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Background: The leaf area index (LAI) quantifies the total one-sided green leaf area per 
unit of soil area, making it a crucial parameter in models that simulate carbon, nutrient, 
water, and energy fluxes within forest ecosystems. This study enhances LAI estimation 
techniques by employing a multivariate linear regression (MVLR) approach specifically tai-
lored to tropical vegetation. We integrated field-collected LAI data with spectral indices 
and multispectral bands to develop a robust predictive empirical model. The LAI estimates 
derived from the MVLR approach are rigorously compared with those obtained from the 
Sentinel Application Platform (SNAP), a widely utilized tool for remote sensing analysis.
Results: In developing the MVLR model, nine multispectral bands, seven vegetation indi-
ces (VIs), and two biophysical variables derived from Sentinel-2 multispectral image were 
tested to identify efficient predictors for LAI estimation. To determine significant multi-
spectral bands and VIs (ensuring no multicollinearity, high coefficient of determination (R2), 
low root mean square error (RMSE), and a p-value < 0.05) for the best representative model, 
stepwise multiple linear regression (SMLR) was employed. Multispectral bands 7 and 8, 
along with the VIs soil adjusted vegetation index and normalized difference vegetation 
index, and the fraction of vegetation cover biophysical variable, produced superior out-
comes and serve as strong predictor variables for LAI. The accuracy of the MVLR model was 
validated using 17 directly measured LAI sample plots with the leave-one-out cross-vali-
dation method. The estimated LAI using the MVLR model achieved higher accuracy, with 
an R2 of 0.94, compared to the SNAP toolbox (R2 = 0.71). The RMSE and bias of the MVLR 
model were 0.18 and 0.006, respectively, while for SNAP-derived LAI, the RMSE and bias 
were 0.53 and 0.31, respectively.
Conclusions: The improved accuracy and reduced error of the MVLR model are attribut-
ed to its adjustment for tropical vegetation types. Future research should focus on com-
paring the MVLR model with other global LAI products to further validate and enhance its 
applicability.
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Introduction

Leaf area index (LAI) is one of the key biophysical pa-
rameters in monitoring various ecological processes. It can 
be efficiently applied in monitoring vegetation photosyn-
thesis, respiration, transpiration, soil respiration, and the 
energy exchange of the canopy-atmosphere (Jin and Zhang 
2002; Li et al. 2023; Mwangi et al. 2018; Zhang et al. 2020). 
This demonstrates that LAI is applicable in many fields of 
study like precision agriculture, vegetation health monitor-

ing, and crop yield estimation (Ma et al. 2022; Sishodia et 
al. 2020; Xu et al. 2020; Yao et al. 2017). LAI also plays a 
key role in climate modeling, and biodiversity monitoring; 
this also points out that LAI is an essential climate variable 
(Darvishzadeh et al. 2019; Reygadas et al. 2020). It has a 
strong positive correlation with net primary production, 
aboveground biomass, and agricultural yield (Eisfelder et 
al. 2017; Muhe and Argaw 2022). On the other hand, in 
many instances, it has a negative correlation with climatic 
variables like surface temperature (Eisfelder 2013; Pizaña 
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et al. 2016).
LAI can be estimated either through direct or destruc-

tive sampling or by employing indirect methods that esti-
mate LAI based on the degree of light penetration through 
the canopy (Ghebremicael et al. 2004). Although direct or 
destructive measurements of LAI offer precision, collecting 
such data is labor-intensive and time-consuming, render-
ing it feasible only for small-scale plots (Vafaei et al. 2021). 
The availability of freely accessible, high-resolution satellite 
datasets derived from advanced sensors such as Sentinel-2, 
coupled with the utilization of sophisticated open-source 
tools like the Sentinel Application Platform (SNAP), and 
the growing accessibility of analysis-ready data, presents a 
remarkable opportunity for the prediction of precise vege-
tation variables (Kganyago et al. 2020).

In remote sensing, four basic approaches can be used to 
retrieve or estimate biophysical variables such as LAI from 
satellite images. First, physical modeling uses radiative 
transfer models (RTM) to predict the interaction between 
spectral radiation and vegetation biophysical variables (Cho 
et al. 2008; Jacquemoud et al. 2000; Myneni 1997; Sikand 
and Stamnes 2012). Second, empirical or parametric mod-
eling establishes a relationship between vegetation indices 
(VIs) and the ground measured biophysical variables. 
Third, machine learning regression algorithm or non-para-
metric modeling do not require an explicit relationship or 
specific data distribution, for-example, support vector re-
gression (Durbha et al. 2007). Lastly, hybrid models com-
bine elements from two or more of the aforementioned ap-
proaches (Lillesand et al. 2015; Verrelst et al. 2015).

In recent studies, RTMs are used to derive biophysical 
variables from satellite images (O’Hagan 2006; Verrelst et 
al. 2016). These RTMs utilize the full spectrum acquired 
by multi- to hyperspectral sensors, unlike VIs that use only 
some of the spectral bands (Verrelst et al. 2016). Addition-
ally, RTMs can exploit the directional signature of multi- 
angle sensors (Verrelst et al. 2015). However, these models 
have some weaknesses, including the need for extensive 
parameterization, as well as requiring more intensive com-
putational skills and time (Richter et al. 2011). On the other 
hand, most of the empirical models do not require ad-
vanced mathematical skills, making them easier to under
stand and implement (Ali et al. 2019; Magney et al. 2017).

The SNAP biophysical processor, an open-access earth 
observation analysis tool, estimates biophysical parameters 
based on two different hybrid models: a physically-based 
RTM and a robust machine learning algorithm (Upreti et 
al. 2019; Weiss and Baret 2016). The accuracy of SNAP-de-
duced LAI from Sentinel-2 data, as well as its consistency 
with existing LAI products, has been studied (Bochenek et 
al. 2017; Campos-Taberner et al. 2018; Kganyago et al. 
2020). This is crucial since precise and consistent agricul-
tural monitoring strongly hinges on the consistency and 
inter-comparability of biophysical parameters (Alexan-

dridis et al. 2019).
While numerous studies (Binh et al. 2022; Brown et al. 

