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Highlights

What are the main findings?

¢ The effects of assuming specular versus Lambertian reflection on surface-sensitive
AMSU-A brightness temperatures vary depending on surface conditions, season, and
microwave channel.

¢ The Lambertian assumption tends to minimize initial estimation errors over snow-
covered surfaces, while the specular assumption generally yields better results over
snow-free land. This suggests that neither model is consistently superior across all
surface conditions.

* The Lambertian assumption leads to greater spatial variability in the retrieved surface
emissivity, while the specular assumption results in lower and more uniform variability
across heterogeneous Nordic surfaces.

What are the implications of the main findings?

* Specular reflection is preferable over snow-free land, whereas Lambertian reflection
performs better over snow-covered surfaces, supporting a surface dependent and hybrid
reflection scheme.

¢ The findings provide guidance for representing heterogeneous land and snow-covered
surfaces in high-resolution regional data assimilation systems.

¢ The sensitivity to surface reflection treatment is relevant for assimilating other mi-
crowave sounders, including ATMS, MWHS-2, MHS, and AWS, under clear and
all-sky conditions.

Abstract

The utilisation of microwave radiances is crucial for enhancing the precision of weather
forecasts. Despite existing uncertainties over land and ice-covered surfaces, recent advances
have enhanced their use. This study examines the impact of assuming either Lambertian
or specular surface reflection on the simulation of brightness temperatures for surface-
sensitive, clear-sky AMSU-A microwave radiances across land and snow-covered areas.
It represents the preliminary work before running a full assimilation and forecast impact
study. Using the high-resolution HARMONIE-AROME regional modelling system, ex-
periments were conducted to retrieve and analyse the retrieved emissivity in different
conditions/seasons. The emissivity was also used as input to the radiative transfer model
to simulate brightness temperatures of surface-sensitive sounding channels. The results
show that the Lambertian assumption produces higher variability in dynamic surface emis-
sivity, while the specular approach yields smaller and more consistent deviations. During
winter, specular reflection shows higher first-guess departures (e.g., observations minus
simulations) for surface-sensitive sounding observations, whereas in summer it performs
better over land surfaces. Over snow-covered regions, the use of the Lambertian reflection
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to simulate the brightness temperature gives smaller mean errors for AMSU-A channels 4
(52.8 GHz) and 5 (53.59 GHz). These findings encourage further investigation into imple-
menting a parameter that accounts for the Lambertian component of surface reflection
when simulating brightness temperature in high-resolution limited-area models. Addi-
tionally, these findings provide practical guidance for configuring complex Nordic surface
regional models and for future Arctic Weather Satellite microwave radiance assimilation.

Keywords: surface emissivity; AMSU-A; surface emissivity; Lambertian reflection; specular
reflection; limited area model; land surface; snow-cover surface

1. Introduction

Over the Northern latitudes, Numerical Weather Prediction (NWP) systems are less
accurate than in the mid-latitudes. Initial conditions heavily depend on the assimilation
of satellite radiance observations due to the scarcity of conventional observations [1].
However, despite the dominant impact of microwave sounding data in the global ECMWEF
system, ref. [2] demonstrated that a greater number of radiance observations were rejected
in winter compared to summer. Uncertainties in surface modeling of snow [3] and ice have
been identified as contributing factors [4].

At a high-resolution regional scale, the assimilation of microwave observations in
high-resolution data assimilation (DA) systems also significantly improves the accuracy of
NWP models [5,6]. The positive impact of surface-sensitive MW observations over land
has been well documented [2,7-9]. Due to their positive impact on NWP performance, the
use of MW radiance measurements over land surfaces has become increasingly common
in global data assimilation systems [7,10]. Within the DA framework of the European
Centre for Medium-Range Weather Forecasts (ECMWFE), the influence of surface reflection
assumptions has been extensively investigated through observing system experiments
by [9]. Bormann [9] demonstrated that the use of Lambertian reflection for low-peaking
microwave channels resulted in a neutral to positive forecast impact at high latitudes.
Additionally, improved forward modeling enables the assimilation of more observations.

