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Abstract: Soil Moisture (SM) is a key parameter in several research and application fields, from
climate studies to farming, from natural disaster prediction to land management. In this respect, Earth
Observation (EO) images have been widely recognized as a useful tool able to provide information
on a large scale. In the last few decades, several near-infrared (NIR) and short-wavelength-infrared
(SWIR) indices have been proposed for SM monitoring. Nonetheless, the number of EO studies
addressing real, heterogeneous scenarios is very limited. In this paper, we present the results of a
comparative analysis conducted on a multi-temporal sequence of optical EO images by computing a
set of NIR-SWIR-based indices in order to assess their performances for SM monitoring. The studied
area was a highly heterogeneous farming area featuring bare soil, cultivated areas and forests. The
outcomes highlighted an overall good performance for some indices despite the effects of some
environmental parameters.

Keywords: soil moisture; Landsat-OLI; GLDAS; optical satellite data; multispectral indexes; Earth
observation; multitemporal analysis

1. Introduction

Soil Moisture (SM) monitoring is an extremely important task in land management
and planning. Several methods have been developed to monitor SM, such as time domain
reflectometry (TDR) [1] or gravimetry. Both methods require many resources in terms
of time and data processing and cannot be used to monitor SM in wide areas. Remote
sensing methods are useful for monitoring SM because they use Earth Observation (EO)
data, providing information at different scales. Based on specific frequencies, SAR data’s
(L, P bands) usefulness in SM monitoring has been widely demonstrated [2]. Optical EO
data can also provide valuable information for SM monitoring with high spatial resolution
and frequent revisit time. The usefulness of short-wavelength-infrared (SWIR) and near-
infrared (NIR) reflectance bands to monitor SM has been studied in the laboratory [3], from
airplanes [4] and also by using EO data [5]. Several studies have shown good results using
normalized spectral NIR- SWIR-based indices. The most used are as follows: Normalized
Difference Infrared Index (NDII) [6] developed by Hardisky et al. to detect leaf biomass,
Normalized Multiband Drought Index (NMDI), used to monitor both soil and vegetation
from space [7], and Visible and Shortwave Infrared Drought Index (VSDI), successfully
applied to study the humidity of several land cover types in Oklahoma [8].

In this study, we investigated the potential of Landsat 8 images to monitor SM by
assessing the performances of three multispectral indices—NDII, NMDI and VSDI—on
a multitemporal sequence of images referring to a study area characterized by strong
environmental variability. We performed this study in the south of Tuscany using SM data
provided by Global Land Data Assimilation System (GLDAS) 2.1 as validation data.
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2. Materials and Methods

The study area is based in south-western Tuscany in Italy, near the town of Grosseto
(42◦31′30.0′′ N 11◦15′5.4′′ E, 42◦32′35.7′′ N 11◦33′37.4′′ E). The study area is characterized by
strong environmental variability, with forested, agricultural and bare soil areas (Figure 1).
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As a first step, we applied cloud masking, based on the Landsat thermal band, to the 
entire study area. Subsequently, we removed the water bodies and the anthropic areas. 
Then, we identified the bare soil areas and the vegetated areas by means of a Random 
Forest classifier. The 31 bare soil and vegetation masks, obtained from the RF, were 
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Figure 1. Image showing the study area in south-western Tuscany, near the town of Grosseto.

We used Landsat-8 multispectral images with high spatial resolution (30 m) in the
test area during summer season, between June and September, from 2017 to 2020. In each
year, we selected only the images with a very low cloud score (<10%), obtaining a dataset
composed of 31 images. SM values referring to the study area were obtained using the
Global Land Data Assimilation System (GLDAS 2.1). To develop SM data, GLDAS uses
satellites, ground-based observational data and several models and methods to assimilate
data [9]. SM data (expressed as kg/m2) were handled on Google Earth Engine, and we
downloaded the SSM dataset product: GLDAS Noah Land Surface Model L4 3 hourly
0.25 × 0.25 degree V2.1 (GLDAS_NOAH025_3H_2.1)) [9].

