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A B S T R A C T   

Surface emissivity (ε) is used to characterize surfaces and to determine surface temperature from thermal ra
diation data. While in many applications it is treated as a constant, it is known to change with surface water 
content. Several ASTER/SEVERI based studies have speculated that diurnal changes in ε over deserts are linked 
to diurnal soil water content cycles resulting from water vapor adsorption during the night and subsequent 
evaporation during the day. This paper aims, for the first time, to validate the relationship between diurnal 
changes in surface ε and the changes in soil water content due to water vapor adsorption and evaporation under 
natural conditions. Measurements were conducted with a 6-band infrared radiometer, designed to validate 
ASTER bands 10–14, with study-specific recalibration for improved accuracy of ε. The evaluation included two 
different approaches to determine ε: using a single reference band (1B) and using the temperature/emissivity 
separation algorithm (TES) . water content. While the TES has proven itself in many applications, it was found 
that for the soils studied (sand and loess) the use of 1B approach gave more consistent results for ε changes with 
soil water content than TES. Emissivity could be a powerful tool to characterize little studied soil water content 
changes in arid regions, but will require better characterization of surface properties to quantify the relationship 
between ε and soil water content for various soil types. Additional challenges to upscale this method include 
properly accounting for air irradiance and spatial heterogeneity. Meeting these main challenges will lead the way 
to detect small changes in soil water content under dry conditions at larger scales. Whether these are a result of 
water vapor adsorption or other processes, detecting such small changes in soil water content will provide new 
insights into desert hydrology.   

1. Introduction 

Soil water content has been recognized as an essential climate vari
able in assessing climate change, both as a component of the global 
water balance and for its determining role in energy partitioning at the 
earth’s surface (GCOS, 2011). As such, efforts to estimate soil water 
content at a global scale have intensified in the last decade (Babaeian 
et al., 2019; Dorigo et al., 2015). Long-term projections of changes in the 
water cycle show particularly low model agreement for surface soil 
water content in desert areas (IPCC, 2021). Given that arid and hyper- 
arid regions comprise 27% of the terrestrial surface (Zomer et al., 
2022), inaccurate estimation of surface water content in desert regions 
could be an important source of uncertainty in long-term water cycle 
projections and closure of the global energy budget (Agam et al., 2004a). 
In deserts, increases in soil water content occur during scarce and 

unpredictable rain events, and, on a more regular basis, as a result of 
non-rainfall water inputs (fog, dew, and water vapor adsorption). Most 
used approaches to assess soil water content were not designed to 
determine soil water content at the very low water content range 
observed in deserts, or to be sensitive to minute diurnal changes in water 
content associated with non-rainfall water inputs. 

Global estimations of soil water content primarily rely on remotely 
sensed surface radiation data, from shortwave to thermal to microwave 
ranges within the electromagnetic spectrum. Microwave radiation can 
be related to the dielectric properties of soil, which are directly pro
portional to soil water content. The thickness of the soil layer repre
sented by this measurement is larger for drier soils. Water content 
measured in the L-band, for example, was found to represent an average 
of the top 5–18 cm soil layer for water contents in the range 0.1–0.4 
cm3/cm3, and of the top 18–70 cm layer at lower water contents (<0.1 
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cm3/cm3) (Lv et al., 2018). The reported root mean square errors of soil 
water content obtained from different microwave methods generally 
range between 0.02 and 0.08 cm3 cm− 3 (Hu et al., 2023; Ochsner et al., 
2013; Zhao et al., 2021). Unlike thermal and optical range radiation, 
microwave radiation can penetrate clouds and vegetation allowing soil 
water content content measurement under a large range of conditions 
(Babaeian et al., 2019; Brocca et al., 2017; Ochsner et al., 2013; Petro
poulos et al., 2015). Given the lack of vegetation or cloud-cover in arid 
regions, microwave-based approaches are not necessarily the best op
tion to determine soil water content there, particularly since thermal 
and optical range imagery is generally available at higher spatial 
resolutions. 

Thermal radiation is a function of the surface temperature and 
emissivity, and generally soil water content is derived from surface 
temperature using either thermal inertia or energy balance approaches. 
Thermal inertia approaches derive soil water content using the principle 
that since water has a higher capacity than dry soil, the diurnal fluctu
ation in surface temperature decreases with increasing soil water con
tent (Maltese et al., 2013; Verstraeten et al., 2006). Alternatively, given 
that available water drives energy partitioning between latent and 
sensible heat fluxes, and that surface temperature is determined by the 
energy balance at the soil surface, one can use surface temperature to 
solve for soil water content using energy balance-based approaches 
(Babaeian et al., 2019). In the optical range, soil water content is derived 
by comparing reflection by wavebands that are strongly absorbed by 
water to wavebands that are less sensitive to water. This method is, 
however, sensitive to atmospheric water vapor and to surface properties 
(Babaeian et al., 2019; Petropoulos et al., 2015). The reported accuracy 
of soil water content obtained using any of these methods is about 
±0.04 cm3 cm− 3, sometimes reaching as low as ±0.03 cm3 cm− 3 or as 
high as ±0.1 cm3 cm− 3 (Babaeian et al., 2019). 

