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Abstract: Detailed and accurate information on the spatial variation of soil over low-relief 

areas is a critical component of environmental studies and agricultural management. Early 

studies show that the pattern of soil dynamics provides comprehensive information about 

soil and can be used as a new environmental covariate to indicate spatial variation in soil in 

low relief areas. In practice, however, data gaps caused by cloud cover can lead to incomplete 

patterns over a large area. Missing data reduce the accuracy of soil information and make it 

hard to compare two patterns from different locations. In this study, we introduced a new 

method to fill data gaps based on historical data. A strong correlation between MODIS  
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band 7 and cumulated reference evapotranspiration (𝐶𝐸𝑇0)  has been confirmed by 

theoretical derivation and by the real data. Based on this correlation, data gaps in MODIS 

band 7 can be predicted by daily evaporation data. Furthermore, correlations among bands 

are used to predict soil reflectance in MODIS bands 1–6 from MODIS band 7. A location in 

northeastern Illinois with a large area of low relief farmland was selected to examine this 

idea. The results show a good exponential relationship between MODIS band 7 and CET0
0.5 

in most locations of the study area (with average R2 = 0.55, p < 0.001, and average  

NRMSE 10.40%). A five-fold cross validation shows that the approach proposed in this 

study captures the regular pattern of soil surface reflectance change in bands 6 and 7 during 

the soil drying process, with a Normalized Root Mean Square Error (NRMSE) of prediction 

of 13.04% and 10.40%, respectively. Average NRMSE of bands 1–5 is less than 20%. This 

suggests that the proposed approach is effective for filling the data gaps from cloud cover 

and that the method reduces the data collection requirement for understanding the dynamic 

feedback pattern of soil, making it easier to apply to larger areas for soil mapping. 

Keywords: dynamic feedback pattern of soil; soil mapping; MODIS; soil surface reflectance; 

soil drying process; soil evaporation 

 

1. Introduction 

Information on the spatial variation of soil is a critical component of environmental research and 

agricultural management [1]. The rapid development of remote sensing technology provides significant 

potential to extract soil information at scales from regional to global [2]. In most studies, soil surface 

characteristics, such as soil texture and soil surface roughness, are generally obtained based on only one 

or a few images captured by multispectral or hyperspectral sensors at one or a few specific times [3–5]. 

As a result, the accuracy of the results may be highly related to sensor noise, atmospheric conditions and 

the soil surface status at that specific time [6,7]. In fact, however, soil reflectance varies during the soil 

drying process, which is closely related to both soil properties and soil surface water content [8]. Just 

one or two images cannot provide comprehensive information about overall changes in soil reflectance. 

In order to capture the changes of soil reflectance from wet to dry for the purpose of differentiating soil 

conditions, a dynamic feedback pattern for soil was introduced as a new data variable captured by 

satellite image to study soil characteristics [9]. Previous research has established that the feedback 

pattern can be used as a new environmental covariate to indicate soil spatial variation over low relief 

areas [9,10]. 

The structure of the soil feedback pattern is a three dimensional space arranged with time as the  

X-axis, wavelength as the Y-axis, and soil surface reflectance as the Z-axis (Figure 1). At a given location 

after a rainfall, the soil surface reflectance was captured by the MODIS sensor for a short period  

(5–7 days) and organized in this three-dimensional space. With this design, rainfall was considered as 

an input to land surface. The changes in soil reflectance that occurred in the process of drying after a 

rain event were considered as feedback in response to the rain [10]. MODIS was chosen because it has 

a high temporal resolution compared to other hyperspectral sensors. This dynamic feedback pattern 
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records soil reflectance changes from wet to dry conditions for each location and can be used to predict 

soil characteristics at that location [9]. 

 

Figure 1. Dynamic soil feedback pattern at a given location in the study area. 

In practice, however, there are limitations to using this model to predict soil characteristics over a 

large area. The data gaps caused by cloud cover may lead to many incomplete soil feedback patterns.  

In addition, when data gaps occur on different days for two patterns with different locations, it is hard to 

directly compare the two incomplete patterns. For example, after one rain event, the feedback pattern 

from Location A misses the data for the first and third days and the pattern from Location B misses the 

data for the second and fifth days. These two incomplete patterns cannot be compared directly. In the 

case of soil mapping, this comparison is essential for differentiating the soils from different locations. 

In this study, we focus on how to fill those data gaps to rebuild the complete feedback pattern for 

each location. Previous research attempting to address the problem of missing data can be grouped into 

three categories. In the first, methods use multi-source satellite sensors to make up for the missing gaps 

by assuming low temporal variability between the auxiliary and target image with a well-controlled 

system error [11]. The transform function which is used to transform an auxiliary pixel to a missing data 

pixel might come from a spectral BRDF model [12] or a Principal Component Transformation (PCT) or 

other statistics-based models like Local Linear Histogram Matching (LLHM) [13]. These approaches 

may have acceptable accuracy when the focus is on temporally stable spectral targets such as land 

use/cover classes or units in urban mapping. However, they have limited performance with highly 

dynamic properties like soil reflectance. 

The second group uses neighboring pixels around missing points to fill the gap with moving windows. 