A pre-requirement for the effective assimilation of satellite radiance data in NWP sys-
tems is the accurate estimation of surface emissivity, which exhibits significant spatial and
temporal variability contingent upon surface properties. During the assimilation process,
brightness temperatures for atmospheric sounding channels are simulated using a forward
radiative transfer model to evaluate the consistency and reliability of satellite observa-
tions. Observations that display substantial discrepancies from the simulated brightness
temperatures are generally excluded, indicating that the accuracy of these simulations
directly influences both the quantity of usable satellite data and the overall efficacy of the
assimilation system. The retrieval of accurate surface temperature remains particularly
challenging in regions characterized by pronounced diurnal temperature variations, as
MW signals at different frequencies penetrate to varying depths depending on the land
surface type. Additionally, the spatial heterogeneity of land surfaces complicates the direct
measurement of microwave emissivity [11]. MW land surface emissivities are generally
higher and vary depending on surface type, roughness, and moisture levels. This variability
makes it challenging to distinguish between surface and atmospheric signals in radiance
measurements. Obtaining accurate emissivity estimates can greatly enhance humidity
profile retrievals over land [12]. Additionally, their effectiveness is influenced by land
skin temperature [13]. Consequently, ref. [14] conducted a study demonstrating that the
integration of land emissivity climatology with precise skin temperature measurements ef-
fectively constrains atmospheric temperature and humidity during the assimilation of MW
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radiances over land surfaces. A comprehensive understanding of land surface emissivity
and skin temperature is essential for improving the accuracy of microwave satellite obser-
vations. This is because the accuracy of observation is independent of our understanding of
emissivity or skin temperature. Over recent decades, significant advancements have been
achieved in modeling land surface emissions through physical parameterizations as well as
direct and indirect measurements. While some variability persists primarily due to limited
input data, many effective emissivity models have been developed. In the study conducted
by [15], two surface-sensitive channels from the Advanced Microwave Sounding Unit-
A (AMSU-A) were assimilated over terrestrial regions within the China Meteorological
Administration Global Forecast System model, employing land surface emissivity data
obtained through a window channel retrieval technique. The results indicated that this
retrieval approach more effectively minimized discrepancies between observations and
model outputs, thereby enhancing the accuracy of near-surface humidity estimates and
global forecasts, especially in areas characterized by extensive land coverage. The dynamic
emissivity method has been demonstrated to enhance the assimilation of MW radiances
over land [7,14].

In this study emissivity is retrieved using measurements from a selected window chan-
nel (channel 3, 50.3 GHz), assuming the surface to have specular reflection (SPEC). This
method assumes a smooth, planar surface that reflects radiation in a mirror-like manner.
The validity of this hypothesis has been challenged in the context of rough surfaces within
the global NWP system [16,17]. An alternative approach, known as the Lambertian surface
assumption (LAMB), posits isotropic reflection, whereby radiation is uniformly scattered in
all directions. Bormann [10] emphasizes that the implementation of the LAMB assumption
improves the characterization of bias and enhances the accuracy of radiance assimilation
over land and snow-covered regions. This study aims to improve the assimilation of
AMSU-A surface-sensitive channels in a limited area model (LAM) by estimating the most
appropriate surface reflection over various surface types. The study covers five one-month
periods from January, April, June, October 2024, and February 2025 to capture winter,
summer, and autumn conditions and to represent diverse atmospheric environments and
surface characteristics. To capture the broad range of seasonal variability, ice and snow
surface characteristics were evaluated during four representative periods. However, in
mid-latitude regions, most extreme snow and ice events occur during winter; therefore,
two months were selected to represent winter conditions. The structure of the paper is
as follows: Section 2 provides a comprehensive description of the model configuration
and elucidates the data assimilation approach employed for satellite observations. It also
outlines the methodologies applied to estimate surface emissivity from satellite data, with
particular attention to the primary sources of error affecting surface emissivity. Section 3
presents the results, focusing on the impact of emissivity calculated using the SPEC and
LAMB reflection models, as assessed through first-guess departure (e.g., observations
minus simulations) statistics. Additionally, this section includes an analysis of the exper-
imental findings. Finally, Section 4 and Section 5 present the discussion and concluding
remarks, respectively.

Study Objectives and Novelty
This study aims to achieve the following goals:

* To present the first systematic evaluation of the SPEC and LAMB surface re-
flection assumptions within an operational high-resolution limited-area modeling
(LAM) framework;

¢ To investigate the challenges associated with highly heterogeneous Nordic surface
conditions, including coastal, lacustrine, and snow-covered environments;
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*  To provide practical guidance for regional model configuration and future assimilation
of Arctic Weather Satellite (AWS) microwave observations.

