleil. The training parameters

for 1D-CNN-v2, 2D-CNN-v1, and 3D-CNN-v1 are provided in Table 2, and the training parameters for
PermLSCNN, and PermLSSCNN are provided in @ble 3Classification resultsvith these modelsire

shown inFigure6 andTable5 for the Roorke®olSARMS dataset and inFigure7 andTable6 for the
HaridwarPolSARMS data setFigure6(a) andFigure7(a) show Google Earth images for the Roorkee and

the Haridwarstudy areasespectively for reference purpaséleydari and Mountraki$2019) reports a
detailed comparison of deep neural networks with SVMs for lamdradassification with remote sensing

data. They deplore the lack of case studies where a quantitative and qualitative comparison of deep neur
networks with SVMs with multi or high spectral remote sensing data. Therefore, tw@CNN

classification metbdsnamely radial basis kernslpport vector machin&RBFSVM), and random forest
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(RF) are also consideretlere for comparisanThe RBFSVM method parameters settings are; (a).
Regularization parameter is set to 12.7 and, (b). Kernel influence parameter is set to 0.056568. The rando
forestmethodparameters settings are; (a). The number of features to consider when looking for the best
split is seto 4, and, (b). The number of trees in the forest is set to 41.

From Table 5 and Table 6, it is evident that the propd2ednLSSCNN provides the best
performance for both the datasets with afdl@ cross validation overall accuracy of 97.8 and quadrat
kappa of 0.972 for the Roorkee data set, overall accuracy of 97.9 and quadratic kappa of 0.974 for th
Haridwar data set. Individual clagsecision (a.k.a. uspandrecall (a.k.aproducer) accuracies are also
provided in Tables 5 and 6 for the Roarkand the Haridwar data sets. The difference betvileen
precision andherecall averaged over all land cover claggesned as AD in table 5 and 6) is computed to
evaluate the generalization ability aodnsistency of thenethods AD is minimum withPerm-LSSCNN
for Roorkee data and second minimum for the Haridwar data. It is also observed thtitheonsistent
for both data sets, i.e. around 3 whereasAbefor othermethodsvaries significantlywith the twodata
sets. This indicates the good gealization ability of thePermLSSCNN. Further, Table 5 and Tableafiso
show that even if the overall accuracy of the propd2echLSSCNN is best, the other classifiers have
showncomparableverall accuracies as well.

A detailed analysis of the classification performance of alhkéhodsconsidered here is however
required to support these tabular results. A visual analysis of the classified imag@DfONN-v1, 3D
CNNv1, PermLSSCNN, RF, andRBFSVMis thus perfoned.Fi ve &ér e gi areasare $elegtedt e r
for visual inspection from the Roorkee study arBae selected areas are marked as A, B, C, D, and E in
Figure6(a). They contain the points that are taken as ground tTable 7 shows the classificatioesults
ontheseselected areasbtained fronthe considered fivanethods

In Table7, Figure(a) show a river and mamade riverbed markers. Figure(b), (c), (d), (e) and
(f), the mammade riverbed structures are correctly classified by each method. Buguire (b), and €),
water flow in the river is not consistent which is undesirable, where&ggume (d), (e) and ), water flow
is consistent. Figureg] shows an aggulture field with a building located in the upper right corner. In
Figure(h), and {), the building is classified as SV IRF andRBFSVM whereas it is correctly classified
as urban bD-CNNv1, 3DCNN-v], and thePermLSSCNNIn Figure(j), (k) and (). Figure (m) shows a
dried up river, a canal, and a bridge over the canal. The river is partially classified as Short Vegetation ir
Figure (n), and 0) whereas, it is correctly classified as Bare SoiFigure (p), (q) and ¢). The bridge is
well off the ground and oriented perpendicular to the orbit of the SAR sensor, hence exhibits double
bounce scattering (only from one side). It is consistently classified as a urban struEigreefp) and ().

The same is wrongly classified Fgure(n), (0) ard (g). Observing the above two examples suggest that
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RF and RBFSVM methods are unable to capture subtle changes in land covers. 3BISONN-v1
classified the bridge as Bare Soil, missing the double bounce nature inheritesl PolSARfeatures.
Figure(s) show a peculiar TV pattern within a golf ground. The structural and spectral identity are better
preserved byermLSSCNN (seeFigure (x)) as compared to other classifiers.Higure(t), and (1), most

of the ground areas (Bare Soil or Short Vegetation) is wrongly classified as wdtgguta (v), the golf
ground is approximately well classified, although the shape is a partially deteriorated. PHighrews a

tree line. Again, the structurahd spectral identity is most significantly preservedPleymLSSCNN as
shown in inFigure(dl)).