Accuracies reported for both microwave and thermal methods might 
be acceptable in humid environments, but are problematic in arid re
gions. In loess soils in the Negev desert, non-rainfall water inputs 
amount to 0.3–0.4 mm per night during the summer months (Agam and 
Berliner, 2004; Florentin and Agam, 2017). In the sandy Namib desert, 
data collected in February, September, and October, indicate consistent 
non-rainfall water inputs amounting to 0.1–0.2 mm per night (Kool 
et al., 2021; Spirig et al., 2019). In both, water content changes occur 
primarily in the top 1–2 cm soil layer, with minor changes observed up 
to a depth of 5 cm. Associated soil surface water content ranged from 
0.01 to 0.03 cm3 cm− 3 in loess (Agam and Berliner, 2004), and 0.002 to 
0.02 cm3 cm− 3 in sand (Kool et al., 2021). In both the Negev and the 
Namib deserts, water vapor adsorption was the primary form of non- 
rainfall water inputs. The conditions required for each type of non- 
rainfall water input are slightly different: when the air or the surface 
temperature drops below dewpoint temperature, the result is fog or dew, 
respectively, while water vapor adsorption occurs when the humidity in 
the soil drops below the humidity of the air. Since water vapor 
adsorption does not have temperature requirements it is likely the most 
ubiquitous form of non-rainfall water inputs, albeit the smallest. To 
better understand the large-scale importance of water vapor adsorption 
in deserts there is a need for a monitoring approach that can accurately 
observe soil water content changes in the range of 0.002 to 0.03 cm3 

cm− 3. Given the shallow nature of the water vapor adsorption process, 
thermal infrared methods are more suitable to detect associated changes 
in soil water content than microwave-based methods. 

Several studies have suggested using surface emissivity rather than 
surface temperature to determine soil water content from measurements 
in the thermal range (Mira, 2007; Salisbury and D’Aria, 1992; Wang 
et al., 2015). The temperature/emissivity separation (TES) algorithm 
(Gillespie et al., 1998, 2011; Schmugge et al., 1998), specifically 
developed for NASA’s Advanced Spaceborne Thermal Emission and 
Reflection Radiometer (ASTER), is typically used to obtain both surface 
temperature and emissivity. Surface emissivity is known to increase with 
water content, but was found to affect band 10 (8.3 μm) more strongly 

than the band 14 (11.35 μm), particularly in the airdry (0.03–0.07 g g− 1) 
water content range (Salisbury and D’Aria, 1992), with coarser soils 
showing a stronger response than lighter textured soils. Later studies 
confirmed a relatively steep linear increase in emissivity for the 8.3–9.3 
μm band at lower water contents (<0.1 g g− 1) (Mira, 2007; Mira et al., 
2010; Wang et al., 2015), indicating this method may be particularly 
relevant to arid regions. 

Given the particular sensitivity of emissivity to water content at the 
dry end, a number of studies have already speculated that observed 
diurnal variations in emissivity in deserts may be linked to non-rainfall 
water inputs. A recent study in a dune field in California attributed a 
0.04 night-time increase in ASTER-retrieved emissivity to water vapor 
adsorption (Mushkin et al., 2020). Studies using images from the geo
stationary Spinning Enhanced Visible and InfraRed Imager (SEVIRI) 
likewise reported strong diurnal dynamics in emissivity over deserts, 
especially in the 8.7 μm channel for both sandy and finer-textured soils 
(Li et al., 2012; Masiello et al., 2013, 2014; Rozenstein et al., 2015). 
These observations were assumed to be related to the diurnal soil water 
content cycle resulting from water vapor adsorption by the soil 
throughout the late afternoon and night and the subsequent evaporation 
in the morning (Masiello et al., 2014), but this relationship has never 
been validated. The objective of this paper was to substantiate the link 
between diurnal changes in surface emissivity and changes in soil water 
content due to water vapor adsorption and evaporation. Surface emis
sivity was determined using in-situ thermal infrared remote sensing 
measurement with high temporal and spectral (ASTER-like) resolution 
on several consecutive days. The radiometer was looking over undis
turbed soil cores (both coarse and finer-textured) whose mass was 
concurrently monitored to determine changes in water content. This 
relationship exemplifies how infrared emissivity can replace radiative 
temperature to evaluate soil water content for specific applications. 

2. Experimental design 

2.1. Site description 

Measurements were conducted at the Wadi Mashash Experimental 
Farm, in the Negev desert in Israel (31.07◦N, 34.85◦E; Fig. 1). Long-term 
minimum and maximum air temperature on site average between 5 ◦C 
and 15 ◦C in January and 19 ◦C and 32 ◦C in July. The mean long-term 
annual rainfall of 115 mm y− 1 is restricted to the winter months. Similar 
to the surrounding desert, the site is characterized by a predominantly 
bare crusted soil surface and some scattered small shrubs. The loess soil 
is classified as a sandy loam Aridisol (Agam et al., 2004b). Long-term 
measurements on site include incoming and outgoing shortwave and 
longwave irradiance using a four-component net radiometer (SN500, 
Apogee Inc., Logan, UT) as well as temperature and relative humidity at 
2 m height and wind speed at 10 m height as part of a standard mete
orological station operated by the Israel Meteorological Service. 

2.2. Lysimeter measurements 

Over the summer (June–September) of 2021, daily accumulation and 
evaporation of water was measured using two weighing lysimeters, 
representing two contrasting soil types found in the region. The first 
lysimeter was obtained from an active dune crest (>94% sand) in the 
Nitzana area, 30.93◦N, 34.41◦E (Figs. 1, 2A). A disturbed sample rather 
than an undisturbed sample was extracted considering the lack of ho
rizon development and absence of a surface crust. The second lysimeter 
was an undisturbed loess sample extracted from an area adjacent to the 
research site. The lysimeters consisted of 50 cm long PVC pipes with an 
internal diameter of 18.7 cm, which, after collecting the sample, were 
insulated with 2 cm thick polystyrene foam at the bottom and a ~ 4 cm 
spray foam layer wrapping the side. The lysimeters were placed flush 
with the soil surface, 70 m apart on automated scales (GP30KS, A & D, 
Tokyo, Japan). Additional Styrofoam insulation was placed around the 
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Fig. 1. Location of the Mashash Experimental Farm of the Blaustein Institutes for Desert Research, Ben-Gurion University where the experiment was conducted 
(31.07◦N, 34.85◦E), and the Nizzana sand dunes where the sand sample was collected (30.93◦N, 34.41◦E). 