2019; Chauhan and Lunagaria 2024; Djamai et al. 2019a; 
Kganyago et al. 2020; Pasqualotto et al. 2019b) have vali-
dated LAI estimates derived from Sentinel-2 imagery using 
the SNAP biophysical variables processor, there remains a 
gap in comparing these estimates with empirical models 
that incorporate both multispectral bands and VIs. Our 
study addresses this gap by developing and validating a 
multivariate linear regression (MVLR) model that inte-
grates these spectral features, providing a fresh perspective 
on LAI estimation accuracy. This research, conducted in 
the Mille watershed of Ethiopia, offers a critical compari-
son between SNAP-derived LAI and our tailored MVLR 
model, aiming to enhance LAI estimation techniques, es-
pecially in tropical regions with complex vegetation types. 
The significance of our study lies in its ability to provide 
more accurate and context-specific LAI estimates, which 
are essential for improving applications in climate model-
ing, agricultural management, and forestry practices in re-
gions with similar ecological characteristics. Hence, this 
study has two main objectives: (1) identify the most effi-
cient predictors of LAI from satellite image reflectance and 
VIs and develop a MVLR model to estimate LAI and (2) 
validate and compare LAI derived from SNAP biophysical 
processor and MVLR model against field-measured LAI.

Methods and Materials

Description of the study area
The research was conducted in the Millie River basin, 

located in the Ambasel District of the South Wollo Zone in 
the Amhara Regional State of Ethiopia, an area predomi-
nantly characterized by tropical vegetation types (Fig. 1). 
Mille River basin is located between 11° 19′ 44″–11° 32′ 37″ 
latitude and 39° 31′ 44″–39° 40′ 51″ longitude. It has an ele-
vation ranging from 1,427 to 3,635 m above sea level with 
an average temperature 15°C to 20°C.

The rainfall pattern is bimodal type. The main rainy 
season is from June to September, while the medium rainy 
season is from April to June. According to the Kombolcha 
metrological station, the mean annual rainfall of the study 
area ranges from 800 to 2,500 mm. The lowest minimum 
temperature is recorded from August to November (11°C 
to 12°C) and the highest maximum temperature is record-
ed during May and June (22°C to 30°C). The livelihood of 
the study area is mainly mixed agriculture i.e., crop-live-
stock production, which is mainly rain-fed agriculture.

According to the district statistics, more than 68% of the 
Mille watershed is covered by agricultural crops and vege-
tations, while the northern and northwestern parts are 
dominated by medium-height forest trees, such as Prunus 
africana, Croton macrostachyus, Cordia africana, and Fi-
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cus sur. The study area is characterized by a rich diversity 
of vegetation and agricultural practices. Economically sig-
nificant plant species, including Coffea arabica, Mangifera 
indica, and Catha edulis, play a vital role in the local econ-
omy. In addition to these perennial crops, the region also 
supports various seasonal agricultural crops, such as Zea 
mays, Sorghum bicolor, Eragrostis tef, and Capsicum ann-
uum, which are particularly abundant during the summer 
growing season. Vegetation coverage within the watershed 
varies, with some areas exhibiting dense vegetation, while 
others are more sparsely covered. The Mille River basin is 
illustrated using a Sentinel-2 true color composite in Fig-
ure 1.

Field LAI measurement
Due to the lack of indirect LAI measurement instru-

ments in the field, the researchers employed direct mea-
surement with minimal disturbance for 17 sample plots. 
Each field-measured sample plot has a 20 m × 20 m area 
(Fig. 2B). Before taking measurements, the researchers re-
corded global positioning system (GPS) coordinates for 
each plot. The central pixel GPS readings for all plots were 
verified by overlaying the coordinates with Sentinel-2 im-
age at 20-m resolution.

During field measurement, 10 m × 10 m plot sizes were 
initially delineated for 17 plots (Fig. 2A). Subsequently, a 
minimum of five evenly distributed vegetation samples 
were deliberately selected based on criteria such as height, 

Fig. 1  Map of the Millie Water-
shed, located in a tropical climatic 
region of Ethiopia. The map fea-
tures a true-color composite of the 
Sentinel-2 satellite image, utilizing 
bands 4, 3, and 2. This combina-
tion provides an accurate represen-
tation of the watershed’s land cover 
and vegetation, effectively high-
lighting the key geographical and 
environmental features pertinent to 
our study.

Fig. 2  Location of sample LAI 
distribution measured in the field. 
The figure shows 17 sample pix-
els where LAI was measured using 
a direct/destructive method with 
minimal impact on the vegetation. 
Letter A (black box) indicates a 10 
m × 10 m area initially delineated 
for each sample plots to minimize 
disturbance during leaf area mea-
surement using the Petiole applica-
tion. Letter B (red box) marks a 20 
m × 20 m area assessed based on 
the initial measurement in letter A 
to further reduce disturbance. This 
method provides accurate ground-
truth data for validating the SNAP 
and MVLR models (Table 1). LAI: 
leaf area index; SNAP: Sentinel 
Application Platform; MVLR: mul-
tivariate linear regression.
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leaf width, and representativeness. From these chosen 
plants, typical branches located in the middle of each plant 
were carefully selected for sampling, ensuring minimal 
disturbance and efficiency in measurement. The area of 
each leaf was assessed using a smartphone application 
called Petiole, which utilizes the smartphone’s camera for 
individual leaf area measurement.

Before use, the camera was calibrated using a calibration 
pad provided by Petiole Limited Organization. Petiole, a 
plant leaf area meter app is a free Android app, which has 
been published by Petiole Limited on April 05, 2021. It is 
possible to measure individual leaf area, acquire total leaf 
area, and save data with the Petiole app. Petiole measures 
most of the vegetation leaf such as soybean, corn, wheat, 
potato, coffee, pepper, mango, and others with similar leaf 
structure as mentioned vegetation type. Petiole Pro, a com-
mercial app, helps to monitor plant health, choose plant 
phenotype for screening, and understand plant stress faster 
(Confalonieri et al. 2013; Singh et al. 2021).

