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A B S T R A C T

Implementing high spectral resolution imaging from the Environmental Mapping and Analysis Program (EnMAP) 
paved the way for detailed retrieval of agricultural traits for accurate crop monitoring and management. The 
proposed methodology involves the integration and detailed analysis of Radiative Transfer Modelling (RTM) 
with an integrated approach of machine learning (ML) and Active Learning (AL) algorithms for the retrieval of 
the Leaf Chlorophyll Content (LCC), Carotenoids (Car) and Leaf Area index (LAI) of wheat cropland from the 
continuous three years of the dataset. Reflectance values of leaf were collected using Analytical Spectral Device 
(ASD) − Spectroradiometer data ranging from 350-2500 nm and EnMAP satellite hyperspectral data extends 
spectral data range varies between 420 nm to 1000 nm in the visible and near-infrared (VNIR) of EMR region, 
and from 900 nm to 2450 nm in the shortwave infrared (SWIR) region for crop parameters mapping for a larger 
spatial area of Varanasi district, Uttar Pradesh, India. The PROSPECT + SAIL (PROSAIL) RTM was employed to 
simulate spectral (reflectance) data, and fourteen ML algorithms were assessed for implementation into a hybrid 
model. Kernel Ridge regression (KRR) was combined with Euclidean-based Diversity (EBD) algorithms to retrieve 
crop characteristics due to their exceptional accuracy and reduced uncertainty. Spectral profiles were further 
used to train hybrid models using PCA (Principal Component Analysis) feature selection, and combined tech
niques (ML + AL) were applied to retrieve LCC, Car, and LAI. Afterwards, biophysical and biochemical spatial 
large-scale estimation were provided through atmospherically corrected, and noise-removed EnMAP hyper
spectral data with the help of a trained and tested hybrid (ML + AL) model and validated with the ground- 
measured datasets. The performance indicators showed significantly very high values of correlation during 
calibration (LCC = 0.99, Car = 0.74, and LAI = 0.99) and validation (LCC = 0.66, Car = 0.57, and LAI= 0.88). 
The work showed that the optimized hybrid (KRR + AL) models customized for EnMAP hyperspectral data can 
efficiently estimate the wheat biophysical and biochemical parameters in near-real time therefore, expanding 
this workflow to agricultural fields may enable more effective monitoring and management of wheat crops.

1. Introduction

Around 60 % of the Earth’s surface remains capable of supporting 
biological life. When the proportion of forest lands is discounted, about 
50 million km2 of land is used for agricultural purposes (Zabel et al. 
2014; Adamu et al. 2015; Asner 1998; Marandi et al. 2022; Parida and 
Kumari 2021). Retrieval of primary vegetation parameters at the leaf 
and canopy scales, like crop pigments LCC, Car, and LAI, affects 

vegetation growth and development, such as photosynthesis and crop 
yield production (Gitelson 2018; Gitelson et al. 2005). LCC and Car are 
crucial for photosynthesis due to their capacity to transform solar energy 
into the metabolic energy required for carbon fixation (Hosikian et al. 
2010; Fernández-Marín et al. 2015; Gonzalez-Dugo et al. 2015). It is 
crucial to monitor the health and stress of crops using remotely sensed 
imagery for effective crop management (Shah et al. 2019; Baret et al. 
1994; Richards and Stokes, 2004; Shah et al. 2019).
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The assessment of LCC and Car is vital for monitoring plant health, 
regulating fertilizer, and other inputs, as it directly affects crop pro
duction levels (Gupta et al. 2022(a); Gupta et al. 2021; Singh et al. 
2020). The conventional destructive techniques used to determine LCC 
and Car require intricate solvent extraction operations and complex in 
vitro spectrophotometric analysis, which are resource-consuming 
(Verma et al. 2022). Foliar pigment contents—such as chlorophyll a +b 
(LCC) and carotenoids (Car), along with leaf area index (LAI), are key 
traits linked to ecosystem structure and its connection to biodiversity 
(Miraglio et al., 2019). Collecting data at larger spatiotemporal scales is 
also not feasible since it requires time-consuming sampling and pro
cessing methods (Zhu et al. 2020; Gupta et al. 2021). To overcome these 
problems, optical satellite data has emerged as a compelling alternative 
for crop management. It is crucial to monitor the health and stress of 

crops using satellite imagery for effective crop modelling and manage
ment (Asner 1998; Baret et al. 1994). Satellite data are promising for 
monitoring spatiotemporal dynamics of vegetation attributes (Zeng 
et al., 2020). The progress in high-resolution, newly launched satellite 
imaging data, such as PRISMA (PRecursore IperSpettrale della Missione 
Applicativa) and EnMAP, offers more accurate information about the 
biochemical composition of crops(Belanger et al. 1995; Hill et al. 2019; 
Galvão et al. 2018; Mariotto et al., 2013; Sahoo et al. 2015). The limited 
number of bands in multispectral sensors is constraining their capacity 
to offer comprehensive detail concerning ground parameters. In 
contrast, hyperspectral-enabled sensors deliver data with contiguous 
and adjacent bands, and provide more accurate spectral analysis of field 
features compared to broadband data of multispectral images (Mananze 
et al. 2018; Thenkabail et al. 2018).