These gap-filling techniques take advantage of spatial autocorrelation that assumes target variables are 

related to each other over a short distance. The simplest case is to replace the missing pixels with the 
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mean value of the neighboring pixels. More advanced techniques such as geostatistic-based techniques 

can also be used [14]. However, problems exist when the gap size is bigger than the semivariogram 

range, or the target value does not have a strong spatial autocorrelation. These approaches are not suitable 

for filling data gaps in soil feedback patterns. Because the purpose of the dynamic soil feedback pattern 

is to describe soil spatial variation, a data process that includes neighboring soil information will reduce 

the accuracy of soil mapping and increase the uncertainty in the data-gap areas. 

The third group uses time-series cloud-free observations at the same location to fill the gaps due to 

cloud cover. The simplest way is to use the mean value of the images before and after the time of the 

current image to fill the gap at the same location [15]. These strategies have been applied in MODIS 

EVI products [11] and TM NDVI [16] gap filling. However, the approaches will fail because soil surface 

reflectance is highly variable due to soil surface moisture changes that occur over a short time. Thus, 

data-gap filling in soil feedback patterns remains a challenge. 

In this study, we present a new approach to fill data gaps caused by cloud cover, using historical data. 

The approach was applied to a large area of farmland in northeastern Illinois, USA, as a case study. The 

proposed method effectively fills data-gaps and allows the soil feedback pattern in every pixel to be used 

as a data source to predict soil types and properties regardless of cloud cover, using a methodology 

created in previous studies [9] and [10]. 

 

Figure 2. Location of study area with a slope map background. 
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2. Study Area 

The study area is a large, flat area of farmland (about 10,000 km2) located around Herscher 

(87°39′36ʺW–88°52′53ʺW, 40°24′6ʺN–41°19′18ʺN) in northeastern Illinois, USA (Figure 2). The study 

area is part of a semiarid region in northern Illinois. According to the NOAA National Climatic Data 

Center weather data (1981–2010), average precipitation in April and May are around 82 and 91 mm, 

respectively. Average temperatures in April and May are around 17 and 23 °C. Average sunny days and 

partly sunny days (40%–70% cloud cover) are seven and eight days in April and May [17]. This low 

number of cloud-free observation days creates many data gaps in the feedback pattern. The major soil 

order in this area is Mollisol. According to the USDA Soil Survey Geographic Database (SSURGO) 

map, there are five major soil subgroups in this area, including Vertic Endoaquolls, Vertic Argiaquolls, 

Typic Endoaquolls, Oxyaquic Argiudolls and Aquic Argiudolls. The study area is low-relief farmland. 

The average slope degree is 0.66°, with a standard deviation of 0.92. Elevation is in the range of  

137–305 m, with a mean of 210 m. 

3. Methodology 

3.1. Basic Concept 

Soils are relatively stable, so at a given location they should reveal similar behavior during the drying 

process after rain events. Soil surface reflectance is also highly influenced by near-surface environmental 

conditions. So, there is a correlation between soil surface reflectance and other near-surface environmental 

parameters. These near-surface parameters are not affected by cloud cover and can be easily obtained. 

A statistical model can be built to capture this correlation using historical data. With this model, missing 

soil reflectance data can be predicted by using the near-surface environmental values for the dates with 

cloud cover. 

We use evaporation in this study as the near-surface environmental parameter, because soil moisture 

in the surface layer (1–2 cm) is highly influenced by near-surface evaporation conditions [18]. Soil 

surface moisture change is the major cause of soil surface reflectance change during the soil drying 

process [8]. Compared with soil surface moisture, near-surface evaporation conditions can be easily 

calculated or estimated from weather observations and are not affected by cloud cover. We can therefore 

use evaporation as a surrogate for soil surface moisture to predict soil surface reflectance based on a 

regression model. 

This method can effectively predict soil reflectance in water sensitive regions (band 7 in MODIS 

sensor) because soil surface moisture has more significant influence on soil surface reflectance in  

1.7–2.5 μm wavelength regions, the location of MODIS band 7 [8,19–21]. The question then becomes 

how to predict soil reflectance in water non-sensitive bands (bands 1–6 in MODIS sensor). In fact, early 

soil science findings show that when soil surface moisture decreases, all regions from the visible  

(400 nm) to shortwave infrared (2500 nm) regions of the electromagnetic spectrum of soil reflectance 

increase simultaneously. The difference is that reflectance in the water-sensitive bands (1100 nm–2500 nm) 

increases more significantly compared to the non-sensitive bands (400–1100 nm) [22]. There is thus also 

a correlation between water sensitive bands and insensitive bands during the soil drying process. This 

correlation has already been confirmed and used to predict 1.6 μm band 6 from band 7 to fix the noise 
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problem in MODIS Aqua band 6 in previous studies [23]. Based on the correlation, soil reflectance in 

water-insensitive bands can be predicted based on reflectance in water-sensitive bands. 

 

Figure 3. Basic concept for using two correlations to fill missing data gaps in a soil feedback 

pattern during one rain event. 