It can be downloaded for free from https://cloudapks.
com/download/416872/26/. LAI field measurement was 
conducted on non-needle leaf plants with medium height 
because it is not advisable to use a mobile app in tinny leave 
and tall forest trees (Fang et al. 2014; Singh et al. 2021). 
Lastly, the LAI of each sample plot was computed using 
Equation 1 (Jonckheere et al. 2004; Stenberg et al. 1994). 
The statistics of LAI measured in the study plots (n = 17) is 
provided in Table 1.

LAI = 

 

 

LAI =                                                                                                                (1) 

  

	 (1)

where L represents the total leaf area of the sample branches 
in square meters (m2), B is the total number of branches on 

the sample plants, T is the total number of trees in the 
sample plot, and PA denotes the total area of the sample 
plot in square meters (m2).

Sentinel-2 data and preprocessing
The remotely sensed data used to estimate LAI was a 

Level 2A cloud-free (< 10%) satellite image, downloaded 
from https://scihub.copernicus.eu/. Level-2A’s main output 
is bottom-of-atmosphere corrected ref lectance, which is 
geometrically and atmospherically corrected (Main-Knorn 
et al. 2015; Sola et al. 2018).

All 10 m spatial resolution bands were resampled to a 20 
m pixel size to ensure consistency across all Sentinel-2 im-
age bands and to match the plot size of the in-situ data. 
The required Sentinel-2 spectral bands for the SNAP and 
MVLR models were then extracted for the study area, as 
the SNAP toolbox requires only eight specific bands.

Methods

SNAP toolbox LAI retrieval
In this study, we used the SNAP biophysical processor to 

retrieve the LAI from Sentinel-2 satellite images. The pro-
cess relies on a combination of the PROSAIL (a combina-
tion of PROSPECT [leaf optical properties spectra] and 
SAIL [scattering by arbitrarily inclined leaves]) RTM and 
an artificial neural network (ANN) algorithm. Specifically, 
the SNAP biophysical processor uses reflectance data from 
eight Sentinel-2 bands (B3, B4, B5, B6, B7, B8a, B11, and 
B12) along with angles related to the sun and satellite to 
simulate how light interacts with the vegetation (Xie et al. 
2019). The ANN, trained on this simulated data, is then 
used to estimate LAI from the actual Sentinel-2 image 

Table 1  Leaf area index estimated from field sample plot (pixel) measurements

Plot ID
Location (m) Vegetation  

(scientific name)
Measured LAI

Latitude Longitude

001 570,241 1,267,174 Capsicum annuum 1.00
002 570,160 1,267,281 Capsicum annuum 1.50
003 567,952 1,267,956 Bare-land 0.00
004 567,884 1,267,857 Catha edulis 0.48
005 568,876 1,268,594 Mangifera indica 2.40
006 568,765 1,268,686 Mangifera indica 1.80
007 569,097 1,268,266 Mangifera indica 2.00
008 566,150 1,263,929 Mangifera indica 1.80
009 562,926 1,267,815 Coffea arabica 1.85
010 568,110 1,266,612 Mangifera indica 2.30
011 568,590 1,266,774 Mangifera indica 2.00
012 570,191 1,266,590 Bare-land 0.00
013 563,480 1,268,868 Catha edulis 1.00
014 563,254 1,269,081 Coffea arabica 1.50
015 565,904 1,268,952 Catha edulis 1.18
016 568,809 1,268,310 Mangifera indica 2.50
017 564,805 1,266,188 Coffea arabica 1.40

LAI: leaf area index.

https://cloudapks.com/download/416872/26/
https://cloudapks.com/download/416872/26/
https://scihub.copernicus.eu/
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(Weiss and Baret 2016).
The ANN training data is created using an RTM, which 

accurately simulates canopy reflectance within Sentinel-2 
bands and across various vegetation types and environ-
mental conditions. The SNAP biophysical processor inte-
grates both quantitative and qualitative quality indicators 
to evaluate the dependability of the resulting product. 
These indicators allow us to gauge the data’s confidence 
level and make informed decisions regarding its applica-
tion.

This algorithm falls under the classification of “non-spe-
cific,” suggesting its ability to provide satisfactory perfor-
mance across different vegetation types in terms of biophys-
ical variables (Kamenova and Dimitrov 2020; Kganyago et 
al. 2020; Mourad et al. 2020; Xie et al. 2019). The SNAP 
toolbox includes three biophysical processors: S2_20 m, 
S2_10 m, and Landsat 8 (Mourad et al. 2020). In this study, 
we utilized the S2_20 m biophysical processor.

Vegetation indices retrieval
For this study, eighteen VIs and multispectral bands 

were selected to assess their effectiveness in estimating LAI 
for tropical vegetation. The VIs was derived from Senti-
nel-2 satellite imagery, following a rigorous preprocessing 
protocol to ensure data quality and accuracy. These indi-
ces, known for their ability to capture various aspects of 
vegetation health and structure, were selected for their po-
tential to effectively assess vegetation condition (Kamenova 
and Dimitrov 2020; Magney et al. 2017; Xie et al. 2018). 

The retrieval process involved extracting pixel values from 
each of the Vis’. This data was then used in subsequent re-
gression analyses to develop a linear regression model tai-
lored for LAI estimation in the study area. The VIs and 
multispectral bands tested to develop the efficient MVLR 
model are listed in Table 2.

Extraction of predictor variables pixel values
Pixel values for each variable derived from the Sentinel-2 

image were extracted using ArcGIS 10.8 software. The geo-
graphical coordinates (latitude and longitude) of the field 
plots served as reference points for aligning the pixels, as 
illustrated in Figure 2. The extracted pixel values for each 
predictor variable are presented in Tables 3 and 4. These 
values were then exported in comma-separated values for-
mat for further correlation and regression analysis using R 
studio.