Overall observation ofable5, 6, and7 suggest that the proposBeérmLSSCNN method yields
better classification performance both in terms of clasgifio accuracy and generalization ability by
capturing the structural and spectral identity of land coveisalso observed thatassification accuracies
alone cannot be used as reliable indicator comparing classification methods becausghefoverfitting
nature of supervised classification methoésr exampleRF and RBFSVM provides good classification
accuracies (sekable5 andTable6) but lacks generalization performance (§able7). The generalization
accuracy on welknown ground trutlis the real test. The reason for the inferior generalization ability of the
2D-CNN-v1 is that the 2D convolutional filter is convolving with all the spectral feattogsther which
reduces the possibility for generation of local spectrally significzatufes (seEigure5(b). The proposed
PermLSSCNN generates such combinations of spectral and spatial properties and hence shows improve
generalization performance.

In summary, the analysis of the resultsTiable 5, 6, and 7 indicate the improved clfisation
performance of the proposedermLSSCNN over other methods considered for comparison. The
discussion also indicates an increase in the generalization ability ¢fettmneLSSCNN because of the
ensemble learning scenario.

Further,training curvesand training time of the CNN based methods used here are provided in
appendix section of the papdrable 8 provides summary difie trainingtime taken by the considered
classifiersfor the Roorkee datase€lable 8 indicates that the propogeermLSSCNN classifier takes the
longesttraining time. It is because theermLSSCNN is trained with 20 ensembles of permuted spectral
features. In fact, training tHeermLSSCNNwith 20 permuted sets of input spectral features increased the
execution time 3 to folds. Moreover, he training time is not very crucial in the land cover classification
application.Figure 8 provides the training curves foD-CNN-v2, 2D-CNNv1, 3DCNNv1, and Perm
LSSCNN. The convergence of the validation curvethe PermLSSCNN in Figure 8(¢l) indicates to the
better generalization performance of the method.
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Conclusion

This paperpreseng a critical analysis of the potential and performance of the one dimensional, two
dimensional, and three dimensional convolutional neural nksyarhere dimensionality refers to that of

the convolved features: spectral, spatial or botlese CNNsare appliedo land cover classification with
multisensor PoISAR plus multispectral) remote sensing data. Two novel CNN based models are
introduced, vinere local filters in either spectrahly (PermLS-CNN) or spatialspectral domaingPerm
LSSCNN) are appliedafter a permutation layer. The permutatiager generates an ensemble of band
combinations, which are drawn upon by the CNN in order to gene@terful features for land cover
classification.The resuls demonstratehe improved generalization ability of these models compared to
both alternative CNN architectures and other machine learning models (SVM and random feests).
LSSCNNalso fully uses botlPolSARand multispectral information, improving results compared to other
popular methods foPoISARMS data based land cover classification. A separability measure is used for
the model significance evaluation. Separability analysis states thaetheL SSCNN transforms the input

data space into a feature space where separability among classeg#crbasincrease in separability is
achieved due to the inclusion of permuted local spectral convoluticaddition tothe local spatial
convolution which is not available in the AENN-v1, 2D-CNN-v1, or 3DCNN-v1l CNN models. A fine
analysis on grounduth data provides an extra qualitative assessment which complements the quantitative
classification results. These demonstrate that the propgeesdLSSCNN model is able to generalize

much better while keeping high classification accuracies.

Acknowledgement

Authors would like to thank Department of Science and technology (DST), India, IFCAM-Aratiae), and
il nstitut national de r ec her (INRIA), Feance fompfovdingthetfunds.uAathost e
would also like to thank JAXA, Japan for providing ALOS PALSAR 2 micronBetSAR data for the research.
Authors are thankful to RICEMT Roorkee, Imlia for supporting the research

Disclosure Statement

No potential conflict of intexst was reported by tlaeithors.

21



@) ' O ()

) Water Urban 77‘

Figure6 (a) Google Earth image of the Roorkee study aredia. Classified images are shown for different
classifiers: ) 1D-CNN-v1, (c) 1D-CNN-v2, (d) PermLS-CNN, (e) 2D-CNN-v1, (f) 3D-CNN-v1, (9)
PermLSS-CNN, (h) RBFSVM and, () RF.

Table5 Classificationperformance of various assifiers considered f®®0ISARMS Roorkeedatagt. *AD

is the difference between precision and recall, averaged over all the land cover classes considered.

Overall Quadratic Precision (%) Recall (%)
Method Accuracy Kaopa (a.k.a. user accuracy) (a.k.a producer accuracy) AD* (%)
(%) PP BS TV SV Urban Water BS TV SV Urban Water
1D-CNNv1 95 0.938 945 100 85.2 100 975 934 924 97 975 96.3 4.9
1D-CNNv2 95.2 0.939 96.4 100 84.5 100 971 93 91.8 96.6 98.1 984 5.3
porLS 95.7 0.946 97 100 865 100 97.1 944 921 942 981 98.4 4.3
2D-CNNv1 95.3 0.941 96.4 100 83.9 100 98.4 941 92.7 98 96.9 96.3 5.8
3D-CNNv1 96.3 0.933 98.8 100 845 100 99.6 956 91 100 98.7 98.4 6.1
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Eﬁm"-ss 97.8 0972 99.7 99.6 91.1 100 99.3 943 983 99.6 987 99 3.3