As a first step, we applied cloud masking, based on the Landsat thermal band, to the
entire study area. Subsequently, we removed the water bodies and the anthropic areas.
Then, we identified the bare soil areas and the vegetated areas by means of a Random
Forest classifier. The 31 bare soil and vegetation masks, obtained from the RF, were applied
to all the datasets. We made a first intersection to obtain a temporal bare-soiled mask
and a temporal vegetated mask for each year; then, we used a second intersection from
the temporal vegetation and bare soil masks, obtaining a single multitemporal vegetation
mask and a single multitemporal bare soil mask. Then, we made a union between the
multitemporal masks to obtain a masked multitemporal dataset.

3. Results

The masked dataset was processed in order to compute the three multispectral indices—
NDII, NMDI and VSDI. The multispectral indices computed over the entire study area are
shown in Figure 2.
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Figure 2. Multispectral indices computed over the entire study area refer to the image acquired on 
23-08-2017: (a) NDII, (b) NMDI and (c) VSDI. 

We then calculated the averaged value of each multispectral index for each image 
and compared it with the corresponding SM mean value estimates provided by GLDAS. 
We also studied the correlation between the indices and the SM by evaluating the Pearson 
Correlation Coefficient (PCC). In order to assess the statistical significance of the analysis, 
for each computed PCC, we also computed the relevant p-values, which were all below. 
Then, we plotted the scatterplots for each index compared with SM estimates and their 
relative coefficients of determination (R2), as shown in Figure 3. The results showed that 
the multispectral indices, computed over the entire study area, had different abilities in 
monitoring SM estimates. NDII was the index with the worst performances (PCC = 0.60 
and R2 = 0.36), with a p-value of 3.5 × 10−4; NMDI showed a medium-low ability to monitor 
SM (PCC = 0.69 and R2 = 0.48), with a p-value of 2 × 10−5; and VSDI was the index with the 
best performance (PCC = 0.84 and R2 = 0.71), with a p-value of 2.5 × 10−9. 

 
Figure 3. Scatterplot of each multispectral index in function of the SM estimates and their relative 
linear regression (red line): (a) NDII, (b) NMDI and (c) VSDI. 

4. Conclusions  
In this work, we assessed the performance of three different multispectral indices 

proposed in the literature to monitor SM by analyzing a multitemporal sequence of 
Landsat-8 satellite images acquired in summer from 2017 to 2020. The comparison of their 
temporal trend against the relevant SM estimates derived from GLDAS 2.1 showed a 
significantly better performance from VSDI with respect to the other indices. 
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Figure 2. Multispectral indices computed over the entire study area refer to the image acquired on 23
August 2017: (a) NDII, (b) NMDI and (c) VSDI.

We then calculated the averaged value of each multispectral index for each image and
compared it with the corresponding SM mean value estimates provided by GLDAS. We
also studied the correlation between the indices and the SM by evaluating the Pearson
Correlation Coefficient (PCC). In order to assess the statistical significance of the analysis,
for each computed PCC, we also computed the relevant p-values, which were all below.
Then, we plotted the scatterplots for each index compared with SM estimates and their
relative coefficients of determination (R2), as shown in Figure 3. The results showed that
the multispectral indices, computed over the entire study area, had different abilities in
monitoring SM estimates. NDII was the index with the worst performances (PCC = 0.60 and
R2 = 0.36), with a p-value of 3.5 × 10−4; NMDI showed a medium-low ability to monitor
SM (PCC = 0.69 and R2 = 0.48), with a p-value of 2 × 10−5; and VSDI was the index with
the best performance (PCC = 0.84 and R2 = 0.71), with a p-value of 2.5 × 10−9.
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4. Conclusions

In this work, we assessed the performance of three different multispectral indices
proposed in the literature to monitor SM by analyzing a multitemporal sequence of Landsat-
8 satellite images acquired in summer from 2017 to 2020. The comparison of their temporal
trend against the relevant SM estimates derived from GLDAS 2.1 showed a significantly
better performance from VSDI with respect to the other indices.
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