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Abstract: The processing of remote sensing images and their integration into a Geographic Information System 
(GIS) to analyse and manage an area represents a modern approach that is increasingly used. In the present paper, 
a predominantly mountainous area was studied and analysed, located in Hunedoara County – Romania, near the city 
of Hateg and the Retezat Mountains. A satellite scene from 09.24.2019 from the RapidEye remote sensing system 
was retrieved, processed and subjected to complex remote sensing analyses. These remote sensing data were analysed 
and processed, and based on them a series of specific indices were calculated and interpreted, namely, for the charac-
terisation of the vegetation: NDVI (Normalised Difference Vegetation Index), GNDVI (Green Normalized Difference 
Vegetation Index), NDRE (Normalised Difference Red Edge Index), SAVI (Soil Adjusted Vegetation Index), MSAVI 
(Modified Soil Adjusted Vegetation Index), CI Green (Chlorophyll Index Green), CI Red Edge (Red Edge Chloro-
phyll Index), RTVI core (Red Edge Triangular Vegetation Index), SR (Simple Ratio), Red Edge SR (Red Edge Sim-
ple Ratio), LAI (Leaf Area Index). 
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1. Introduction 

Based on remote sensing, various studies have been carried out for monitoring the land surface: land cov-
er (Vittek et al. 2013), forest cover (Hansen et al. 2013), forest pest monitoring (Rullan-Silva et al. 2013), 
deforestation (Achard et al. 2014), fires, urban changes (Huang et al. 2017), floods and precision agriculture 
(Redo & Millington 2011). 

The relationship between precipitation and vegetation has been analysed and researched in many areas of 
the globe and various types of ecosystems on all continents (Maurer et al. 2020, Hawinkel et al. 2016). In the 
last 30 years, more and more such studies have used remote sensing technology as an investigative technique 
(Huete et al. 1997) in forest monitoring processes and for land cover mapping. Based on remote sensing im-
ages, many vegetation indices have been developed that allow the monitoring of very large areas and in a rela-
tively short time. An evaluation of the response of vegetation to precipitation requires a differentiation of the 
types of vegetation analysed (Gallagher et al. 2019). 

Remote sensing techniques are very useful in health assessment studies on the integrity of forest ecosys-
tems. Forest biomass growth is closely related to global climate change, and the average annual temperature 
and average annual precipitation are the most important factors influencing forest biomass (Huang et al. 2021, 
Peng et al. 2014, Zhang et al. 2023). 

Interception is the process by which part of the atmospheric precipitation is captured and retained by veg-
etation, after which it evaporates. Interception is one of the essential components of the hydrological cycle of 
water; it also influences the spatial distribution of water infiltration, soil erosion, and leakage, and vegetation 
canopies play a vital role in the hydrological process of ecosystems. This amount of water retained by vege-
tation canopies plays a significant role in the hydrological balance equation. It, therefore, cannot be neglect-
ed; in similar studies, it is called interception storage capacity. Evaluating these time and space variable hy-
drological parameters are the key elements for the sustainable development of water resources. Over time, 
several models have been developed to estimate the amount of rainfall interception. Still, the most 
used/known are the Gash and Rutter models, which have the canopy storage capacity as the basic compo-
nent. The two rainfall interception models, the Rutter and Gash models, are different, the first being a con-
ceptual model and the second being an analytical model (Muzylo et al. 2009). 

https://creativecommons.org/licenses/by-sa/4.0/
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The database available for this paper/research is not sufficient, so the quantification of these hydrological 
parameters by traditional methods is limited, therefore, satellite images were used. One of the parameters 
estimated based on remote sensing and used in calculating precipitation interception is the leaf surface index 
(LAI). 

Compared to hardwood forests, softwood forests retain more water from the atmospheric precipitation. 
In the case of spruce and fir species, the water retention can reach up to 80%. 

The main objective of this study is to analyse the existing relationship between forest ecosystems and 
precipitation using modern tools in the field of remote sensing and geographic information systems. Based 
on the images taken from the Rapid Eye system, several vegetation indices were determined that offer 
an overall vision in the monitoring process of the analysed forest ecosystem located in Romania – Hunedoare 
County. 

2. Materials and Methods 

2.1. Study area 

The study area is predominantly mountainous in Hunedoara County near the town of Hateg and the Re-
tezat Mountains and is part of the Mures river basin (Fig. 1). 

