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Abstract 

The use of spectral indices is prevalent in remote sensing data processing for a variety of 

applications. However, the spectral bands considered to formulate conventional spectral 

indices may not be the most appropriate ones for a particular application. With the 

improvement in technology, the available spectral resolution has increased up to a large extent 

which can be explored to enhance a class much better way for specific class mapping. This 

study tests the performance of Modified Soil Adjusted Vegetation Index (MSAVI2) for map-

ping Psyllium Husk (Plantago Ovata), a medicinal crop with a relatively small size which 

increases the impact of soil brightness. Three variants of MSAVI2 with different bands 

combination were tested i.e. Conventional (Red-NIR), RedEgde1 (705 nm)-NIR, and CBSI-

MSAVI2 (Class Based Sensor Independent). The classification technique used was MPCM 

(Modified Possibilistic c-means), for which two training approaches were made use of i.e. 

Fuzzy mean-based MPCM and Fuzzy Individual-sample-as-mean (ISM) based MPCM. The 

classifications were carried out considering a range of sizes of training samples starting from 

5 to 50. The accuracy of different combinations of index, bands, and number of samples were 

assessed using Mean Membership Difference (MMD), Variance, Fuzzy Error Matrix, and Sub-

pixel Confusion Uncertainty Matrix by making use of soft classified CubeSat (Dove) 3m 

data. The overall accuracy for different test cases achieved were between 83%-99% while the 

Kappa coefficient varies from 0.6 to 0.99. 

 
Keywords: Modified Soil Adjusted Vegetation Index; Modified Possibilistic c-Means; 

Individual-sample-as-mean; Class Based Sensor Independent; Fuzzy Error Matrix
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1. Introduction 

Remote sensing has become an 

important tool for the analysis and 

prediction of various parameters using 

space-borne and air-borne images [1]. The 

wide variety of sensors on-board satellites 

with different operating wavelengths and 

spatial resolution have made it even more 

feasible to fill the gaps between datasets in 

order to carry out analysis [2]. The different 

types of sensors include visible (visual), 

multispectral, hyperspectral, thermal, and 

microwave, and platforms include satellite, 

manned aircraft (airborne or aerial), 

unmanned aerial vehicles (UAVs), 

unmanned aerial systems (UASs), or drones 

[3]. Particularly in agricultural applications, 

satellite-based multispectral remote sensing 

data for specific crop mapping can be used 

by formulating various spectral indices 

based on the wavelength of different bands 

[4]. The most commonly used spectral band 

indices for vegetation mapping are 

Normalized Difference Vegetation Index 

(NDVI), Leaf Area Index (LAI), SAVI 

(Soil Adjusted Vegetation Index), NDWI 

(Normalized Difference Water Index), etc. 

[5]–[7]. The availability of higher temporal 

and spatial resolution satellite remote 

sensing data has enabled the mapping of 

crop phenology more accurately [8]. 

Specific crop mapping has been explored 

by studies on yield estimation and soil 

productivity [9]. However, specific crop 

mapping using single-date imagery can be 

a challenging task and temporal data is 

required to extract the phenological 

characteristics of the target crop sun, while 

handling spectral overlap[8]. A sub-activity 

carried out in a specific crop mapping 

domain is the conservation of medicinal 

crops. In order to conserve a particular 

species of medicinal crop, it is necessary to 

map its locations and the extent of its spatial 

distribution [10]. This paper focuses on 

Psyllium Husk (Plantago ovata) which is a 

herbal crop grown in various parts of India. 

It is an important medicinal crop that is 

used for the treatment of astringent, tonic, 

biliousness, cough, dysentery, and leprosy 

[11]. 

 

The use of optical data has provided 

an efficient pathway for crop-related 

studies with the help of a range of spectral 

indices (e.g. NDVI, NDWI, SAVI, LAI) 

[12]–[14]. The choice of the spectral index 

and bands used for formulating them 

depends on the specific application [14]–

[17]. Therefore, a spectral index formulated 

by a particular spectral band that performed 

well for a particular task may not be 

effective for other tasks. The medicinal 

crop under study (Psyllium Husk) is small 

(height up to 15cm) and does not cover the 

crop field densely [18]. Thus the percentage 

of soil exposed in the field is considerably 
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high and this increases the impact of 

reflectance from the soil on the satellite 

imagery which may lead to erroneous 

results. For such cases, SAVI or MSAVI2 

is preferred over NDVI as the soil 

background is a major surface component 

controlling the spectral behaviour. 

MSAVI2 incorporates the estimated 

fraction of soil in an area to suppress the 

soil signature [19]. The recent advent of 

high-resolution multispectral and 

hyperspectral satellites made it possible to 

use finer bandwidths with a greater spatial 

resolution for different applications using 

advanced methods [20]. The Sentinel-2 

data with multiple red edge spectral bands 

gives an approximation of chlorophyll 

status in vegetation [21]. It highlights the 

stress in crops and as the chlorophyll 

content increases, the red edge shifts 

towards a higher wavelength and vice 

versa. Thus, it can be used in crop mapping 

to highlight the sowing and harvesting 

stages of the crop. The use of appropriate 

methods and a systematic approach with the 

red edge spectral bands can prove more 

effective for the mapping of specific crops. 

