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The main objective of this article was to investigate the correlation between actual crop yield and Sentinel-2 Leaf Area Index (LAI) 
for the further possibility of predict model creating. To do so, the following steps have been done. Step 1 – the dataset of actual crop 
yield was collected for 2364 fields in Ukraine represented with maize, soy, sunflower, winter wheat, winter rapeseed and winter 
barley. Step 2 – the dataset of Sentinel-2 LAI was collected for 2016-2018 period according to the actual crop yield available.  
Step 3 – LAI preprocessing (spatial averaging, temporal interpolation/extrapolation to fill the time series gaps, smoothing time series 
dynamics, temporal averaging). In order to accomplish the process of filling the gaps for the LAI time series, the regular time series 
dynamics of LAI with a 1-day interval were created using 4 methods: linear interpolation, spline interpolation, LOCF (Last 

Observation Carried Forward) and ARIMA (AutoRegressive Integrated Moving Average). The time series smoothing process have 
been accomplish using the local polynomial regression (LOESS) function with different degrees of smoothing. The LAI dynamics 
preprocessing step did not strongly affect the improvement of the correlation coefficients. Thus, the smoothing process for the time 
series LAI dynamics at the 0.1 degree of smoothing according to the LOCF and ARIMA gap-filling methods of improved correlation 
coefficients by 0.01 on average. Step 4 – actual yield values were related to preprocessed satellite-based LAI (correlation of actual 
yields and LAI). A strong relationship was not indicated (with averaged by vegetation periods correlation coefficient of 0.4 for 
maize, 0.52 – soy, 0.39 – sunflower, 0.86 – winter barley, 0.54 – winter rapeseed and 0.5 – winter wheat). Since the reliability of 
obtained correlation coefficients also depends on how many observed data points were in the sample, the hypothesis test of the 

"significance of the correlation coefficient" has been performed and shows the significance level of p <0.05 for all crops except 
winter barley (there is insufficient evidence to conclude that high correlation coefficient of 0.86 for this crop is significant). The 
average correlation coefficient for all crops is about 0.5 (p <0.05) which is considered low/moderate. Thus, an attempt to create a 
linear crop yield prediction model using only Leaf Area Index (LAI) derived from Sentinel-2 will not be effective (based on the cases 
considered). 
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1. INTRODUCTION 

  

Crop yields have a high impact on the economic 

sustainability of any world country. Accurate prediction 

of crop yield at the field scale is important for precision 

agriculture to understand crop production response to 

agronomic management practice and environmental 

stress. There are a lot of works related to using satellite-
retrieved LAI in different prediction models to estimate 

yield production around the world (Aboelghar et al., 

2011; Aboelghar et al., 2010; Liu et al., 2020), where the 

methodology is based on regressing measured yield with 

satellite-derived spectral information or the leaf area 

index. However, there isn’t any work on the use of 

satellite-based LAI in prediction models to estimate 

yield production in Ukraine. Prior to building any 

prediction model, it is necessary to observe the 
relationship between explanatory and target variables.  

This is the reason why the correlation between the  

actual yield of the fields in Ukraine and the satellite- 

based LAI has to be quantified. 
__________ 
*E-mail: krivoshein@uhmi.org.ua 

 

The Leaf Area Index (LAI) is one of the most 

fundamental vegetation biophysical parameters, defined 

as a dimensionless measure of the one-sided leaf area 
(m2) per unit ground surface area (m2) (Asner et al., 

2003; Chen et al., 1992). LAI has long been reported as 

a good indicator for several agronomic, ecological, and 

hydrological applications (Reyes-González et al., 2019; 

Charbonnier, 2013; Viña et al., 2011; Jung et al., 2010; 

Fassnacht et al., 1997; Taugourdeau et al., 2014; Van 

den Hurk et al., 2003; Jarlan et al., 2008; Mourad et al., 

2020). 

The retrieval of crop biophysical variables from 
remote sensing falls into two categories: empirical and 

physical modeling approaches (Mourad et al., 2020). The 

simplest method of estimating LAI from remote sensing 

is by establishing an empirical relationship between the 

remotely sensed vegetation indices (VIs) and measured 

LAI, referred to as the LAI-VI approach (Baret et al., 

1991; Broge et al., 2001). Vegetation indices are 

computed based on the reflectance in two or more 

spectral bands and reflect biophysical characteristics of 

the plant canopy such as greenness, biomass, and LAI 
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(Baghzouz et al., 2010; Huete et al., 1996). VIs that have 

shown a good correlation with LAI are normalized 

difference vegetation index (NDVI) (Deering, 1978), soil 

adjusted vegetation index (SAVI) (Huete, 1988) and 

enhanced vegetation index (EVI) (Huete, 1997). 