2. Methodology
2.1. Model Configuration and Data Assimilation

This study focuses on the region covered by the Meteorological Cooperation on Op-
erational Numerical Weather Prediction (MetCoOp), a collaborative initiative involving
the national meteorological services of Sweden, Norway, Finland, Estonia, and Latvia.
MetCoOp provides short-range weather forecasts that are integrated into the forecasting
systems of its member countries. Within this partnership, the AROME-MetCoOp model
is utilized, which is a regional configuration of the HARMONIE-AROME (CY43) system,
part of the HIRLAM-ALADIN Research on Mesoscale Operational NWP in Euromed
(HARMONIE) project [18,19]. This modeling framework has been developed by the High
Resolution Limited Area Model (HIRLAM) consortium, a collaborative research effort
among 11 European meteorological institutes. For this study, the default physical parame-
terization settings described by [20] were selected. The model physical parameterization
includes key components such as prognostic equations for cloud species and turbulent
kinetic energy, a shallow convection scheme, and multiband radiation processes [21]. Addi-
tionally, the configuration incorporates the Morcrette shortwave radiation scheme [20] and
the Rapid Radiative Transfer Model (RRTM) for longwave radiation [22]. The MetCoOp
operational model domain is illustrated in Figure 1. Hourly lateral boundary conditions
are provided by global forecasts from the Integrated forecasting system (IFS) of European
Centre for Medium Range Weather Forecasts (ECMWF).

Skin Temperature (in °C)

20
Soo

-20 -10 0 10 20

Figure 1. MetCoOp operational model domain shown over the contour-colored skin temperature
(°C), valid at 00 UTC on 10 February 2025.

A series of experiments were conducted employing the high-resolution HARMONIE-
AROME model integrated with the 3D-Var DA system. The model was configured with a
spatial resolution of 2.5 km, consistent with the operational MetCoOp model configura-
tion [18]. Simulations were performed using the HARMONIE-AROME NWP system. In
this study we assimilated conventional types of observations as well as MHS and AMSU-A
MW radiances, in conjunction with the Radiative Transfer for TOVS (RTTOV, version: 11.2)
model, were applied at locations corresponding to MW observations. All available MW
observations were assimilated within each 3 h cycle, employing a +/—1 h temporal win-
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dow. The climatological background-error covariance matrices (B-Matrix) were represented
using a multivariate formulation based on forecast errors of control variables, including
vorticity, divergence, temperature, surface pressure, and specific humidity [23,24]. Initially,
AMSU-A data were processed at their full resolution and subsequently thinned to an
average resolution of 80 km. An adaptive variational bias correction (VarBC) scheme was
implemented to correct AMSU-A microwave biases at each 3 h assimilation cycle [25,26].

For each month, two separate experiments were performed: one assuming a specular
reflection (SPEC) from the surface is assumed as the control experiment since this config-
uration is used as default in HARMONIE-AROME) and another experiment assuming
the surface to have a Lambertian reflection (LAMB) scheme to retrieve surface emissiv-
ity at AMSU-A channel 3. Due to limited resources, hybrid reflection models were not
tested in this study. In both experiments, initial conditions and VarBC coefficients were
sourced from the MetCoOp operational run and the boundary conditions are fed by the
ECMWEF system as mentioned above. Each experiment has been run for 30 days in a non
cycled way, every 3 h. This approach allows us to examine how emissivity varies between
the two reflection schemes and how it affects the simulation of adjacent surface-sensitive
sounding channels while keeping all other model settings consistent. Because the aim of
this paper was to isolate the effect on surface assumption on the Brightness Temperature
(BT) simulation, we have decided to use all other input parameters as identical as possi-
ble, extracted from the same source (e.g., from the MetCoOp operational run which use
the specular assumption as default to simulate the radiances). The first-guess fields and
VarBC coefficients are identical in the SPEC and LAMB experiments. The adaptive VarBC
scheme, implemented within the variational data assimilation framework, jointly updates
the bias-correction coefficients and atmospheric state variables to minimize radiance de-
partures. The bias correction is expressed as a linear combination of predictors, including
atmospheric thickness (e.g., 1000-300 hPa), total column water vapor, and surface-related
variables, with the corresponding coefficients p optimized through the variational cost
function [5]. These model parameters were derived from a cycled experiment that assim-
ilated MW observations under the assumption of a specular surface. Consequently, the
derived bias-correction coefficients are inherently tied to the specular (SPEC) surface reflec-
tion assumption. As a result, these coefficients cannot be directly transferred between the
SPEC and LAMB experiments. Care must therefore be taken when interpreting first-guess
departure statistics, since differences in the underlying surface reflection assumptions may
introduce systematic inconsistencies, rendering the departures from the two experiments
not directly comparable. To facilitate a more direct comparison of the SPEC and LAMB
reflection assumptions, first-guess departures (observations minus simulation) without
bias correction are examined in the subsequent analysis.