 

Conventional algorithms classify 

each pixel of the image entirely to a single 

class widely called hard classification[22]–

[24]. Although, in the case of most satellite 

images, the portion covered by one pixel 

has considerable chances of not belonging 

to only one particular class which rules out 

the chances of hard classification 

techniques being efficient. Hence, the 

pixels are mixed in nature and the area 

under one pixel may be composed of more 

than one class that requires soft 

classification techniques for appropriate 

handling[25]–[28]. To achieve the specific 

objective of this study (i.e. accurate 

mapping of a medicinal crop), a soft 

classification approach based on fuzzy 

logic is better suitable for the application as 

the crop is sparsely distributed on the 

ground [29], [30]. Classifiers based on 

fuzzy logic assign membership values to 

the pixels according to the information 

contained in them with respect to each 

class. Hence, for each pixel, a membership 

value is generated for each of the classes 

present in the image [31]. Therefore, the 

output of the fuzzy-based soft classification 

algorithms is in the form of fractional 

images generated for each class of interest. 

The conventional fuzzy c-means (FCM) 

algorithm was introduced by [32], but it 

does not efficiently explain the degree of 

belonging for data [33]. Thus, a 

Possibilistic c-Means (PCM) approach was 

proposed to overcome its weakness [34], 

[35] and deliver more accurate 

memberships for a particular class as 

required for the study. This was further 

improved to propose Modified 
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Possibiblistic c-Means (MPCM) algorithm 

to reduce the overlap between classes. 

 

The assessment of soft 

classification output depends on the 

application and number of classes. The 

most preferred method for accuracy 

assessment is a fuzzy confusion matrix that 

indicates recall, precision, accuracy and F-

measure [8], [9], [36]. The output images 

are fractional i.e. they hold membership 

values of each pixel in different classes. 

Fuzzy error matrix (FERM), MIN-PROD 

error matrix, and Entropy are other few 

methods for evaluating soft classified 

output. FERM and MIN-PROD error 

matrix compute accuracy parameters like 

overall accuracy (OA), coefficient of kappa 

(K), user's accuracy (UA) and producer‘s 

accuracy (PA) using a confusion matrix 

[37]. 

 

The objective cum innovation of 

this research work was to study effect of 

various bands in indices for temporal 

database generation for Psyllium husk crop 

mapping. The importance of bands in 

spectral indices in the temporal domain as 

the crop stages change has not been 

explored along with training parameters of 

classifier must be used to obtain results 

with better homogeneity in outputs. This 

study aims at specific crop mapping 

through Fuzzy MPCM algorithm using 

temporal optical data while considering 

bands that highlight the target crop in the 

temporal domain. Multiple variants of 

MSAVI2 index (i.e. conventional (Red-

NIR), RedEdge1-NIR and CBSI-MSAVI2) 

with sample sizes effect were studied for 

mean-based as well as Individual Sample as 

Mean (ISM) approach for MPCM 

algorithm. The ISM method for training the 

classifier provides a unique way for 

efficiently considering each sample’s 

temporal phenological signature, so as to 

obtain a more generalized model which can 

handle heterogeneity within the input data. 

The results were evaluated using matrix 

based image-to-image accuracy assessment 

methods i.e. FERM and SCM, along with 

measures like MMD and variance to assess 

the homogeneity in the output. 

 

2. Mathematical Concepts 
 
2.1 Index: MSAVI2 

The choice of index in this study 

was based on the target crop i.e. Psyllium 

Husk. Due to considerable coverage of soil 

on the field, the effect of soil signature on 

the overall response is higher. Thus 

MSAVI2 was applied to compensate for the 

soil’s impact.  

 

Within the MSAVI2 index, 

experiments were carried out to test the 

performance of different band 
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combinations. CBSI (Class Based Sensor 

Independent) provides a method to find out 

the bands which might perform the best to 

enhance the class of interest. The band 

combination for MSAVI2 index was 

changed keeping same the formula to 

generate two variants of MSAVI2 used in 

this study i.e. MSAVI2 Red Edge-1 and 

CBSI-MSAVI2. As the name suggests, 

MSAVI2 RedEdge-1 makes use of NIR and 

Red Edge-1 bands. While in case of CBSI, 

the bands with minimum and maximum 

values for the target feature were selected 

to maximize the value of the index. This 

helps highlight the target feature more 

efficiently thus facilitating the further 

classification. 

 

• MSAVI2 conventionally uses Red and NIR 

bands as shown in Equation 1.  

𝑀𝑆𝐴𝑉𝐼2'()* =
(-∗/01234 (-∗/0123)647∗ /014189

-
                          

(1) 
 

• MSAVI2 Red Edge-1 was calculated by 

replacing the Red band with RedEdge1 in 

equation (1) as shown in Equation (2). 

