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Abstract: 
For precision agriculture, resource optimization, and sustainable farm management, 
prompt and correct crop health assessment is vital. Conventional vegetation indexes like 
NDVI and EVI offer insightful observations, yet they usually fall short of portraying the 
whole spectrum of physiological and structural conditions seen in several crops and 
habitats. By means of Principal Component Analysis (PCA), this study introduces a novel 
Multi-Vegetation Health Index (MVHI) integrating five complementary spectral indices—
NDVI, EVI, SAVI, GNDVI, and NDRE—to derive objective statistical weights. Thirteen scenes 
from June–December 2024 from Sentinel-2A surface reflectance imagery were 
preprocessed using cloud filtering, spatial point extraction, and temporal index 
computation at field sites in Mahalaxmikheda village, Maharashtra. MVHI was built from 
the first principal component, which accounted for 82.30% of total spectral variation, 
hence confirming great information compression and index strength. Accuracy assessment 
using one-way ANOVA shown significant discriminatory ability across independently 
defined crop health groupings (F = 211.50, p < 0.001), with a large effect size (η² = 0.522). 
Comparative ANOVA results demonstrated that MVHI offers a balanced alternative to 
highly sensitive individual indices such NDRE and GNDVI. Spatial mapping of MVHI 
revealed clear gradients of crop vigor and stress, hence supporting its applicability for 
field-scale monitoring and agronomic decision-making. MVHI turns out to be a 
trustworthy, data-driven and whole crop health indicator fit for operational remote sensing 
and scientific study purposes. 
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1. Introduction 

Crop health monitoring is an important resource in sustainable agricultural management 
which can give timely actions to minimize loss of yields and maximize resource use. These 
traditional field-based assessment methods are accurate, but time-consuming, labor-
intensive and often impossible for large-scale agriculture landscapes [1]. As satellite 
remote sensing increasingly uses multispectral imagery, vegetation indicators of crop 
vigor, chlorophyll concentration, canopy structure and stress are now capable of providing 
useful models of crop survival, sunlight concentration, and stress distribution [2]. Among 
these are commonly used indices such as the normalized difference Vegetation Index 
(NDVI), Soil Adjusted Vegetation Index (SAVI), Enhanced Vegetation Index (EVI), Green 
Normalized Difference Vegetation Index (GNDVI), and Normalized Difference Red Edge 
Index (NDRE), which further evaluate plant physiological status [3]. 
 
Yet single indexes are limited enough to use. NDVI saturates under dense canopy 
conditions, EVI requires high atmospheric calibration, SAVI is sensitive to soil reflectance, 
and red-edge–based indices such as NDRE capture stress signals, but do not accurately 
represent overall canopy greenness [4]. There are none of the vegetation indexes which 
does not consistently show the fusion of complex biophysical characteristics of crops that 
vary in scale and location. As a result, there is a growing demand for integrative 
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approaches that combine the strengths of dozens of indexes into a single and robust crop 
health indicator [5].  
 
To address the gap, the present study proposes an integrated multiple index approach that 
blends five commonly used vegetation indices—NDVI, EVI, SAVI, GNDVI, and NDRE into a 
single composite metric using Principal Component Analysis. By extracting statistically 
optimized spectral weights from the first principal component, we develop a Multi-
Vegetation Health Index (MVHI) that captures spectral variance, which does not appear to 
be sensitive or stable; but, sensitivity and stability are much more significant than 
sensitivity and stability. The PCA-derived weighting technique can be used to approximate 
the objectivity of the method, reduce redundancy of correlated factors, and enhances 
interpretation of crop health differences. 
 
The MVHI framework provides several benefits such as greater accuracy to detect early 
stress, robustness across soil and canopy densities, able to integrate structural, 
biochemical and physiological vegetation signals, and suited to precision agriculture 
applications where spatial variability is needed. Through an implementation of the MVHI 
as geospatial point data from agricultural fields, this study shows how spatial stress 
hotspots can be identified, categorized into the categories of crop health, and that a 
computerized method of finding the effects of the PCA-derived composite index can serve 
as a way to make an actionable decision for farmers and farmers. This multi-index 
methodology helps to develop the remote sensing systems of crop detection and provides 
a scientific basis for large-scale operational monitoring applications. Following section 
consist of related work followed with study area description. Later section explained 
detailed methodology and followed with result discussion and conclusion. 
 