The physical modeling approach involves the use of 

radiative transfer models (RTMs) to simulate the canopy 

spectral reflectance and the inversion of RTMs to obtain 
the required parameters (Campos-Taberner et al, 2016; 

Féret et al, 2017). Because the inversion of an RTM 

model can be very computing-intensive, precomputed 

look-up-tables (LUTs) are often employed for 

operational use, as in the MODIS LAI product main 

algorithm (Myneni et al, 2002). Another modeling 

technique is the retrieval of LAI biophysical parameters 

based on neural networks, such as the algorithm 

implemented in the Sentinel Application Platform 

(SNAP) biophysical processor tool (Weiss et al, 2016) 

developed by the European Space Agency (ESA). The 

last one was used as a source of LAI data in this 
research. 

The present work aims to perform a correlation 

analysis between Sentinel-2 LAI and actual crop yield 

data at the field level in the regions of Ukraine. 

 

2. DATA AND METHODS 

 

The actual yield data for this study were available for 

2364 agricultural fields located in 3 regions of Ukraine 

(Fig. 1): Vinnytsia (about 80% of fields), Khmelnytskyi 

and Cherkasy. 
 

 
 

Fig. 1. Location of agricultural fields the actual yields data 
were available for 

 
The datasets of Sentinel-2 LAI generated by SNAP 

for test regions were collected for the 5 cases: 

Spring crops 2016 (441 fields: maize – 140, soy – 69, 

sunflower – 232); 

Winter crops 2016-2017 (264 fields: barley – 5, 

rapeseed – 106, wheat – 153);  

Spring crops 2017 (600 fields: maize – 198, soy – 72, 
sunflower – 330); 

Winter crops 2017-2018 (228 fields: barley – 3, 

rapeseed – 54, wheat – 171); 

Spring crops 2018 (831 fields: maize – 327, soy – 68, 

sunflower – 436). 

For each field of all the cases, the spatial average 

LAI was calculated for all available cloudless satellite 

images within following periods: 

Spring crops 2016 – 20.06.2016–18.10.2016  

(21 images with a mean interval of 6 days); 

Winter crops 2016–2017 – 06.05.2017–25.07.2017 

(20 images with a mean interval of 4 days);  

Spring crops 2017 – 25.06.2017–19.08.2017  

(18 images with a mean interval of 3 days); 

Winter crops 2017–2018 – 29.04.2018–12.07.2018 

(30 images with a mean interval of 3 days); 

Spring crops 2018 – 10.06.2018–21.09.2018 (44 

images with a mean interval of 2 days). 

This is the very question: what value of LAI do we 

have to take as base for comparison with actual yield 
(mean, maximum or certain timestep of vegetation 

period)? A lot of discussions have been found related to 

this issue (Kayad et al, 2022; He et al, 2021). In paper 

(Kayad et al, 2022) LAI selection value was based on the 

development stage, which is mostly correlated to the 

final yield. Since the development stage data was 

unavailable in our research, we used the approach 

proposed in (He et al, 2021). The average LAI values of 

above-mentioned time series were selected for 

correlation analysis. 

The first preprocessing step of LAI dataset was to 

make temporal interpolation/extrapolation for each 
period and create time series data with a 1-day interval. 

To implement this step, the following 4 different 

approaches were used to fill the time gaps: 1) simple 

interpolation (linear); 2) polynomial interpolation 

(spline); 3) ARIMA (AutoRegressive Integrated Moving 

Average) and 4) LOCF (Last Observation Carried 

Forward). Fig. 2 contains an example of LAI calculated 

with all the above mentioned techniques alongside raw 

satellite LAI for one field. 
 

 
 

Fig. 2. Example of different temporal LAI gap-filling 
techniques (maize field, sowing date = 10.04.2016) 

 

The second preprocessing step of prior correlation 

was to apply local polynomial regression fitting (loess 

function) (Cleveland et al, 2017) to created 1-day 

interval LAI time-series dataset. The loess function was 

applied with different degree of smoothing: 0.1, 0.3, 0.5 

and 0.75, which is shown in Fig. 3–5 and Fig. 6 

accordingly. 
 