Fig. 1. Geographical location of the study area with EnMAP bands 73, 47 and 32 combinations.
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The ideal retrieval method is to create direct statistical correlations 
between canopy reflectance data from airborne or spaceborne sensors 
and ground-measured biochemical contents. However, these correla
tions are site and species-specific, making it challenging to apply find
ings directly to different locations or species (Gupta et al. 2021). 
Retrieval approaches based on physical modeling adhere to radiative 
transfer (RT) principles across leaf, canopy, and atmospheric levels, as 
shown in RTMs. These methods can be broadly applicable and are useful 
in mapping applications. Mapping RTM input variables involves simu
lating the RTM with spectral observations until a reduced state is ach
ieved for variable retrieval. However, both statistical and physically- 
based techniques have their respective advantages and disadvantages 
(Verrelst et al. 2015; Demarez and Gastellu-Etchegorry 2000). Physical 
modelling-based inversion methods are scientifically valid as they 
compare observed spectral data with that produced by RTM. At the leaf 
level, models like PROSPECT and SAIL, collectively known as PROSAIL, 
are used to predict leaf parameters (Gupta et al. 2021; Jacquemoud et al. 
1995). Similarly, studies using related leaf and canopy radiative 
transfer-based models investigate how regulating factors affect the 
reflectance qualities of leaves at the canopy level. These studies are also 
valuable for estimating the biochemical content in leaves (Feret et al. 
2008; Jacquemoud et al. 1995; Zhang et al. 2008; Jay et al. 2016). These 
techniques are computationally intensive, as it require multiple model 
runs per observation to reach a minimum. In contrast, hybrid model- 
based inversion is faster due to the pre-computed LUT, which stores 
simulated reflectance and input parameters. LUT-based spectral simu
lations and MLRA methods have been widely used to retrieve key 
vegetation traits across growth stages. (Darvishzadeh et al. 2011; Zhang 
et al. 2008). To enhance the result accuracy, more advanced AL has also 
been introduced. Therefore, this work focuses on the development, 
optimization, and validation of a hybrid combination of machine 
learning with AL models for the retrieval of the wheat vital parameters 
such as LCC, Car, and LAI using a new advanced high-resolution EnMAP 
hyperspectral dataset. Therefore, the main objectives of this study are (i) 
to examine the effectiveness of the combined approach of MLRA + AL to 
predict wheat crop parameters using radiometer and EnMAP 

hyperspectral data. (ii) to parameterize the MLRA model to retrieve the 
best AL sampling methods for retrieving important crop parameters such 
as LCC, Car, and LAI. (iii) to generate large-scale mapping of plant 
biochemical and biophysical parameters by using newly launched 
EnMAP satellite data.

2. Study area

In this study, agricultural areas of Varanasi in Northern India were 
considered for model development. Varanasi lies between latitudes 
25◦1030 and 25◦3515 N and longitudes 82◦4050 and 83◦1218 E and is 
part of the Indo-Gangetic alluvial plain. The Ganga River constitutes its 
natural boundary in the east and southeast, while the Gomati River 
defines its northern boundary. Varanasi district has a total area of 1,535 
km2, of which 1,371.22 km2 is rural and 163.78 km2 is urban 
(Adinehvand and Rai, 2016). The average annual rainfall in the research 
area is roughly 1,100 mm, the temperature series 7 ◦C to 46 ◦C, and the 
average yearly temperature is 25 ◦C. Rabi and Kharif crops are the most 
commonly grown crops in the research area (Nistor et al. 2020). 
Groundwater media mainly consist of sedimentary deposits. Due to its 
favourable living conditions, including fertile soil, a flat landscape, and 
ample water resources, it can sustain a high population density 
(Younger, 2009). The study area map is shown in Fig. 1.

3. Field and satellite dataset

3.1. Sampling data

Extensive field data collection for LCC, Plant height, and LAI mea
surement was carried out from 2020 to 2023 in the BHU agriculture field 
of Varanasi. The GPS instrument was used to gather ground coordinates. 
At the stages of tillering, heading, and maturity, 60 samples were 
collected every year from 2020 to 2023. The wheat crop leaf samples 
were also collected to measure fresh and dry weight, which was used to 
calculate the water thickness. Leaf was also collected to measure the LCC 
and Car using destructive measurement. Additionally, the crop LAI was 
obtained using an LI-COR LAI-2000 instrument, specifically designed for 
analysing plant canopies. Pictures of the field data collection are shown 
in Fig. 2.

i)Destructive measurement of chlorophyll and carotenoids
In this study, destructive measurements of leaf chlorophyll content 

and carotenoids were carried out in the laboratory. The most useful 
stages for crop tillering, heading, and maturity were chosen. Throughout 
all sampling times, leaf samples were obtained, and measurements were 
taken for both fresh weight and dried weight. The leaf samples were 
initially washed extensively with distilled water in the laboratory, sub
sequently dried at room temperature (18 0C), and analysed to determine 
the levels of chlorophylls (CHL-a and CHL-b) and Car.