2. Related Work 
Remote sensing–based crop monitoring has been extensively studied, with numerous 
investigations exploring the use of vegetation indices and statistical methods to assess 
plant health, detect stress, and quantify biophysical characteristics across diverse 
agricultural systems. Employing UAVs, segmentation, and vegetation indexes, one of the 
studies monitored cassava health and revealed notable growth variances as well as a 
strong connection between important indicators like NDVI and GNDVI, therefore 
informing more effective agricultural management. With R² values ranging from 0.95 to 
0.98, the Normalized Difference Vegetation Index (NDVI) and Green Normalized 
Difference Vegetation Index (GNDVI) showed a solid link. This strong link suggests that 
both indexes are successful in forecasting plant health through UAV-based monitoring [6]. 
Another study developed and validated a novel Sentinel-2 based Vegetation Health Index 
(SVHI) using spectroscopy and global sensitivity analysis. This new index demonstrated 
superior capability in detecting multiple vegetation stressors and effectively monitoring 
crop phenology compared to traditional indices like NDVI and NDMI [7]. 
 
Another study utilized Principal Component Analysis (PCA) to identify key wavelengths 
for vegetation indices (VIs) like CARI, DD, REIP, and Clred-edge, which effectively 
monitored sweet maize's yield and physiological responses under varying water and 
nitrogen conditions, but did not employ ANOVA. The result shows red-edge group indices 
(CARI, DD, REIP, Clred-edge) were good predictors of yield and physiological parameters 
in sweet maize. DD, REIP, and Clred-edge VIs were able to discriminate different stress 
conditions [8]. 
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One of the author used PCA for analyzing vegetation indices derived from remote sensing 
data, enhancing interpretability and detecting changes.  PCA provides an effective 
dimensionality-reduction technique that preserves the majority of variance while 
transforming correlated variables into new uncorrelated components. It enhances data 
interpretability, enables detection of subtle temporal or spectral changes, and remains 
highly adaptable across diverse datasets. In most remote sensing applications, the first 
few principal components capture the dominant proportion of variance, making PCA both 
efficient and robust for vegetation analysis [9]. 
 

3. Methodology 
The research methodology as shown in figure 2, combined with satellite-based 
multispectral data assesses crop health over the investigated region. Sentinel-2A images 
were processed to extract useful vegetation signaling and the PCA process was used to 
generate a single multi-Vegetation Health Index (MVHI). As a result, this systematic 
process from data acquisition and preprocessing to spectral index generation, MVHI 
construction, and spatial analysis ensures an objective, repeatable assessment of field-
level crop conditions. 
 

Figure 2: Proposed Methodology 
 

 
 
3.1. Data Collection 
Data Collection is done for selected study area of Chhatrapati Sambhajinagar district, 
Maharashtra. For the same region sentinel-2A multispectral images were collected. 
 
3.1.1. Study Area 
The selected study area for research is Mahalaxmikheda village (19.82°N, 75.03°E) of 
Gangapur Tehsil, Chhatrapati Sambhajinagar district, Maharashtra as depicted in figure 1. 
The climate of the region is subtropical with hot summers, monsoon peaks from June to 
September, and mild winters. Agricultural life is an important business dominated by 
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agriculture, and fresh waters and irrigation from the Upper Jayakwadi Dam provide fertile 
soil and irrigation. The landscape is mostly small to medium sized lands filled with large 
crops such as cotton, sweet lime, sugarcane, corn and wheat. The diversity of agriculture 
and crops, soil types, and agriculture practices makes it suitable for remote sensing and 
assessment of crop health by means of satellite-based vegetation indices and crop health 
measures. 
 

Figure 1: Study Area 
 

 
 
3.1.2. Sentinel-2A Temporal Images 
Sentinel-2A is part of the European Space Agency’s Copernicus Earth observation 
program and has high-resolution multispectral imagery for farm monitoring. The 
instrument, MSI has 13 spectral bands that cover all the spectral bands including the 
visible and shortwave infrared bands. These bands span the blue (490 nm), green (560 
nm), red (665 nm), near-infrared (842 nm), narrow vegetation red-edge bands (705, 740, 
783 nm) and SWIR bands (1.61 m and 2.19 m) that allow for precise assessment of 
vegetation vigor, biochemistry, and canopy structure. Sentinel-2A can be read at a spatial 
resolution of 10 m, 20 m and 60 m depending on band, while the relevant vegetation-
relevant bands (Red, Green, Blue, NIR) are available at 10-meter resolution. The satellite, 
which also includes Sentinel-2B as well as has a equator revisit time of 5 days, is especially 
good at recording temporal crop dynamics [10]. This study used 13 cloud-free Sentinel-
2A scenes between June 2024 and December 2024 in our collection. This photographic 
data were processed at SR level, which is correct for atmospheric effects and offers 
reflectance values that are useful for quantitative vegetation analysis. 
 