 
 

Fig. 3. LAI dynamics with a smoothing degree of 0.1  

(maize field, sowing date = 10.04.2016) 
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Fig. 4. LAI dynamics with a smoothing degree of 0.3  

(maize field, sowing date = 10.04.2016) 

 

 
 

Fig. 5. LAI dynamics with a smoothing degree of 0.5  
(maize field, sowing date = 10.04.2016) 

 

 
 

Fig. 6. LAI dynamics with a smoothing degree of 0.75  
(maize field, sowing date = 10.04.2016) 

 
With the figures above, it is clear that an increasing 

in the smoothing degree leads to an amplitude decrease 

in the LAI dynamics. 

In order to accomplish the correlation analysis, the 

average time-series LAI values for each field were taken 

into account. 

For 5 datasets with 4-time series, gap-filling methods 

of LAI and 5 different time series smoothing degrees 

(including the 0 degree of smoothing), the “LAI vs. 

YIELD” correlation analysis has been conducted. 
All technical work was performed using the R 

programming language. 

 

3. RESULTS 

 

In the tables below, the average correlation 

coefficients between LAI and the actual yield grouped 

by gap-filling methods and smoothing degrees are 

presented for each crop, along with significance level of 

the correlation coefficients (p-value). 

Table 1 shows maize’s correlation coefficients 
calculated and averaged for 3 vegetation periods (2016–

2018). Based on the results, the highest correlation 

coefficient is 0.4 (p <0.05), which is considered low 

according to Table 2. It is clear that the smoothing 

process for the time-series LAI dynamics of maize fields 

leads to increasing (insignificantly) the correlation 

coefficients. The best gap-filling method on average is 

ARIMA. 
 

Table 1. Averaged correlation coefficients for maize grouped 
by gap-filling method and smoothing degrees 

Degree of 

smoothing 

Time-series fill gap method of LAI 

Linear Spline LOCF ARIMA 

0 0.36 0.33 0.35 0.37 

0.1 0.4 0.33 0.39 0.4 

0.3 0.39 0.33 0.39 0.4 

0.5 0.4 0.33 0.39 0.4 

0.75 0.4 0.34 0.4 0.4 

 
Table 2. Correlation coefficient interpretation  

(Hinkle et al, 2003) 

Size of Correlation Interpretation 

0.9 to 1 (–0.9 to –1) 
Very high positive (negative) 

correlation 

0.7 to 0.9 (–0.7 to –0.9) High positive (negative) correlation 

0.5 to 0.7 (–0.5 to –0.7) 
Moderate positive (negative) 

correlation 

0.3 to 0.5 (–0.3 to –0.5) Low positive (negative) correlation 

0 to 0.3 (0 to –0.3) Little if any correlation 

 

In Table 3, the correlation coefficients for soy are 

calculated and averaged for 3 vegetation periods (2016–
2018). Based on the results, the highest correlation 

coefficient is 0.52 (p < 0.05) which is considered 

moderate according to Table 2. In this case, the time-

series LAI dynamics smoothing process does not 

improve the correlation coefficients. The best gap-filling 

methods on average are LOCF and ARIMA. 
 

Table 3. Average correlation coefficients for soy grouped by 
gap-filling methods and smoothing degrees 

Degree of 

smoothing 

Time-series fill gap method of LAI 

Linear Spline LOCF ARIMA 

0 0.51 0.45 0.52 0.52 

0.1 0.5 0.46 0.52 0.5 

0.3 0.5 0.46 0.52 0.5 

0.5 0.5 0.46 0.52 0.5 

0.75 0.5 0.45 0.52 0.5 

 

The average correlation coefficients of sunflower 

calculated for 3 vegetation periods (2016–2018) are 

presented in Table 4. The highest correlation coefficient 

is 0.39 (p <0.05), considered as low (see Table 2). The 

smoothing process for the time-series LAI dynamics 

does not improve correlation coefficients. The best  
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gap-filling methods on average are linear and spline 

interpolation. 
 

