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Abstract: Minimum Noise Fraction (MNF) is known as one of the methods to minimize noise on
hyper spectral imagery. In addition, there are not many studies have tried to show the effect of
MNF transform on multispectral data. This study purposes to determine the effect of MNF
transform on the accuracy level of vegetation density modeling using 10 meters Sentinel-2A
spatial resolution (multispectral data) and to know the cause. The study area is located in parts
of Sapporo City, Hokkaido, Japan. Vegetation density is modeled through vegetation index
approach, Normalized Difference Vegetation Index (NDVI). The results show that the coefficient
correlation of vegetation density data and vegetation index regression after MNF transformation
(0.801623) has higher value than the same regression without the MINF (0.794481). However,
better correlation does not represent the better accuracy on vegetation density modeling.
Accuracy calculation through standard error of estimate shows the use of MNF in multispectral
data for vegetation density modeling causes the decrease of model accuracy value. The accuracy
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of vegetation density model without involving MNF transformation reached 91.4%, while the
model accuracy through MNF transformation before vegetation density modeling reached
90.89%. The insignificant increased accuracy is occurred due to the limited number of
multispectral image information compared to hyper spectral image data.

Copyright © 2018 GJGP-UNDIP
This open access article is distributed under a
Creative Commons Attribution (CC-BY-NC-SA) 4.0 International license.

How to cite (APA 6th Style): Syarif, A.M., & Kumara,|l.S.W. (2017). The Effect of Minimum Noise Fraction on Multispectral Imagery Data for
Vegetation Canopy Density Modeling. Geoplanning: Journal of Geomatics and Planning, 5(2), 251-258. doi: 10.14710/geoplanning.5.2.251-258.

1. INTRODUCTION

Remote sensing data had been widely used to identify object or phenomenon in earth surface, includes
environmental problem, environmental management, and regional planning. Technological developments
in images data still leave problems related to data quality that decreases due to noise. The presence of
noise causes a loss of the real image spatial resolution (Letexier & Bourennane, 2008), furthermore can
reduce the quality of object detection through image classification and segmentation (Ebadi et al., 2013).
Noise interferences that decreasing the remote sensing data performance for transformation and analysis
are necessarily to be reduced. For decades, many algorithms and methods have been developed to remove
the noise, one of those is through Minimum Noise Fraction (MNF). MNF commonly used to reduce noise in
remote sensing data, especially in hyper spectral images. High dimension data in hyper spectral image may
reduce the efficiency of data processing, aside from the information mining process. The more spectral
bands possessed by an image data, more training samples needed to obtain an acceptable classification
accuracy, therefore begin unfavorable in image processing. Dimensionality reduction is one of effective
solution to overcome the problem (Jia et al., 2013). MNF is able to create a set of good-quality image data
from noise-contained data. The result producing more reliable noise identification and removal, also allows
the preservation of components that are considered to contain useful information (Luo et al., 2016). MNF is
a linear transformation method consists of two separate PCA rotations and noise removal steps (Green et
al., 1988).

Although noise reduction had been reported as an effective method on hyper spectral data, the
efficiency on the multispectral data have not been tested explicitly. Because of the limited knowledge
about the efficiency, some question arises when MNF is applied to multispectral image. This research
attempts to analyze the effect that occurs when MNF is applied to multispectral data. On the contrary of
hyper spectral data dimensionality, multispectral image has limited bands and information that would be
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also reduced through the method to some extent, the MNF effectiveness would be declined greater. The
research of MNF through hyper spectral airborne image data to classify land cover has been conducted
(Frassy et al., 2013), however the effect of MNF analysis is done by comparing the accuracy of spatial
modeling results of vegetation canopy density. The vegetation canopy mapping topics is interesting and
challenging considered to the lack of research related to the influence of MNF usage analysis of vegetation
canopy density model (quantitative stratified data) which is not included as categorical data. The simple
analysis of MNF effect carried out of by this study is expected to be able to describe influence of MNF to
multispectral data.

2. STUDY AREA AND IMAGE DATA

2.1. Study Area

This study conducted in Sapporo, capital city of Hokkaido Prefecture, Japan. Sapporo city included to
mid-latitude region of with cold climate at the northern tip of Japanese islands (Figure 1a). Although
Sapporo city is including as crowded city, the environment quality is still considered good. Well-maintained
environment area and the number of open green space indicate of citizen awareness of environmental
impact of people’s health and life. Figure 1b show the scattered open green space scattered throughout
Sapporo City and surrounding areas, whereas decent to be used to identify the influence of MNF towards
the accuracy of vegetation canopy density modeling.

