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Abstract. We quantify the accuracy of the temperature profiling from ground-based spectral infrared radiance observations at
the American WAKE ExperimeNt (AWAKEN). Results from pre-campaign tests and comparisons with in-situ ground-based
and airborne sensors at AWAKEN indicate that temperature profiles agree satisfactorily with traditional instruments for wind
energy applications. The bias is within a fraction of a degree and appears to be related to atmospheric stability. Root-mean-
square differences from the reference instruments are always smaller than a degree and are often well described by the online
uncertainty estimation product. Height-to-height and site-to-site temperature differences are in excellent agreement with in
stta-in-situ observations, which justifies the use of temperature profilers to characterize static stability and spatial gradients of

temperature.

1 Introduction

An accurate characterization of the atmospheric state is essential to understanding the mechanisms that govern the conversion
of the flow of kinetic energy carried by the wind into mechanical and, ultimately, electrical power delivered to the grid by wind
power plants. In fact, although wind energy represents a widely available resource and an established technology across the
United States and globally, it introduces new challenges to the global power system due to its intermittency and uncontrol-
lability. Fhis-is-becoming-a-more-pressing-coneern-These are becoming more pressing concerns as the worldwide electricity
demand grows by 4 % annually, driven largely by electrification, air conditioning needs, and data centers (International Energy
Agency, 2025).

The volatility of wind power is inherently connected to the complex dynamics of the atmospheric boundary layer (ABL)
in which wind turbines operate. The ABL state is extremely difficult to predict, and current wind resource models still have
significant biases (Lee and Fields, 2021; Bodini et al., 2024). A recent blind comparison of several turbine models attributed a
large portion of the uncertainty to incomplete information of the inflow conditions, especially when the ABL is stably stratified
(Doubrawa et al., 2020). Complexity of the wind field is further enhanced as the thermally stratified ABL interacts with even
modest terrain features (Mahrt et al., 2021; Radiinz et al., 2024) or the turbines themselves (Krishnamurthy et al., 2025;
Abraham et al., 2025).
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Atmospheric stability not only plays a role in shaping the undisturbed wind profiles experienced by the turbines but also
governs the propagation of wind turbine wakes, with large implications on the overall efficiency and lifetime of the wind
plant. This influence of thermal stratification on wake morphology has beentargety-proved-largely been proven in numerical
(e.g. Abkar and Porté-Agel (2015)), lab-scale (e.g. Chamorro and Porté-Agel (2010)), and field-scale studies (e.g. Zhan et al.
(2019)).

The importance of atmospheric stability within the physics of wind energy prompted many experts to advocate for a more
comprehensive experimental characterization of the key quantities that govern the physics of the atmosphere, with particular
emphasis on those that carry information on the thermal state of the ABL, primarily temperature profiles (Veers et al., 2019;
Shaw et al., 2022).

Better knowledge of the temperature profiles around operating wind power plants could also help to elucidate a long-standing
question about the effects of wind turbine wakes on local climate. Early coarse simulations of global weather patterns with
extremely large wind penetrations showed potential climate impacts (Keith et al., 2004; Wang and Prinn, 2010; Li et al., 2018;
Miller and Keith, 2018). However, experimental work using satellite-derived surface temperatures (Zhou et al., 2012, 2013;
Xia et al., 2016; Liu et al., 2023; Walsh-Thomas et al., 2012) or observations near the ground (Baidya Roy and Traiteur, 2010;
Rajewski et al., 2013; Smith et al., 2013; Moravec et al., 2018; Wu and Archer, 2021) highlighted temperature differences
generally less than +-degree-1 C that appear to be induced by turbines. The general consensus is that turbines cause surface
warming during nighttime stably stratified conditions while daytime data draw a more uncertain picture. More recent meso-
and micro-scale computational fluid dynamics studies proposed sound physical explanations of the thermal effects of wind
turbines (Xia et al., 2019; Wu et al., 2023), especially thanks to the access to simulated vertical temperature profiles. However,
observations of thermal effects of wind turbines across multiple heights to support such hypotheses are still scarce.

Finally, a more practical, nevertheless important use of temperature information for wind energy is the estimation of air
density profile across the turbine rotor span, which is essential to assessing the energy yield and earrying-eut-conducting power
performance tests of wind turbines (International Electrotechnical Commission, 2022).