2.2. Observation and Retrieval of Surface Emissivities

The AMSU-A is a sophisticated 15-channel microwave radiometer specifically engi-
neered for atmospheric temperature profiling. In this study we use data from AMSU-A
on-board polar orbiting platform of NOAA-18, NOAA-19, Metop-B, Metop-C. As a cross-
track scanning instrument, the AMSU-A encompasses a swath approximately 2343 km
in width, executing 30 step-scanned observations per swath. At nadir, each observation
yields a footprint of approximately 48 km, which increases in size towards the edges of the
swath. The instrument comprises 12 temperature sounding channels (channels 3-14) that
are centered around the 50-58 GHz oxygen absorption band, providing critical insights
into the vertical distribution of temperatures in both the troposphere and stratosphere.
Additionally, it features three window channels (1, 2, and 15) operating at frequencies of
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23.8, 31.4, and 89 GHz, which are particularly responsive to surface conditions, water vapor,
cloud cover, and precipitation.

The radiative response of the AMSU-A channels is influenced by altitude and atmo-
spheric conditions. Channels 1-3, classified as window or near-window channels, exhibit
heightened sensitivity to surface emissions and cloud interactions. Figure 2 illustrates the
relative contributions of various atmospheric layers to the BT for AMSU-A. Among all
these listed channels currently we are using channel 3 for dynamic emissivity retrieval,
channel 4 is monitored, channel 5-9 are actively used. For channels 10 and higher, the
weighting functions exceed the model’s vertical extent, which is approximately 20 hPa.
Consequently, these channels are not assimilated into the model. The maximum sensitivity
of the weighting functions peaks lower in winter than in summer, presumably due to the
humidity sensitivity for these channels and drier conditions in winter.

Winter Profile Summer Profile

—— Ch3
—— Ch4
Chs
Ch 6
Ch?7
Chs
Ch9

Pressure (hPa)

103 ) 108

0.0 0.1 0.2 0.3 0.4 0.5 06 0.7 0.8 0.0 0.1 0.2 0.3 0.4 0.5 06 07 0.8
Weighting Function Weighting Function

Figure 2. Normalized clear-sky mid-latitude weighting functions for AMSUA channels 3 through 9
are presented, with the left panel depicting data for winter (left panel) and summer months
(right panel).

Following [14], the surface emissivity is retrieved using the so-called dynamic emis-
sivity method, assuming the surface flat and specular (i.e., SPEC configuration, ref. [27].
However, over a snow covered land surface, the use of that approximation was shown to be
questionable [16,17]. Instead, the Lambertian surface assumes diffuse, isotropic reflection
of downwelling radiation which accounts better of the snow asperities and roughness. The
approach derives the surface emissivity at AMSU-A window channels (here, channel 3,
50.3 GHz), reversing the radiative transfer equation. The channel used for the retrieval
must be discarded from assimilation later on. As input, the RTTOV model uses the surface
temperature and atmospheric profiles from the previous 3 h short range forecast. Over land,
an emissivity atlas, kindly provided by Meteo-France (https://www.umr-cnrm.fr), is used
as back-up in case the retrieval is failing (over 1 or if the difference with the atlas is over 0.2).
The emissivity atlas is dynamic and varies seasonally, with monthly climatological fields
produced by Meteo-France based on emissivity retrievals derived from observations in 2015.
Although the imposed constraint is relatively stringent, the monthly variability of the atlas
is expected to reflect seasonal changes in surface characteristics, including areas with a high
probability of snow cover. Furthermore, this constraint serves as a crucial quality-control
measure by preventing the use of emissivity retrievals affected by cloud contamination
or other sources of error, thereby enhancing the overall reliability and consistency of the
assimilated emissivity fields.
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The brightness temperature at the top of the atmosphere can be expressed as
T (0) = T (6) +T(6) [€(0)Ts + (1 — e(6)) T (6) M
where
7(0,H)
re) = - 2
(6) eXP{ o080 } 2)