RBRSVM 94.6 093 946 99.3 90.2 96.2 94 926 94 935 98 967 3.2

RF 91.7 0932 86.8 96.8 882 968 93.1 921 971 65 886 906 7.9
BS RWEUEIgNY)

Figure7 (a) Google Earth image of the Haridwar study area, India. Classified images are shown for
different classifiers(b) 1D-CNN-v1, () 1D-CNN-v2, (d) PermLS-CNN, (e) 2D-CNN-v1, (f) 3D-CNN-
vl, (@) PermLSS-CNN, (h) RBFSVM and, {) RF.
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Table6 Classificationperformance of various classifiers consideredPoliSARMS Haridwardataset.

*AD is the difference between precision and recall, averagedall the land cover classes considered.

Overall Quadratic Precision (%) Recall (%)

Method Accuracy Kappa (a.k.a. user accuracy) (a.k.a producer accuracy) AD* (%)
(%) PPa "B TV SV Urban Water BS TV SV Urban Water
1D-CNN-v1 94.1 0.925 100 100 70.2 96.6 99.3 97.1 87.1 98.9 95 99.3 9.2
1D-CNN-v2 95 0.937 100 100 73.2 99.1 993 99.2 87.8 100 959 99.3 8.6
Eﬂg"‘s 96.1 0.95 100 100 77.8 100 100 100 89.2 100 97,5 100 7.1
2D-CNNwv1 94.7 0.933 100 100 70.9 99.6 100 97.8 89.2 100 929 99.3 9.9
3D-CNN-v1 96.5 0.955 100 100 80.1  99.1 100 98.5 90.3 99 100 100 6.2
PSS 97.9 0.974 100 100 893 991 100 992 96 991 967 100 3.4
RBFSVM 96.1 0.95 985 100 86.2 958 97.2 97.8 927 957 96.6 100 4.3
RF 94.4 0.928 97 986 86.2 91.6 951 97.7 959 849 91.6 100 1.9
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Table7 Results from different classification techniques applied on the Roorkee data set. The areas include data points gptecie drath.

Google Earth

Areas :
image

RF RBFSVM 2D-CNNv1 3D-CNN-v1 PermLSSCNN

P Tu™
E

A

(29.944039,
77.939183)

B

(29.930272,
77.964298)

C

(29.934405,
78.004034)

D

(29.857237,
77.905425)

E

(29.846738,
78.020642)

) @ (@)
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Appendix

Performance of Classification Methods: Single Sensor vs Multi Sensor

The performance of various classifiers is evaluated with single sensor and multisensor datasets to indica
to the impact of multisensor data on land cover classification results. Table 8 provides the classification
performance oL D-CNNv2, 2D-CNNv1, 3DCNNv1, andPermLSSCNN classifierwith datasets namely
PoISAR (PALSAR2) only, multispectral (Lands#&) only, and PolSARMS combinedtable 8 indicates

that the validation performance of tRermLSSCNN classifier is similar to other classifiers evérthe

training performance is higher. This corresponds to the overfitting natuRerakiLSSCNN with low

di mensi onal data due to the fAspectral ensembl e
of the data increasefiss,petche afidesaapsembbhenitm@d nangd
validation performance of theem-LSSCNN. Further, the generalization performance of BemLSS

CNNis also improved.

Table8 Summary of classification performanaed traning timeof the1D-CNN-v2, 2D CNNv1, 3D
CNNv1,andPermLSSCNNCclassifier with single sensor (PALSARor LandsaB) and multisensor
(PALSAR-2 and Landsa8) datasets.

Data Model Training Accuracy (%) Validation Accuracy (%) Training time (s)
1D-CNNv2 78 74 36.68
2D-CNNv1 86 80 38.60
PALSAR-2 only 3D-CNNv1 87 82 41.61
PermLSSCNN 91 82 160.27
RBF SVM 75 69 10.50
RF 77 71 15.27
1D-CNNv2 90 76 34.09
2D-CNNv1 91 81 35.39
Landsat8 only 3D-CNNv1 93 82 38.81
PermLSSCNN 96 86 149.11
RBF SVM 92 85 10.56
RF 88 82 15.32
1D-CNNwv2 95 87 44.89
PAL SAR-2 plus 2D-CNNv1 96 87 40.80
Landsat-8 3D-CNNv1 96.3 90 51.40
PermLSSCNN 98 97 165.2
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Training Curvesfor CNN models

Figure 8 shows the training and validation curves for different methods
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Figure8 Training curves of models for Roorkee PolSMS (PALSAR-2 plus Landsa8) data:(a). 1D-
CNN-v2, (b). 2D-CNN_v1,(c). 3D-CNN_viland (d) The PerrsLSS-.CNN model. The blueolourcurveis

the training curve and the orang@ourcurve is the validation curve.
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