An overall illustration of our gap-filling method is provided in Figure 3. The method consists of two 

steps. First, the correlation between water-sensitive bands and the evaporation parameter at each location 

is obtained and the soil reflectance in water-sensitive bands based on the evaporation parameter value 

on cloud cover days is predicted. The second step is to find a correlation between soil reflectance in a 

water-sensitive region (band 7 in MODIS) and in insensitive regions (bands 1–6 in MODIS). Using these 

correlations, the soil reflectance of bands 1–6 in MODIS is predicted. This two-step process is repeated 

until all the missing values in the feedback pattern are populated. The same strategy is also applied to 

other pixels with data gaps. It should be noted that the two correlations are acquired independently from 

historical data at that location and can only be applied to that location. So, the predictions at locations  

are independent. 

3.2. Choosing a Proper Model to Capture Correlation between Soil Surface Reflectance and 

Evaporation Parameters 

To fill the data gaps, the key step for the study is to predict soil reflectance in a water-sensitive band 

based on evaporation. In order to build the correlation model between soil surface reflectance and 

evaporation parameter, a proper regression model must be chosen. This model selection is done based 

on equation derivation with previous studies’ findings on soil evaporation and soil spectroscopy. 

Soil surface evaporation can be divided into two stages [18,24–26]; the first stage is the constant-rate 

stage. In this stage, evaporation (Es) is limited only by the supply of energy to the soil surface.  

The evaporation rate is similar to the rate for a free water surface because enough water is present to 

allow for its free evaporation on the top-soil layer. This stage typically lasts for a few hours depending 

on soil surface characteristics (structure, texture, etc.). The second stage is the falling-rate stage. In this 

stage, water movement on the soil surface layer is controlled by soil moisture conditions and soil 

hydraulic properties [27–29]. Stroosnijder (1987) and Gallardo (1996) found a good relationship between 

cumulative bare soil evaporation (𝐶𝐸𝑠) and cumulative reference evapotranspiration (𝐶𝐸𝑇0) [24,30]. These 

variables are connected by maximum possible cumulative soil evaporation (𝐶𝐸𝑥), which refers to the 
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maximum possible water that the atmosphere can take from the soil surface when soil evaporation is not 

limited by soil hydraulic properties. A detailed definition is given as follows. 

𝐸𝑥 = 𝐾𝑥𝐸𝑇0 (1) 

𝐶𝐸𝑇0(𝑘) = ∑ 𝐸𝑇0(𝑖)

𝑘

𝑖=1

 (2) 

𝐶𝐸𝑥(𝑘) = ∑ 𝐸𝑥(𝑖)

𝑘

𝑖=1

= 𝐾𝑥 ∑ 𝐸𝑇0(𝑖)

𝑘

𝑖=1

= 𝐾𝑥𝐶𝐸𝑇0(𝑘) (3) 

where 𝐾𝑥 is the maximum expected crop coefficient (𝐾𝑐𝑜) value; 𝐸𝑥 is the daily maximum possible soil 

evaporation; 𝐸𝑇0 is the daily reference evapotranspiration (potential evapotranspiration); 𝐶𝐸𝑇0(𝑘) is the 

kth day’s cumulative reference evapotranspiration after a rain event; 𝐶𝐸𝑥(𝑘)  is the kth day’s maximum 

possible cumulative soil evaporation after a rain event; the cumulative process starts from the first day after 

a rain event to the kth day. There is a requirement that there is no other rain event during this period. Based 

on the two-stage soil evaporation method developed by Ritchie (1972) and Stroosnijder (1987) [27,30], 

the relationship between the kth day’s cumulative bare soil evaporation 𝐶𝐸𝑠 and the kth day’s maximum 

possible cumulative soil evaporation 𝐶𝐸𝑥 is given by Equations (4) and (5). 

𝐶𝐸𝑠(𝑘) = 𝐶𝐸𝑥(𝑘) 𝑤ℎ𝑒𝑛 √𝐶𝐸𝑥(𝑘) < 𝛽 𝑖𝑛 𝑆𝑡𝑎𝑔𝑒 1 (4) 

𝐶𝐸𝑠(𝑘) = 𝛽√𝐶𝐸𝑥(𝑘) 𝑤ℎ𝑒𝑛 √𝐶𝐸𝑥(𝑘)  ≥ 𝛽 𝑖𝑛 𝑆𝑡𝑎𝑔𝑒 2 (5) 

where the soil hydraulic factor (𝛽) represents the turning point at which the evaporation rate changes 

from Stage 1 to Stage 2. In Stage 1, soil evaporation is equal to the maximum possible cumulative soil 

evaporation since soil hydraulic properties do not limit evaporation. In Stage 2, actual soil evaporation 

is much smaller than the evaporation in Stage 1 and depends on soil surface characteristics and soil 

hydraulic properties. 

We assume that most soil feedback data are captured when soil evaporation moves into Stage 2, 

because for most soil types, Stage 1 can typically be maintained for just a short period. This simplification 

may underestimate the soil evaporation on the first day after a rain event, but will nevertheless fit the 

actual evaporation of soils for most cases. 

To calculate daily reference evapotranspiration, Hargreaves’s equation (1985) has been used based 

on daily maximum and minimum air temperature data [31,32]. The equation was chosen because its 

requirements can be extended over a large area with fewer weather parameters than other methods. Only 

daily temperature data is required [33]. 