Table 4. Average correlation coefficients for sunflower 
grouped by gap-filling methods and smoothing degrees 

Degree of 

smoothing 

Time-series fill gap method of LAI 

Linear Spline LOCF ARIMA 

0 0.39 0.39 0.37 0.38 

0.1 0.37 0.37 0.36 0.37 

0.3 0.37 0.37 0.36 0.37 

0.5 0.37 0.36 0.36 0.37 

0.75 0.37 0.36 0.36 0.37 

 

The average correlation coefficients of winter barley 

calculated for 2 vegetation periods (2016–2017, 2017–

2018) are presented in Table 5. For this crop, the 

correlation coefficient is the highest (0.86) compared to 

other crops, but the p-value is greater than 0.05. Thus, 

there is insufficient evidence to conclude that the high 

correlation coefficient of 0.86 for this crop is significant 

(one of the reasons is the small number of fields). The 

smoothing process for the time series LAI dynamics 

slightly improves the correlation coefficients. The best 
gap-filling method on average is LOCF. 

 

Table 5. Average correlation coefficients for winter barley 
grouped by gap-filling methods and smoothing degrees 

Degree of 

smoothing 

Time-series fill gap method of LAI 

Linear Spline LOCF ARIMA 

0 0.82 0.77 0.83 0.82 

0.1 0.84 0.75 0.86 0.85 

0.3 0.84 0.75 0.86 0.84 

0.5 0.84 0.76 0.85 0.84 

0.75 0.83 0.78 0.85 0.84 

 

In Table 6, the correlation coefficients for winter 
rapeseed are calculated and averaged for 2 vegetation 

periods (2016–2017, 2017–2018). Based on the results, 

the highest correlation coefficient is 0.54 (p <0.05), 

which is considered moderate according to Table 2. In 

this case, the time series LAI dynamics smoothing 

process does not improve the correlation coefficients. 

The best gap-filling methods on average are LOCF and 

ARIMA. 
 

Table 6. Average correlation coefficients for winter rapeseed 
grouped by gap-filling methods and smoothing degrees 

Degree of 

smoothing 

Time-series fill gap method of LAI 

Linear Spline LOCF ARIMA 

0 0.54 0.45 0.54 0.54 

0.1 0.53 0.48 0.54 0.54 

0.3 0.53 0.48 0.54 0.54 

0.5 0.53 0.48 0.54 0.54 

0.75 0.53 0.49 0.54 0.54 

 

The average correlation coefficients of winter wheat 

for 2 vegetation periods (2016–2017, 2017–2018) are 

presented in Table 7. The highest correlation coefficient 

is 0.5 (p <0.05), which is considered low/moderate (see 

Table 2). The smoothing process for the time-series LAI 

dynamics slightly increases the correlation coefficients. 
The best gap-filling methods on average are linear 

interpolation and ARIMA. 

 

Table 7. Average correlation coefficients for winter wheat 
grouped by gap-filling methods and smoothing degrees 

Degree of 

smoothing 

Time-series fill gap method of LAI 

Linear Spline LOCF ARIMA 

0 0.48 0.48 0.48 0.48 

0.1 0.5 0.41 0.49 0.5 

0.3 0.5 0.41 0.49 0.5 

0.5 0.5 0.41 0.49 0.5 

0.75 0.5 0.4 0.49 0.5 

 

 
 

Fig. 7. Relationship between the obtained correlation 

coefficients and the number of crop fields 

 
The average correlation coefficients for all crops are 

similar and close to 0.5 (p <0.05) despite different  

gap-filling techniques and degree of smoothing (Table 8). 
 

Table 8. Average correlation coefficients for all crops grouped 
by gap-filling methods and smoothing degrees 

Degree of 

smoothing 

Time-series fill gap method of LAI 

Linear Spline LOCF ARIMA 

0 0.5 0.46 0.5 0.5 

0.1 0.5 0.45 0.51 0.51 

0.3 0.5 0.45 0.5 0.5 

0.5 0.5 0.45 0.5 0.5 

0.75 0.5 0.45 0.5 0.5 

 

Although the variation in the correlation coefficient 

is low among various gap-filling techniques and 

smoothing degrees, the LOCF and ARIMA have the 

highest values with the 0.1 degree of smoothing. 

To visualize relationships between the mean time 

series LAI and the actual yields of crops for all cases 

(Fig. 8–12), the ARIMA gap-filling techniques were 

chosen by the 0.1 degree of smoothing for the 

preprocessing LAI time-series dynamics. 
 