Multi-collinearity test
The presence of multi-collinearity between bands and 

VIs was tested using tolerance and variance of inf lation 
factor (VIF) using R. Tolerance less than 0.1 and VIF 
greater than 10 indicates multi-collinearity between vari-
ables (Alin 2010; Daoud 2017; Joseph et al. 2012). To re-
move variables that have multi-collinearity with other 
variables, we have used the olsrr package in R studio (Kim 
2019). This test is important to exclude variables which has 
the same impact on the dependent variable.

Table 2  Sentinel-2 multispectral bands and vegetation indices tested for the estimation of leaf area index

Band No. Function Central wavelength (nm) Spatial resolution (m)

B3 Green 560 10
B4 Red 665 10
B5 Red-edge 705 20
B6 Red-edge 749 20
B7 Red-edge 783 20
B8 Near infrared 842 10
B8a Near infrared 865 20
B11 Short wave IR 1,610 20
B12 Short wave IR 2,190 20

VIs Vegetation indices Formula

IRECI Inverted red-edge chlorophyll index (Band 7 – Band 4) / (Band 5 / Band 6)
NDVI Normalized difference vegetation index (Band 8 – Band 4) / (Band 8 + Band 4)
TNDVI Transformed normalized difference vegetation index

 

 

1
2 �

𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑁 𝑁𝑁𝑁𝑁𝑁𝑁𝑁
𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑁 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑁 𝑁𝑁 + 1� 

  NDVI45 Normalized difference vegetation index with bands 4 and 5 (Band 5 – Band 4) / (Band 5 + Band 4)
SAVI Soil adjusted vegetation index [(NIR – Red) / (NIR + Red + 0.5)] × (1 + 0.5)
REP Red-edge position 705 + 35 × [(B4 + B7) /2 – B5] / (B6 – B5)
MSAVI Modified soil-adjusted vegetation index

 

 

22 × 𝑁𝑁𝑁𝑁𝑁𝑁 𝑁 𝑁 𝑁 �(2 × 𝑁𝑁𝑁𝑁𝑁𝑁 𝑁 𝑁𝑁� − 8 × (𝑁𝑁𝑁𝑁𝑁𝑁 𝑁 𝑁𝑁𝑁𝑁𝑁𝑁𝑁
2  

 BPVs Biophysical variables

FAPAR Fraction of absorbed photosynthetically active radiation
FVC Fraction of vegetation cover

IR: infrared.
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Multivariate linear regression model
In this study, we employed a MVLR model to estimate 

the LAI using Sentinel-2 multispectral bands and VIs. The 
MVLR model was developed and analysed using R Studio, 
chosen for its computational efficiency and its ability to 
handle multiple predictor variables simultaneously, which 
is crucial for accurately estimating vegetation characteris-
tics from remotely sensed data.

We developed empirical models by establishing relation-
ships between LAI and the selected VIs and multispectral 
bands. The Sentinel-2 bands and VIs used in this analysis 
are listed in Table 2. These variables were chosen based on 
their relevance in previous studies, which have demon-

strated that incorporating multiple VIs can significantly 
enhance prediction accuracy (Ali et al. 2019; Middinti et 
al. 2017; Zhang et al. 2021).

The process involved first extracting the spectral bands 
and VIs from the Sentinel-2 imagery. These extracted fea-
tures were then input into the MVLR model within R Stu-
dio to establish a predictive relationship with the ground-
truth LAI measurements. The regression coefficients were 
derived to optimize the model for LAI estimation, ensur-
ing that the model provided accurate and reliable outputs 
for the specific tropical vegetation characteristics of the 
Mille watershed.

Table 3  Pixel values extracted from selected bands of Sentinel-2 image

Plot ID
Location (m)

B3 B4 B5 B6 B7 B8 B8a B11 B12
Latitude Longitude

001 570,241 1,267,174 0.188 0.181 0.241 0.349 0.381 0.388 0.393 0.300 0.237
002 570,160 1,267,281 0.185 0.180 0.238 0.365 0.401 0.389 0.419 0.288 0.223
003 567,952 1,267,956 0.212 0.228 0.239 0.252 0.257 0.250 0.265 0.250 0.226
004 567,884 1,267,857 0.176 0.192 0.213 0.247 0.260 0.278 0.274 0.270 0.244
005 568,876 1,268,594 0.175 0.157 0.223 0.396 0.439 0.446 0.455 0.281 0.209
006 568,765 1,268,686 0.192 0.169 0.233 0.361 0.393 0.438 0.414 0.283 0.219
007 569,097 1,268,266 0.174 0.155 0.213 0.404 0.470 0.490 0.491 0.274 0.197
008 566,150 1,263,929 0.169 0.153 0.204 0.385 0.440 0.462 0.465 0.281 0.199
009 562,926 1,267,815 0.162 0.166 0.209 0.298 0.338 0.368 0.359 0.258 0.198
010 568,110 1,266,612 0.180 0.159 0.231 0.430 0.479 0.505 0.502 0.296 0.215
011 568,590 1,266,774 0.191 0.174 0.245 0.377 0.411 0.442 0.444 0.315 0.234
012 570,191 1,266,590 0.217 0.234 0.247 0.253 0.257 0.246 0.257 0.253 0.233
013 563,480 1,268,868 0.170 0.169 0.226 0.311 0.337 0.332 0.358 0.298 0.222
014 563,254 1,269,081 0.171 0.173 0.215 0.304 0.331 0.372 0.353 0.282 0.214
015 565,904 1,268,952 0.168 0.169 0.229 0.330 0.358 0.361 0.378 0.292 0.227
016 568,809 1,268,310 0.199 0.168 0.216 0.355 0.398 0.480 0.408 0.266 0.211
017 564,805 1,266,188 0.162 0.147 0.206 0.380 0.436 0.431 0.465 0.273 0.196

The abbreviation is shown in Table 2.