Fig. 2. Data collection photos in the study area during the different stages (a) tillering, (b) heading, and (c) maturity.

Table 1 
Solvent equations for the measurement of CHL-a, CHL-b, and C x + c in (μg/ml) 
(Sumanta et al. (2014).

Solvents Equations/Formula

80 % Acetone 
(Solvent)

CHL-a(CHL-a) = 12.25A663.2 – 279Ab646.8 

CHL-b(CHL-b) = 21.5A646.8 – 5.1 Ab 663.2 

LCC= CHL-a + CHL-b 
Cx + c(total Car) = (1000 Ab 470 – 1.82CHLa–85.02CHLb)/ 
198 
Where, Ab is the absorbance bands
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ii) Analytical procedure
A precise weight of 0.10 g of a freshly harvested plant leaf sample 

was measured. Subsequently, the sample was blended in the tissue ho
mogenizer with 2 ml of a diverse extractant solvent. The sample mixture, 
which had been made uniform in composition, was subjected to 
centrifugation at a rate of 10,000/m rpm for 15 min at a set temperature 
of 40 ◦C. After the supernatant was separated, 0.51 ml of it was mixed 
with 0.9 ml of the suitable solvent. The measurement of values at spe
cific absorbance bands of CHL-a, CHL-b, and Car in the solution mixture 

was made using a spectrophotometer (Parkin). The mathematical for
mula used to measure the amounts of CHL-a, CHL-b, and Car using 80 % 
Acetone solvent is shown in Table 1.

3.2. Satellite data (EnMAP)

The EnMAP satellite was launched on 1st April 2022, at 6:24p.m. 
(CEST) by SpaceX using a Falcon 9 rocket from Cape Canaveral, making 
it the largest payload launched by the U.S. space business. EnMAP is a 

Fig. 3. Graphical presentation of the proposed methodology.
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hyperspectral satellite developed by German institutions, led by the 
German Aerospace Centre (DLR). It features a spectral sample interval of 
6.5 nm for VNIR and 10 nm for SWIR, with up to 99 VNIR bands and 163 
SWIR bands. It also has high signal-to-noise ratios, over 500 in VNIR and 
150 in SWIR. Processing options include L0, L1B, L1C, and L2A, with a 
30 km swath and a ground sampling distance of 30 × 30 m (Storch et al. 
2020). The EnMAP data is available to the public through the EnMAP 
Ground Section Instrument Planning Subsystem (IPS) Portal, which can 
be accessed via the EOWEB Geoportal (EGP) at no cost (Brell et al. 2021; 
Pascual-Venteo et al. 2024; Stuffler et al. 2007). In the current study, 
orthorectified reflectance data (L2A) were downloaded from the website 
(https://www.enmap.org/data_access/), and noise removal was done 
using a Fast Fourier transform filter. The EnMAP toolbox in QGIS 3.40.2 
was further used to convert data into GEOTIFF format. These GEOTIFF 
tiles were then used in the ARTMO toolbox for the retrieval of crop 
parameters.

4. Methodology

The leaf-based PROSPECT model associated with the canopy-based 
model SAIL into ARTMO (Rivera et al., 2013) was employed to derive 
crop LCC, Car, and LAI. A simulated database was generated using a 
combined model named PROSAIL after 20,000 simulations to generate 
an LUT and to perform forward modelling. These simulations involved 
various combinations of input variables, including LCC, Water thickness 
(Cw), leaf structure, and LAI, along with their corresponding predicted 
reflectance values. Further, ASD-Spectroradiometer reflectance data 
with 2101 bands were used and resampled according to EnMAP satellite 
data with 242 bands to match the spectral resolution of satellite data. 
Simulated spectra and resampled radiometer data were then further 
used as input data for ARTMO’s MLRA-based inversion toolbox. The 
measured data were divided into two subsets: calibration (or training) 
and validation. In our study, the data was split into two parts 70 % and 
30 % for calibration and validation, respectively. The MLRA toolbox was 
further used for all the optimization and to retrieve parameters. This 
calibration involved spectral redundancy in the MLRA using Principal 
Component Analysis (PCA). The RT model was calibrated using the 
obtained leaf-based collected reflectance spectra, as described by Ver
relst et al., 2013. To enhance the model performance further, the best 
MLRA model was combined with AL to invert crop parameters. Then, 
finally, the remaining 30 % data was used for independent testing of the 
final model performance. Subsequently, goodness-of-fit statistics and 
various outcomes are computed to assess the precision of the obtained 
LCC, Car, and LAI. Ultimately, a comprehensive crop parameters map
ping were conducted using the recently launched EnMAP satellite data, 
which offers high-resolution imagery at a large scale. The detailed 
methodology and inversion workflow are shown in Fig. 3.