Based on the former discussion, temperature profiling has been one of the foci of the American WAKE experimeNt (AWAKEN,
(Moriarty et al., 2024)), the largest experimental field campaign for wind energy conducted in the United States to date. At the
AWAKEN site, temperature profiles were routinely measured through an innovative remote-sensing tool, which combined the
observations from infrared spectrometers and historical radiosonde data to estimate vertical profiles of temperature throughout
the ABL and beyond. Specifically, spectrometers called Atmospheric Sounder Spectrometer by Infrared Spectral Technology
(ASSESTh-(Michaund-Beleau-et-al-2025)ASSIST, Michaud-Belleau et al. (2025)) by LRTech were deployed at several lo-
cations throughout the AWAKEN domain and recorded the downwelling spectral infrared radiance at the ground level. The
physical retrieval algorithm Tropospheric Remotely Observed Profiling via optimal estimation (TROPoe), Turner and Blum-
berg (2019); Turner and Lohnert (2014); Adler et al. (2024)) was then used to estimate temperature profiles that matched the
observed radiance. The combined ASSIST+TROPoe system represents a thermodynamic profiler.

The AWAKEN project hosted the first large-scale deployment of thermodynamic profilers for wind energy research and

included extensive validation. The TROPoe methodology is briefly described in Sect. 2 while the following sections discuss
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the details of the validation process. In the pre-campaign phase, two identical thermodynamic pro lers were installed side
by side to assess the magnitude of instrumental noise and calibration errar.(&23t The temperature estimated by the
thermodynamic pro lers was also compared to observations from a nearby meteorological (met) mast to quantify the overall
error across different heights, mainly in the surface layer (Sect. 3.3). Later on, during AWAKEN, temperature pro les from a
thermodynamic pro ler were validated vs. radiosonde measurements, providing a comprehensive error quanti cation across
the entire ABL (Sect. 4.2). Finally, differences in temperature between sites were compared to the same quantities observed by
independent and co-located surface met stations to assess the ability of temperature pro ling to characterize the spatial hetero
geneity of the temperature eld (Sect. 4.3). Key takeaways are provided at the end of each section, and overall conclusions are
drawn in Sect, 5.

2 Methods

The temperature pro ling method used at AWAKEN relies on the information on temperature and humidity pro les contained

then combined with ancillary measurements (e, cloud base height or CBH from a ceilometer) and used by TROPoe to
estimate the thermodynamic state that agrees with the observed infrared radiance and has the highest likelihood based on th
current observations and constrained by past climatology. The retrieved thermodynamic state includes the vertical temperature
pro le, as well as humidity and cloud properties, although we will focus on the rst quantity in the present study. This section
will review the fundamentals of temperature pro ling at AWAKEN. For a more detailed discussion, refer to Letizia et al. (2025)
and the references listed ther@itasfettows:,

2.1 Instrumentation

2.2 Physics of radiation in the atmosphere

The spectral radiance observed at the groindind the current thermodynamic state of the atmosphere are connected through
the physics of infrared radiation. In fact, each layer in the column of air directly overhead the instrument emits infrared
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radiation based on the local temperature and proportionally to the local absorption coef cient, which varies spectrally due to
the chemical-physical properties of various trace gases like water vapor and carbon dioxide. The volume of air between each
emitting layer and the observer at the ground, in turn, absorbs and scatters the downwelling emission, also based on the loca
absorption coef cient. The latter is the physical parameter that quanti es the opaqueness of a medium to incident radiation and
is highly dependent on the wavenumbserof the radiation itself (Siegel, 1971). In general, more opaque wavenumber regions
will allow only emission close to the observer to reach the ground-based spectrometer. Conversely, transparent wavenumbe
regions will let radiation emitted from higher altitudes be detected by the instrument. These properties are exploited to infer the
vertical distribution of temperature pro les based on the spectral behavior of the radiance passively measured at the ground.

TROPoe utilizes a spectrally resolved and extensively validated radiative transfer model (Turner et al., 2004; Clough
et al., 2005; Mlawer and Turner, 2016) to simulate the spectral radiance that is associated withtargivemturgro-le-

of radiation and the molecular mechanisms that govern the absorption/emission at different wavenumbers. The main task of
the thermodynamic retrieval algorithm is then to solve the inverse radiative transfer problem based on the observations, which
is an ill-posed mathematical operation. The solution method for this challenging problem is described next.

2.3 Fundamentals of TROPoe

Calculating the spectral radiance for a given temperature pro le represents a complex but relatively established task; however,

lidars and radars, the ASSIST is completely passive in the sense that it does not emit any electromagnetic pulse that could be
used to perform ranging, for instance, based on the time of ight. Instead, it observes only the radiation at the ground, whereas
the estimation of the associated temperature pro les is done in a purely mathematical way by inverting the radiative transfer
problem, which is an integral equation. This can be seen as the impossible task of guessing the shape of a solid object by jus
looking at its shadow.

TROPoe uses optimal estimation techniques (Rodgers, 2000; Turner and Léhnert, 2014) that leverage the statistical informa-
tion on the temperature pro les collected by previous radiosonde launches to constrain the problem and converge to a unique

the retrieval. The embedded uncertainty quanti cation represents an advantage of TROPoe compared to regression or machine
learning-based methods for temperature pro ling. Full details of TROPoe are given in Turner and Léhnert (2014); Turner and
Blumberg (2019).