𝐸𝑇0 = 0.0023(𝑇𝑚𝑒𝑎𝑛 + 17.8)(𝑇𝑚𝑎𝑥 − 𝑇𝑚𝑖𝑛)0.5 𝑅𝑎 (6) 

where 𝑇𝑚𝑒𝑎𝑛 is equal to(𝑇𝑚𝑎𝑥 − 𝑇𝑚𝑖𝑛)/2; 𝑅𝑎 is extraterrestrial radiation for daily periods that can be 

calculated by a given latitude and date based on the equation given in the FAO-56 document. 

Water balance in the soil surface layer (1–5 mm) can be used to describe how the water content at the 

soil surface is related to soil evaporation after a rainfall. Data were first collected by MODIS sensor 

starting from the second day after a rain event. By this point, the infiltration and runoff process has 
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already finished in the soil surface layer. The water content has reached the soil field capacity (FC) 

which is the upper limit of moisture content that soil can hold. For a few days after a rain event, soil 

evaporation is the primary cause of water loss during the soil drying process in the soil surface layer. 

The water balance after rainfall can be described as a simplified equation as follows. 

θ𝑘 = θ𝑠 − 𝐶𝐸𝑠(𝑘) (7) 

where θ𝑘 represents the soil surface water content on the kth day after rain; θ𝑠 is the surface soil water 

content after a rain event (field moisture capacity, FC). 𝐶𝐸𝑠(𝑘) is the kth day cumulative soil evaporation. 

As described above, soil surface reflectance increases as soil surface water content decreases, 

especially in water sensitive bands. Various models have been developed to build the relationship 

between soil surface water content and soil surface reflectance [8,19]. The common models show that 

soil surface reflectance relates to both soil reflectance in dry conditions and soil water content.  

An exponential relationship most commonly used in these models is based on experimental data in the 

lab [8] and satellite image data [19]. We use the general model described by Muller (2001) with SPOT 

image data [19] for the study. The soil moisture-reflectance relationship is shown in Equation (8): 

𝜌𝑠(𝜆,𝑘) = 𝜌𝑠𝑜(𝜆)𝐸𝑥𝑝(𝑎𝑠(𝜆)θ𝑘) (8) 

where ρ𝑠(𝜆,𝑘) is the kth day’s soil surface reflectance in the spectral band λ after the rain event, 𝑎𝑠(λ) is 

the reflectance attenuation factor for the soil s in the spectral band λ, θ𝑘 represents the soil surface water 

content on the kth day after rain, and ρ𝑠𝑜(λ) is the theoretical dry soil reflectance of the soils in the  

spectral band λ. 

To combine the Equations (3), (5), (7) and (8), the derivation steps are shown in Equations (9) and (10), 

and the relationship between the kth day’s soil surface reflectance (ρ𝑠(λ,𝑘)) and the kth day’s cumulative 

reference evapotranspiration (𝐶𝐸𝑇0(𝑘)) is shown in Equation (11) as follows. 

ρ𝑠(λ,𝑘) = ρ𝑠𝑜(𝜆)𝐸𝑥𝑝{𝑎𝑠(𝜆)(θ𝑠 − β√𝐾𝑥𝐶𝐸𝑇0(𝑘))} (9) 

ρ𝑠(𝜆,𝑘) = 𝜌𝑠𝑜(𝜆)𝐸𝑥𝑝(𝑎𝑠(𝜆)θ𝑠) ∗ 𝐸𝑥𝑝(−𝑎𝑠(𝜆)β√𝐾𝑥𝐶𝐸𝑇0(𝑘)) (10) 

ρ𝑠(λ,𝑘) = 𝐵 ∗ 𝐸𝑥𝑝(𝐴√𝐶𝐸𝑇0(𝑘))  

𝑤ℎ𝑒𝑟𝑒 ∶ 𝐵 = ρ𝑠𝑜(λ)𝐸𝑥𝑝(𝑎𝑠(𝜆)θ𝑠)  

 𝐴 = −𝑎𝑠(𝜆)β√𝐾𝑥 

(11) 

When soil at given location remains stable during multiple rain events, the basic characteristic 

properties of soil, such as the reflectance attenuation factor 𝑎𝑠(𝜆), initial soil water content (field moisture 

capacity) θs , soil reflectance in air dry conditions(ρ𝑠𝑜(𝜆) ), soil hydraulic factor (β) and maximum 

expected crop coefficient (𝐾𝑥) can be seen as constants during different rain events. In other words, both 

coefficient 𝐴 and 𝐵 can be considered a constant value at a given location. An exponential relationship 

(Equation (11)) is then shown between the kth day’s soil surface reflectance (ρ𝑠(𝜆,𝑘)) and the kth day’s 

cumulative reference evapotranspiration (𝐶𝐸𝑇0(𝑘)) for each location with coefficient 𝐴 and 𝐵. These 

coefficients can be confirmed by using a regression model based on the historical soil surface reflectance 

data. For practical convenience, ρ𝑠(𝜆,𝑘)  was transformed by a natural logarithm function in order to 

change the initial exponential relationship into a linear relationship. 
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3.3. Filling Data Gaps 

The details for using daily cumulated ET0 (CET0) and historical soil surface reflectance data to predict 

soil surface reflectance on an overcast day is illustrated in Figure 4. Two correlations are used for the 

prediction. The first is a correlation between MODIS band 7 and daily cumulated ET0 (CET0).  