4.1. PROSAIL LUT simulation

The inversion analysis was exclusively conducted using the ARTMO 
version 3.30(Verrelst et al., 2013). ARTMO is a graphical user interface 
(GUI) toolbox developed in MATLAB. It integrates and harmonizes the 
record of commonly used leaf and canopy radiative transfer models 

Table 2 
Comprehensive list of parameters used by PROSAIL model in ARTMO with their 
ranges.

Leaf: PROSPECT 5 Canopy: 4SAIL
Input Unit Minimum/ 

Maximum
Input Unit Minimum/ 

Maximum

Structure of 
leaf* (N)

− 1–5 Total leaf 
area (LAI)

m2/ 
m-2

0–5

Total Chl 
(LCC)

μg/g 0–76 Distribution 
of angle of 
leaf*

Degree 0–20

Water 
thickness 
(Cw)

g/ 
cm2

0.001–0.05 Hotspot 
parameter *

− 0–1

Carotenoids 
(Car)

μg/g 0–3 Direct Energy
*

− 0–50

​ ​ ​ Angle* Degree 0◦

* The range was based on the information provided in the literature (Bealde 
et al. 1982).

Fig. 4. The simulated spectra using PROSAIL-LUT based on the LCC and LAI parameters.
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(RTMs) (Rivera et al., 2013). This toolbox includes the necessary ele
ments for implementing inverse canopy reflectance models. It offers 
features such as the ability to introduce the parameter and spectrum 
noise to the simulated spectral reflectance and the option to use the 
average or middle value of multiple best-performing models for the 
inversion process, among other functionalities (Verrelst et al., 2013). 
The accuracy of retrieved variables using the spectral simulation data
base (Weiss et al. 2000). Usually, running the inversion algorithm on 
large simulated spectral data with more than 10,000 entries enhances 
the precision of parameter estimation. However, this improvement 
comes at the cost of a longer execution time. A spectral simulation was 
produced by conducting 20,000 simulations of canopy reflectance, each 
with corresponding effort variable standards. PROSAIL parameteriza
tion was conducted using either published values or variable ranges 
obtained from field measurements during field samplings described in 
Table 2. In a published study of (Martínez-Huitle et al. 2023), the value 
was set for the leaf structure index N ranges from 1 to 4. The LCC values 
were obtained by wet lab analysis and ranged from 0 to 75. These values 
were treated as external data since they were gathered in the laboratory 

employing the Spectrophotometer instrument. Water thickness (Cw) was 
measured using the difference between the fresh weight and dry weight 
of a leaf, then dividing that difference by the leaf’s area. In this study, 
the hotspot parameter was defined within a range of 0 to 1, consistent 
with standard practices in radiative transfer modelling (e.g., Verhoef & 
Bach, 2007). The sun zenith angle (SZA) values were predefined based 
on the specific acquisition conditions of the EnMAP satellite overpass. 
EnMAP captures imagery in a near-nadir viewing configuration, the 
observation zenith angle (OZA) was set to 0◦, representing a directly 
overhead sensor geometry (Asrar and Myneni, 1991). The creation of 
LUTs involved the execution of PROSAIL in forward mode. The variable 
distributions were either Gaussian or uniform. To generate the LUT, we 
utilized the most commonly used LHS technique named Latin 
Hypercube-based sampling (LHS), which is a bedded Monte Carlo-based 
data collection technique. This technique was chosen as an alternative to 
gridded sampling and involved selecting a subgroup of 20,000 entries. 
The implementation of LHS was done in ARTMO. The LHS approach 
requires the lowest and highest boundary values of the input variables 
(Verrelst et al. 2016). The MySQL database underlying ARTMO 

Table 3 
MLRA Performances for Crop Parameters (a- LCC, b- Car, c- LAI) retrieval.