𝑀𝑆𝐴𝑉𝐼2189:9;8 =
(-∗/01234 (-∗/0123)647∗(/014189:9;83)

-
                           

(2) 
 

• CBSI-MSAVI2 picked up the bands with 

maximum and minimum value for the 

target crop and replaced with Red and NIR 

bands in equation (1) to highlight the target 

crop more effectively by maximizing the 

value calculated for it. The formula for 

CBSI-MSAVI2 is as given in Equation (3).  

𝑀𝑆𝐴𝑉𝐼2'<=0 =
(-∗>?@234 (-∗>?@23)647∗(>?@4>A))

-
                      

(3) 
 Here max and min are the maximum 

and minimum valued bands respectively. 

 

 

2.2 Algorithm: Fuzzy MPCM 

As per the requirements of the 

application, an algorithm with capability to 

extract single class, handle noise and mixed 

pixel problem was required. Hence, the 

Fuzzy MPCM algorithm was used for the 

mapping of target crop fields.  

 

Fuzzy machine learning algorithms 

applied for image classification mainly 

consist of FCM, PCM and MPCM. In the 

case of standard FCM, the membership 

values are so assigned that the sum of 

membership values of a pixel for all classes 

should come out to be 1[32]. This prevents 

this algorithm from extracting a single class 

from the image. This constraint, called a 

hyper-line constraint, was removed to 

propose PCM which therefore is capable of 

single class extraction [34]. But the 

problem with PCM is that of coincident 

clusters. MPCM overcomes this drawback 

and provides an overall fair option for 

classification on satellite imagery. The 
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objective function of MPCM is as given in 

equation 4. 

𝐽CD'C 𝑈, 𝑉 = 𝜇AH>𝑑AH-/
AJ3

K
HJ3 +

𝜂H 𝜇AH𝑙𝑜𝑔𝜇AH − 𝜇AH
>/

AJ3                (4) 
 

Here, U is the matrix containing 

membership values for each pixel 

corresponding to each class while V is the 

matrix containing class centres. Rest of the 

parameters in equation 4 are explained in 

equation 5 to equation 7 separately along 

with respective formulae. 

𝜇AH is the typicality value of pixel i in class 
j.  

𝜇AH =
R
STU

R
VWR

R
STX

R
VWRY

XZR

,  for all i, j                                                         

(5) 
 
𝑑AH-  is the square of the distance between the 

measured value of a pixel and that of cluster 

centre, eq (6).  

𝑑AH- = ‖𝑥A − 𝑣H‖^𝐴43)                                                          
(6) 

 
In equation 7 and 8, 𝑥A  refers to the 

measured value whereas 𝑣H  is the cluster 

centre as fuzzy mean: 

𝜇AH = 𝑒𝑥𝑝(𝑑AH- /𝜂H),  for all i, j                                                       
(7) 

𝑣H =
aTU@Tb

TZR
aTUb

TZR
                        (8) 

 

2.3 Accuracy Assessment Metrics 
 

FERM (Fuzzy Error Matrix) is a 

modified form of traditional error matrix 

for soft classification. It is a square matrix 

with values varying between 0 and 1. The 

column Rn usually represents the sample 

elements assigned to the reference class n 

whereas the rows indicate the sample 

elements assigned to the classified class m 

[38] (Binaghi et al. 1999). The element in 

the fuzzy error matrix (M) at row m and 

column n for a feature vector x is computed 

as mentioned in equation (9). 

M(m, n) = ∑min(µCm(x), µRn (x))                     
(9) 

Here, x is the overall sampled data 

set. µCm and µRn are the membership 

values for the referenced and the classified 

data. The "min" operator is a traditional 

fuzzy set operator that returns the minimum 

membership value among the classified and 

referenced data set for a specific class. The 

various indices for accuracy assessment 

like overall accuracy, user’s accuracy, and 

producer’s accuracy can be calculated from 

FERM. 

  
SCM (Sub-pixel Confusion 

Uncertainty Matrix) is also a modification 

of the traditional error matrix unlike which, 

here, the entries are based on the agreement 

and disagreement measure for a class, 

calculated using the area overlap, between 

the classified output and the referenced data 

at pixel level [39]. Different operators used 

for SCM in this study are MIN-MIN, MIN-

LEAST and MIN-MAX. 
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3. Proposed Approach 
 
3.1 Study Area and Data Description 

The area under study is that of a 

portion of Jalore district, Rajasthan, India. 

This area has an abundance of medicinal 

crop fields, out of which Psyllium Husk is 

the target crop. A field visit was done for 

collection of ground truth from this location 

on 8th January 2021 where various field 

coordinates were recorded throughout 

Jalore and parts of Badmer district of 

Rajasthan. Several other varieties of 

medicinal crops were also reported in this 

area as well. The study area is shown in 

figure 1 along with the field photographs in 

figure 2. 