Fig. 2. Lysimeter preparation (A) and set-up (B) and radiometer deployment (C). The sand sample was filled by hand (A1–2), while the loess sample was an un
disturbed soil column (A3–4). After sealing the samples at the bottom, they were insulated with spray foam, and placed on a balance inside a pre-installed metal 
container, flush with the soil surface (B1). A Styrofoam block with a cylindrical opening for the lysimeter was mounted on ledges inside the metal container (B2). 
After covering the Styrofoam block with a thin layer of soil, the radiometer was attached to a moving arm next to the lysimeter, and set to move between the 
lysimeter (C1) and the reference standard (C2). 
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lysimeter and covered with a thin layer of soil as shown in Fig. 2B. 
Lysimeter mass was recorded every 5 s and stored as 15-min averages 
using a datalogger (CR310, Campbell Scientific, Logan, UT). Daily 
changes in mass as a result of accumulation and evaporation of water in 
the soil sample were observed at 0.1 g resolution, which is equivalent to 
0.0036 mm water. 

2.3. Radiometer measurements 

Spectral radiance and brightness temperature were obtained using a 
6-band (Table 1) infrared radiometer (CE312-N2, Cimel Electronique, 
Paris, France) developed specifically to provide on-ground verification 
of thermal infrared measurements in remotely sensed ASTER datasets 
(Brogniez et al., 2003; Legrand et al., 2000). The instrument has an 
accuracy of 0.1 ◦C, resolution of 0.01 ◦C, and can measure target tem
peratures between − 80 ◦C and + 60 ◦C. The instrument was operated 
with company-provided software (Win RadioPda, Version 1.2) using a 
Windows-based tablet (Vanquisher SV-86H, Sinicvision Technology Co., 
Shenzen, China). A free macro software (Macro Toolworks, Pitrinec 
Software, Červený Kostelec, Czech Republic) allowed continuous mea
surements at defined time intervals. For simplicity, channels are referred 
to by their center wavelength (e.g., i = 8.3). 

2.3.1. Configuration 
Radiometer measurements can be configured using customizable 

scenarios. The default scenario starts with a head temperature mea
surement, followed by mirror and target measurements for individual 
band widths, with one full scenario taking about 40 s to complete. Using 
the provided calibration data, the software then calculates the radiance 
and brightness temperature for each bandwidth (Eqs. (5)–(7)). 

In this study, the default scenario was found not accurate enough due 
to rapidly changing surface, air, and sensor head temperatures. This 
violated the assumption that temperatures remain relatively constant 
over the course of the 40 s measurement sequence. To account for 
changes in head temperature, the scenario was modified to include a 
head temperature measurement after each individual bandwidth mea
surement for a total of seven head temperature measurements per 
sequence. Furthermore, for the individual bandwidths, a mirror mea
surement was included both before and after a target measurement. This 
full sequence took 68 s to complete. During post-processing, radiance 
and brightness temperatures for each bandwidth were calculated using 
the target measurement and the average of the head temperature and 
mirror measurements obtained before and after each target 
measurement. 

2.3.2. Calibration setup 
The infrared radiometer was recalibrated to match the soil surface 

temperature range observed in the field, which has seasonal minima and 
maxima ranging from a little above 10 ◦C to almost 60 ◦C. The radi
ometer was set, facing down, on a portable blackbody calibration source 
(BB982, Calex Electronics Limited, Bedfordshire, UK) designed to cali
brate infrared thermometers for the − 20 ◦C to 125 ◦C temperature 
range. The blackbody has a 50 mm aperture diameter (150 mm deep) 
with a resolution of 0.01 ◦C, stability of 0.1 ◦C and emissivity >0.995. A 
platinum resistance thermometer provided the blackbody temperature 

(TBB) which was logged at 10 s intervals using the company software. 
Styrofoam was fitted around the radiometer head to provide insulation. 

The calibration was conducted 14–20 June 2021 on the roof of the 
research institute, allowing the radiometer head to reach similar tem
peratures as it would under field conditions. The blackbody was pro
grammed to maintain temperatures of 10 ◦C, 35 ◦C, and 60 ◦C for a 
minimum of 24 h per temperature. During calibration, the radiometer 
was set to perform three consecutive measurement sequences every 15 
min, using the adapted measurement scenario described above. The 
calibration was evaluated over a 48-h validation period (18–20 July 
2021), on the roof of the research institute, similar to the calibration set- 
up. For the validation period, the blackbody was programmed to change 
temperatures hourly, according to average hourly soil temperatures 
obtained from thermocouple measurements at 0.5 cm depth at the 
Mashash experimental station in July 2020. 

2.3.3. Field deployment 
Field measurements were conducted between 18 August and 23 

September 2021, switching infrared radiometer measurements between 
the loess and sand samples. Data for the sand sample were collected from 
29 August to 5 September and from 12 to 19 September, for a total of 14 
nights. Technical issues and weather conditions limited data collection 
for the loess sample to a total of 11 nights spread over three weeks: 
18–22 August, 26–29 August, and 19–23 September. 

The radiometer (pointing downwards) was mounted on a 90 cm long 
aluminum arm which rotated on a solid metal pipe at a height of 50 cm 
(Fig. 2C). A counter-weight on the opposite end of the arm provided 
stability. The arm allowed movement of the radiometer between the 
lysimeter and a reference gold plate (25.4 × 25.4 cm, UIRT-94-100, 
Infragold diffuse reflectance standard, Labsphere, North Sutton, NH, 
USA) to obtain atmospheric reflectance (Li sky;Eq. (10)). Gold plate ki
netic temperature was measured using a thermocouple inserted at the 
back of the plate and insulated with aluminum foil and putty clay. The 
gold plate, of the same type as the one used by García-Santos et al. 
(2012) had a rough surface. The emissivity for all wavebands was set to 
0.08 as measured by García-Santos et al. (2012). 