 
 

Fig. 8. Scatter plot of mean LAI vs actual yields (t/ha)  
of spring crops (2016) 
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Fig. 9. Scatter plot of mean LAI vs actual yields (t/ha)  
of winter crops (2016–2017) 

 

 
 

Fig. 10. Scatter plot of mean LAI vs actual yields (t/ha)  
of spring crops (2017) 

 

 
 

Fig. 11. Scatter plot of mean LAI vs actual yields (t/ha)  
of winter crops (2017–2018) 

 

 
 

Fig. 12. Scatter plot of mean LAI vs actual yields (t/ha)  

of spring crops (2019) 

4. CONCLUSION 

 

Based on the obtained results, the average correlation 

coefficient between Sentinel-2 LAI and the actual crop 

yield is about 0.5 (p <0.05), which is considered 

low/moderate (with a correlation coefficient of 0.4 for 

maize, 0.52 – soy, 0.39 – sunflower, 0.86 – winter 

barley, 0.54 – winter rapeseed and 0.5 – winter wheat). 
The hypothesis test of the "significance of the correlation 

coefficient" shows the significance level of p <0.05 for 

all crops except winter barley (there is insufficient 

evidence to conclude that a high correlation coefficient 

of 0.86 for this crop is significant). The dependency of 

correlation coefficients and the number of fields was 

observed. 

The two steps of LAI dynamics preprocessing lead  

to a slightly increasing correlation coefficients. Thus, a 

smoothing process for the time-series LAI dynamics at 

the 0.1 degree of smoothing slightly improves the 

correlation coefficients on average. The best gap-filling 
methods on average are LOCF and ARIMA. 

We also made attempts to use the maximum value of 

LAI (instead of mean), as well as values at certain 

intervals of the growing season. However, these 

manipulations did not improve the correlation 

coefficients (therefore, the results of this attempts were 

ommited). 

In our point of view low correlation between 

satellite-derived LAI and actual yield depends on 

uncertainties of retrieval LAI using spectral 

measurements in visible and infrared channels from low-
orbiting satellites (Yan et al, 2019). Also, in our opinion 

it depends on specific vegetation condition of different 

crop types, their biophysical development and producing 

of plants green biomass.  

Thus, our results show that the real relationship 

between LAI and final actual yield for different crop 

types are not strong enough, which is the main goal of 

this article. Creating a linear crop yield prediction model 

using only LAI derived from Sentinel-2 will not be 

efficient. Based on this conclusion we need to use more 

complicated methods to predict crop yield (Machine 
Learning, Deep Learning etc.)  

Today there are a lot of low-orbital satellites 

(Sentinel-2, Landsat, Planet, SPOT) which can produce 

LAI on a regular basis that open another way of using 

LAI (in respect to crop yield prediction) as assimilation 

into biophysical models (use the output of these models 

directly or as predictors) (Dente et al, 2008; Fang et al, 

2011; Ma et al, 2013; Curnel et al, 2011; Tewes et al, 

2020; Peng et al, 2021). Satellite-based LAI assimilation 

into biophysical models is subject of further research, 

which can be realized as additional module in the crop 

growth monitoring system in Ukraine (CGMS-Ukraine) 
(Kryvobok et al, 2018; Kryvoshein et al, 2020). We hope 

that this improvement will increase the accuracy of crop 

yield prediction. 

 
References 

 
Aboelghar, M., Arafat, S., Saleh, A., Naeem, S., Shirbeny, M., & 

Belal, A. (2010). Retrieving leaf area index from SPOT-4 
satellite data. Egyptian Journal of Remote Sensing, 13, 121–127. 



О. О. Kryvoshein et al. Український журнал дистанційного зондування Землі, 2023, 10 (3), 21–27 

Online ISSN 2313-2132 26 

Aboelghar, M., Arafat, S., Abo Yousef, M., El-Shirbeny, M., 
Naeem, S., Massoud, A., & Saleh, N. (2011). Using SPOT 
data and leaf area index for rice yield estimation in 

Egyptian Nile delta. The Egyptian Journal of Remote 
Sensing and Space Science, 14, 81–89. 

Asner, G. P., Scurlock, J. M. O., Hicke, J. A. (2003). Global 
synthesis of leaf area index observations: Implications for 
ecological and remote sensing studies. Glob. Ecol. 
Biogeogr., 12, 191–205. 