 

 
Figure 1: Study Area: Jalore district, Rajasthan, India 
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Figure 2: Field Photographs taken on 8th January 2021 showing target crop Psyllium Husk 

along with different crops present in the study area 

Psyllium Husk (scientific name: 

Plantago Ovata) is a medicinal crop used in 

various medications. It is a short-stemmed 

crop with a number of shoots flowering 

from the base. It grows up to a height of 30-

40cm. It is cultivated in Mediterranean 

regions and West Asia as it requires a dry 

climate since rain can spoil the crop 

completely. It is a Rabi crop with a period 

of 110-120 days. Its seed is covered in 

white husk. At maturity, the leaves become 

yellowish, spikes turn brownish in colour 

and husk opens exposing the dark brown 

seeds. The crop stages with respect to 

different months are as shown in Table 1.
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Table 1: Psyllium Husk Crop Stages 
Month Stage Specific Stage 

November Sowing Sowing 
December Growth Seedling 

Budding January 
February Harvesting Flowering, Pollination 

Ripening, Maturing, Harvesting March 
 

Optical Level-2 data from Sentinel 

2A and 2B was utilized for the study. The 

data consists of 13 bands in VNIR and 

SWIR bandwidth range. Out of these 13 

bands, 60m resolution bands were omitted 

and only those with resolution 10m and 

20m were utilized for the study. Also 

CubeSat data with 3m spatial resolution 

was downloaded from PlanetScope and 

classified for the same study area to be used 

as soft reference data for accuracy 

assessment using FERM and SCM. The 

data was available with no cloud coverage 

due to the geographic location of the area 

and good contrast was observed in the 

images which facilitated the further 

processing as well as accuracy assessment. 

It was made sure that the temporal data 

under use covered the whole phenology of 

target crop. Since Psyllium Husk is a Rabi 

crop, dates were covered starting from 

December to March. The specific dates for 

which Sentinel and CubeSat data (for 

accuracy assessment) was downloaded is as 

mentioned in table 2. 

 
Table 2: Temporal Data used for the study: Sentinel-2 from Copernicus and Dove from 

PlanetScope 
Sentinel Data Dove Data 

31st Dec 2020 30th Dec 2020 
10th Jan 2021 11th Jan 2021 
4th Feb 2021 4th Feb 2021 
14th Feb 2021 14th Feb 2021 
1st Mar 2021 1st Mar 2021 

16th Mar 2021 15th Mar 2021 
21st Mar 2021 20th Mar 2021 
26th Mar 2021 26th Mar 2021 

 
3.2 Methodology 
 

The data for Sentinel 2 was 

downloaded from Copernicus' website. Out 

of the 13 bands available, only 10m and 

20m bands were used for the study i.e. ten 

bands in total. These bands were resampled 

to maintain 10m spatial resolution 

throughout, followed by indices calculation 

and separability analysis. Here the optimum 

dates were selected according to the 

phenology of the target crop to maximize 
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the spectral distance between target and 

non-target classes. After the generation of 

the dataset, training samples were picked 

up and classification was done using the 

Fuzzy MPCM classifier. The process was 

then repeated for CubeSat data, to have soft 

classified reference data for accuracy 

assessment using FERM and SCM. The 

outputs were also evaluated on the basis of 

MMD and variance within the field. The 

flowchart for the methodology proposed for 

the study has been as shown in the figure 

(3). 

 

 
Figure 3: Proposed Methodology for this research work 

 

The bands to be used for the study 

i.e. 10m and 20m bands of Sentinel 2 data 

were resampled to 10m resolution and 

stacked. This was done for all the dates 

followed by calculation of MSAVI2 for 

each date’s stack utilizing three different 

indices combinations. First approach is the 

conventional way, using Red and NIR 

bands. Second approach makes use of Red 

Edge-1(RE-1) and NIR bands. The third 

approach used is Class Based Sensor 

Independent (CBSI) which works on the 
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idea of selecting bands with minimum and 

maximum values for the target class and 

hence highlights the target class 

irrespective of its phenological stage.  

 
The bands used in conventional 

MSAVI2 i.e. Red and NIR enhance the 

vegetation while reducing the impact of soil 

brightness. The Red band helps detect 

chlorophyll while NIR band is used for 

monitoring stress in the vegetation. This 

may/may not be stress depending upon the 

expected stage on the basis of the 

phenology of specific crop. The second 

variant utilizes the Red-Edge (705 nm) 

band which is used for detecting early stress 

as well as changes in chlorophyll content. 

As the chlorophyll content increases, Red-

Edge shifts towards a longer wavelength 

region. The different bands picked up by 

CBSI for mapping of Psyllium Husk using 

MSAVI2 in the study area are as listed in 

Table 3. 