2.2. Image Data

Sentinel-2A is a part of Sentinel mission by European Space Agency (ESA), available freely since June
2015 at http://scihub.copernicus.eu/dhus/. Complete Sentinel-2A dataset has 13 bands; 4 bands of 10-
meter resolution; 6 bands of 20-meter resolution; and 3 bands of 60-meter resolution. Although Sentinel-
2A data considered as recently released, many geospatial applications have been carried out by this images
data such as urban area assessment (Pesaresi et al., 2016), forest monitoring (Navarro et al., 2017),
minerals detection (Chen et al., 2017), and coastal and marine resources (Fauzan et al., 2017; Traganos &
Reinartz, 2017). As many potentials of usage possibility through Sentinel-2A remote sensing approach, the
vegetation canopy density modeling in this study may be done. Figure 1b below is natural composite bands
of Sentinel-2A recorded at May 23, 2016 in the Sapporo city and surrounding. We only utilize 4 of visible
bands at 10-meter resolution (blue, green, red, and near infrared wavelength) that sufficient enough to
detect vegetation canopy.
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Figure 1. Study area (a) Japanese Islands and (b) Sapporo City and surrounding by Sentinel-2A image

3. METHODS

3.1. Data Pre-processing

Vegetation canopy density modeling requires systematic image data pre-processing through
radiometric to atmospheric correction. Radiometric correction is used to correct the image pixel value to fit
with object surface reflectance value, while atmospheric correction is used to minimize the atmospheric
disturbance of reflected energy from the object surface to sensor. Fast Line-of-sight Atmospheric Analysis
of Spectral Hyper cubes (FLAASH) module used to correct Sentinel-2A data to suppress the effects of water
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vapor, oxygen, carbon dioxide, methane, ozone, and aerosols (Danoedoro, 2012). Actually, ESA have been
developed Sentinel-2A reflectance value transformer up to bottom-of-atmosphere (BOA) image data using
Sen2Cor plugin on SNAP application, but we trying to correcting the image data using FLAASH module.
First step for Sentinel-2A radiometric correction is convert pixels from the TOA reflectance value (Ltoa)
into TOA radiance value (Rroa) using formula (1) below.
RTOA= [ u* LTo/.\ * ESUN * (COS ez) ] /T[ (1)

where U is earth-sun distance corrections factor (1/d?), Lioa is TOA reflectance value, ESUN is solar
irradiance value of each band, 67 is sun zenith angle value, and mis 3,14159. After transform the image pixel
into radiance value, the FLAASH module is operated to suppress the atmosphere effect on pixels. FLAASH
require BIP or BIL type data as input. The visibility value of the surrounding area and some parameters, i.e.
sensor altitude, ground elevation, flight time, and aerosol height are need to be provided for the algorithm
process. Technical procedure of FLAASH method for Sentinel-2A data retrieved from Lantzanakis et al.
(2016).

3.2. Minimum Noise Fraction (MNF)

MNF transform is used to determine the inherent dimensionality of image data, to segregate noise in
the data, and to reduce the computational requirements for subsequent processing (Boardman & Kruse,
1994). MNF is executed by using the ENVI software, begins with Forward MNF. The forward MNF of 4
Sentinel-2A multispectral bands is set to produce 4 MNF images. The last forward MNF output band is
considered containing a lot of noise and removed at inverse MNF process. Band 1, 2, and 3 of forward MNF
are returned initial spectral bands dataset (4 bands) using inverse MNF to produce noise-reduced Sentinel-
2A image data. Figure 2 show detailed procedure of MNF transformation.

Minimum Estimate Transform — . Evaluate

Noise Fraction Noise
Dark 3\3\ h Eigenvalues
Current , \ \\'L. 3bands
4 bands vs// “Z A images
A A ’.u“
| . Image ‘
Statistics MNF Image
Input: Sentinel-2A Image Lhanas v
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Statistics Output: MNF Image

(noise reduced)

Figure 2. MNF Procedure (Exelis, 2015) with modifications

3.3. Vegetation Index Transformation

NDVI image transformation method provides optimum results to detecting the vegetation variation in
relation to its density (Bhandari et al., 2012). NDVI principle based on the comparison between the
measured vegetation canopy reflections on the red band and near infrared band. The difference in NDVI
value intervals is used to simplify the classes of recorded objects. The NDVI formula (2) is derived from
Rouse et al. (1974) as follows.