Table 4  Pixel values of vegetation indices extracted from Sentinel-2 image

Plot ID
Location (m)

SAVI REP NDVI NDVI45 MSAVI IRECI FVC FAPAR
Latitude Longitude

001 570,241 1,267,174 0.359 0.719 0.554 0.243 0.316 0.343 0.438 0.432
002 570,160 1,267,281 0.353 0.719 0.555 0.243 0.309 0.426 0.535 0.531
003 567,952 1,267,956 0.048 0.714 0.091 0.046 0.039 0.042 0.119 0.130
004 567,884 1,267,857 0.171 0.719 0.321 0.102 0.140 0.092 0.164 0.187
005 568,876 1,268,594 0.447 0.720 0.687 0.335 0.401 0.647 0.605 0.602
006 568,765 1,268,686 0.401 0.718 0.617 0.288 0.356 0.433 0.521 0.508
007 569,097 1,268,266 0.517 0.724 0.729 0.293 0.479 0.906 0.711 0.727
008 566,150 1,263,929 0.487 0.723 0.722 0.298 0.444 0.786 0.636 0.647
009 562,926 1,267,815 0.347 0.723 0.589 0.224 0.298 0.360 0.463 0.497
010 568,110 1,266,612 0.567 0.723 0.761 0.370 0.537 1.016 0.750 0.753
011 568,590 1,266,774 0.560 0.723 0.751 0.343 0.528 1.037 0.742 0.743
012 570,191 1,266,590 0.044 0.699 0.081 0.051 0.036 0.027 0.088 0.082
013 563,480 1,268,868 0.296 0.718 0.523 0.257 0.250 0.275 0.397 0.400
014 563,254 1,269,081 0.332 0.721 0.543 0.210 0.287 0.281 0.391 0.413
015 565,904 1,268,952 0.337 0.719 0.566 0.260 0.290 0.331 0.432 0.452
016 568,809 1,268,310 0.479 0.724 0.688 0.253 0.438 0.706 0.636 0.647
017 564,805 1,266,188 0.460 0.723 0.710 0.337 0.414 0.676 0.615 0.636

The abbreviation is shown in Table 2.
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Validation of the model
The estimated LAI was passed through a validation pro-

cess using direct/destructive field-measured LAI values. 
Accuracy assessment of all individual VI models and 
MVLR derived model-derived LAI was executed using a 
cross-validation technique. Due to the limited sample size 
of field-measured LAI values, it was not feasible to divide 
the data into separate training and testing datasets for the 
empirical models. Therefore, the training and the testing 
data were the whole data sets i.e., seventeen sample plots.

The best cross-validation method to use the whole data 
sets for training and testing is the leave-one-out cross-vali-
dation (LOOCV) (Cawley 2006). To validate the empirical 
model using the LOOCV method, we used the Caret pack-
age in R software. The root mean square error (RMSE), 
bias and coefficient of determination (R2) were used to val-
idate the MVLR model using the LOOCV technique. The 
corresponding estimated LAI from SNAP was validated 
with the in-situ measured LAI. The highest R2, lowest 
RMSE, and a bias close to zero were considered to be the 
best-estimated value of the derived LAI.

R2 = 1 – 
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where yi and y’i are the actual and predicted values for 
sample i and n is the number of samples considered.

Results

Relationship between multispectral bands and 
measured LAI

The response of LAI to Sentinel-2 bands reflectance was 
assessed by fitting a linear regression model. The relation-
ship between measured LAI and Sentinel-2 band ref lec-
tance was examined before applying VIs. As shown in Fig-
ure 3, the reflectance of several Sentinel-2 bands exhibits a 
statistically significant correlation with LAI variation.

Relationship between VIs and measured LAI
The result of the correlation analysis between LAI mea-

sured at the field and the VIs revealed that there is a strong 
association between the observed LAI and most of the VIs 
with R2 values ranging from 0.54 to 0.83. Among the pre-
dictor VIs, transformed normalized difference vegetation 
index (R2 = 0.82), soil adjusted vegetation index (SAVI) (R2 = 
0.83), red-edge position (R2 = 0.54), normalized difference 
vegetation index (NDVI) (R2 = 0.83), NDVI with bands 4 
and 5 (R2 = 0.72), and inverted red-edge chlorophyll index 
(IRECI) (R2 = 0.68) were strongly correlated with LAI (Fig. 
4). Since almost all VIs were similarly correlated with LAI, 
we have investigated the multi-collinearity of predictors for 
both VIs and multispectral bands of Sentinel-2 image to 
exclude predictor variables that have multi-collinearity 
with the other variables. In addition to performing a mul-
ticollinearity test, we used stepwise multiple linear regres-
sion (SMLR) to identify significant single bands and VIs 
that exhibit high R2, low RMSE, and a p-value < 0.05 for 
the best representative model.

The performance of VIs in estimating LAI from Senti-
nel-2 bottom-of-canopy reflectance was validated with sev-
enteen field LAI measurements. Based on the fitted linear 

Fig. 3  Association between ob-
served LAI and Sentinel-2 band 
reflectance. Among the red-edge 
bands, band 6 (R2 = 0.67) and 7 (R2 
= 0.69), the near-infrared band 8 
(R2 = 0.86) and 8a (R2 = 0.70), and 
band 4 (R2 = 0.67) shown a strong 
correlation. From short wave IR 
spectrum band 12 has a medium 
association with observed LAI with 
an R2 value of 0.35. Bands 3, 5, and 
11 show a weak correlation with 
LAI measured at the field. Bands 3, 
4, 5, and 12 show a negative asso-
ciation whereas bands from 6–11 
show a positive relationship with 
that of observed LAI. LAI: leaf area 
index; IR: infrared.
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regression (Fig. 4), the LAI of the study area was estimated. 
Accuracy and correlation of the VIs models in contrast 
to in-situ LAI were validated using LOOCV (R2cv), and 
RMSEcv. VIs models with higher accuracy include SAVI, 
MSAVI, NDVI, and TNDVI. Relative to the other VIs, REP 
has a lower correlation and accuracy (Table 5). 