A 5 V continuous rotation servomotor (FR5317M-FB, Feetech, 
Shenzhen, China) controlled by a CR1000 datalogger (Campbell Scien
tific Inc., Logan, UT, USA) ensured the arm moved to and maintained the 
desired position. Arm movement speed was set to 2◦ per second. The arm 
position (in degrees) was logged every 30 s. With a field of view of 10◦, 
the area observed by the radiometer from 50 cm height had a diameter 
of about 9 cm, half of the lysimeter diameter. Assuming the radiometer 
was positioned perfectly above the lysimeter, the arm could move up to 
4.5 cm or about 3◦ to either side without the radiometer losing full view 
of the lysimeter. Measurements for which the angle was off by >2◦, due 
to, for example, strong winds, were discarded. 

The base of the arm was set up on the north side of the lysimeter and 
the gold plate to avoid shading. Measurements were conducted at 15- 
min intervals, with a gold plate measurement both before and after 
each lysimeter measurement, coordinating the measurement time of the 
radiometer and the travel time of the arm (see example in Table 2). 

3. Theory and methods 

Radiance (L, Table 3) detected by the radiometer sensor (Ldetected) is 

Table 1 
CE312 spectral bands.  

Spectral bands Center wavelength Equivalent ASTER band # 

8.0–14.0 μm broad band (− ) – 
8.1–8.5 μm 8.30 μm 10 
8.5–8.9 μm 8.70 μm 11 
8.9–9.3 μm 9.10 μm 12 
10.3–11.0 μm 10.65 μm 13 
11.0–11.7 μm 11.35 μm 14  

Table 2 
Example arm-radiometer coordination for a measurement at 12:00.  

Active component Position Start Finish 

Radiometer Gold plate 11:57:50 11:58:58 
Arm Moving towards lysimeter 11:59:00 11:59:45 
Radiometer Lysimeter 11:59:50 12:00:58 
Arm Moving towards gold plate 12:01:00 12:01:45 
Radiometer Gold plate 12:01:50 12:02:58  
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a combination of the radiation reflected or emitted by the target, and by 
the air between the sensor and the target: 

Ldetected = Ltargetτair +Lair (1)  

where Ltarget and Lair are target and air radiances, respectively, and τair is 
the transmittance of the air between the sensor and the target. As in this 
study the distance between the target and the sensor was small (≤ 0.5 
m), it was assumed that Lair = 0 and τair = 1 so that Ldetected = Ltarget. 

3.1. Target brightness temperature 

Following Sicard et al. (1999) and Legrand et al. (2000), for a 
blackbody surface, the spectral radiance (Li) reaching the sensor detec
tor on channel i for a given wavelength (λ) across bandwidth Δi, is the 
product of the Planck blackbody spectral radiance (B) of the surface, and 
the transmittance of the sensor filter (τi), so that: 

Li(T) =
∫

Δiλ
Bλ(T)τi(λ)dλ (2)  

where T is the blackbody temperature. Li(T) can be approximated by an 
empirical equation: 

where ai, bi, ni, and di are sensor-specific empirical constants 
(Legrand et al., 2000). 

Li(T) =
ai

exp
(

bi
Tni

)

− di

(3) 

Each target surface measurement requires a measurement of the 
internal radiation of the sensor head which is obtained using a retract
able mirror. The sensor detector output in digital counts (DC) for the 
target and the mirror are proportional to the spectral radiance coming 
from the target (Li target) and the sensor head (Li head), so that: 

Si =
DCi target − DCi head

Li target − Li head
(4)  

where Si is the radiometric sensitivity of channel i and Li head is obtained 
with Eq. (3) using Thead measured by a calibrated platinum probe inside 
the sensor head. Finally, temperature dependence of Si on Thead is 
calculated as: 

Si(Thead) = Si(Tcal)exp(ei × (Thead − Tcal) ) (5)  

where Tcal is the head temperature for which Si was calibrated and ei is a 
sensor-specific empirical constant. Given Eqs. (3)–(5): 

Li target =
DCi target − DCi head

Si exp(ei × (Thead − Tcal) )
+

ai

exp(Tni
head) − di

(6) 

Target brightness temperature (Ti target) for channel i, which for a 
blackbody is the same as the kinetic target temperature (Ttarget), is then 
obtained by inverting Eq. (3): 

Ti target =

⎛

⎜
⎜
⎝

bi

log
(

ai
Li target

+ di

)

⎞

⎟
⎟
⎠

1
ni (7)  

3.2. Surface emissivity 

When the target surface is a soil, measured Li target is a composite of 
the radiation emitted by the soil and radiation emitted from the sky and 
reflected by the soil: 

Li target = εiLi soil +(1 − εi)Li sky (8)  

where Li soil and Li sky are the spectral radiances from the soil and the sky, 
respectively, and εi is the soil surface emissivity for channel i. This 
equation can be rewritten to determine εi, the variable of interest in this 
paper: 

εi =
Li target − Li sky

Li soil − Li sky
(9)  

where Li sky and Li soil are the two unknown variables. Li sky can be ob
tained by measuring Li target over a highly reflective reference standard: 

Li sky =
Li target − εi RSLi RS

(1 − εi RS)
(10)  

where reference standard εi (εi RS) is known, and the spectral radiance of 
the reference standard itself (Li RS) can be derived from Eq. (3) using the 
measured kinetic temperature of the reference surface. 

Table 3 
List of abbreviations and symbols.  