Baret, F., Guyot, G. (1991). Potentials and limits of vegetation 
indices for LAI and APAR assessment. Remote. Sens. 

Environ., 35, 161–173. 
Baghzouz, M., Devitt, D. A., Fenstermaker, L., Young, M. H. 

(2010). Monitoring Vegetation Phenological Cycles in Two 
Different Semi-Arid Environmental Settings using a 
Ground-Based NDVI System: A Potential Approach to 
Improve Satellite Data Interpretation. Remote. Sens., 2, 
990–1013.  

Broge, N., Leblanc, E. (2001). Comparing prediction power 

and stability of broadband and hyperspectral vegetation 
indices for estimation of green leaf area index and canopy 
chlorophyll density. Remote. Sens. Environ., 76, 156–172. 

Campos-Taberner, M., García-Haro, F., Camps-Valls, G., 
Muedra, G. A. G., Nutini, F., Crema, A., & Boschetti, M. 
(2016). Multitemporal and multiresolution leaf area index 
retrieval for operational local rice crop monitoring. Remote. 
Sens. Environ., 187, 102–118. 

Charbonnier, F. (2013). Measuring and Modeling Light, Water 
and Carbon Budgets and Net Primary Productivity in a 
Coffee-based Agroforestry System of Costa Rica. Ph.D. 
Thesis, Université de Lorraine, Lorraine, France. 

Chen, J. M., Black, T. A. (1992). Defining leaf area index for 
non-flat leaves. Plant Cell Environ., 15, 421–429. 

Cleveland, W. S., Grosse, E., Shyu, W. M. (2017). Local 
regression models. In Statistical models in S. Routledge 
(pp. 309–376). 

Curnel, Y., Wit, A. J. W., Duveiller, G., & Defourny, P. 
(2011). Potential performances of remotely sensed LAI 
assimilation in WOFOST model based on an OSS 
Experiment. Agricultural and Forest Meteorology, 151, 
1843–1855. 

Deering, D. W. (1978). Rangeland Reflectance Characteristics 
Measured by Aircraft and Spacecraft Sensors. Ph. D. 
Thesis, Texas A&M Universtiy, College Station, TX, USA.  

Dente, L., Satalino, G., Mattia, F., Rinaldi, M. (2008). 
Assimilation of leaf area index derived from ASAR and 
MERIS data into CERES-Wheat model to map wheat yield. 
Remote. Sens. Environ., 112, 1395–1407. 

Fang, H., Liang, S., Hoogenboom, G. (2011). Integration of 
MODIS LAI and vegetation index products with the CSM–
CERES–Maize model for corn yield estimation. Int. J. 
Remote Sens., 32, 1039–1065. 

Fassnacht, K. S., Gower, S. T., MacKenzie, M. D., Nordheim, 
E. V., & Lillesand, T. M. (1997). Estimating the leaf area 
index of North Central Wisconsin forests using the landsat 
thematic mapper. Remote. Sens. Environ., 61, 229–245.  

Féret, J.-B., Gitelson, A., Noble, S., Jacquemoud, S. (2017). 
PROSPECT-D: Towards modeling leaf optical properties 
through a complete lifecycle. Remote. Sens. Environ., 193, 
204–215. 

He, L., Wang, R., Mostovoy, G., Liu, J., Chen, J. M., Shang, J., 
Liu, J., McNairn, H., & Powers, J. (2021). Crop Biomass 
Mapping Based on Ecosystem Modeling at Regional Scale 
Using High Resolution Sentinel-2 Data. Remote Sensing, 
13(4), 806, 1–23. 

Hinkle, D. E., Wiersma, W., Jurs, S. G. (2003). Applied 
statistics for the behavioral sciences, 5th ed.; Boston, Mass. : 
Houghton Mifflin, USA. 

Huete, A. (1988). A soil-adjusted vegetation index (SAVI). 
Remote. Sens. Environ., 25, 295–309. 

Huete, A., Justice, C., van Leeuwen, W. (1996). MODIS 
Vegetation Index (MOD13), EOS MODIS Algorithm; 
Theoretical basis document; NASA Goddard Space Flight 

Center: Greenbelt, MD, USA. 
Huete, A. (1997). A comparison of vegetation indices over a 

global set of TM images for EOS-MODIS. Remote. Sens. 
Environ., 59, 440–451. 