 
 
Table 3: Conventional MSAVI2, RedEdge MSAVI2 and CBSI-MSAVI2 values for the target 

crop along with the bands selected for CBSI-MSAVI2 for each date 

Date 

Conventiona
l MSAVI2 

Value 
(Red-NIR) 

RedEdge 
MSAVI2 Value 

(RedEdge1-
NIR) 

CBSI-MSAVI2 
Maximum 

Valued Band 
Minimum 

Valued Band 
CBSI-

MSAVI2 
Value 

31st Dec 
2020 0.5529 0.4901 

SWIR 
(1,610 nm) 

Blue (490 
nm) 0.647059 

10th Jan 
2021 0.4156 0.4509 

SWIR 
(1,610 nm) 

Blue (490 
nm) 

 
0.588235 

4th Feb 2021 
0.6980 0.6235 

NIR 
(842 nm) 

Blue (490 
nm) 0.784314 

14th Feb 
2021 0.7568 0.7450 

Red Edge 
(865 nm) 

Blue (490 
nm) 0.92549 

1st Mar 2021 
0.7882 0.7176 

NIR 
(842 nm) 

Blue (490 
nm) 0.843137 

16th Mar 
2021 0.6 0.5843 

NIR 
(842 nm) 

Blue (490 
nm) 0.678431 

21st Mar 
2021 0.5529 0.5176 

SWIR 
(1,610 nm) 

Blue (490 
nm) 0.709804 

26th Mar 
2021 0.5529 0.5254 

SWIR 
(1,610 nm) 

Blue (490 
nm) 0.705882 

 
The CBSI approach picked up the 

Blue band in place of the Red band for all 

the dates under study as shown in table 3. 

This is because the minimum value it 

detected for the Psyllium Husk field was 

that of Blue band. This indicates that the 

lower value of vegetation in the Blue band 

in comparison with that in the Red band can 

prove useful for further increasing the index 

value for highlighting the vegetation. On 
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the other hand, in place of NIR, the CBSI 

approach picked up NIR (842 nm), Red-

Edge (862 nm) and SWIR (1610 nm). The 

MSAVI temporal dates indices thus 

generated were stacked together which 

gave the temporal indices database. The 

temporal behaviour of different crops 

within the eight dates considered for the 

study area was analysed in terms of the 

MSAVI2 values obtained. The curves for 

MSAVI2 values for six crops were plotted 

against eight dates as shown in figure 4. 

 
Figure 4: MSAVI2 curves for different crops in the study area 

Figure 4 shows the curves followed 

by MSAVI2 values during different 

phenological stages. The lower values 

indicate watering of the crop which leads to 

a decrease in MSAVI2 values whereas at 

the peak of vegetation (around mid-

February), highest values are observed 

which correspond to increased chlorophyll 

content in the crops. Now as the crop starts 

ripening, it turns yellowish from green and 

due to this decrease in chlorophyll, the 

MSAVI2 values drop and are minimum in 

the last of March which marks the harvest 

of the crop. 

 From figure 4, it can be observed 

that the fenugreek exhibits the closest 

profile to that of Psyllium Husk, followed 

by wheat. These three curves have similar 

shapes and differ just by a small offset. It 

indicates the need for separability analysis 

in order to bring out the unique behaviour 

of the target crop while suppressing non-

target crops. For the study of target crop 

separately, the values for all three variants 

of MSAVI2 i.e. conventional, Red Edge-1 

and CBSI were plotted against the eight 

dates as shown in figure 5. 
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Figure 5: Conventional MSAVI2, RedEdge-1 MSAVI2 and CBSI-MSAVI2 curves for 

Psyllium Husk 
 
 

Figure 5 shows the phenological 

profile of Psyllium Husk using different 

versions of the MSAVI2 index. It was 

observed that RE-1 variant gave higher 

value when the crop has less chlorophyll 

content i.e. at the time of sowing and 

harvest, except that it maintained 

comparatively lower value than 

conventional MSAVI2. Apart from this, the 

whole curve for CBSI-MSAVI2 is elevated 

in comparison with the other two. This is 

because it works on the principle of 

selecting bands which highlight the target 

crop the most, irrespective of the 

wavelength. It picks up the bands with 

minimum and maximum value for the 

target class thus resulting in higher value of 

the index.  

 

This optimized temporal indices 

database was further used for picking 

samples for different crops present in the 

study area with the help of ground truth data 

collected from field visit. Separability 

analysis was carried out using signatures 

thus recorded where the separability 

between target and non-target crop were 

analysed using Euclidean distance to select 

the temporal dates which maximized the 

separation between the target crop and the 

non-target crop, which is closest to 

Psyllium Husk. These layers correspond to 

dates representing specific crop stages of 

target crop, which are essential for mapping 

the crop according to its phenology, while 

maximizing the spectral gap. In the case of 

Psyllium Husk, the closest crop in terms of 

temporal behaviour/phenology came out to 
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be Fenugreek. Thus, attempts were made to 

retain those bands which differentiated best 

between Psyllium Husk and Fenugreek. 

Therefore, three sets of bands were 

finalized to be used for each of the three 

indices as shown in table 4. These bands 

were stacked in ascending chronological 

order for further processing. 