3.2. Pre-processing 
This study utilizes preprocessed surface reflectance imagery in Google Earth Engine to 
provide radiometrically consistent and ideally prepared datasets for radiometrically 
consistent coverage. The preprocessing process started by selecting the GPS points for 
field GPS and space filtering the satellite scenes to include only imagery near study 
location. During the active crop growth period between June and December 2024, 
Temporal Filtering was used to select data from the June-December 2024 dates. The data 
was then also screened using a cloud-coverage threshold of 20% 
CLOUDY_PIXEL_PERCENTAGE and retained only high quality images [11]. The filtered 
dataset presented reflects geometrically corrected, atmospherically adjusted Sentinel-2 
surface reflectance values. These images are clean, reliable data to aid future vegetation 
analysis and MVHI construction to ensure the assessment of crop health is not influenced 
by cloud contamination, poor quality acquisitions or timing across study area. 
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3.3. Calculate Vegetation Indices 
Spectral transformations obtained from multispectral satellite images that measure crop 
vigour, canopy density, chlorophyll content, and biochemical stress responses are 
vegetation indexes. Strongly sensitive to vegetation structure and physiological state, they 
depend mostly on reflectance in the visible, near-infrared, and red-edge bands. Five often 
used indexes, : NDVI, SAVI, EVI, GNDVI, and NDRE as shown in table 1, were calculated in 
this study to represent various aspects of crop health. Whereas SAVI adjusts for 
background noise in scarce vegetative conditions [12], NDVI offers a starting measure of 
greenness and biomass. Reducing atmospheric and canopy-shadow effects helps to 
improve sensitivity in high-biomass regions [13]. GNDVI emphasizes green reflectance 
and is strongly related to nitrogen content and chlorophyll activity [14]. A red-edge-based 
index, NDRE gives more knowledge into early stress conditions that might not be seen via 
conventional greenness measurements. These indicators combine to offer a strong multi-
dimensional picture of crop physiological performance [15]. 
 

Table 1: Vegetation Indices 
 

 

3.4. Principal Component Analysis (PCA) 
To lower the five vegetation indices' (NDVI, EVI, SAVI, GNDVI, and NDRE) dimensionality 
and to pinpoint the main spectral variance driving crop health, Principal Component 
Analysis (PCA) was applied. All indicators were standardized with z-score normalization 
prior to PCA to guarantee equal numerical effect among variables [16]. As depicted in 
equation 1, StandardScaler was used to normalize all index values, ensuring equal 
contribution to the PCA model. 

𝑋𝑠𝑡𝑑 =
𝑋−𝜇

𝜎
        (1) 

  
 
PCA broke down the index data set into orthogonal components graded based on their 
explained variance. PC1 accounted for 82.30% of the total spectral variance in this study, 
which suggested that the first component captures most of the physiologically relevant 
information across the indexes. The significant contribution of PC1 validates PCA as an 
appropriate technique to get integrated spectral weights and confirms strong 
multicollinearity among vegetation indices. The loading coefficients of PC1 were utilized 
as the statistical weights for generating the Multi-Vegetation Health Index (MVHI), hence 
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guaranteeing a fair, data-driven integration of spectral data as opposed to arbitrarily 
selected weights. 
 