The process just described is depicted in Fig. 1, and it is generally more complex and computationally expensive than other
techniques used to observe atmospheric quantities usisigHn-situ or remote-sensing devices. However, physical-iterative

retrieval frameworks like TROPoe have several advantages that more statistically based retrieval methods do not (Maahn et al.

2020; Letizia et al., 2025), such as thieedembeddedincertainty estimation, a broader generality, and easier troubleshooting.
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Figure 1. Work ow of temperature pro ling. The green bands in the spectral radiance are those used for AWAKEN.

Understanding the limitations of temperature pro ling is indeed crucial for an informed use of the data products. Therefore,
the following section discusses the possible sources of uncertainty associated with our temperature pro ling.

2.4 Sources of uncertainty

When discussing the accuracy in temperature pro les, it is important to distinguish between known and unknown uncertainties.
The former are included in the posterior covariance generated by TROPoe, the latter are not. The known error can be expresse
as (Rodgers, 2000):

sm fthing { ?Fﬁe
2 x=(A Dx xa)+ G ; (2)

where:
— R s the estimated state (i.@stimated temperature pro les)
— X is the true state (i.ereal temperature pro les)
— | is the identity matrix
— A is the so-called averaging kernel or A-kernel, an important output of TROPoe
— G is the so-called gain matrix, an intermediate product of TROPoe

— isthe noise on the observations (i@n,the spectral radiance).
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The known error is therefore the sum of the effect of smoothing and noise. The smoothing is a typical source of uncertainty in
optimal estimation-based atmospheric sounding. The retrieved pro les are, in fact, a smoothed version of reality with a vertical
resolution that is roughly equal to the height above the ground level. This makes temperature pro ling more accurate close
to the ground (where, for instance, wind turbines operate), and less accurate at the top of the boundary layer. In fact, sharp
temperature inversions that typically occur at the top of the ABL are often signi cantly smoothed out. Smoothing is the result
of incomplete information on the thermodynamic state in the spectral radiance that makes TROPoe partly reliant on the prior
statistics. However, the smoothing error is predictable and included in the posterior uncertainty.

The error due to noise, instead, comes from random, zero-mean uctuations on the observed spectral radiance due to im-
perfect hardware. Noise in the ASSIST is generally very small and is estimated in real time by the instrument's processing
software (Michaud-Belleau et al., 2025). The instrumental noise variance is included in TROPoe to calculate the posterior
uncertainty of the solution.

Unknown uncertainties can be generally attributed to instrumental biases and an imperfect radiative model. Regarding the
former, the3 bias in the spectral radiance is generally below 1 % of the ambient black body emissidneihgghest emission
typically observed in an atmospheric scene). This is ensured by online radiometric calibration, which was perfected throughout

the 30-year-long AERI program (Knuteson et al., 2004a, b; Mlawer and Turner, 2016), and has been veri ed (Turner et al.,

Hewever;the The most insidious error comes from the imperfect description of the physics in the radiative transfer model.

In fact, to make the model computationally ef cient, TROPoe disregards some phenomena, such as atmospheric scattering.
The physical constants in the model, for example, the spectral width of water vapor and carbon dioxide absorption lines, are
also affected by uncertainty. An online estimation of the radiative transfer model error is possible, but not practically viable at
the moment (Maahn et al., 2020).

Finally, prior radiosonde measurements used to constrain the calculation could be a source of bias if they are not represen

3 Results from pre-campaign tests

3.1 Overview

deployed at thedREL-NLR Flatirons Campus close to Boulder, Colorado, for testing (Fig. 2). ASSIST 1 (Letizia, 2022b)
and 2 (Letizia, 2022c) were co-located and operated for 97 days from May 18 to August 24, 2022, providing an extensive
record of observations that will be used in this article to assess the instrumental error (Sect. 3.2) and the total error (Sect. 3.3).



Additionally, 24 days of temperature pro les from ASSIST 3 (Letizia, 2022a) are also available and will be occasionally used in
Sect. 3.3. The 135-m M5 met mast (Clifton, 2014) is located on the northeast side of the campus and collected thermodynamic
and kinematic atmospheric data at 1 Hz, which represents our main reference dataset. A second met mast, the 82-m M2 towel
is installed on the west side of the campus and was used as a redundant measurement point, as discussed in Sect. 3.3.

175 Vaisala CL51 ceilometer (Hamilton, 2022) was also deployed at that time, approximately 425 m northwest of the ASSISTS,
providing CBH to TROPoe. As indicated in Fig. 2, several wind turbines are present on-site and sporadically operated for
research purposes. The local topography is characterized by a ge2ftie .. 2% west-east down slope, resulting in 7 m of
difference in elevation between the ASSIST 1 and 2 and the reference met tower. In the following, temperature measurements
will be compared based on the height above the local ground, thus assuming perfectly terrain-following temperature pro les.