The second is a correlation between MODIS bands 1–6 and MODIS band 7. There are five main steps 

in this gap-filling approach. For each location, daily CET0 is first calculated based on daily highest and 

lowest air temperature with Hargreaves’s equation (1985); second, a regression model is used to describe 

the correlation between MODIS band 7 and daily CET0; third, the correlation learned from Step 2 and 

the daily CET0 for days with missing data are used to predict MODIS band 7 with CET0 on overcast 

days; fourth, a correlation between band 7 and the other bands is built using a regression model with 

historical soil surface reflectance data for the given location; fifth, bands 1–6 are predicted based on the 

correlation between bands and the value of band 7 predicated in Step 3 for a cloud-covered day.  

The steps are repeated for every location in the study area until all data gaps are filled in. 

To describe the correlation between MODIS band 7 and other bands, the linear regression model is a 

reasonable method. And, as mentioned before, this correlation is learned from historical data, is 

independent for each location and can only be applied in that location. 

 

Figure 4. Data-processing workflow. 

4. Data Preprocessing and Validation 

4.1. Data Collection and Preprocessing 

The objective of the dynamic soil feedback pattern is to provide a new environmental covariate for 

digital soil mapping by recording soil surface reflectance changes during the soil drying process. The 

most basic requirement of data collection is that all MODIS reflectance data must derive from the 

reflectance of bare soil. Data for vegetated soil in the growth season are excluded. USGS MODIS daily 

surface reflectance data in Terra (MOD09GA, MOD09GQ) for every April and May from 2000–2011 

(USGS Earth explorer: http://earthexplorer.usgs.gov/) were used. The data collection period was set to 
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April and May because the entire study area has no snow cover and has not fully started the planting 

season in these months. After each rain event in the two months, images for the seven days immediately 

after the precipitation were collected to capture the soil drying processes. Band 1 through band 7 

reflectance data were used to build the feedback pattern, which documented the reflection of shortwave 

radiation from soil surfaces in the visible and near-infrared (VNIR: 400–1100 nm) and short wave 

infrared region (SWIR: 1100–2500 nm) of the electromagnetic spectrum. 

In data preprocessing, reflectance data from all bands were resampled to 250 m pixel size to utilize 

the spatially detailed spectral data from the red and NIR1 bands. In addition, a NASA cloud mask product 

(MOD35) was used to remove cloud cover in the image (Data source: http://ladsweb.nascom.nasa.gov/ 

data/search.html). Data selection was based on a series of bounding thresholds to ensure the data used 

to build the regression relationship were not influenced by the open water, thin clouds and partial 

vegetation cover. For example, reasonable bare soil data bounds for MODIS band 1 (459–479 nm) values 

were set to 0.03–0.0625, which can avoid the open water accumulated after rain and any thin cloud 

influence [8,22,34]. Areas with NDVI of less than 0.3 were considered to be bare land or to contain very 

sparse vegetation coverage [10]. 

The NASA Daymet dataset (http://daymet.ornl.gov/) was used as the input meteorological data to 

calculate daily CET0, which provides gridded estimates of daily weather parameters, such as daily 

highest and lowest air temperature and precipitation. The spatial resolution of both air temperature and 

precipitation is 1km x 1km. According to Thornton (1997), cross-validation mean absolute errors (MAE) 

for daily predicted vs. observed highest and lowest air temperatures are 1.8 and 2.0 °C, and MAEs for 

annual averages of daily estimates are 0.7 and 1.2 °C, respectively. Biases for annual average highest 

and lowest air temperature are −0.1 and +0.1 °C. MAE for predicted annual total precipitation was  

13.4 cm. and the success rate for predictions of daily precipitation occurrence was 83.3% [35]. Overall, 

the accuracy of the Daymet dataset is acceptable for this study. Precipitation greater than 0.5 inch  

(12.7 mm) was considered a valid rain event that ensures that the soil surface layer would be saturated 

at the beginning (the 0.5 inch minimum was chosen according to precipitation and soil moisture 

observations in the SCAN weather station in Mason County, Illinois. http://www.wcc.nrcs.usda.gov/scan/). 

4.2. Validation 

Cloud free observations in MODIS for April and May from 2000–2011 were used as validation data, 

and a five-fold cross validation was used to evaluate prediction accuracy. The root mean square error 

(RMSE) was used to assess the average magnitude of the errors between the observed and the predicted 

values on cloud free days. RMSE was estimated by: 

𝑅𝑀𝑆𝐸 = √
∑ (𝑃𝑖 − 𝑂𝑖)2𝑛

𝑖=1

𝑛
 (12) 

where 𝑃𝑖 is the predicted soil surface reflectance of cloud free day 𝑖. 𝑂𝑖 is the observed value of soil 

surface reflectance on day 𝑖. 𝑛 is the number of cloud free days during the data collection period. The 

range of RMSE is from 0 to ∞. The lower a RMSE value the better the performance of the prediction. 