Selection of efficient predictors for MVLR model
When fitting a linear regression model to multispectral 

bands and VIs for estimating the LAI of the study area, we 
found that many bands and VIs are strongly correlated 
with the observed LAI. However, most of the tested predic-
tors have a multi-collinearity. Then, only two bands and 
three VIs were selected and the remaining variables were 
excluded from the MVLR model because of lower R2 and 
the presence of multi-collinearity. Table 6 shows correla-
tion coefficient matrix between Sentinel-2 multispectral 
bands and VIs derived from Sentinel-2 imagery. In addi-
tion to performing a multicollinearity test, we used SMLR 
to identify significant single bands and VIs that exhibit 
high R2, low RMSE, and a p-value < 0.05 for the best repre-

sentative model.
Table 7 presents the variables selected for developing the 

MVLR model, including specific bands and VIs, along 
with their statistical parameters. The variables listed are 
band 7, band 8, SAVI, NDVI, and fraction of vegetation 
cover (FVC). The intercept of the model is –0.9812. The 
overall model summary includes the R2, adjusted R2, and 
the model’s p-value, indicating a strong fit with R2 of 0.94, 
adjusted R2 of 0.91, and a significant p-value of 3.313e-06.

Therefore, using the selected variables’ correlation with 
field-measured LAI, and the intercept and slope of the re-
gression, the MVLR model was developed (Equation 5).

LAI = (–10.52 × B7) + (13.1632 × B8) – 
(8.8494 × SAVI) + (3.6370 × NDVI) + 
(4.9822 × FVC) – 0.9812	 (5)

Validation and comparison of MVLR model and 
SNAP toolbox derived LAI

The correlation result demonstrated that the selected VIs 
showed an excellent performance in predicting the LAI of 

Fig. 4  Association between ob-
served LAI and VIs computed from 
Sentinel-2 imagery. LAI: leaf area 
index; VIs: vegetation indices. The 
abbreviation is shown in Table 2.

Table 5  The performance of vegetation indices and biophysical variables to estimate leaf area index

No VIs R2 RMSE Bias

1 IRECI 0.59 0.48 –0.00002
2 MSAVI 0.70 0.41 –0.00009
3 NDVI 0.69 0.41 –0.000029
4 NDVI45 0.68 0.43 –0.000049
5 S2REP 0.36 0.81 –0.006
6 SAVI 0.72 0.39 –0.000028
7 TNDVI 0.63 0.45 0.00006
8 FVC 0.73 0.39 –0.000029
9 FAPAR 0.73 0.39 –0.000029
10 MVLR 0.94 0.19 0.0006
11 SNAP 0.71 0.53 0.31

The abbreviation is shown in Table 2.
MVLR: multivariate linear regression; SNAP: Sentinel Application Platform.
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the study area. Even though each predictor performs well 
individually, the combination of band 7, band 12, IRECI, 
and SAVI outperforms all of them. The MVLR model was 
cross-validated with 17 field-measured LAI using the 
LOOCV technique. The RMSE and the R2 show a superior 
performance than the SNAP-derived LAI. The developed 
MVLR model has an R2 of 0.94 (Fig. 5). In contrast, the 
SNAP toolbox-derived LAI achieves an R2 of 0.71 (Fig. 6). 
Tables 8 and 9 provide a detailed comparison of observed 
and predicted LAI values from both the MVLR model and 

SNAP toolbox across various plot locations. 
With a 95% confidence interval, LAI derived from the 

SNAP toolbox and the MVLR model exhibit similar outli-
ers. RMSE for the SNAP and MVLR model-derived LAI 
were 0.53 and 0.19, respectively. When investigating the 
bias of both models, the SNAP toolbox had a bias of 0.31, 
whereas the MVLR model had a bias of 0.0006. The posi-
tive bias indicates overestimation in the model (Fig. 7).

Table 6  Correlation between Sentinel-2 multispectral bands and vegetation indices derived from Sentinel-2 imagery

Variables B7 B8 B8a SAVI NDVI NDVI45 MSAVI IRECI FVC FAPAR

B7 1.00
B8 0.90 1.00
B8a 0.98 0.90 1.00
SAVI 0.86 0.90 0.90 1.00
NDVI 0.79 0.87 0.85 0.88 1.00
NDVI45 0.85 0.79 0.88 0.90 0.92 1.00
MSAVI 0.86 0.92 0.90 0.98 0.92 0.88 1.00
IRECI 0.85 0.83 0.83 0.87 0.74 0.72 0.90 1.00
FVC 0.90 0.92 0.92 0.86 0.90 0.88 0.96 0.90 1.00
FAPAR 0.88 0.92 0.92 0.94 0.92 0.86 0.96 0.90 0.98 1.00

It shows correlation coefficient matrix.
The abbreviation is shown in Table 2.

Table 7  Statistical parameters of selected bands and vegetation indices for multivariate linear regression model development

Predictors R2 Estimate Standard error t-value p-value (> |t|)

(Intercept) - –0.9812 0.7583 –1.294 0.22220
B8 0.72 13.1632 3.5448 3.713 0.00342
B7 0.68 –10.5214 3.3703 –3.122 0.00972
SAVI 0.72 –8.8494 4.2009 –2.107 0.05893
FVC 0.73 4.9822 2.3106 2.156 0.05405
NDVI 0.69 3.6370 1.6095 2.260 0.04511

Model summary

Model type R2 Adjusted R2 F-statistics p-value

MVLR 0.94 0.91 32.13 3.313e-06

The abbreviation is shown in Table 2.
MVLR: multivariate linear regression.

Fig. 6  Validation of SNAP toolbox-derived LAI using ground-mea-
sured LAI. SNAP: Sentinel Application Platform; LAI: leaf area in-
dex.

Fig. 5  Validation of MVLR model-derived LAI using ground-mea-
sured LAI. MVLR: multivariate linear regression; LAI: leaf area in-
dex.
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Discussion

In this study, we investigated the efficacy of two distinct 
methodologies—MVLR model and SNAP-derived LAI—
for estimating LAI in tropical vegetation. Our results 
demonstrated that both methods could effectively estimate 
LAI; however, there were notable differences in their accu-
racy and reliability under varying conditions. The avail-
ability of fine Sentinel-2 bands in the red-edge region of 
the electromagnetic spectrum, combined with their high 
spatial resolution, facilitates better-quality and simpler cal-
culations of LAI using multispectral bands and VIs. This 
enhanced capability allows for more accurate and detailed 
assessments of vegetation characteristics, which are crucial 
for various ecological and environmental applications.