Definition Term Units 

Single reference band approach 1B  
One of five sensor-specific empirical constants ai (− ) 
Planck blackbody spectral radiance B mW cm− 2 sr− 1 

One of five sensor-specific empirical constants bi (− ) 
Sensor detector output in digital counts DC (− ) 
One of five sensor-specific empirical constants di (− ) 
One of five sensor-specific empirical constants ei (− ) 
Channel i (− ) 
Outgoing longwave irradiance IL↑ W m− 2 

Incoming longwave irradiance IL↓ W m− 2 

Outgoing shortwave irradiance IS↑ W m− 2 

Incoming shortwave irradiance IS↓ W m− 2 

Radiance L mW cm− 2 sr− 1 

μm− 1 

Air radiance (between sensor and target) Lair mW cm− 2 sr− 1 

μm− 1 

Radiometer-detected radiance Ldetected mW cm− 2 sr− 1 

μm− 1 

Spectral radiance Li mW cm− 2 sr− 1 

Sky-emitted spectral radiance Li sky mW cm− 2 sr− 1 

Soil-emitted spectral radiance Li soil mW cm− 2 sr− 1 

Sensor head-emitted spectral radiance Li head mW cm− 2 sr− 1 

Reference standard-emitted spectral radiance Li RS mW cm− 2 sr− 1 

Target emitted/reflected spectral radiance Li target mW cm− 2 sr− 1 

Apparent soil-emitted spectral radiance Li’soil mW cm− 2 sr− 1 

Target emitted/reflected radiance Ltarget mW cm− 2 sr− 1 

Maximum-minimum difference (TES algorithm) MMD (− ) 
One of five sensor-specific empirical constants ni (− ) 
Relative humidity RH (− ) 
Radiometric sensitivity of channel i Si (− ) 
Temperature T K 
Apparent soil surface temperature T’soil K 
Air temperature Tair 

◦C 
Blackbody temperature TBB K 
Sensor head temperature used to calibrate Si Tcal K 
Sensor head temperature Thead K 
Target brightness temperature Ti target K 
Apparent soil brightness temperature Ti’soil K 
Temperature/emissivity separation algorithm TES  
Optimization factor αi K2 

Ratio between soil and target radiances (TES 
algorithm) 

βi (− ) 

Bandwidth Δi μm 
Emissivity ε (− ) 
Apparent emissivity ε’ (− ) 
Emissivity for channel i εi (− ) 
Reference standard emissivity for channel i εi RS (− ) 
Minimum emissivity (TES algorithm) εmin (− ) 
Reference waveband emissivity εref (− ) 
Wavelength λ μm 
Air transmittance (between the sensor and the 

target) 
τair (− ) 

Sensor filter transmittance τi (− )  
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3.3. Apparent soil surface emissivity 

Computing Li soil requires knowledge of the kinetic temperature of 
the soil surface, but this is very challenging to measure. Therefore, 
apparent (or relative) emissivity (ε’) is commonly used as a proxy for ε 
(Gillespie et al., 1998, 2011), where one or more channels serve as a 
reference for the other channels. Here we tested two approaches to 
determine ε’, a single reference band and the TES:  

— Single reference band approach (1B) 

A fixed value for ε is used for the reference waveband (εref) to infer 
the apparent kinetic soil surface temperature (T’soil): 

T′
soil =

⎛

⎜
⎜
⎜
⎜
⎝

bref

log

(

εref aref

Lref target − (1− εref )Lref sky
+ dref

)

⎞

⎟
⎟
⎟
⎟
⎠

1
nref (11)  

as can be derived by bringing Eq. (8) into Eq. (7). Apparent Li soil (Li’soil) 
as a function of T’soil (Eq. (3)), is then used to determine εi’ (Eq. (9)). 

Initial assessment of emissivity indicated that soil brightness tem
peratures measured for the 11.35 μm band were consistently higher than 
in all other bands, followed by the brightness temperatures measured for 
the 10.65 μm band. This is consistent with results reported by Mira et al. 
(2010). The remaining three bands had much lower brightness tem
peratures. Soil surface emissivity was therefore calculated using the 
11.35 μm band as the reference waveband. εref for the 11.35 μm band 
was set to 1 to minimize errors due to the highly variable Li sky. Since Li 

sky measurements were found to be much more variable than Li target, and 
therefore prone to error, any reduction in εref (εref < 1), greatly increased 
the variability in calculated εi’ values, making it hard to determine 
patterns.  

— the temperature/emissivity separation approach (TES) 

In the TES algorithm (Gillespie et al., 2011), rather than using a 
single reference channel, individual channels are ratioed to the average 
of all channels as follows: an initial T’soil is computed using the channel 
that can provide the largest initial value as the reference channel (Eq. 
(11), εref = 0.97, Lref sky from Eq. (10)). Initial Li’soil for each channel is 
then calculated as a function T’soil using Eq. (3). The ratio of Li target and 
Li’soil and average Li target and Li’soil for all channels is given as: 

βi =
Li targetL′

i soil

L′
i soilLi target

(12) 

After calculating βi for each channel, the maximum-minimum dif
ference (MMD = max(βi) – min(βi)) is used to determine minimum 
emissivity (εmin) and εi’: 

εmin = 0.994 − 0.667MMD0.737 (13)  

ε′
i = βi

(
εmin

min(βi)

)

(14)  

where the relationship between εmin and MMD was developed using 
emissivity data of minerals, soils, vegetation, and water (Nerry et al., 
1996; Salisbury and D’Aria, 1992) in (Schmugge et al., 1998). Apparent 
Ti soil (Ti’soil) is then calculated for each channel (Eq. (11), εref = εi’), and 
the average Ti’soil for all channels becomes the new T’soil. The calculation 
of εi’ is repeated until there is no change in T’soil (Differences <0.001 
generally within 12 iterations). 