To make RMSE comparable between different bands, the Normalized Root Mean Square Error 

(NRMSE) was calculated by: 
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𝑁𝑅𝑀𝑆𝐸(%) =
𝑅𝑀𝑆𝐸

𝑀𝑎𝑥 − 𝑀𝑖𝑛
∗ 100% (13) 

The Max and Min values for each bands are from MODIS historical observations for April and May 

from 2000–2011. A lower RMSE (lower NRMSE) represents a higher prediction accuracy. 

5. Results and Discussion 

5.1. Correlation between MODIS Band 7 and Cumulative ET0 (CET0) 

As described in Equation (11), an exponential relationship exists between soil surface reflectance in 

the water sensitive band (band 7 in MODIS sensor) and the square root of cumulative ET0 (𝐶𝐸𝑇0
0.5). 

The coefficients A and B can be identified using regression modelling with soil surface reflectance at 

historical rain events. First, we focus on the result at the pixel level, after which we will discuss the result 

for the entire study area. 

Figure 5a shows the relationship between MODIS band 7 and the square root of cumulated reference 

evapotranspiration (𝐶𝐸𝑇0
0.5) in one location (87.909109° W, 40.514948° N) at the pixel level. There are 

33 records for April and May from 2000–2011 based on 23 rain events. To simplify the analysis, the 

exponential relationship with band 7 is converted to a linear relationship using a natural logarithm 

transformation, ln (band 7). The relationship plot is shown in Figure 5b. The result shows a strong linear 

relationship between ln (𝑏𝑎𝑛𝑑 7) and 𝐶𝐸𝑇0
0.5  at this location (correlation coefficient = 0.8638,  

p < 0.001, R2 = 0.7463). 

Over the entire study area, each pixel independently builds the linear relationship between 

ln(𝑏𝑎𝑛𝑑7) and 𝐶𝐸𝑇0
0.5. The coefficient of determination (R2) was used to evaluate how much data 

variation can be captured by this linear model. The spatial distribution of R2 is shown in Figure 6a. 

Rivers, vegetation and urban areas were masked out in the initial data processing. In addition, pixels 

with limited numbers of observation samples (less than 13) were considered unstable for the regression 

prediction. Those pixels are also masked with black in Figure 6a. A poor linear relationship (i.e.,  

lower values of R2) appeared near the rivers and urban areas, while good linear relationships (i.e., higher 

values of R2) were mainly located in large farmland areas with bare soil. There are several possible 

reasons for this: (1) soil surface moisture is not only determined by soil evaporation for the  

close-to-river pixels, but is also influenced by the horizontal flow from nearby regions because the water 

table in these areas is close to the soil surface [36]. (2) urban impermeable areas, which have completely 

different spectrum behavior than soil, can significantly disturb the performance of the linear regression 

model, and (3) data noise caused by atmospheric conditions, mixed pixels of coarse spatial resolution in 

MODIS data, and changes in soil surface roughness may also influence model performance. The 

histogram of R2 for the entire study area is shown in Figure 6b, with a mean of 0.55 and a standard 

deviation of 0.17. 
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Figure 5. Correlation between soil surface reflectance in water sensitive band (MODIS  

band 7) and square root of cumulated 𝐶𝐸𝑇0  at one pixel (87.909109°W, 40.514948°N).  

(a) Exponential relationship; (b) Linear relationship after natural logarithm transform. 

 

Figure 6. Coefficient of determination (R2) of linear regression model to describe 

relationship between 𝑙𝑛(𝑏𝑎𝑛𝑑 7) and 𝐶𝐸𝑇0
0.5 for each location in study area. (a) Spatial 

distribution of R2; (b) Histogram of R2 and statistical values. 

Figure 7a shows the spatial distribution of average residual (%) for each location in the study area.  

It is no surprise that the pixels with low R2 in Figure 6 show higher residuals; the low prediction residual 

appears in large areas of farm land. The value of the residual is the percentage of the real residual in soil 

reflectance divided by the mean of band 7 in each location. The histogram of average residual (%) in 

band 7 is shown in Figure 7b with a mean of 13.37% and standard deviation of 3.15. 
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Figure 7. Percentage of average residual of band 7 predicted by linear regression model for 

each location in study area. (a) Spatial distribution of average residual (%) of band 7;  

(b) Histogram of band 7 average residual (%). 

Soil refectance data (scaled 10,000 times) from cloud-free images were used to evaluate model 

performance. The scatter plot between observation and prediction values of all pixels in the entire study 

area (Figure 8) shows that the linear regression model has captured the soil surface reflectance variation 

in MODIS band 7 during the soil drying process after rain events. As noted earlier, there is a small group 

of outliers lying above the 1:1 line (with observation values between 1250 and 1750 and prediction 

values between 2250 and 3100). This phenomenon might be caused by a disturbance, such as a morning 

dew, that occured during the soil drying process, because morning dew could significanly increase soil 

surface moisture, which would lead to a lower-than-normal surface reflectance. 