While some VIs saturate when the LAI increases (Baret 
and Guyot 1991; Pasqualotto et al. 2019a), this study demon-
strates that such saturation does not impact our estimates. 
The maximum LAI of 3.52 observed in the study area, 
though likely overestimated by the SNAP toolbox, falls be-
low the saturation threshold (Baret and Guyot 1991). This 
suggests that the selected VIs and multispectral bands ef-
fectively capture LAI variations within the observed range, 
ensuring reliable and accurate measurements.

The results of the MVLR model demonstrate the effec-
tiveness of empirical models that utilize combinations of 
multispectral bands and VIs for accurately estimating 
green LAI. Such models offer simplicity and speed. The 
findings show that LAI strongly correlates with most of the 
multispectral bands and VIs derived from Sentinel-2 satel-
lite image. Each of the tested bands and VIs has a statisti-
cally significant correlation with the field-measured LAI. 
However, the presence of multicollinearity among several 
of the tested variables complicates the development of the 
MVLR model.

Predictor variables with multi-collinearity and weak as-
sociation were excluded as they cause high variance in re-
gression analysis (Muhe and Argaw 2022). The green band, 
band 5 from the red-edge region, band 11 and 12 from the 
shortwave infrared region exhibit a weak association with 

Table 9  Comparison of observed LAI with predicted LAI values from the multivariate linear regression model and SNAP toolbox

Plot ID
Location (m)

Observed LAI
Predicted LAI  
(MVLR) model

Predicted LAI  
(SNAP toolbox)Latitude Longitude

001 570,241 1,267,174 1.00 1.14 1.28
002 570,160 1,267,281 1.50 1.49 1.57
003 567,952 1,267,956 0.00 0.11 0.30
004 567,884 1,267,857 0.48 0.42 0.93
005 568,876 1,268,594 2.40 1.83 2.45
006 568,765 1,268,686 1.80 1.93 2.54
007 569,097 1,268,266 2.00 2.14 3.52
008 566,150 1,263,929 1.80 1.96 2.03
009 562,926 1,267,815 1.85 1.68 1.55
010 568,110 1,266,612 2.30 2.10 2.68
011 568,590 1,266,774 2.00 1.99 2.58
012 570,191 1,266,590 0.00 0.10 0.20
013 563,480 1,268,868 1.00 1.11 1.51
014 563,254 1,269,081 1.50 1.42 1.26
015 565,904 1,268,952 1.18 1.23 1.39
016 568,809 1,268,310 2.50 2.59 2.14
017 564,805 1,266,188 1.40 1.68 2.04

LAI: leaf area index; MVLR: multivariate linear regression; SNAP: Sentinel Application Platform.

Fig. 7  Comparison of MVLR model and SNAP toolbox: The fig-
ure illustrates the comparative analysis of LAI values derived from 
the MVLR model and SNAP Toolbox methods. The graph high-
lights the variations in metrics and the relative performance of 
each method. MVLR: multivariate linear regression; SNAP: Senti-
nel Application Platform; LAI: leaf area index.

Table 8  Comparison of multivariate linear regression model and 
Sentinel Application Platform derived leaf area index

Models R2 Bias RMSE

MVLRM derived LAI 0.94 0.0006 0.19
SNAP toolbox derived LAI 0.71 0.31 0.53

RMSE: root mean square error; MVLRM: multivariate linear regression 
model; LAI: leaf area index; SNAP: Sentinel Application Platform.
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field-measured LAI. The combination of the above-listed 
bands is important in leaf dry matter content investigation 
rather than green LAI (Ali et al. 2019).

The estimation of LAI demonstrates promising accuracy 
through the utilization of individual reflectance and VIs. 
While each VI independently exhibits a satisfactory level 
of predictive capability for LAI, the incorporation of multi-
ple VIs significantly enhances the prediction accuracy. 
This highlights the importance of a multifaceted approach 
that leverages diverse VIs to enhance LAI estimation accu-
racy (Middinti et al. 2017).

Multi-collinearity between the variables, assessed through 
tolerance and variance inflation factors, is a critical consid-
eration in this analysis. The strong associations observed 
among most Sentinel-2 bands and VIs suggest that the for-
mulation of commonly used VIs, which often rely on simi-
lar spectral bands, inherently contributes to this multi-col-
linearity. Specifically, the high correlations found between 
bands 4 and 6, as well as bands 8 and 8a, and their associa-
tions with certain VIs, are likely due to the similar reflec-
tance characteristics of vegetation in the red and red-edge 
(bands 4, 6, and 7) and NIR (bands 8 and 8a) regions. 
These findings underscore the importance of carefully se-
lecting input variables to minimize redundancy and en-
hance model performance (Zheng and Moskal 2009).

Based on the association of spectral bands with actual 
measured LAI and their multicollinearity statistics, the 
importance rankings of spectral bands for predicting LAI 
were as follows: NIR (band 8), red-edge (bands 6 and 7), 
red (band 4), SWIR (band 12), and NIR (band 8a). These 
results align with the findings of Chrysafis et al. (2020), 
who investigated LAI retrieval in a mixed Mediterranean 
forest area using multispectral bands derived from Senti-
nel-2 imagery.

The combination of band 7, band 8, SAVI, NDVI, and 
FVC achieved excellent accuracy in predicting LAI (Fig. 5). 
This result agrees with the findings of Middinti et al. 
(2017), who demonstrated that utilizing multiple VIs yields 
a more efficient and accurate prediction of LAI compared 
to a single VI. The enhanced accuracy can be attributed to 
the complementary information provided by different 
spectral bands and indices, which capture various aspects 
of vegetation characteristics and reduce the impact of indi-
vidual index limitations. By integrating multiple VIs, the 
model benefits from a broader and more nuanced dataset, 
leading to improved predictive performance and robust-
ness in LAI estimation. This multi-faceted approach allows 
for better handling of the complexities and variations 
within the vegetation canopy, thus providing a more reli-
able assessment of LAI.