MLRA RMSE (μg/g) NRMSE (%) Correlation coefficient (R)

Weighted k-nearest neighbor regression 0.89 18.94 0.79
K-nearest neighbor regression 0.51 10.77 0.96
Adaptive Regression Splines 0.88 18.72 0.80
Kernel ridge Regression 0.51 10.77 0.97
Random Forest 

(TreeBagger)
0.90 19.04 0.79

Regularized least-squares regression 1.01 21.50 0.87
Bagging trees 1.22 25.93 0.75
Gaussian Processes Regression 1.48 31.57 0.66
Regression tree 1.49 31.64 0.66
Elastic Net regression 1.49 31.68 0.66
Boosting trees 1.57 33.34 0.71
Least squares linear regression 1.65 35.02 0.73
Principal components regression 1.66 35.26 0.72
Partial least squares regression 1.86 39.55 0.52

(a) LCC

MLRA RMSE (μg/g) NRMSE (%) Correlation coefficient (R)

Weighted k-nearest neighbor regression 15.28 20.34 0.76
K-nearest neighbor regression 15.32 20.39 0.75
Adaptive Regression Splines 15.38 20.47 0.76
Kernel ridge Regression 14.41 19.84 0.85
Random Forest (TreeBagger) 16.41 21.84 0.70
Regularized least-squares regression 16.98 22.60 0.75
Bagging trees 18.05 24.03 0.70
Gaussian Processes Regression 19.54 26.01 0.56
Regression tree 19.80 26.35 0.53
Elastic Net regression 20.30 27.02 0.49
Boosting trees 20.37 27.12 0.60
Least squares linear regression 21.84 29.07 0.47
Principal components regression 21.84 29.07 0.46
Partial least squares regression 23.60 31.418 0.40

(b) Car

MLRA RMSE (m2/m2) NRMSE (%) Correlation coefficient (R)

Weighted k-nearest neighbor regression 4.07 31.87 0.45
K-nearest neighbor regression 3.97 31.14 0.40
Adaptive Regression Splines 4.02 31.51 0.43
Kernel ridge Regression 3.92 30.77 0.54
Random Forest (TreeBagger) 4.22 33.08 0.61
Regularized least-squares regression 4.58 35.92 0.63
Bagging trees 4.61 36.16 0.53
Gaussian Processes Regression 5.56 43.63 0.03
Regression tree 5.62 44.12 0.35
Elastic Net regression 5.62 42.12 0.13
Boosting trees 5.87 46.08 0.49
Least squares linear regression 3.95 26.70 0.37
Principal components regression 5.95 46.70 0.47
Partial least squares regression 11.40 89.42 0.42

(c) LAI
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continuously stores every simulation and any inversion results.
Simulated canopy reflectance data were further used with the vali

dation data of the resampled radiometer reflectance data for model 
inversion (MLRA-retrieval). The best MLRA model with a combination 
of AL was used to predict crop parameters at a larger scale. The LUT 
group took 200 s, and the overturn process took 1 h and 30 min for 
image generation (size- 1.8 GB) in MATLAB.

4.2. Kernel ridge regression (KRR)

In this research, 14 types of MLRA algorithms such as Weighted k- 
nearest neighbor regression (W-NNR), K-nearest neighbour regression 
(K-NNR), Adaptive Regression Splines (ARS), Kernel ridge Regression 
(KRR), Random Forest (TreeBagger), Regularized least-squares regres
sion (RLS), Bagging trees (BT), Gaussian Processes Regression (GPR), 
Regression tree (RT), Elastic Net regression (ENR), Boosting trees, 
Principal Component Regression (PCR), and Partial least squares 
regression (PLS) were optimized to find the best MLRA algorithm to 
retrieve crop parameters for the selected area. The KNN algorithm was 
further selected for model optimization. KRR is a regression method that 
minimises the squared residuals, making it a kernel-based version of 
regularised least squares regression (Ji et al., 2022). The KRR evaluation 
for this study was performed with the ARTMO (Aghababaei et al., 2022). 
To enable KRR training, it was necessary to modify two parameters: the 
σ parameter for the Gaussian kernel function and the C parameter for 
regularisation. The parameters were optimised using conventional 
cross-validation.

4.3. PCA for dimensionality reduction

The ASD-Spectroradiometer hyperspectral data comprises 2101 
bands, which may result in slow performance in machine learning 
models due to spectral band redundancy, also known as the Hughes 
phenomenon. It is essential to employ an appropriate dimensionality 
reduction technique to decrease duplication and processing time while 
simultaneously enhancing accuracy. The ARTMO MLRA toolbox in
corporates eleven techniques for reducing dimensionality, which are 
used to find the most significant statistical variables. Based on a 
comprehensive analysis of several scenarios, it has been determined that 
employing PCA with twenty elements is the optimal approach for 
extracting multiple crop features from hyperspectral data using KRR, as 
stated by Rivera-Caicedo et al., 2017.