 
Table 4: Optimum dates for Psyllium Husk Mapping according to Separability Analysis 
Results 

MSAVI2 Variant Optimum Dates 

Conventional (Red, 
NIR) 

31st December 2020, 10th January 2021, 1st March 2021, 16th 
March 2021, 21st March 2021 

Red Edge 1, NIR 31st December 2020, 10th January 2021, 4th February 2021, 1st 
March 2021, 16th March 2021 

CBSI MSAVI2 31st December 2020, 10th January 2021, 14th February 2021, 16th 
March 2021, 26th March 2021 

 

4. Results and Discussion 
 
4.1 Soft Classification Output 

Two different approaches with the 

MPCM classifier were tested for mapping 

Psyllium Husk crops. The basic idea was to 

reduce heterogeneity within class while 

mapping the target crop which may be a 

result of slightly different spectral response 

from two different parts of the same field. 

This variation may arise due to non-

uniform water/fertilizer application. Hence 

to compensate for this, ISM approach was 

applied for the classification along with the 

standard MPCM classification which 

makes use of the mean of the training data. 

While in case of ISM approach, instead of 

utilizing the mean of the training dataset, 

each training sample is used to its full 

extent equally in the training process by 

running the algorithm n number of times, 

where n denotes the number of training 

samples. Thus n membership values of each 

pixel are obtained corresponding to each of 

the training sample. Among these, the 

highest membership value is retained and 

rest are discarded. This gives rise to a more 

inclusive method in terms of unique 

behaviour exhibited by each training 

sample which results in better mapping 

ultimately. 

 

The three databases generated 

corresponding to the three indices, were 

used for picking training samples varying 

from 5 to 50 in number. It is a general 

practice in classification using remote 

sensing to take training samples at least ten 

times the number of wavelength bands 

present in the imagery [36]. Therefore, 

different sample sizes were considered for 
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this study i.e. 5, 10, 15, 20, 25 and 50 to 

check the variation in performance. With 

the help of SMIC (Sub-pixel Multispectral 

Image Classifier) Tool [40], the outputs 

were generated for all the cases.  

  

For each of the outputs, taking 

testing points into consideration, the 

corresponding membership values were 

used to calculate Mean Membership 

Difference (MMD). MMD is the difference 

between the mean of the membership 

values of different points, It can be 

calculated as inter-crop as well as intra-

crop. Within the target crop i.e. in case of 

intra-crop analysis, the value of MMD 

should be as less as possible since the 

membership values within the target class 

should not vary significantly. While In case 

of inter-crop analysis, the value of MMD 

should be as high (close to 1) as possible 

since the membership value of target crop 

should be ideally 1 and that of non-target 

crop should ideally be 0 which gives a high 

difference. It was observed from the MMD 

and variance values that the outputs in most 

of the cases saturated at 10 or 15 training 

samples i.e. by further increasing the 

number of samples, significant change was 

not observed. Thus the outputs for different 

variants of MSAVI2 using both the MPCM 

approaches are shown in the table 5. 

 

 
Table 5: Outputs corresponding to different test cases for two sites covering target fields 

Index Variant Mapped fields on Site 1 Mapped fields on Site 2 
MPCM with Mean Approach 

Conventional 
MSAVI2 

 
 

 

MSAVI2 
Red-Edge1 
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CBSI 
MSAVI2 

 
 

 

ISM- Individual Sample as Mean Approach 
Conventional 

MSAVI2 

 
 

 

MSAVI2 
Red-Edge1 

 
 

 

CBSI 
MSAVI2 

 
 

 

 

From the results presented in table 

5, it can be observed that within the Mean 

based approach applied for MPCM, the 

outputs for CBSI MSAVI2 have efficiently 

mapped the target fields in the area while 

conventional MSAVI2 and MSAIV2 Red-

Edge failed to do so. Whereas in case of 

ISM approach, all the three index variants 

have mapped all the target fields, though 

with varying accuracy. It can be observed 

that the boundaries and shape of all the 

mapped fields are retained and 

homogeneity within the mapped fields is 

maintained. Also, the overall noise in the 
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output is quite less compared to the Mean 

based approach. 

4.2 Accuracy Assessment 
 

The results were assessed using 

FERM, SCM, MMD (Mean Membership 

Difference) and variance. MMD was 

calculated within target crop as well as 

between target crop and non-target crop. In 

addition to this, for the accuracy in terms of 

potential to handle heterogeneity within 

class, outputs were assessed using variance 

inside the testing field. Matrix based 

accuracy measures (FERM and SCM) were 

calculated using classified CubeSat data for 

the cases which gave best MMD and 

Variance results to determine the User’s 

Accuracy, Producer’s Accuracy, Overall 

Accuracy and Kappa Coefficient. For 

calculating FERM and SCM, two different 

datasets are required which serve as 

classified and reference datasets. Using 

these two sets of fractional images, image 

to image accuracy assessment is carried out 

in terms of agreement within the two since 

they are at different spatial resolution. The 

reference dataset was prepared using the 

CubeSat (Dove) optical temporal data 

available at 3m spatial resolution. The 

classified outputs were generated for 

conventional MSAVI2 and CBSI-MSAVI2 

for Dove data, leaving behind the RedEdge-

1 MSAVI2 variant which couldn’t be tested 

due to availability of only four bands in the 

3m dataset. Thus for MSAVI2, Band4 

(NIR) and Band3 (Red) were used. 