As noted in Figure 8, most of the observation data are gathering reflectance between 1000 and 3250, 

and there is low data density seen over 3500. This is because for most rain events, soil drying processes 

can be captured by satellite for only a few days (3–5 days), and then the processes are interrupted by 

another rain event. In other words, there is a much lower chance to observe soil reflectance on the sixth 

or seventh day after a rain event. The overall RMSE of band 7 prediction is 316.02 (scaled to 10,000 times 

real value) and the NRMSE is 10.40%. 

In this prediction model, the more accurate daily ET0 estimation will describe the real soil evaporation 

more accurately during the soil drying process. The more accurate ET0 estimation can therefore help the 

regression model to derive a more accurate relationship between soil surface reflectance and CET0. The 

1985 Hargreaves equation is an experimental equation and is sensitive to local calibration.. According 

the FAO56 document, the 1985 Hargreaves equation should be verified in each new region by comparing 

it with estimates from the FAO Penman-Monteith equation at weather stations where solar radiation, air 

temperature, humidity, and wind speed are measured. The Hargreaves equation error better reveals the 

linear stability bias. If necessary, the Hargreaves equation can be calibrated on a monthly or annual basis 

by determining empirical coefficients where ET0 (Penman-Monteith equation) = a + b ET0 (1985 

Hargreaves equation). The coefficients a and b can be determined by regression analyses. However, this 
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calibiration is not necessary here because the prediction model of band 7 is also a linear regression 

model. The bias in ET0 estimated by the 1985 Hargreaves equation will not influence the accuracy of 

the band 7 prediction since the bias only causes different coefficients rather than the result of band 7 

prediction. Besides, the prediction’s linear regression model is built into each location and the models 

in different locations are independent. It is thus not necessary to calibrate ET0 using the 1985 Hargreaves 

equation for this study. 

 

Figure 8. Observation and prediction plot of band 7 based on linear relationship between 

ln(band 7)  and CET0
0.5. 

5.2. Correlation among MODIS Bands 

A linear regression model was used to describe the correlation between band 7 and other bands at 

each location. First, we focus our discussion on the results at the pixel level, after which we will discuss 

the results for the entire study area. 

At the pixel level, the adjusted R2 between bands 1–6 and band 7 from a given location  

(87.887897° W, 40.624924° N) is shown in Table 1. The adjusted R2 was chosen as an indicator because 

data size in each location is different, depending on how many rain events can be accepted as valid from 

2000–2011 and on how many days the soil surface reflectance can be observed by the MODIS sensor 

after each rain event. For each location, the data size is thus different. The adjusted R2 was used as an 

indicator to avoid the bias of an R2 estimation that was caused by different data sizes at each location. 

At this specific location, we can see closer the band is to band 7, the higher R2 we obtain. When the two 

bands are closer to each other, the reflectances are more likely influenced by the same factors. Band 6 

has the highest R2 because it is also located in SWIR region [23]. The lowest R2 is located in band 1. 
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Table 1. Adjusted coefficient of determination (adjusted-R2) at a given location between 

MODIS bands 1–6 and band 7. 

 Band 1 Band 2 Band 3 Band 4 Band 5 Band 6 

Band 7 0.461 0.505 0.496 0.642 0.607 0.915 

Pixel location: 87.887897° W, 40.624924° N; Number of data samples: 67. 

At the regional level, the adjusted-R2 between bands 1–6 and band 7 are shown in Figure 9. Similar 

with the result in the pixel level, band 6 has the highest correlation with band 7 over the full study area, 

with an average adjusted-R2 of 0.9042, and bands 1 and 3 have a low correlation with band 7, with an 

average adjusted-R2 0.4688 and 0.4168, respectively. The low adjusted-R2 value for each plot indicates 

that the linear regression model cannot efficiently discribe the data variation at those locations. This has 

two possible explanations: (1) observation noise in those locations, such as systematic noise, 

atmospheric conditions and partly vegetated noise, during the 12-year observation period caused the low 

R2; (2) changes in soil surface conditions over this long time period caused the low R2. Figure 9 shows 

that linear regression models have better performance in NIR and SWIR (Bands 5 and 6), and relatively 

lower preformance in visible light regions. 

 

Figure 9. Histogram of adjusted R2 for each location in entire study area between bands 1–6 

and band 7. The highest mean of adjusted R2 appears in band 6, the lowest in band 1 and 

band 3. 

5.3. Feedback Pattern Gap Filling 

Once the two correlations in previous sections are checked, data gaps from overcast days can be filled. 

Soil reflectance data from clear sky days and a cross validation were used to evalute the prediction 

preformance. Figure 10 shows the scatterplots of observed values against predicted values for bands 1–6 

for the entire study area. bands 3 and 4 are underestimated in some of these validation data because the 
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two bands are more sensitive to partial vegetation than they are to soil surface moisture change [37]. 

band 5 has numerous outliers because of the stripe noise in the MODIS terra band 5 dataset. The cut-off 

edge in the plot of band 1 was due to the elimination of observations over 625 in band 1 to avoid thin 

cloud data. For band 6 in Figure 10 and band 7 in Figure 8, the direction of most of the prediction is 

close to a 45-degree line, which indicates that the prediction model captures most of the variety in soil 

reflectance changes in the two bands. The slight offset of direction in bands 1–5 was caused by the 

aggregated prediction uncertainty in the two-step prediction. In other words, at one location, if a high 

level of uncertainty appears when predicting band 7 from 𝐶𝐸𝑇0, the high uncertainty will also appear in 

predicting bands 1–5 at this location. 