3.4. Calibration procedure 

The calibration coefficients required to calculate Li and Ti include 

five parameters that are independent of the radiometer head tempera
ture (Thead); ai, bi, ni, di, and Si, and one parameter ei that modifies Si as a 
function of Thead (Eq. (5)). To calibrate ai, bi, ni, di, and Si, instead of 
keeping the head temperature at a fixed temperature, which proved very 
difficult to do at higher target temperatures as the radiometer head 
would warm up, we opted to keep the target temperature constant while 
allowing the head temperature to change. The calibration data was then 
filtered to only include datapoints for which Thead was within a quarter 
degree of 22 ◦C. Note that Tcal was 22 ◦C, rather than the conventional 
21 ◦C, since for target temperatures of 60 ◦C Thead never reached 21 ◦C. 
This resulted in 26 datapoints (7, 9, and 10 datapoints for target tem
peratures of 10 ◦C, 35 ◦C, and 60 ◦C, respectively) for each bandwidth. 
For each of the target temperatures, the average difference between TBB 
and Ti was determined. The sum of the squares of these three values 
provided a single value (αi) representing the degree to which the 
brightness temperature for a particular bandwidth approached black
body temperature. The calibration coefficients were optimized using the 
Solver function in Microsoft Excel, which uses a generalized reduced 
gradient (GRG) non-linear optimization algorithm to obtain a locally 
optimal solution. Solver was set up to adjust ai, bi, ni, di, and Si to 
minimize αi, using factory calibration values as a starting point. Solving 
for one individual parameter at the time gave similar solutions to solving 
for all parameters at once, so ai, bi, ni, di, and Si were scaled and then 
optimized using a single optimization. This procedure was repeated for 
all six bandwidths. 

Following the calibration of ai, bi, ni, di, and Si, the whole calibration 
dataset, for which Thead ranged between 17 ◦C and 46 ◦C, was used to 
calibrate for ei. Since the factory did not supply calibration coefficients 
for ei, ei = 0 was used as the initial estimate in the optimization pro
cedure. First, the sum of squares of the difference between TBB and Ti 
was determined for the whole data set. Subsequently, Solver was used to 
minimize this value by adjusting ei. 

4. Results and discussion 

4.1. Radiometer calibration 

Using the factory calibration, the band-specific average difference 
between the blackbody and the sensor’s measured brightness tempera
tures for the different bands at Thead = 22 ± 0.25 ◦C ranged from 0.3 to 
0.8 ◦C for TBB = 10 ◦C and TBB = 35 ◦C. For TBB = 60 ◦C, which is outside 
the range of the factory calibration, differences were 0.6–1.9 ◦C. Opti
mization of ai, bi, ni, di, and Si reduced these differences to 
0.002–0.025 ◦C. 

Relative to the factory calibration coefficients, study-specific cali
bration coefficients showed a 1–3% increase in a, 2–5% increase in b, 
<1% increase in n, virtually no change in d, and an increase in S of up to 
2% for all bands except the 11.35 μm band. The 11.35 μm band had a 
much lower increase in a of 0.3%, and much larger increases in b (13%), 
n (3%), d (15%), and S (2%). This is likely an artifact of the optimization 
procedure, and appears to have no bearing on the improved accuracy of 
ε, which is similar for all bands (Fig. 3). Calibrated ei was − 0.00015 for 
the 9.1 μm band, and ranged between 0.0004 and 0.0011 for the other 
bands. 

Since the objective of this study was to use the radiometer to 
determine ε, εi rather than the absolute temperature difference between 
TBB and Ti is shown in Fig. 3 to assess the level of accuracy that can be 
achieved with the different calibration coefficients. Factory calibration 
coefficients resulted in εi values within 0.005–0.035 of 1 (Fig. 3A), 
equivalent to |TBB − Ti| ≤ 2.5 ◦C, while calibration of ai, bi, ni, di, and Si 
improved εi values within <0.01 of 1 (Fig. 3C), equivalent to |TBB − Ti| ≤

0.7 ◦C. Accounting for changes in Thead further improved εi values to 
within <0.003 of 1 (Fig. 3E), equivalent to |TBB − Ti| ≤ 0.2 ◦C. Note that, 
under field conditions, it is unlikely that Thead would reach 40 ◦C or more 
at a time when the soil surface temperature approaches 10 ◦C, or, vice 
versa, that Thead would be as low as 22 ◦C when the soil surface 
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temperature approaches 60 ◦C. For the validation period the blackbody 
temperature was similar to temperatures that could be expected under 
field conditions (Fig. 3H). Under these conditions, the factory calibra
tion values could estimate εi within an accuracy of 0.015 (Fig. 3B), 
equivalent to |TBB − Ti| ≤ 1.2 ◦C, while the full study-specific calibration 
could estimate εi within an accuracy of 0.005 (Fig. 3F), equivalent to 
|TBB − Ti| ≤ 0.4 ◦C. The study-specific recalibration of the radiometer, 
aimed to observe ε changes with very small changes in soil water con
tents under very dry conditions, greatly improved the accuracy of ε’. 

4.2. Detecting water vapor adsorption 

4.2.1. Meteorological conditions 
Weather data for a representative week (Fig. 4) showed typical 

summertime conditions, with mostly cloudless days and little day-to-day 
variation. Cloudy conditions occurred on the morning of 3 September, as 
can be observed from the reduction in incoming shortwave irradiance 
(IS↓), as well as from a corresponding sudden increase in incoming 
longwave irradiance (IL↓) (Fig. 4A). Sudden increases in IL↓ during the 
night indicate that cloudy conditions were more common in the early 
morning hours before sunrise than during the day. Air temperature 
ranged between 20 ◦C and 35 ◦C, while soil surface brightness temper
ature, as measured for the 11.35 μm band over the sand sample, ranged 
between 17 ◦C and 50 ◦C. The largest gradient in temperature between 
the soil and the air occurred around noon, with a temperature difference 
of at least 15 ◦C. The relative humidity was minimal (~30%) around 
14:00, after which it started increasing, reaching about 90% around 6:00 

on most nights, decreasing thereafter. North-westerly winds peaked 
around 16:00 in the afternoon, reaching maximum speeds of 6–8 m s− 1. 
These winds are generally associated with the sea breeze which brings in 
moist air from the Mediterranean Sea. 