Whereas for CBSI-MSAVI2, Band4 (NIR) 

and Band1 (Blue) were used. The 

classification was carried out for two 

classes, one being the target class, Psyllium 

Husk and one additional class Fenugreek 

since the method requires at least two 

classes for the generation of matrices. 

Fenugreek was chosen due to the spectral 

and phenological similarity so that it can be 

detected with the same combination of 

dates as that taken for Psyllium Husk. The 

Sentinel data was resampled to 9m spatial 

resolution for maintaining a ratio of 1:3 

between classified (Sentinel) and reference 

(Dove) data. The results for accuracy 

assessment using FERM and SCM taking 

600 samples are as shown in table 6. 

 
 

Table 6: Accuracy Assessment Measures using Matrix-based Image-to-Image Accuracy 
Assessment Techniques 

FERM (%) 
Measures MSAVI2 CBSI-MSAVI2 

Psyllium 
Husk 

Fenugreek Psyllium Husk Fenugre
ek 

User’s Accuracy 91.55 92.09 82.00 81.44 
Producer’s 
Accuracy 

92.49 92.98 82.34 84.56 
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Overall Accuracy 92.73 83.44 
Min Least 

Measures 
 

MSAVI2 CBSI-MSAVI2 
Psyllium 

Husk 
Fenugreek Psyllium Husk Fenugre

ek 
User’s Accuracy 86.53 85.74 82.06 77.33 
Producer’s 
Accuracy 

86.21 86.07 77.22 82.16 

Overall Accuracy 86.14 79.623 
Kappa Coefficient 0.72 0.593 

Min Max 
Measures 

 
MSAVI2 CBSI-MSAVI2 

Psyllium 
Husk 

Fenugreek Psyllium Husk Fenugre
ek 

User’s Accuracy 99.84 99.78 99.03 98.38 
Producer’s 
Accuracy 

99.73 99.83 98.39 99.02 

Overall Accuracy 99.78 98.70 
Kappa Coefficient 0.99 0.97 

 
The accuracy assessment measures 

mentioned in table 6 show that the 

classification carried out using MSAVI2 as 

well as CBSI-MSAVI2 with MPCM 

following mean approach lead to results 

exhibiting good accuracy with MSAVI2 

concluded as the best method for the crop 

under study. Both the crops i.e. Psyllium 

Husk as well as Fenugreek show 

appreciable results. Small difference in 

values of accuracy and kappa coefficient 

for different variants of MSAVI2 was 

observed. The MMD values were 

calculated using samples from ground truth 

for target crop (Psyllium Husk) and other 

crops present in the study area. The inter-

crop and intra-crop MMD values as well as 

variance values are shown in table 7 and 

table 8 respectively. 

 
Table 7: MMD between Psyllium Husk and non-target crops for MSAVI2 variants and 

MPCM approaches 

Number 
of 

Samples 

MSAVI2 MSAVI2 Red Edge 1 CBSI MSAVI2 

 Mean ISM Mean ISM Mean ISM 
MMD between Psyllium Husk and Cumin using different approaches 
5 0.601494 0.578525 0.466853 0.449486 0.683287 0.672829 
10 0.567881 0.578525 0.56620 0.449486 0.665546 0.682166 
15 0.446872 0.464239 0.554435 0.368814 0.65901 0.640336 
20 0.585247 0.464239 0.555182 0.392344 0.661999 0.637722 
25 0.585434 0.464239 0.563399 0.392344 0.661251 0.637722 
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50 0.546592 0.435107 0.51746 0.44127 0.650233 0.691317 
MMD between Psyllium Husk and Mustard using different approaches 
5 0.729085 0.722222 0.796405 0.801307 0.445751 0.425491 
10 0.583987 0.448693 0.713399 0.569935 0.433333 0.43987 
15 0.26732 0.448693 0.753595 0.569935 0.441503 0.430392 
20 0.674183 0.448693 0.758823 0.593464 0.471242 0.431699 
25 0.678432 0.448693 0.750654 0.593464 0.450326 0.257189 
50 0.713399 0.283006 0.783006 0.485948 0.459477 0.396079 

MMD between Psyllium Husk and Fenugreek using different approaches 
5 0.026144 0.022222 0.046013 0.036602 0.16732 0.156863 
10 0.05699 0.022222 0.001045 0.000523 0.174902 0.171242 
15 0.046536 0.022222 0.015163 0.000523 0.171503 0.170981 
20 0.02092 0.022222 0.017255 0.020915 0.182222 0.165229 
25 0.01804 0.018300 0.013595 0.016994 0.173856 0.150327 
50 0.02092 0.014379 0.018300 0.025359 0.179869 0.153726 

MMD between Psyllium Husk and Wheat using different approaches 
5 0.350849 0.328889 0.171503 0.159738 0.30536 0.288628 
10 0.233987 0.263791 0.212026 0.159738 0.218039 0.27634 
15 0.254379 0.258301 0.208104 0.149543 0.213856 0.231373 
20 0.291242 0.258301 0.208627 0.173072 0.219085 0.221699 
25 0.297255 0.258301 0.212026 0.173072 0.213856 0.221699 
50 0.288889 0.361830 0.175163 0.135948 0.306928 0.486275 