4.4. Active Learning

To decrease the sampling extent without compromising the perfor
mance of the model’s outputs, it is possible to reject noisy and unco
operative samples by employing a reliable sample selection criterion 
(Rivera-Caicedo et al., 2017). When predicting agricultural traits using 
large datasets, two commonly used active learning methods are 
uncertainty-based and diversity-based approaches. Pool, entropy query 
by bagging, and residual active learning (PAL, EQB, RSAL) are all 
methods that fall under the uncertainty approach. The diversity 
approach consists of three components: Euclidean-based, Angle-based, 
and Clustering-based diversity (EBD, ABD, CBD). The ARTMO MLRA 
toolbox offers six types of active learning (AL) approaches, along with 

Fig. 5. Variable contribution plot using PCA for LCC (a), Car (b), and LAI (c).
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random sampling strategies, for analysing PROSAIL-simulated spectra 
using a regression algorithm. In the case of the unpredictability strategy, 
the samples were evaluated according to their level of uncertainty, and 
the samples with the lowest level of certainty were selected as the result 
(ElRafey and Wojtusiak 2018; Douak et al. 2011; Douak et al. 2013). 
These AL algorithms use the most valuable training data to develop and 
predict models with optimal accuracy. According to multiple studies, the 
EBD technique, when combined with the MLRA model, is effective for 
retrieving crop parameters. The active learning technique chooses 
a sample from the pooled data to train the model. This process is per
formed iteratively to ascertain whether the data chosen from the pool 
enhances the model’s performance or not. Therefore, samples exhibiting 
minimal progress are excluded from the last dataset, and this procedure 
is iterated until all samples in the collective dataset have been assessed 
against the validated dataset. For validation, we used a dataset that was 
acquired in the field. The accuracy was assessed by employing 
commonly used statistics, including Mean Absolute Error (MAE), Root 
Mean Square Error (RMSE), and Normalised RMSE (NRMSE). In sum
mary, a comprehensive analysis was conducted on five different active 
learning (AL) approaches: ABD, CBD, EBD, PAL, and RSAL. The findings 
of this analysis were to find the optimal strategy for retrieving 
parameters.

5. Results & discussion

5.1. Results

5.1.1. Spectral simulation
The PROSAIL model was employed to develop LUT simulations after 

setting up with input data. During these simulations, the process in
volves combining leaf simulations with canopy simulations, resulting in 
a rapid and significant increase in the number of runs, as indicated by 
the supplied range. More than 20,000 simulations were conducted using 
the refreshed ASD-spectroradiometer data. Fig. 4 displays the generated 
LUT spectra, where the colour varies according to the factors LCC and 
LAI.

5.1.2. Model evaluation and selection of KRR
Simulated resampled spectra were further used as input in the MLRA 

inversion toolbox. In this research, 14 types of MLRA algorithms such as 
W-NNR, K-NNR, ARS, KRR, RF, RLS, BT, GPR, RT, ENR, BT, PCR, and 
PLS were optimized to find the best MLRA algorithm to retrieve the crop 
parameters for selected area. RTM-generated spectra and Resampled 
ASD-Spectroradiometer data were used for the model training and 
validation. The calibration involved spectral redundancy in the MLRA 
training using Principal Component Analysis (PCA). Model calibration 
was done for all parameters, using MLRA such as LCC, Car, and LAI. All 
MLRA algorithm performance can be seen in Table 3. Among all MLRA 
models, KNN outperformed and statistical metrics such as RMSE = 0.51 
μg/g, NRMSE = 10.77 %, and Correlation coefficient (R) = 0.97 were 
found for LCC. Separately, the similar calibration was also done for the 
carotenoids, and performance metrics were calculated as RMSE = 14.41 
μg/g, NRMSE = 19.84 %, and Correlation coefficient (R) = 0.85. Last, 
for LAI, RMSE = 3.92 m2/m2, NRMSE = 30.77 %, and Correlation co
efficient (R) = 0.54. During the model calibration, dimensionality 
reduction was also provided through PCA for the selection of 20 com
ponents to reduce the model processing time (Fig. 5). Based on a 
comprehensive analysis of several scenarios, it has been shown that 

Fig. 6. AL samples performance (a), Iteration (b), Correlation Matrix plot between Spectral and Parameter Noise (c) and Added samples (d) for LCC.
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employing PCA with 20 components is the optimal approach for 
extracting many crop features from hyperspectral observations using 
Kernel Ridge Regression (KRR). This method provides a balance be
tween accuracy and runtime.

5.1.3. Evaluation of MLRA + AL (Calibration)
For enhancement of the performance of the models, it is recom

mended to retrain the model using advanced AL approaches, namely, 
ABD, CBD, EBD, PA, RS, and RSAL. The active learning (AL) approach 
selects items from the collective dataset and uses them to train the 
model. This method is carried out to determine whether the samples 
taken from the pool improve the performance of the model or not. This 
investigation used 70 % dataset for calibration purposes using the 
MLRA + AL technique to enhance the model performance. The perfor
mance of the combined approach of MLRA + AL for parameter retrieval 
was found to be better in comparison with the inclusion of AL tech
niques. During the optimization, the spectral and parameter noise were 
also added to cope with ground and atmospheric noises. 85 samples and 
900 iterations were done during the calibration for LCC. Sample Per
formance, Iteration, added samples, and inclusion of spectral and 
parameter noise information can be seen in Fig. 6 (a-d) for LCC. For car 
60 samples and 900 iterations were done during the optimization shown 
in Fig. 7(a-d). Finally for the LAI, 58 samples and 886 iterations were 
done during the optimization, and shown in Fig. 8(a-d).