As described earlier, water content is not the only factor influencing soil surface reflectance in  

bands 1–5. The model introduced here can explain only part of the data variation from band 1 to band 5, 

which only concern the influence of water content changes to soil refluence changes during the soil 

drying process. The points at a distance from the 45-degree line were caused by other factors, which 

may relate to data noise, soil structure change or soil color change during the soil drying process. 

Compared to the visible light region, soil surface reflectance has a higher fluctuation in NIR and 

SWIR during the soil drying process [8,19,21]. As shown in Figure 10, the range of soil surface change 

in band 6 during the soil drying process is from 2100–4600, compared to the fluctuation range in  

band 1 of from 350–650. In order to describe the soil surface reflectance changes during the soil drying 

process, the prediction accuracy in NIR and SWIR regions is more important than in other regions for 

describing how soil surface reflectance changes relate to soil surface moisture changes. 

The overall RMSE and NRMSE values for the five-fold cross validation are shown in Table 2. The 

lowest NRMSE is in band 7 because it is directly predicted from evaporation data. band 6 has the second 

lowest NRMSE because it is highly correlated to band 7. Band 5 has a relatively high NRMSE value 

due to the strip noise in the original data in MODIS in Terra. The relatively high errors shown in  

bands 1 and 3 are not surprising because soil surface moisture change is not the only reason for soil 

reflectance changes in the two bands. Other factors, like soil surface roughness or soil color also 

influence reflectance change. 

Figure 11a illustrates an incomplete dynamic soil feedback pattern with gaps for one location 

(87.693245° W, 40.614263° N) after a rain event starting from 7 April 2003 to 12 April 2003. Only the 

fourth and fifth day’s data were available. Figure 11b shows the dynamic soil feedback pattern after 

filling in all the data gaps using the proposed approach. This feedback pattern represents the soil surface 

reflectance changes during this particular rain event at this particular location, and can be further used 

to understand soil surface properties based on approaches created in previous research [9,10]. 

Table 2. Overall RMSE and NRMSE from five-fold cross validation for each band prediction. 

 Band 1 Band 2 Band 3 Band 4 Band 5 Band 6 Band 7 

RMSE 67.397 101.606 162.355 257.654 391.780 330.659 316.017 

NRMSE(%) 18.11% 16.92% 19.08% 16.67% 19.98% 13.04% 10.40% 

RMSE has been scaled to 10,000 times real value because initial MODIS data have been scaled for smaller storage. 
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Figure 10. Observation and prediction plot of bands 1–6 based on two correlations of each 

location in entire study area. 

 

Figure 11. Data-gap filling at a given location (87.693245°W, 40.614263°N) in one rain 

event (from 7 April 2003 to 12 April 2003). (a) Incomplete dynamic soil feedback pattern 

before gap filling; (b) Feedback pattern after gap filling. Predicted reflectance is shown with 

blue bar. 

6. Conclusions 

This study presents a method for solving the problem of missing data caused by cloud cover in the 

construction of dynamic soil feedback patterns. The main argument is that the cumulative reference 

evapotranspiration can be used as auxiliary data to assist gap filling in the feedback pattern. To fill soil 

reflectance data gaps, a new equation has been derived mathematically to illustrate the relationship 
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between soil reflectance in water in the sensitive band (MODIS band 7) and the square root of cumulated 

reference evapotranspiration (𝐶𝐸𝑇0
0.5). Soil reflectance in MODIS band 7 on an overcast day was 

predicted using this correlation. The correlation between bands 1–6 and band 7 over multiple rain events 

for each location was used to predict MODIS band 1 to band 6 on days with missing data. 

A case study in flat farmland in northeastern Illinois shows a good relationship between MODIS band 7 

and the square root of cumulated reference evapotranspiration (𝐶𝐸𝑇0
0.5) in most of the bare soil farm 

land (with average R2 = 0.55, p < 0.001; and average NRMSE 10.40%). The five-fold cross validation 

shows: the approach proposed in this study captured the soil surface reflectance change in bands 6 and 7 

during the soil drying process; and the Normalized Root Mean Square Error (NRMSE) is 13.04% and 

10.40%, respectively. Acceptable errors are shown in band 1 to band 5; overall NRMSE for those bands 

is lower than 20%. 

The equation derived in the study presents a mathematical explanation of the relationship between 

soil reflectance and evaporation conditions. This derivation provides a new way to explain soil surface 

reflectance changes during the soil drying process after rain events. With this new explanation, 

quantitative and qualitative analyses can be established for further soil reflectance studies. After solving 

data gaps on overcast days, the soil feedback pattern can be applied to larger flat areas to predict soil 

properties or soil types using the methodologies presented by Zhu, et al. and Liu, et al., in previous 

studies [9,10]. 
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