3.5. MVHI Construction 
Built as a single measure of crop vitality and stress, the Multi-Vegetation Health Index 
(MVHI) combines the five vegetation indices utilizing PCA-derived spectral weights. Every 
vegetation index was multiplied by its normalized PC1 loading value, and the weighted 
numbers were added to create the weighted values. This guarantees that indicators with 
more explanatory power (e.g., NDRE, GNDVI, NDVI) significantly influence the ultimate 
health measure whereas indices with less impact have less effect. MVHI simultaneously 
records several physiological dimensions including early stress response (NDRE), soil-
adjusted reflectance (SAVI), chlorophyll–nitrogen status (GNDVI), and canopy density 
(NDVI, EVI). MVHI therefore offers a more delicate and complete measurement of crop 
condition than do single-index methods. Higher MVHI levels point to more robust 
vegetation; lower values imply different degrees of physiological stress, hence supporting 
efficient spatial analysis, stress discrimination, and field-level monitoring. 
PCA transforms the standardized indices into components that maximize statistical 
variance. The first principal component (PC1) typically captured >70% of variance and 
was used to derive MVHI as shown in equation 2. 
                  𝑀𝑉𝐻𝐼 = (𝑁𝐷𝑉𝐼 × 𝑤1) + (𝐸𝑉𝐼 × 𝑤2) + (𝐺𝑁𝐷𝑉𝐼 × 𝑤3) + (𝑆𝐴𝑉𝐼 × 𝑤4) +
(𝑁𝐷𝑅𝐸 × 𝑤5)      
           
 (2)                           
where 𝑤𝑛represents PCA-derived loading weights normalized to unity. MVHI values 
therefore reflect a weighted biological signal, emphasizing indices contributing the most 
to crop vigor and minimizing noise from soil and illumination effects. 
 
3.6. Accuracy Assessment 
Accuracy validation of the MVHI framework was conducted using two complementary 
statistical measures: PCA variance analysis and ANOVA-based discriminatory power 
assessment. PCA variance analysis quantified how effectively the first principal 
component captured the shared spectral variability among the vegetation indices, thereby 
confirming the robustness of the PCA-derived weights used in MVHI construction. 
Complementarily, one-way ANOVA evaluated the ability of MVHI and individual indices to 
discriminate between different crop-health groups [17]. The high F-values and significant 
p-values obtained from ANOVA demonstrated strong discriminatory capability, 
confirming that MVHI provides a statistically reliable and sensitive indicator of crop 
health variation across the study area. 
 

4. Result and Discussion 
Instead of a classification or predictive model, the suggested Multi-Vegetation Health 
Index (MVHI) is a composite spectral index based on several vegetation parameters. 
Therefore, conventional accuracy indices like total accuracy, confusion matrix, or RMSE 
are not immediately relevant. Following established guidelines in the literature of 
vegetation index and remote sensing, MVHI accuracy was assessed using statistical 
robustness and discriminatory power instead. Two complementary validation 
approaches were employed: 
1) PCA-based variance explanation, to assess the statistical reliability of MVHI 

construction. 
2) ANOVA-based discriminatory validation, to examine the capability of MVHI to 

distinguish crop health conditions. 
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4.1. PCA Results 
Principal Component Analysis (PCA) was used to quantify how much of the total 
information contained in the original vegetation indices is captured by MVHI. Since MVHI 
is derived from the first principal component (PC1), the variance explained by PC1 directly 
reflects the statistical completeness and robustness of the index. PCA was performed on 
standardized NDVI, EVI, SAVI, GNDVI and NDRE values. The eigenvalue-based variance 
contribution of each principal component is presented in Table 2. 
 

Table 2: PCA Variance Explained by Principal Components 
 

 
 
The PC1 alone accounted for 82.30% of the total spectral variance, indicating very strong 
coherence among the five vegetation indices. This result confirms that: 
• The majority of crop health information is concentrated in a single dominant component. 
• Redundancy among individual indices is minimized. 
• MVHI provides a compact yet comprehensive representation of crop health. 
In agricultural remote sensing studies, PC1 variance values exceeding 70% are considered 
robust; therefore, the obtained value of 82.30% represents excellent statistical validation 
of the MVHI framework. 
 
4.2. ANOVA-Based Discriminatory Validation 
This validation is done for NDRE based health analysis and for MHVI based analysis. Also 
we have done comparative discriminatory analysis with individual indices. 
 
4.2.1. Health Group Definition 
To evaluate discriminatory power, crop health groups were defined independently using 
NDRE-based stress thresholds, ensuring that the validation was not circular. The dataset 
was categorized into: 
• Stressed (NDRE < 0.15) 
• Moderate (0.15 ≤ NDRE < 0.25) 
• Healthy (NDRE ≥ 0.25) 
The distribution of samples across groups was specified in table 3: 
 

Table 3: Health groups based on NDRE 
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This distribution provided sufficient representation for one-way ANOVA. 
 