5.1.4. Validation of MLRA + AL model
70 % of the data was utilized for calibrating the MLRA + AL model 

remaining 30 % was allocated for validation purposes using MLRA + AL 
approach. Among all AL techniques, EBD gives the most effective 
inversion method for all parameters with KRR, as determined by various 
goodness-of-fit statistics, including RMSE, NRMSE, and Correlation co
efficient (R). The recovered leaf reflectance yielded the accurate results 
for LCC during the calibration (R = 0.99, RMSE = 2.64 μg/g, and NRMSE 
= 2.97 %) (Fig. 9 (a)) and validation (RMSE (μg/g) = 16.39, Correlation 
coefficient (R) = 0.66, NRMSE = 17.05 %), as shown in (Fig. 9 (b)). The 
Car was estimated using leaf reflectance data, with a satisfactory level of 
accuracy (Correlation coefficient (R) = 0.74, RMSE = 4.73 μg/g and 
NRMSE = 18.05 %) during the calibration (Fig. 10(a)) and (Correlation 
coefficient (R) = 0.57, RMSE = 4.38 μg/g and NRMSE = 5.69 %) during 
the validation (Fig. 10(b)). Similarly, the LAI was estimated with high 
accuracy (Correlation coefficient (R) = 0.99, RMSE = 0.21 m2/m2 and 
NRMSE = 3.56 %) during calibration (Fig. 11(a)) and (Correlation co
efficient (R) = 0.88, RMSE = 0.91 m2/m2 and NRMSE = 1.01 %) during 
the validation (Fig. 11(b)).

5.1.5. Crop parameters estimation at a larger scale
The most effective inversion approach was then used to analyse the 

EnMAP satellite data for LCC, Car, and LAI mapping. The ARTMO LUT 
was resampled to accomplish this based on the EnMAP wavelengths. The 
implemented inversion techniques and cost function for retrieving LCC, 

Fig. 7. AL samples performance (a), Iteration (b), Correlation Matrix plot between Spectral and Parameter Noise (c) andAdded samples (d) for Car.
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Car, and LAI produced some excellent results during validation with the 
simulated LUT-based data. Subsequently, the most effective MLR + AL 
inversion approach was utilized to process the EnMAP data and produce 
accurate maps of LCC, Car, and LAI for the chosen study area. The most 
highly correlated hybrid model was then used to retrieve the LCC over 
the area using EnMAP and is shown in Fig. 12. The estimated LCC ranged 

from 0 to 70 μg/g. The Car range varied from 0 to 1.2 μg/g, as depicted 
in Fig. 13. The most recent LAI mapping was also conducted using 
EnMAP satellite data, with values varying from 0 to 7 m2/m2 (Fig. 14). 
The LCC, Car, and LAI values obtained by the MLRA-based retrieval 
technique are strongly linked with the collected datasets in the field. 
Based on the results obtained and comprehensive research of the 

Fig. 8. AL samples performance (a), Iteration (b), Correlation Matrix plot between Spectral and Parameter Noise (c) and Added samples (d) for LAI.

Fig. 9. LCC performance with KRR + EBD (a) training and (b) validation.
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different inversion performances, it is evident that retrieving crop pa
rameters is a highly useful mapping approach that relies purely on crop 
reflectance information. In summary, the map that was created showed 
that how the MLRA-based retrieval model can be used to generate high 
spatial resolution maps of LCC, carotenoids, and LAI at a larger scale.

5.2. Discussion

This study highlights the potential of combining machine learning 
(ML) and active learning (AL) strategies with radiative transfer model 
(RTM) simulations using spaceborne hyperspectral EnMAP data to 
accurately retrieve key crop biophysical parameters, specifically LCC, 
Car and LAI. Among the models assessed, kernel ridge regression (KRR) 
achieved the highest accuracy for all parameters, particularly when in
tegrated with an AL strategy based on expected model change with 
disagreement (EBD). The performance indicators showed significantly 
high correlation values during calibration (LCC = 0.99, Car = 0.74, and 
LAI = 0.99) and validation (LCC = 0.66, Car = 0.57, and LAI = 0.88). 
The EBD-based AL notably improved retrieval performance for LCC, Car, 
and LAI, demonstrating the effectiveness of AL in reducing model 
training requirements and maximizing accuracy with fewer labeled 
samples.