The precipitations in the Mures river basin fall in different quantities. Thus, in the Carpathian chain com-
pared to the western circulation, there are considerable differences between the quantities measured at differ-
ent points from this river basin. The average annual rainfall per basin is between 480 mm and 980 mm, 
and the multiannual average is 610 mm. 

 

 

Fig. 1. DEM of Mures catchment 
 

2.2. Satellite system and indices used 

In the analysis, a satellite scene from 24 August 2019 from the Rapid Eye system (PlanetTeam, 2017) 
was used, which is composed of 5 spectral bands, namely, Red (630-685 nm), Green (520-590 nm), Blue 
(440-510 nm), Red Edge (690-730 nm) and Near Infrared (760-850 nm). 

Also, for a morphological characterisation of the area, a Digital elevation model was used based on which 
the Aspect Map and the Slope Map were generated. This data was processed using ArcGIS Pro v. 2.60 soft-
ware (Fig. 2). 
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Fig. 2. Digital Elevation Model, Map of Aspect and Map of Slope 
 
To carry out the proposed research, the NDVI (Normalised Difference Vegetation Index) (Rouse et al. 1973) 

and Leaf Area Index (LAI) were calculated for an analysis of the gas – vegetation exchange phenomenon 
(photosynthesis, evapotranspiration, precipitation interception, carbon flow). 

NDVI ൌ ቀ୍ୖିୖୣୢ
୍ୖାୖୣୢ

ቁ (1) 

2.3. Hydrological modeling 

With the help of multispectral images and the NDVI index, the vegetation variables are determined, 
namely the Leaf Area Index (LAI) parameter, used in many hydrological models to determine evapotranspi-
ration. The vegetation standardisation difference index (NDVI) is one of the most used indices for monitor-
ing vegetation dynamics globally (Vrieling et al. 2013), with values between -1 and 1. 

This paper uses the relation between LAI and NDVI, using the reflection properties of vegetation to as-
sess the vegetation cover of the study area. The relation between the NDVI and LAI parameters is taken over 
from Tabarant (2000): 

LAI ൌ 8.238 ∗ NDVI െ  2.93 (2) 

The storage capacity depends on the vegetation type; thus, the capacity of a coniferous forest differs from 
that of deciduous trees. The maximum storage in the canopies parameter (Smax) is directly related to the 
LAI parameter, and to determine the calculation method, they will be adapted according to the vegetation 
types. In recent years, land use has undergone significant changes. This aspect participates along with other 
factors in climate change both in our country and globally. The rainfall retention capacity depends on the 
respective area's category/land cover types. 

These land use changes disrupt the hydrological cycle of the river basin, in which there are changes be-
tween the input and output parameters of the system. Some anthropogenic activities such as deforestation and 
overgrazing reduce evaporation and initiate a feedback mechanism that leads to decreased rainfall (CLC 2006, 
CLC 2012, CLC 2018) and urbanisation over large areas causes several large-scale effects, which cause floods 
and increased flows on watercourses, or in some areas the reduction of these flows and the intensification of 
extreme phenomena – storms (Barbosa et al. 2020, Balazovicova & Skodova 2022). 

Figures 3 and 4 show the study area after the classification process, in which the agricultural area has 
a percentage of 49.8%, followed by forested areas with a percentage of 42.39%. In this paper, based on the 
land cover maps generated with the GIS program, the types of vegetation required for the leaf area index 
(LAI) are estimated. The interception of precipitation by vegetation canopy is determined by the maximum 
storage capacity (Smax) (De Roo et al. 1996): 

 



The Use of Remote Sensing Techniques in the Analysis… 299
 

𝑆௫ ൌ 0.935  0.498 ∙ LAI െ 0.00575 ∙ 𝐿𝐴𝐼ଶ (3) 

where: 
LAI – Leaf Area Index parameter 
 

 

Fig. 3. The Map of Land Cover 
 

 

Fig. 4. The distribution of the land cover of the study area 

3. Results and Discussion 

LAI estimation based on remote sensing spectral data considers the green leaf characteristics. The vegeta-
tion index is a unique numerical value that indicates the reflectivity of ground objects using wavelength ranges 
and linear or nonlinear calculations to generate certain indications of vegetation and biomass increase. 

Next, NDVI indices were determined for the study area, where values lower than zero indicate land with-
out vegetation cover (desert, bare ground, cloud, snow, water formations, etc.), and values higher than zero 
indicate vegetation cover, respectively the LAI index (Leaf Area Index) an important variable used to esti-
mate evapotranspiration (Fig. 5). Also the profile of NDVI and LAI are presented in Fig. 6 and Fig. 7. 