Brye - B
NDV| = —YR _“Red 2

Bnir + Bred

where Byr is near infrared band in Sentinel-2A data (Band 8) and Bges is red band in Sentinel-2A data (Band
4)
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3.4. Vegetation Canopy Density Modeling

The vegetation canopy density modeling was derived from the relation between the vegetation index
value parameter on the image pixel and the obtained field vegetation canopy density sample data. The field
vegetation canopy density estimated using card on Figure 3. Linear regression adapted to linking the
modeled NDVI data and field data. The regression equation value of the NDVI as dependent variable and
the field canopy density as independent variable is extrapolated the pixel value throughout the whole study
area into estimated canopy density. High correlation value of both data indicates the developed model is
well enough to estimate the vegetation canopy density. Correlation goodness described from the
coefficient of determination value of the regression results.
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Figure 3. Field Vegetation Canopy Density Estimation Card

4. RESULTS AND DISCUSSION

4.1. MNF Transformation Result

MNF was applied on 4 Sentinel-2A bands (blue, green, red, and near infrared) after FLAASH correction
was performed. The MNF-transformed image produces 4-band data that have variation in information and
noise contents each other. First band of MNF image contain higher information than band 2, 3, and 4. On
the contrary, fort MNF band had least information content and highest noise than another band. In this
case, the MNF image not divides the image based on spectral band, but based on the content of
information in the whole image.

Forward MNF generate 4 bands with specific information content levels (Table 1). MNF band 1
contains 71.52% of information, MNF band 2 contains 15.65% of information, the MNF band 3 contains
8.75% of information, and the MNF band 4 contains 4.08% of the information on the whole image
information. The processing results indicate that MNF band 4 has the most noise. The abundant of noise
and insignificant information on the MNF band 4 made the band unusable in subsequent process. Thus, the
generate Sentinel-2A image after forward MNF has minimized noise content (information up to 95.92%).

Table 1. Information Content Level on MNF image

1 71.52 % 71.52 %
2 15.65% 87.17%
3 8.75% 95.92 %
4 4.08 % 100 %

Unused MNF band 4 was not involved in the MNF Inverse process, so only applied to the three higher-
information bands. The MNF inverse process performed to return image sequences based on spectral
bands without noise, not based on information content levels like forward MNF bands. Inverse MNF
converts 3 MNF bands into 4 image bands (blue, green, red, and near infrared). The image quality has been
improved because of the eliminated noises, hence particular object feature processing and analysis
bringing more accurate results (Frassy et al., 2013).

4.2. Normalized Difference Vegetation Index (NDVI) Result

The NDVI transformation is applied to image that has undergone the MNF and without MNF. This
transformation is used to assist quantities vegetation data extraction in an image pixel. The NDVI
transformation equation involving two bands of Sentinel-2A, red and near infrared. The NDVI
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transformation results show the different range of values in image without MNF and image that has
undergone the MNF process. Figure 4a show the NDVI image values without MNF range from -0.258 to
0.887. On the other side, Figure 4b show the NDVI image values with MNF range from -0.247 to 0.879.
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Figure 4. NDVI Map (a) without MNF and (b) with MNF

NDVI transformation results with and without MNF (Figure 4) were insignificantly different relying on
its visual properties, also due to the insignificant NVDI value difference. In general, high NDVI values
indicate the presence of large amounts of vegetation in a pixel. Visually, the vegetation presence shows on
green color pixel, bare soil and build-up area on red color, and water body on yellow color. The vegetation’s
are scattered throughout the study area, majority found in southwestern area of hills and forest also
dominated with woody vegetation (Bhandari et al., 2012). Another minor vegetation area on the river
banks that pass through the city and some open green space within the city (especially the Hokkaido
University campus area and surroundings).

4.3. Vegetation Canopy Density (VCD) Modeling

VCD estimation is conducted using empirical model of NDVI value and field canopy density. The field
canopy density data divided into two, the model sample points and the accuracy assessment sample points
that obtained using the density estimation card (Figure 3). There are 30 points of model sample and 8
points of accuracy sample distributed within the study area (Figure 5).

