@ Journal of Agricultural Machinery D
Homepage: https://jame.um.ac.ir

e A

Research Article
Vol. 13, No. 4, 2023, p. 493-508

Fusion of Multispectral and Radar Images to Enhance Classification Accuracy
and Estimate the Area under Various Crops Cultivation

M. Saadikhanit, M. M. Maharlooei®?", M. A. Rostami®, M. Edalat*

1- MSc Student in Biosystems Mechanical Engineering, Department of Biosystems Engineering, Shahid Bahonar
University of Kerman, Kerman, Iran

2- Associate Professor, Department of Biosystems Engineering, Shahid Bahonar University of Kerman, Kerman, Iran

3- Assistant Professor, Agricultural Engineering Research Department, Fars Agricultural and Resource Research and
Education Center, AREEO, Shiraz, Iran

4- Associate Professor, Department of Agronomy and Plant Breeding, Shiraz University, Shiraz, Iran

(*- Corresponding Author Email: maharlooei@uk.ac.ir)

How to cite this article:

Saadikhani, M., Maharlooei, M. M., Rostami, M. A., & Edalat, M. (2023). Fusion of
Multispectral and Radar Images to Enhance Classification Accuracy and Estimate the
Area under Various Crops Cultivation. Journal of Agricultural Machinery, 13(4), 493-
508. (in Persian with English abstract). https://doi.org/10.22067/jam.2022.78446.1123

Received: 25 August 2022
Revised: 26 October 2022
Accepted: 08 November 2022
Available Online: 21 November 2022

Introduction

Remote sensing is defined as data acquisition about an object or a phenomenon related to a geographic
location without physical. The use of remote sensing data is expanding rapidly. Researchers have always been
interested in accurately classifying land coverage phenomena using multispectral images. One of the factors that
reduces the accuracy of the classification map is the existence of uneven surfaces and high-altitude areas. The
presence of high-altitude points makes it difficult for the sensors to obtain accurate reflection information from
the surface of the phenomena. Radar imagery used with the digital elevation model (DEM) is effective for
identifying and determining altitude phenomena. Image fusion is a technique that uses two sensors with
completely different specifications and takes advantage of both of the sensors' capabilities. In this study, the
feasibility of employing the fusion technique to improve the overall accuracy of classifying land coverage
phenomena using time series NDVI images of Sentinel 2 satellite imagery and PALSAR radar imagery of ALOS
satellite was investigated. Additionally, the results of predicted and measured areas of fields under cultivation of
wheat, barley, and canola were studied.
Materials and Methods

Thirteen Sentinel-2 multispectral satellite images with 10-meter spatial resolution from the Bajgah region in
Fars province, Iran from Nov 2018 to June 2019 were downloaded at the Level-1C processing level to classify
the cultivated lands and other phenomena. Ground truth data were collected through several field visits using
handheld GPS to pinpoint different phenomena in the region of study. The seven classes of distinguished land
coverage and phenomena include (1) Wheat, (2) Barley, (3) Canola, (4) Tree, (5) Residential regions, (6) Soil,
and (7) others. After the preprocessing operations such as radiometric and atmospheric corrections using
predefined built-in algorithms recommended by other researchers in ENVI 5.3, and cropping the region of
interest (ROI) from the original image, the Normalized Difference Vegetation Index (NDVI) was calculated for
each image. The DEM was obtained from the PALSAR sensor radar image with the 12.5-meter spatial resolution
of the ALOS satellite. After preprocessing and cropping the ROI, a binary mask of radar images was created
using threshold values of altitudes between 1764 and 1799 meters above the sea level in ENVI 5.3. The NDVI
time series was then composed of all 13 images and integrated with radar images using the pixel-level
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integration method. The purpose of this process was to remove the high-altitude points in the study area that
would reduce the accuracy of the classification map. The image fusion process was also performed using ENVI
5.3. The support Vector Machine (SVM) classification method was employed to train the classifier for both
fused and unfused images as suggested by other researchers.

To evaluate the effectiveness of image fusion, Commission and Omission errors, and the Overall accuracy
were calculated using a Confusion matrix. To study the accuracy of the estimated area under cultivation of main
crops in the region versus the actual measured values of the area, regression equation and percentage of
difference were calculated.

Results and Discussion

Visual inspection of classified output maps shows the difference between the fused and unfused images in
classifying similar classes such as buildings and structures versus regions covered with bare soil and lands under
cultivation versus natural vegetation in high altitude points. Statistical metrics verified these visual evaluations.
The SVM algorithm in fusion mode resulted in 98.06% accuracy and 0.97 kappa coefficient, 7.5% higher
accuracy than the unfused images.

As stated earlier, the similarities between the soil class (stones and rocks in the mountains) and manmade
buildings and infrastructures increase omission error and misclassification in unfused image classification. The
same misclassification occurred for the visually similar croplands and shallow vegetation at high altitude points.
These results were consistence with previous literature that reported the same misclassification in analogous
classes. The predicted area under cultivation of wheat and barley were overestimated by 3 and 1.5 percent,
respectively. However, for canola, the area was underestimated by 3.5 percent.

Conclusion

The main focus of this study was employing the image fusion technique and improving the classification
accuracy of satellite imagery. Integration of PALSAR sensor data from ALOS radar satellite with multi-spectral
imagery of Sentinel 2 satellite enhanced the classification accuracy of output maps by eliminating the high-
altitude points and biases due to rocks and natural vegetation at hills and mountains. Statistical metrics such as
the overall accuracy, Kappa coefficient, and commission and omission errors confirmed the visual findings of
the fused vs. unfused classification maps.