The LAI index is one of the main parameters to estimate the precipitation interception rate. A coniferous 
forest from the Mures river basin was chosen as a study area to estimate the precipitation interception. 

Interception is an important factor in understanding the hydrological effects of plant cover and modelling 
the hydrological balance/water cycle. This hydrological parameter is also helpful in estimating vegetation's 
effect on runoff in those areas. Based on the LAI indices obtained for this area under study, the maximum 
storage capacity (Smax) is determined (Fig. 8). 

Scientific research on the basins in our country shows that the litter of a deciduous forest of about 90 years 
retains between 3 and 4 mm (Abagiu et al. 1980). From the specialised literature, the average annual transpi-
ration for various tree species falls between the values: spruce 300-320 mm/year, beech 250-300 mm/year, 
oak 120-300 mm/year, pine 120-300 mm/year, larch up to 680 mm/year. 
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Fig. 5. The Map of NDVI Index and The Map of LAI parameter 
 

 

Fig. 6. Profile for NDVI 
 

 

Fig. 7. Profile for LAI 
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Fig. 8. Maximum storage capacity 
 

The average monthly rainfall for Deva, Ruschita and Magureni is presented in Fig. 9. Based on ArcGIS 
software, precipitation data were interpolated by the IDW method using daily average precipi-tation values 
for August 2019 (https://chrsdata.eng.uci.edu/) (Fig. 10). 
 
 

 

Fig. 9. Average monthly rainfall 
 
The LAI parameter values calculated using the GIS program from the satellite image for our location are 

plotted against the NDVI values of the same study area (Fig. 11). Next is the linear regression analysis be-
tween vegetation indices (NDVI) calculated in the previous stages based on remote sensing images and Leaf 
Area Index (LAI), respectively between the maximum storage capacity (Smax) and Leaf Area Index (LAI) 
(Fig. 12). 
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Fig. 10. Average daily rainfall (a) from Magura and (b) from Deva 
 
 

 

Fig. 11. Linear correlation between LAI and NDVI 
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Fig. 12. Linear correlation between LAI and Smax 
 
By applying the equation of 1st degree for the two parameters Smax and LAI, Table 1 is created. Similar 

studies demonstrated that high rainfall intensities coincide with high storage capacities due to dynamic stor-
age (Keim et al. 2006). 

 
Table 1. Regression analysis LAI – Smax 

REGRESSION STATISTICS 
Multiple R 0.999015 
R Square 0.99803 
Adjusted R Square 0.997866 
Standard Error 0.004036 
  
Observations 14 

ANOVA 

 df SS MS F Significance F 
Regression 1 0.099068 0.099068 6080.448 1.32E-17 
Residual 12 0.000196 1.63E-05   
Total 13 0.099263    

 
Coefficients 

Standard 
Error 

t Stat P-value 
Lower 
95% 

Upper 
95% 

Lower 
95.0% 

Upper 
95.0% 

Intercept 0.916127 0.006793 134.8555 1.86E-20 0.901325 0.930928 0.90132 0.93092 
LAI 0.497287 0.006377 77.97723 1.32E-17 0.483392 0.511182 0.48339 0.51118 

4. Conclusions 

This paper analysed the morphological variables of the canopy that affect the rate of interception of pre-
cipitation and demonstrated the importance of the spatial distribution of the canopy LAI. The NDVI index 
(Normalised Difference Vegetation Index) was determined based on the spectral bands to characterise the 
vegetation in the study area. The LAI index (Leaf Area Index) was determined for rainfall interception. 

The LAI indicator is a variable used in various production, hydrological, and ecological models (Running 
& Coughlan 1988, Bonan 1998). The LAI parameter must be determined at moderate and high spatial resolu-
tions To obtain a high precision. The NDVI – LAI relationship is a principal or unique approach for a high 
temporal resolution in regional and global scale studies. 

Very strong correlations were found between the Leaf Area Index (LAI) and the Normalised Difference 
Vegetation Index (NDVI), respectively, between LAI and Maximum Storage Capacity (Smax). 

LAI is an important biophysical parameter of vegetation and represents a ratio between the leaves' surface 
and the soil surface unit. In the long run, monitoring the LAI parameter can be useful in understanding the 
dynamic changes of climate impact on forest ecosystems. 
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