4.2.2. Determining emissivity 
Similar to the measured IL↓, L8.3sky showed sharp increases in 

response to cloudy conditions (Fig. 5). This can also be observed in 
L8.3target, which is a composite of the sky and the soil. The third radiance 
component, L’8.3soil, derived from the 11.35 μm band measurement 
(T’soil = T11.35target), shows small increases in response to clouds as well. 
Since the IS↓ at night is zero, the net effect of cloudy conditions at night is 
an increase in net irradiance at the soil surface, and it is not uncommon 
to see soil temperatures increase during the night when cloudy condi
tions occur. However, the fact that εref was set to 1, means that the 
contribution of L11.35sky to L11.35target is not accounted for, and that 
derived L’8.3soil may at times reflect changes in the sky rather than in the 
soil. 

Since Li sky and Li target could not be measured simultaneously, large 
variability in Li sky during cloudy conditions introduced noise into 
calculated ε8.3′ (Fig. 5). However, since Li sky measurements were con
ducted both before and after each Li target measurement, the difference 
between these two Li sky measurements could be used as an indicator of 
the variability in Li sky during Li target measurements. The resulting un
certainty in ε8.3′ could be quantified by calculating ε8.3′ using only the 
first Li sky measurement, recalculating ε8.3′ using only the second Li sky 
measurement, and comparing the two values for ε8.3′. In order to observe 
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Fig. 3. Spectral emissivity (εi) for each channel i: the broad band (i = broad), and the 11.35 μm, 10.65 μm, 9.1 μm, 8.7 μm, and 8.3 μm bands, respectively, (i =
respective band number) (A-F) along with the temperatures of the radiometer head (Thead) and the blackbody (TBB) (G-H). Calculated εi using factory calibration 
coefficients (A-B), is compared to study-specific calibration coefficients (C–D), and study-specific calibration coefficients that also account for Thead (E-F). 
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diurnal changes ranging between 0.77 and 0.80, the threshold for reli
able data was set to 0.001, meaning that the two values for ε8.3′ should 
be <0.001 apart. 

This filtering approach reduced uncertainty in ε8.3′ during cloudy 
conditions, but, as can be observed in Fig. 5, scatter in calculated ε8.3′ 
also appeared to be high around noon, unrelated to variability in Li sky. 
Several reasons could be considered. High wind speeds might cause the 
radiometer arm to shake, disturbing the measurements. This appears to 
be unlikely, given that windspeeds were highest between 15:00 and 
18:00 in the afternoon (Fig. 4C), and around 18:00 the scatter in ε8.3′ is 
minimal. Another reason could be that around noon the temperature 
gradient between the soil and the air is very large, which means that the 
slightest wind gust may cause large changes in soil surface temperature. 
Given that the 8.3 and 11.35 μm bands were measured consecutively 
rather than simultaneously, this may have introduced additional un
certainty into the measurement. Unfortunately, since measurements of 

the 11.35 μm band were only conducted once during each measurement 
sequence, this variability could not be quantified. However, 2-hourly 
averages helped reveal the diurnal pattern that may have been 
obscured by the scatter (Fig. 6). 

4.2.3. Comparing emissivity calculation approaches 
The diurnal pattern of water accumulation due to water vapor 

adsorption and evaporation was similar in both soils (Fig. 6). Lysimeter- 
measured water content showed a clear diurnal pattern; the increase in 
water content started at about 16:00, continuing through the night until 
6:00 in the morning of the following day. The initiation of water accu
mulation coincided with maximum wind speeds bringing in the sea 
breeze (Fig. 4C) and totaled about 0.4 mm per night. Similarly, ε8.3′ was 
observed to increase over the course of the night, which can be attrib
uted to increases in water content. Water accumulation in loess was 
larger, totaling about 0.6 mm per night. This was expected, since loess 

Fig. 4. Site conditions for a representative summer week (29 August to 5 September 2021) at Mashash experimental station, including: incoming (↓) and outgoing (↑) 
shortwave (IS) and longwave (IL) irradiance at 3 m height (A); air temperature (Tair) and relative humidity (RH) at 2 m height along with soil surface brightness 
temperature in the 11.35 μm band (T11.35) (B); wind speed at 10 m height, color-coded to indicate wind direction: north-east (NE), east (E), south-east (SE), south (S), 
south-west (SW), west (W), north-west (NW), and north (N) (C). 

Fig. 5. Spectral radiance target (Li target) and sky (Li sky) measurements for the 8.3 μm band (i = 8.3), as well as the apparent spectral soil radiance (Li’soil), with 
resulting spectral soil surface emissivity (εi’) over sand (29 August to 5 September 2021). 
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has finer textured soil particles than sand, and therefore more surface 
area for water molecules to adsorb to. Both the TES and the 1B ap
proaches could pick up on the diurnal changes in water content observed 
in the lysimeters. 

Generally, ε8.3′ followed the lysimeter diurnal pattern in sand better 
than in loess. In sand, the 1B had a slightly better correlation than the 
TES (R2 = 0.84 vs. 0.72, Fig. 6A2 and 6B2), while in loess the difference 
between the approaches was larger (R2 = 0.58 vs. 0.41, Fig. 6C2 and 
6D2). The range of ε8.3′ values was similar for both loess and sand 
(~0.02) even though the changes in water content were much greater in 
loess (~0.65 vs. ~0.35 mm, respectively, Fig. 6). This means that the 
changes in emissivity are more sensitive to changes in water content in 
sand, explaining the better correlation. The similar range in ε8.3′ over 
loess, despite having a larger range in water content, might have more 
than one explanation. The dry cracked structure of the surface of the 

loess sample (Fig. 2) could decrease the spectral contrast, as has been 
observed in a dry soil in central Arizona (Sanchez et al., 2011). The 
spectral properties of the soil minerals and organic matter may also 
contribute to the different spectral response observed in sand and loess. 
The TES approach uses the average of all bands rather than one 
particular band as a reference, perhaps this made for a less clear contrast 
in emissivity in this particular case. Another explanation for the better 
performance of the 1B method might be that the reference emissivity 
(εref) was set to 1, reducing the error introduced by variability in Li sky 
(see Section 3.3). TES on the other hand, uses a fixed emissivity of 0.97 
for its reference. 