Jarlan, L., Balsamo, G., Lafont, S., Beljaars, A., Calvet, J. C., 
& Mougin, E. (2008). Analysis of leaf area index in the 
ECMWF land surface model and impact on latent heat and 
carbon fluxes: Application to West Africa. J. Geophys. Res. 

Space Phys., 113, 113. 
Jung, M., Reichstein, M., Ciais, P., Seneviratne, S. I., 

Sheffield, J., Goulden, M. L., Bonan, G., Cescatti, A., 
Chen, J., De Jeu, R. et al. (2010). Recent decline in the 
global land evapotranspiration trend due to limited 
moisture supply. Nature, 467, 951–954. 

Kayad, A., Rodrigues, Jr. F. A., Naranjo, S., Sozzi, M., Pirotti, F., 
Marinello, F., Schulthess, U., Defourny, P., Gerard, B., & 

Weiss, M. (2022). Radiative transfer model inversion using 
high-resolution hyperspectral airborne imagery-Retrieving 
maize LAI to access biomass and grain yield. Field Crops 
Research, 282, 1–12. 

Kryvobok, O., Kryvoshein, O., Adamenko, T. (2018). 
Peculiarities of technological adaptation of the cgms 
system for agricultural crops monitoring in Ukraine. 
Ukrainian hydrometeorological journal, 22, 64–79. 

Kryvoshein, O., Kryvobok, O., Adamenko, T. (2020). Satellite-
based system of area estimation for main agricultural crops 
of ukraine. Ukrainian hydrometeorological journal, 26, 
78–90. 

Liu, Y., Su, L., Wang, Q., Zhang, J., Shan, Y., & Deng, M. 
(2020). Comprehensive and quantitative analysis of growth 
characteristics of winter wheat in China based on growing 
degree days. Advances in Agronomy, 159, 237–273.  

Ma, G., Huang, J., Wu, W., Zou, J., & Wu, S. (2013). 

Assimilation of MODIS-LAI into the WOFOST model for 
forecasting regional winter wheat yield. Mathematical and 
Computer Modelling, 58, 634–643. 

Mourad, R., Jaafar, H., Anderson, M., & Gao, F. (2020). 
Assessment of leaf area index models using harmonized 
Landsat and Sentinel-2 surface reflectance data over a 
semi-arid irrigated. Remote Sens., 12(19), 3121. 

Myneni, R. B., Hoffman, S., Knyazikhin, Y., Privette, J. L., 

Glassy, J., Tian, Y., Wang, Y., Song, X., Zhang, Y., Smith, 
G. R. et al. (2002). Global products of vegetation leaf area 
and fraction absorbed PAR from year one of MODIS data. 
Remote. Sens. Environ., 83, 214–231. 

Peng, X., Han, W., Ao, J., & Wang, Y. (2021). Assimilation of 
LAI derived from UAV multispectral data into the SAFY 
model to estimate maize yield. Remote Sensing, 13(6), 
1094. 

Reyes-González, A., Kjaersgaard, J., Trooien, T., Sánchez, 
D. G. R., Sánchez-Duarte, J. I., Preciado-Rangel, P., & 
Fortis-Hernandez, M. (2019). Comparison of Leaf Area 
Index, Surface Temperature, and Actual Evapotranspiration 
Estimated using the METRIC Model and In Situ 
Measurements. Sensors, 19, 1857. 

Taugourdeau, S., Le Maire, G., Avelino, J., Jones, J. R., 
Ramirez, L. G., Quesada, M. J. Charbonnier, F., Gómez-

Delgado, F., Harmand, J. M., Rapidel, B. et al. (2014). Leaf 
area index as an indicator of ecosystem services and 
management practices: An application for coffee 
agroforestry. Agric. Ecosyst. Environ., 192, 19–37. 

Tewes, A., Hoffmann, H., Krauss, G., Schäfer, F., Kerkhoff, C., 
& Gaiser, T. (2020). New approaches for the assimilation 
of LAI measurements into a crop model ensemble to 
improve wheat biomass estimations. Agronomy, 10(3), 446. 

Van den Hurk, B. J., Viterbo, P., & Los, S. O. (2003). Impact 
of leaf area index seasonality on the annual land surface 



О. О. Kryvoshein et al. Український журнал дистанційного зондування Землі, 2023, 10 (3), 21–27 

Online ISSN 2313-2132 27 

evaporation in a global circulation model. J. Geophys. Res. 
Space Phys., 108, 108. 