Our findings align with a growing body of literature supporting 
hybrid approaches that combine RTMs with ML or AL to enhance 

retrieval accuracy and efficiency. For example, Sahoo et al. (2023) used 
simulated hyperspectral data and Gaussian Process Regression (GPR) to 
estimate LAI and canopy chlorophyll content (CCC), achieving high 
validation scores (R2 = 0.889 for LAI and 0.656 for CCC). Similarly, 
Tsele and Ramoelo (2024) and Ma et al. (2025) utilized Sentinel-2 and 
UAV hyperspectral data alongside RTM-based active learning ap
proaches, showcasing their effectiveness in selecting the most informa
tive training samples from large, simulated datasets. These studies 
collectively underscore the value of hybrid techniques in addressing the 
limitations of sparse field data and improving retrieval robustness. In 
another study, Jin et al. (2024) explored a deep learning–RTM hybrid 
approach to estimate crop chlorophyll content from GF-5 hyperspectral 
satellite data, reporting strong accuracy and illustrating the adaptability 
of hybrid frameworks to various sensors. Zhang et al. (2008) combined 
PROSAIL simulations with support vector regression (SVR) to estimate 
rice canopy nitrogen and LAI using PRISMA hyperspectral imagery. 
Their results contributed to the growing consensus on the effectiveness 
of RTM-ML integration for trait retrieval at regional scales. However, 
none of these studies reported a hybrid approach for the simultaneous 
retrieval of LCC, Car, and LAI using spaceborne EnMAP data. Our study 
addresses this gap by demonstrating that integrating EBD-based active 
learning with KRR enables efficient, accurate multi-trait estimation even 
in data-limited scenarios, offering a novel and operationally scalable 
solution. This study supports next-generation missions like EnMAP, 

Fig. 10. Estimated Car performance with KRR + EBD model (a) training and (b) validation.

Fig. 11. LAI performance with KRR + EBD model (a) training and (b) validation.
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PRISMA, and NASA’s SBG program, which aim to enhance terrestrial 
ecosystem monitoring with high-resolution, spectral data. These mis
sions facilitate the quantitative estimation of vegetation biochemical 
traits on regional to global scales. The developed framework shows how 
to effectively utilize these datasets using AL-RTM hybrid methods, 
especially in data-scarce areas.

Hybrid modelling approaches encounter challenges, such as the 
computational intensity involved in generating synthetic reflectance li
braries covering diverse biophysical parameters. The high dimension
ality and nonlinear nature of hyperspectral data also complicate sample 
identification. As noted by Verrelst et al. (2016), the effectiveness of 
RTM-based simulations relies on the calibration and representativeness 

Fig. 12. LCC mapping for whole area left (panel) and subset right (panel) over the test site.

Fig. 13. Car mapping for whole area left (panel) and subset right (panel) over the test site.
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of input parameters. This study tackles these issues by integrating EBD- 
based AL, which optimally selects impactful training samples, reducing 
the need for extensive ground datasets. The proposed hybrid framework 
is scalable and adaptable for estimating additional traits like nitrogen 
content, anthocyanins, or water stress indicators. As future hyper
spectral missions improve in resolution, such frameworks will prove 
increasingly valuable for agricultural monitoring and environmental 
modelling.

In conclusion, this study contributes to the evolving field of hyper
spectral remote sensing by demonstrating an effective, data-efficient 
approach for biophysical parameter retrieval. By aligning with the ca
pabilities of current and future hyperspectral missions, this work ad
vances scalable solutions for large-scale vegetation monitoring and 
precision agriculture.

6. Conclusion

The research shows the effectiveness of PROSAIL, RTM-based MLRA 
inversion, in mapping crop metrics over the agricultural region. To ac
complish this, MLRA-based inversion strategies using 14 types of MLRA 
algorithms such as Weighted k-nearest neighbor regression (W-NNR), K- 
nearest neighbour regression (K-NNR), Adaptive Regression Splines 
(ARS), Kernel ridge Regression (KRR), Random Forest (TreeBagger), 
Regularized least-squares regression (RLS), Bagging trees (BT), Gaussian 
Processes Regression (GPR), Regression tree (RT), Elastic Net regression 
(ENR), Boosting trees, Principal Component Regression (PCR), and 
Partial least squares regression (PLS) were thoroughly assessed. These 
strategies were enhanced with advanced active learning, including 
spectral and parameter noise, and dimensionality reduction using PCA. 
The evaluation was conducted using ASD-Spectroradiometer and 
EnMAP satellite reflectance data. Out of many models tested, the most 
effective approach with AL was used for the inversion and implemented 
with the EnMAP satellite data to produce large-scale maps of the LCC, 
Car, and LAI for the chosen study area. Out of all the MLRA assessed, the 
“KRR” yielded the highest level of accuracy in estimating LCC, Car, and 
LAI. To enhance the model’s accuracy, KRR was integrated with AL 
using the EBD. The approach provided a significantly improved retrieval 

of the wheat biophysical and biochemical parameters. A comprehensive 
crop parameters map was then generated with the EnMAP satellite 
datasets with good precision, which indicates that the hybrid-based 
methods are generally useful and can be extended for the optically 
active phyto-pigments.
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