4.3. Possible use of other spectral bands 

Calculations described above for the 8.3 μm band were also 

Fig. 6. Comparison of lysimeter-measured diurnal changes in water content and diurnal changes in apparent soil surface emissivity for the 8.3 μm band (ε8.3′) for 
sand (A and B) and loess (C and D), derived using the single reference band (1B; A and C) and the temperature/emissivity separation approach (TES; B and D). 
Measurements were conducted in 2021 between 29 August - 5 September (sand) and between 18 and 22 August (loess). Scatterplots also include data collected 
between 12 and 19 September (sand; A2, B2) and 26–29 August and 19–23 September (loess; C2, D2). Measurements were conducted at 15-min intervals (sand: n =
1003, loess: n = 749), and averaged to 2-hourly values (sand: n = 158, loess: n = 124). 
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performed for the 8.7 μm and 9.1 μm bands (Fig. 7). For sand, vapor 
adsorption-derived changes in soil water content resulted in relatively 
large changes in ε’ in all three bands, where a gain of 1 mm in soil water 
content corresponded to an increase of 0.060–0.067 in ε’ for 1B (Fig. 7A) 
and to an increase of 0.042–0.065 in ε’ for TES (Fig. 7B). The differences 
between the channels were small, indicating that for sand any of the 
three channels can be used to detect water content changes due to water 
vapor adsorption, with the 1B approach slightly outperforming the TES. 

The response of ε’ to changes in soil water content were an order of 
magnitude smaller in loess, albeit changes in water content were larger, 
thus the slope was significantly smaller (a gain of 1 mm in soil water 
content corresponded to an increase of 0.003–0.020 in ε’ for 1B (Fig. 7C) 
and to an increase of 0.009–0.014 in ε’ for TES (Fig. 7D). This explains 
why the R2 in loess is much lower than in sand. As opposed to sand, in 
loess there were distinct differences between the three bands, with the 
8.3 μm clearly outperforming the other two in both approaches. The 1B 
again outperformed the TES. Overall, for both soils, best results were 
obtained using the 1B approach with the 8.3 μm band. 

5. Remaining challenges and future applications 

Diurnal changes in emissivity, observed over desert regions, have 
been associated with water vapor adsorption for some time (Li et al., 
2012; Masiello et al., 2013, 2014; Mushkin et al., 2020; Rozenstein et al., 
2015), but this is the first time that we were able to conclusively show 
changes in emissivity with concurrent measurements of water vapor 
adsorption-induced changes in soil water content. The day-night dif
ferences in soil water content imply that in arid regions, caution is 
advised when comparing remotely sensed data collected at different 
times of the day. However, to accurately upscale emissivity derived soil 
water contents, several remaining challenges must first be addressed:  

— Air radiance 

Radiance detected by the radiometer is a combination of the radia
tion reflected (Lsky) or emitted (Lsoil) by the target, and by the air be
tween the sensor and the target (Lair). The diurnal change in Lsky was 
~0.025 mW cm− 2 sr− 1 versus, for example, ~0.125 mW cm− 2 sr− 1 for 

Fig. 7. Comparison of lysimeter-measured diurnal changes in water content and diurnal changes in apparent soil surface emissivity for the 8.3, 8.7 and 9.1 μm bands 
(ε8.3′, ε8.7′, ε9.1′) for sand (A and B) and loess (C and D), derived using the single reference band (1B; A and C) and the temperature/emissivity separation approach 
(TES; B and D). Measurements were conducted in 2021 between 29 August - 9 September (sand) and between 18 August - 23 September (loess). Measurements were 
conducted at 15-min intervals and averaged to 2-hourly values (sand: n = 158, loess: n = 124). 
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L’8.3soil over sand (Fig. 5). In this study Lair could be ignored because of 
the proximity of the radiometer to the soil surface (~0.5 m). Assuming 
that for large distances between the radiometer and the soil surface, Lair 
is affected by water vapor in a similar way as Lsky, Lair can no longer be 
ignored. Preventing Lair from obscuring the surface processes is a major 
challenge in upscaling this method to airborne and certainly spaceborne 
applications.  

— Surface heterogeneity 

A second challenge for spatially upscaling this method is to separate 
between soil- and plant-related processes, especially given the spatial 
resolution of existing satellite thermal products. Unless the effect of 
vegetation is satisfactorily determined, detecting changes in water 
content due to water vapor adsorption will only be possible where large 
areas are completely barren.  

— Soil spectral properties 

This work shows that for both coarse and finer-textured soils, emis
sivity can be used as an indicator of soil water content changes due to 
water vapor adsorption and subsequent evaporation. This concurs with 
what has been found by a range of studies: that coarser soils tend to have 
lower emissivities and higher sensitivity to changes in water content 
(Mira, 2007; Mira et al., 2010; Salisbury and D’Aria, 1992; Wang et al., 
2015). Additional work on the spectral properties of various soil types, 
particularly for the dry end (<0.05 cm3 cm− 3) will be needed before 
water vapor adsorption-induced soil water content can be detected at 
large scales. 

Meeting these main challenges will lead the way to detect small 
changes in soil water content under dry conditions at larger scales. 
Whether these are a result of water vapor adsorption or other processes, 
detecting such small changes in soil water content will provide new 
insights into desert hydrology. 
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