4.2.2. ANOVA Results for MVHI 
A one-way ANOVA was conducted to assess whether MVHI values differ significantly 
across health groups. Results are presented in Table 4. 
 

Table 4: ANOVA Results for MVHI 
 

 
The ANOVA results indicate: 
• A highly significant difference in MVHI values between health groups (p < 0.001). 
• A large effect size (η² = 0.522), meaning that 52.2% of MVHI variability is explained by 
crop health condition. 
According to standard effect size classifications (η² ≥ 0.14 = large effect), MVHI 
demonstrates very strong discriminatory capability between stressed, moderate, and 
healthy crop conditions. 
 
4.2.3. Comparative Discriminatory Analysis with Individual Indices 
To further contextualize MVHI performance, the ANOVA results of MVHI were compared 
against individual vegetation indices. Results are summarized in Table 5. 
 

Table 5: Comparative ANOVA Results of Vegetation Indices 
 

 
 
Stress-sensitive indices such as NDRE and GNDVI exhibit higher F-values because they 
directly reflect chlorophyll and nitrogen variability and were used for defining stress 
thresholds. However, MVHI maintained a large and statistically significant effect size while 
integrating multiple physiological signals. This confirms that MVHI is not designed to 
maximize stress sensitivity but to provide a balanced and holistic assessment of overall 
crop health, incorporating canopy vigor, structural response, soil background adjustment 
and biochemical stress indicators. 
Figure 3 illustrates the interrelationships among the five vegetation indices and the MVHI 
using a correlation heatmap. The strong positive correlations highlight the coherence of 
spectral indicators and support the PCA-based construction of the composite health index. 
Figure 4 presents the spatial variability of crop health across the study area using MVHI 
values mapped over geographic coordinates. The gradient visualization effectively 
identifies healthy zones and stress hotspots, enabling field-level interpretation for 
precision agriculture.Figure 5 shows the statistical distribution patterns of individual 
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vegetation indices along with the MVHI histogram. These distributions provide insights 
into overall spectral behavior and reveal how MVHI consolidates multi-index information 
into a single interpretable measure. 
 

Figure 3: Correlation Matrix of Vegetation Indices and MVHI 
 

 
 

Figure 4: Spatial Distribution of Crop Health (MVHI) 
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Figure 5: Distribution of Vegetation Indices and MVHI Health Distribution 
 

 

4.3. Summary of Accuracy Assessment 
The validation framework confirms that MVHI is both statistically robust and 
discriminatively powerful: 
 

Table 6: Summary of Accuracy Assessment 
 

 
 
The combined results of PCA and ANOVA show that the MVHI structure has statistical 
integrity and is agronomically significant. PCA confirms that while ANOVA clearly 
demonstrates its great discriminatory ability in distinguishing crop health conditions over 
the study region, MVHI captures most of the spectral variance connected to vegetation 
health. MVHI helps to get over the drawbacks of simple index strategies like NDVI or EVI 
alone by combining several vegetation indices into a balanced, data-driven composite 
measure. Together, this multi-tiered validation makes MVHI a trustworthy and 
scientifically sound marker appropriate for advanced academic research as well as 
operational crop health monitoring. 
 

5. Conclusion 
For thorough assessment of crop health, this study created a novel Multi-Vegetation 
Health Index (MVHI) integrating the complementary strengths of NDVI, EVI, SAVI, GNDVI, 
and NDRE utilizing PCA-derived spectral weights. Sentinel-2A multispectral images and 
field-based sampling stations from Mahalaxmikheda (Maharashtra, India) were used to 
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build a multivariate crop-health framework supported by strong preprocessing, 
vegetation index computation, and pixel-level spectral information extraction. PCA 
analysis confirmed that MVHI contains the bulk of significant plant information by 
showing that the first principal component accounted for 82.30% of total spectral 
variation. ANOVA-based discriminatory validation further verified that MVHI dramatically 
distinguishes between stressed, moderate and healthy crop conditions, with a high effect 
size (η² = 0.522). 
MVHI turned out to be a statistically robust, balanced, and operationally realistic index for 
field-scale crop monitoring overall, allowing for better interpretability than single-index 
approaches. The study emphasizes the possibilities of multivariate, data-driven spectral 
integration for scalable agricultural health evaluation and establishes a basis for future 
research in yield forecast, stress diagnosis and precision agriculture applications. 
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