-':?WQ. O Model Points

y Points

Figure 5. Model and Accuracy Sample Distribution Map

Regression between NDVI and field vegetation canopy density resulting the emerge of coefficient of
determination 0.794481 (R? = 0.6312) for image without MNF (Figure 6a) and 0.801623 (R? = 0.6426) for
image with MNF (Figure 6b). The R? value for MNF transformation is slightly higher than the other image
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data. The two variables relations of NDVI and canopy density sample are highly categorized, able to
represent the vegetation canopy density distribution (Bhandari et al., 2012). Through regression, the
equations for the pixel value inversion to vegetation canopy density modeling were produced. The
vegetation canopy density model was carried out by inputting the equations into statistical analysis.

NDVI without MNF (a) NDVI with MNF (b)
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Figure 6. Regression between NDVI and Vegetation Canopy Density (a) without MNF; (b) with MNF

The two-derived vegetation canopy density models were measured to gain the model accuracy each.
Accuracy was carried out through standard error calculation on 8 points of sample accuracy. The result of
accuracy assessment show that vegetation canopy density model using MNF transformation is 90.889%,
meanwhile the model without using MNF is 91.402%. The accuracy using MNF transformation is slightly
lower than the original image transformation. Noise reduction in multispectral images does not fully
improve the quality of canopy density modeling results, rather below the unremoved noise image. This
condition was due to the small number of Sentinel-2A multispectral image bands (4 bands). The vegetation
canopy density models derived from the regression transformation has 1.0% — 2.0% density difference.
Even for the visual of both vegetation densities map not slightly different (Figure 7).
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Figure 7. Vegetation Canopy Density Map (a) without MNF and (b) with MNF

MNF procedure not only removes noise in image data, but also the part of information due to PCA
mechanism inside MNF algorithm (Luo et al., 2016). Band elimination for noise removal purpose has
significant impact of reducing the information within the image. Mention to Table 1 that show the
availability of information on each forward MNF band. The MNF images from Sentinel-2A only consist of 4
bands, cause the last band still preserve a great amount of information (4.08%). According to the MNF
processing result, the declination of information contents went gradually, not significant. This condition
cause’s noise dissipation process cannot effectively be done on multispectral data, considering the last
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MNF band still preserve a lot of information. On the contrary, hyper spectral data may still preserve a great
amount of information even after noise band removal due to its many of bands.

We are trying to compare multispectral and hyper spectral image in term of different number of bands.
Hyperion as hyper spectral image was chosen in the urban area with sufficient number of vegetation
canopy pixels. The Sentinel-2A and Hyperion images processed using MNF transformation to derive the
eigenvalue of both images. The derived eigenvalue of both images shown in Table 2. We are selecting the
bands used in MNF transformation from 400 — 900 nm wavelength (visible bands), hence Sentinel-2A
contain 4 bands and Hyperion contain 46 bands.

Table 2. Comparison of Sentinel-2A and Hyperion Eigenvalue

1 71.52 1 28.03
2 87.17 27 83.32
3 95.92 41 95.84
4 100.00 42 96.68
43 97.52
44 98.35
45 99.18
46 100.00

Analyzing from the Table 2, we found that different number of bands has different accumulation
number of information on sequences band number. The smaller number of bands made greater of
information losses, otherwise the greater number of bands, smaller information losses. We presume the
noise contain in the last bands of each image. The yellow cells of Sentinel-2A and Hyperion MNF band in
Table 2 may be the accumulation of each images noise. As for Sentinel-2A MNF band 4 contain 4.08%
information losses, leaving the 95.92% of better-quality image. Hyperion MNF band 44, 45, 46 presume as
noise band contain 2.48% of information losses, leaving 97.52% of better-quality image. Even though
Sentinel-2A removing a smaller number of bands, in reality the information losses are greater than the
Hyperion image which removed of its 3 bands.

The analysis resulting the application of MNF for multispectral images with limited number of bands is
not effective than application to hyper spectral image due to the process to discard some information aside
from the fixed noise elimination process. Statistically, the removal of Sentinel-2A MNF band 4 in this study
influenced the vegetation density model accuracy. However, the effect on accuracy is insignificant given the
difference of accuracy with and without MNF is only 0.513%.

5. CONCLUSION

The vegetation canopy density modeling accuracy on the image through the MNF process reached
90.889%, lower than the modeling image accuracy without MNF that reached 91.402%. The limited number
of bands forced some information losses alongside the noise and unfavorable when compared to hyper
spectral image even though less in removed band number. The insignificant changes in noise-information
degree causing unsightly change on the canopy density modeling, statistically and visually.
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