Viña, A., Gitelson, A., Nguy-Robertson, A. L., & Peng, Y. 

(2011). Comparison of different vegetation indices for the 
remote assessment of green leaf area index of crops. 
Remote. Sens. Environ., 115, 3468–3478. 

Weiss, M., Baret, F. (2016). S2ToolBox Level 2 products: LAI, 
FAPAR, FCOVER, Version 1.1. In ESA Contract nr 
4000110612/14/I-BG; INRA Avignon: Paris, France. 

Yan, G., Hu, R., Luo, J., Weiss, M., Jiang, H., Mu, X., Xie, D., 
& Zhang, W. (2019). Review of indirect optical 
measurements of leaf area index: Recent advances, 

challenges, and perspectives. Agricultural and forest 
meteorology, 265, 390–411. 

 
 
 

 
 

КОРЕЛЯЦІЯ СУПУТНИКОВОГО ІНДЕКСУ ПЛОЩІ ЛИСТКОВОЇ ПОВЕРХНІ (LAI) З ФАКТИЧНОЮ ВРОЖАЙНІСТЮ 
Кривошеїн O. O.1,2, Кривобок O. A.1,2, Кожушко О. Д.1,3 
1 Earth Observing System (EOS) Data Analytics, 01025, м.Київ, вул. Десятинна, 5 
2 Український гідрометеоролоічний інститут, 03028, м. Київ, проспект Науки, 37 
3 Національний університет водного господарства та природокористування, 33028, м. Рівне, вул. Соборна 11  
Основною метою цієї статті було дослідити кореляцію між фактичною врожайністю сільськогосподарських культур та 
індексом площі листкової поверхні (LAI) за супутниковими даними Sentinel-2. Для цього було зроблено такі кроки.  
1) Зібрано набір даних фактичної врожайності для 2364 полів в Україні (зокрема, у Вінницькій, Хмельницькій та Черкаській 

областях), що складається з таких сільськогосподарських культур: кукурудза, соя, соняшник, озима пшениця, озимий ріпак 
та озимий ячмінь. 2) Сформовано набір даних індексу листкової поверхні (LAI) за супутниковими даними Sentinel-2 за 
період 2016–2018 рр. відповідно до наявної фактичної врожайності. 3) Попередня обробка LAI. Просторове усереднення 
значень індексу листкової поверхні по полю. Часова інтерполяція / екстраполяція значень LAI для заповнення пробілів у 
часових рядах (створення регулярного часового ряду з інтервалом 1 день) за допомогою 4 методів: лінійна інтерполяція, 
інтерполяція сплайном, LOCF (“останнє спостереження перенесено вперед”) та інтегрована модель авторегресії – ковзного 
середнього (ARIMA). Згладжування динаміки часових рядів за допомогою функції локальної поліноміальної регресії 
(LOESS) з різним ступенем згладжування. Усереднення значень LAI у часі. 4) Кореляція фактичної врожайності та LAI для 

всіх можливих варіантів попереднього опрацювання LAI.  
У результаті проведеного аналізу не було виявлено сильний кореляційний зв’язок (найвищий коефіцієнт кореляції для 
кукурудзи – 0,4; для сої – 0,52; для соняшнику – 0.39, для озимого ячменю – 0,86; для озимого ріпаку – 0,54 та для озимої 
пшениці – 0,5). Спостерігається залежність коефіцієнтів кореляції та кількості сільськогосподарських полів (8 полів озимого 
ячменю мають сильний коефіцієнт кореляції – 0,86, а 998 полів соняшнику мають слабкий коефіцієнт кореляції – 0,39). 
Середній коефіцієнт кореляції для всіх культур становить близько 0,5. Отже, лінійна модель прогнозування врожайності, з 
використанням як предиктора лише індексу площі листкової поверхні, отриманого з Sentinel-2, не буде ефективною (на 
основі розглянутих випадків). Саме тому, на нашу думку, кращим способом використання LAI в аспекті прогнозування 
майбутньої врожайності є його асиміляція в біофізичні моделі. 

Ключові слова: індекс площі листкової поверхні LAI, фактична врожайність сільськогосподарських культур, кореляція, 
супутникові дані. 

 
Рукопис статті отримано 23.05.2023 

Надходження остаточної версії: 21.08.2023 
Публікація статті:29.09.2023 

 