MMD between Psyllium Husk and Castor using different approaches 
5 0.487908 0.480065 0.452288 0.442484 0.238889 0.201961 
10 0.320262 0.183987 0.333987 0.254248 0.217647 0.21634 
15 0.083006 0.183987 0.375164 0.248366 0.20915 0.209804 
20 0.428105 0.183987 0.372549 0.271896 0.21634 0.211111 
25 0.432353 0.183987 0.357516 0.259151 0.202287 0.193464 
50 0.48987 0.245752 0.389869 0.269281 0.189869 0.366667 

 
In case of inter-crop analysis, as it 

can be seen from table 7, the MMD values 

obtained were higher which shows that 

there is separation between target and non-

target crop. This separation should be as 

high as possible to be able to highlight the 

class of interest. The MMD values for 

fenugreek and wheat were less. This is 

because of similarity in the phenology and 

spectral profile of Psyllium Husk, 

Fenugreek and Wheat. Fenugreek is quite 

similar to Psyllium Husk visually too, i.e. 

both have a small structure, which further 

increases the spectral similarity between 

the two. While in case of wheat, the crop 

structure is different, wheat is denser and 

more continuous with respect to Psyllium 

Husk are distant from each other. Still there 

is spectral similarity between the two which 

accounts for the fact that MSAVI2 has 

worked for the benefit and has reduced the 

soil impact up to a large extent which has 

ultimately brought these two crops to be 

comparable. CBSI-MSAVI2 based both the 

approaches i.e. mean as well as ISM can be 

observed to have differentiated between 
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Psyllium Husk and Fenugreek the best 

among the three.  

 

As it can be observed from table 8, 

MMD values within the Psyllium Husk 

crop field are very low which shows that 

there is less difference between the 

membership values of training and testing 

class and mapping has been carried out 

efficiently. The results for accuracy show 

consistent and close values irrespective of 

the technique and number of samples used. 

On the basis of overall performance, the 

optimum approach and number of samples 

that balance the variance within the field, 

minimizes MMD values within target class 

and maximizes inter-class MMD values 

were concluded to be ISM approach using 

CBSI-MSAVI2 index. Also the MMD as 

well as variance values can be observed as 

saturating around 10 and 15 training 

samples thus showing that the algorithm 

doesn’t require all of 50 samples to provide 

fruitful results.

 
Table 8: MMD and Variance within Psyllium Husk crop for MSAVI2 variants and MPCM 

approaches 

 
Number 

of 
Samples 

Mean ISM 
MMD Variance MMD Variance 

Conventional MSAVI2 
5 0.025882 0.002446 0.013594 0.137638 
10 0.075294 0.001487 0.052287 0.000752 
15 0.056732 0.004603 0.044967 0.000770 
20 0.014379 0.002269 0.044967 0.000770 
25 0.006536 0.002172 0.048104 0.000649 
50 0.043398 0.003901 0.222745 0.002981 

MSAVI2 Red Edge-1 
5 0.018823 0.016880 0.074771 0.094211 
10 0.117124 0.004745 0.036601 0.001362 
15 0.087843 0.007962 0.027973 0.000995 
20 0.087320 0.008192 0.037124 0.000448 
25 0.092810 0.007404 0.043921 0.000361 
50 0.056731 0.014915 0.059346 0.000286 

CBSI MSAVI2 
5 0.024575 0.003994 0.022745 0.003769 
10 0.032418 0.003765 0.023791 0.004315 
15 0.033725 0.004041 0.031111 0.004187 
20 0.049411 0.004636 0.042614 0.004187 
25 0.041568 0.004563 0.071111 0.001600 
50 0.053333 0.005233 0.090196 0.002981 
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This work can further be continued 

to evaluate the performance of CBSI 

approach for other spectral indices across 

different targets. The noise in the output can 

be dealt with by application of standard or 

dedicated filters. 

 
5. Conclusion 
 

In order to carry out efficient 

mapping for specific crop, it is important to 

process temporal data with acquisition 

dates that cover unique crop stages. This 

further helps in differentiating the target 

crop and highlighting it among the presence 

of other similar crops. The bands selected 

for vegetation indices calculation for crop 

mapping influence the classified outputs 

and hence should be selected carefully so as 

to match the target under study. The 

classification technique used in this study 

i.e. Fuzzy MPCM suits the applications 

since the pixels are not pure and may 

contain some other class. The ISM 

approach for MPCM classification shows 

less variance within the target fields 

detected which points that the output is 

unaffected by heterogeneity within the 

class. The results obtained after varying the 

number of training samples show that at a 

certain point that was 10 to 15 training 

samples, the results get saturated and are 

unaffected or negligibly affected by an 

increase in the number of training samples. 

The accuracy assessment results show that 

both the variants of MSAVI2 i.e. 

conventional and CBSI-MSAVI2 give fair 

results with good overall accuracy as well 

as kappa coefficient. 
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