The analysis confirms that combining multiple spectral 
bands and VIs significantly enhances LAI prediction accu-
racy. The superior performance of the MVLR model, as 
evidenced by the high R2cv of 0.94, emphasizes the effec-

tiveness of integrating diverse independent variables. This 
model’s high accuracy can be attributed to the complemen-
tary information captured by different bands and indices, 
which provide a more comprehensive representation of the 
vegetation canopy. This result is highly consistent with the 
findings of Middinti et al. (2017), who predicted LAI using 
reflectance and VIs from Landsat 8 OLI (Operational Land 
Imager) in Indian tropical forests (R2 = 0.83, RMSE = 0.78), 
though our study achieved a slightly higher R2 and lower 
RMSE.

In our study, we validate the SNAP-derived LAI with an 
R2 of 0.71, a bias of 0.31, and an RMSE of 0.53. These results 
demonstrate a good correlation between observed and pre-
dicted LAI values, aligning well with findings from previ-
ous studies. For instance, our R2 value closely matches that 
of Djamai et al. (2019b), who reported an R2 of 0.70, though 
our RMSE (0.53) is significantly lower than their RMSE of 
0.98, indicating better performance in our case. Compared 
to Chauhan and Lunagaria (2024), who also achieved an R2 
of 0.70 but with higher bias, our study shows improved ac-
curacy with a lower bias (0.31). Moreover, while Binh et al. 
(2022) reported a lower R2 of 0.45 and a higher RMSE of 
2.19, highlighting challenges in LAI estimation for man-
groves, our study’s higher R2 and lower RMSE demonstrate 
better reliability and precision in LAI retrieval. Similarly, 
our findings surpass those of Brown et al. (2019), who re-
ported an R2 of 0.54 and an RMSE of 1.55 in forest envi-
ronments. Lastly, our results are consistent with Pasqualot-
to et al. (2019b), who found an R2 greater than 0.70 and an 
RMSE below 0.86, further supporting the strength of LAI 
retrieval using SNAP in tropical regions.

However, the comparative analysis of R2, RMSE, and bias 
underscores the robustness of the MVLR model in predict-
ing LAI. The significantly lower RMSE (0.19) of the MVLR 
model, compared to the SNAP toolbox’s RMSE (0.53), un-
derscores the superior precision of the MVLR model’s pre-
dictions. Moreover, the minimal bias observed in the 
MVLR model (0.0006) suggests a reduction in systematic 
errors, thereby enhancing the reliability of its LAI esti-
mates. In contrast, the positive bias observed in the SNAP- 
derived LAI (0.31) indicates a tendency towards overesti-
mation, suggesting that while the SNAP toolbox is useful, 
it may benefit from further calibration or adjustment for 
specific applications. This finding supports the conclusions 
of Kganyago et al. (2020), who validated SNAP-derived 
LAI using field-measured LAI data for two different crop 
types—sunflower and maize. Their study identified over-
estimation at different growth stages of these crops, sug-
gesting that SNAP’s performance is contingent upon both 
crop type and growth stage, which is consistent with our 
findings. This indicates that the VIs and multispectral 
bands-based MVLR model can predict LAI with greater 
accuracy than the SNAP biophysical processor.

According to Kganyago et al. (2020), the overestimation 
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of LAI and major biases perceived from SNAP-derived LAI 
may be as a result of prior rules made from global LAI re-
trieval models which cannot be adjusted to local environ-
ments. This overestimation can impact the interpretation 
of vegetation health and density, making it crucial to con-
sider the model biases when using these tools for ecological 
and environmental research. The findings emphasize the 
importance of model validation and the integration of 
multiple data sources to achieve accurate and reliable LAI 
predictions. However, the performance of SNAP-derived 
LAI, in this study, is slightly better than the Kganyago et 
al. (2020) research findings (R2 = 0.6 to 0.70).

The superior accuracy of the MVLR model in our study 
is attributed to its adjustment for the specific vegetation 
types found in the study area. This tailored approach en-
ables more precise estimation of LAI, particularly in the 
context of tropical climatic regions where diverse vegeta-
tion types and seasonal variability are prevalent. In con-
trast, the lower accuracy of the SNAP-derived LAI high-
lights the challenges of applying global models to local 
environments without customization. The effectiveness of 
the estimated LAI extends beyond mere accuracy; it plays a 
crucial role in assessing vegetation health, monitoring eco-
system dynamics, and informing sustainable agricultural 
practices in tropical regions. To further enhance the accu-
racy of the MVLR model, incorporating additional 
field-measured LAI data would be beneficial, providing a 
stronger foundation for training the model and improving 
its predictive capabilities across various tropical land-
scapes.

Conclusions

This study provides a comprehensive comparison be-
tween the MVLR model and the SNAP biophysical proces-
sor for estimating LAI in tropical vegetation. The findings 
demonstrate that while both methods are capable of esti-
mating LAI, the MVLR model offers superior accuracy 
and reliability, particularly due to its incorporation of mul-
tispectral bands and VIs tailored to the specific character-
istics of tropical vegetation. The MVLR model’s high R2, 
minimal bias, and lower RMSE compared to SNAP-derived 
LAI underscore its effectiveness in providing precise LAI 
estimates, which are critical for applications in ecological 
monitoring and sustainable agricultural practices. The 
study also highlights the limitations of using global models 
like SNAP in local environments, where adjustments for 
specific vegetation types and climatic conditions are neces-
sary. The observed overestimation in SNAP-derived LAI, 
aligned with findings from other studies, suggests that fur-
ther calibration or adjustment is needed to improve its ac-
curacy for local applications.

Overall, the MVLR model has demonstrated superior 

performance in estimating LAI in tropical region, high-
lighting its potential as a robust and reliable tool. Future 
research should focus on incorporating additional 
field-measured LAI data to further refine the model and 
expand its applicability across diverse tropical landscapes. 
Additionally, comparing the MVLR model with other 
global LAI products will be crucial for further validation 
and to enhance its effectiveness in diverse environments.
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