Keywords: Confusion Matrix, Normalized Difference Vegetation Index (NDVI), Radar Image, Sentinel 2
satellite, Support Vector Machine
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6- Binary

7- One-against-all

8- One-against-one

9- Fine agent

10- Surface of the Pyramid
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1- Quick Atmospheric Correction

2- Radiometric Calibration

3- Radiation

4- FLAASH Atmospheric Correction
5- Reflection
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Fig.4. Original Sentiel 2 satellite imagery and the cropped region
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Fig.5. Original and cropped DEM of radar satellite
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Fig.6. NDVI Time series dataset cube
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Fig.7. Procedure for preparing the mask layer from radar imagery and fusing it with the Sentinel 2 satellite imagery
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Table 2- Specifications of ground truth annotation for supervised classification

D LIEY oW ob oW oy Ldiged dlas
Class code  Class Name Class Description Number of Samples
1 Wheat Irrigated and rain-fed wheat fields 130
2 Barley Barley fields 80
3 Canola Canola fields 120
4 Soil Bare soil, uncultivated fields 110
5 Tree Orchards and green belts 50
6 Residential ~ Niyayesh and Sadra towns, administrative offices 50
7 Others Alfalfa and other minor crop fields 80
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1- Confusion matrix
2- Overall accuracy
3- Kappa coefficient
4- Omission Error

5- Commission Error
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Fig.8. Comparison between output classified maps and the effect of image fusion. Left: output map of Sentinel 2, Right:
output map of Sentinel2+ALOS
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Table 3- Confusion matrix for classification of unfused image of Sentinel 2 satellite

Referenced
1) awsled clas _ . . .
(C)ommissLison Ere 2l P adp Sk e s = w8
Total Others Wheat Tree Soil Residential Canola Barley Class
Error(%)
0 78 0 0 0 0 0 0 78 7
Barley
0 118 0 0 0 0 0 118 0 bl
Canola
0 47 0 0 0 o0 47 0 0 s
Residential
0.92 108 0 0 0 107 1 0 0 JL:;
Soil
10.71 56 0 1 50 3 0 0 2 e ) .
Tree L XV XWETAS
227 132 1 129 0 0 0 2 0 P Classified
Wheat
olw
2.47 81 79 0 0 0 2 0 0
Others
620 80 130 50 110 50 120 80 Eyoze
Total
XWX L;Uai
125 077 0 273 6 167 250 (%)
Omission Error
(%)
LS () &5 <8
0.97 T 98.06 Overall

Kappa coefficient

Accuracy (%)




Q20 oygl g gaisaiin <o Sl jslieas (5,100 9 Srbuiz yglad pleol (ol 5o 5 (Sl arw

By 5 e o5lgnle yglas plesl lly )3 lss s & by (Sadl o le —E Jgo
Table 4- Confusion matrix for classification of Fused images of Sentinel 2 and radar satellites

D5 o
Referenced
) asleS (olas . . . oS
Co(m)missiorf Error Eoee . PS5 eep B < s > o
%) Total Others Wheat Tree Soil Residential Canola Barley Class
0 71 0 0 0 o0 0 0 71 >
Barley
‘.
0 94 0 0 0 0 0 94 0 #
Canola
0 45 0 0 0 0 45 0 0 S
Residential
Sk
4.67 107 0 0 0 102 5 0 0 .
Soil
26.47 68 0 10 5 0 0 8 0 e —
Tree L XV XWETAS
4 1250 1 120 0 4 0 0 0 ¢ Classified
Wheat
L
28.18 110 79 0 0 4 0 18 9 z
Others
620 80 130 50 110 50 120 80 Eyoe
Total
slicdis olbs
125 769 0 727 10 2167 11.25 )
Omission
Error (%)
L (7) 5 e
0.89 Kabon o0 ]’: - 90.48 Overall
appa coefficien Accuracy (%)
by gl iagh (S n @ls anlie -0 Joao
Table 5- An overview of related literature
& el avds P! (o) Oy £
Reference Results Summary Fusion method Type of land cover
I . . Sentinel2+
. The overall accuracy was 76% with Sentinel2 + SAR and 72% with - e el
Rajah etal., Landsat8+SAR, while the accuracy for single unfused images were 65% and SAR/SdentmeI ! o
2018 53%, respectively Landsat8+ American Bramble
' ' SAR/Sentinel 1
T'\éll?:zsiltvael- The overall accuracy of classification in fusion mode was 84.1% with 11.5% Sentinel2+ PSPt
2022 " improvement for single imagery. SAR/Sentinel 1 Palm oil tree
Abdikhan, S Landsat8+ SR g
2018 Improved the overall accuracy by up to 7% in fusion mode. PALSAR/ALOS Forest
Sl 2l S adgs
Improved the overall accuracy by up to 30% in the fused image versus single blio Lyl "
Hunaer et al imagery. The producer’s and user’s accuracy were significantly improved in Sentinel2+ ‘oRly sl
2016 B cultivated land and urban area classification. The Forest and fallow lands SAR/Sentinell E e (3bln o JKa

classifications were not significantly different. The water body was negatively
affected in the fused mode.

Palubinskas et Improved the classification accuracy of infra-structure and reduced the errors
al., 2011 by 32%.

Worldview-2+Terra
SAR/ Spotlight

Water body, Cultivated
and Fallow land, Forest,
and Urban areas
S g lu
Urban infrastructure
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Table 6- Measured vs. predicted cultivated area in the region of study

PEYD I X WOy SV KY) v s
Class Measured Area (ha)

LRV L SHNVES JUIK W)
Predicted Area (ha)

pUvE LI WSt
Difference percentage

P 140
Wheat
7 55
Barley
bl 36
Canola

144.2 3
5.58 15
347 -3.6
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Fig.8. Regression relations between predicted vs. measured cultivated area in the ROI. Left: Canola, Right: Wheat
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