180 Neglecting terrain effect at the site is, in fact, common for instrument inter-comparisons (Wang et al., 2015; Letizia et al.,
2024).

Figure 2. Map of theNRELNLR Flatirons Campus in 2022. The size of the turbine rotors is to scale.

The climate at the site is typically semi-arid, with sunny conditions 70 % of the day, which generally produces a markedly
diurnal cycle of atmospheric stability. Wind conditions are signi cantly affected by the diurnal cycle, and by the presence of
the Rocky Mountains to the west that often channel the ow, creating strong winds (Hamilton and Debnath, 2019). The data

185 collected by the M5 met tower con rm these behaviors during the present campaign. In accordance with previous studies of the
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Figure 3. Climate statistics during the pre-AWAKEN campaign test from M5: occurrence of stability as a function of the time of day, based

U=unstable) (a); daily-averaged temperature at different heights, where the shaded region represents the 95 % con dence interval (b); and

wind rose at 74 m (c). Precipitation and wake events are excluded.

site (Aitken et al., 2014; Hamilton and Debnath, 2019), the atmospheric stability is classi ed based on the gradient Richardson
number, Ri, evaluated between 3 and 122 m, using the ranges reported in Table 1. The hourly distribution of stability shows a

Qnd;zzxm.

Rirange Stability class Symbol
0:25 Stable S
[0:03;0:25) NeutralstableNeutral-stable NS
[ 0:03,0:03) Neutral N
[ 0:25 0:03) NeutratunstableNeutral-unstable NU
< 0:25 Unstable U
ane22m:

Temperature pro les were retrieved using TROPoe v0.12 (Turner, 2025), which ingested the spectral radiance from the
ASSIST at selected bands as the main observations. The prior used to facilitate the convergence of TROPoe includes ensembl
means and level-to-level covariances of temperature and mixing ratio pro les from 1811 radiosonde launches in the Denver
area. The lowest CBH from the ceilometer is also assimilated by TROPoe to enhance the accuracy of the solution in cloudy

scenarios (Turner and Lohnert, 2014).



195

200

205

210

215

220

TROPoe pro les are quality-controlled by rejecting data above the base of optically thick clouds, with the root-mean-square
(RMS) between the observed and predicted radiance larger than RMSA>5, or with the convergence paranie{see
Letizia et al. (2025) for details). Clouds detected when the TROPoe estimate for the liquid water path is less thah 5 g m
are considered optically thin and thus bypassed. Table 2 reports the overall TROPoe temperature statistics for ASSIST 1 in
terms of data availability after quality control, mean uncertainty)( mean vertical resolutionZ ), and cumulative degrees of
freedom (CDF). The latter is a measure of the information content below the selected height (see Turner and Lohnert (2014)).
Uncertainty and vertical resolution increase with height, while most of the information content is con ned close to the surface.

This is a typical behavior of atmospheric sounding based on ground-based passive observations (Turner and Loéhnert, 2021).

z [m] | Data Availability [%] | +[ C] | z [m] | CDFs
10 90 0.08 28 0.95
100 90 0.21 168 1.94

Temperature pro les are generated every 10 minutes as a trade-off between temporal resolution and computational costs. Tc
achieve this, TROPoe extracted the nearest in time spectral radiance collected by the ASSISTs at a samplinglrase of
The radiative transfer model is non-linear, so using high-frequency observation rather than, for instance, 10-minute-averaged
ones, prevents the ingestion of non-realistic spectral radiances that can occur when averaging several sky scenes with differer
radiative properties. This is typical of scattered cloudy conditions. One drawback of using ASSIST data collected at the native
sampling rate is that the noise is not averaged out, as it would occur by using time-averaged radiances. Therefore, the noise ir
the spectral radiances is removed through a Principal Component Analysis Iter (Turner et al., 2006).

Furthermore, the use of high-frequency data implies that the observed pro les include a signi cant turbulent contribution.
To understand the behavior of turbulence at the site, we calculated the directional, %ailyi—averaged, 10-minute second-ordel
moments of both temperature and wind speed in the form of temperature standard devidtit) and turbulence intensity
(T1) from 1-Hz met tower data (Fig. 4). The inner circle of the polar plot corresponds to nighttime, whereas the outer one
corresponds to daytime. In other words, radial variations of the quantity indicate a diurnal cycle, and departures from axial
symmetry represent the effects of wind direction. Botfi 92 and TI show the expected diurnal cycle with larger uctuations
during the day (i.e. unstable conditions), although directional effects are also important. In particular, the temperature standard

winds. A Tl peak for the same time/direction is not evident. The uctuations occurred with periods of several minutes and are
con ned close to the surface, which is reminiscent of the gravity wave events documented by Sun et al. (2015). Further