Here, T; denotes the skin temperature, T) (§) is the atmospheric upwelling bright-
ness temperature, I'(0) is the atmospheric transmittance between the surface and the top
of the atmosphere, €(0) is the surface emissivity, and Tj (6) is the atmospheric down-
welling brightness temperature incident on the surface. H denotes the height of the top
of the atmosphere and 6 is the satellite zenith angle. The vertical optical depth between
two atmospheric levels, z; and zy, is defined as

4
T(z1,22) = / ’ a(z)dz, 3)
71
where «a(z) represents atmospheric absorption by gasses at altitude z.
The atmospheric upwelling brightness temperature is expressed as

T) (0) = /H T(z)2) exp[—T(Z'H)} dz, @

0 cos 0 cos

where T(z) is the atmospheric temperature at height z.
The directional atmospheric downwelling brightness temperature incident on the
surface from the zenith angle 6’ is expressed as

Tj(ﬂ’) = Temp €XP [—T(O' H)] + /OH T(z) #(2) exp[ T(O’Z)} dz, (5)

cos 8’ cos 6’ cos 6’

where T, is the cosmic microwave background brightness temperature. The cosmic
background contribution is small at the AMSU-A frequencies but may be retained for
completeness [28].

Under the specular assumption, the reflected radiation originates from the mirror-
reflection direction. For a horizontally homogeneous surface, the incidence zenith angle
equals the satellite viewing zenith angle. Consequently, the atmospheric downwelling
brightness temperature used in the specular emissivity retrieval is given by

Tal,SPEC (0) = Tj(e). (6)

The top-of-atmosphere brightness temperature under the specular assumption is then
expressed as

TbSPEC(G) = T;(G) + F(Q) [GSPEC(Q)TS + (1 - eSPEC(Q))Tai,spEC (9)} : (7)

Rearranging Equation (7), the surface emissivity under the specular assumption is
retrieved as

TgbS(8) — T4 (6) — T(6) T sppc (6)
I(60) | Ts — T sppc ()]

Under the Lambertian assumption, the surface is assumed to reflect the incident

(8)

esprc(f) =

radiation isotopically into the upward hemisphere. Consequently, the reflected atmospheric
contribution is obtained by averaging the atmospheric downwelling radiation over all
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incident directions using a cosine-weighted hemispheric integral. Assuming azimuthal
symmetry, the effective atmospheric downwelling brightness temperature is given by

Ti —9 n/ZTiGI /el a0l
2 LAMB = 7 (0") cos 8 sin6’ do’, )
0
where the factor of two ensures normalization of the cosine-weighted angular integration
/2
2 / cos 0’ sin 6 d6’ = 1. (10)
0

Substituting Equation (5) into Equation (9) yields

_ /2 H
Tﬁ,LAMB = 2/0 CcOs 9/ sin 9/ |:/O T(z) DC(Z) exp <_ ZE)OS’QZ/))EIZ:| de// (11)

cos 6’

The explicit evaluation of Equation (11) requires numerical integration over the down-
ward hemisphere and is computationally expensive for operational radiative transfer
calculations. Therefore, the hemispherically averaged atmospheric downwelling radiation
is approximated using an effective incidence angle, which represents the cosine-weighted
hemispheric average of the diffuse atmospheric radiation. The effective incidence angle
depends on the atmospheric optical depth and provides an accurate and computationally
efficient approximation to the hemispheric integral. Under this approximation,

Ti,LAMB ~ Ti (Betr), (12)

where 6. denotes the effective incidence angle that reproduces the hemispherically aver-
aged diffuse reflection [29].

The effective angle used in the Lambertian assumption is not the satellite viewing
zenith angle; rather, it provides an approximation of the hemispherically integrated down-
welling radiation incident on a Lambertian surface. This effective angle depends on the
atmospheric optical depth and typically ranges from approximately 40° for weakly surface-
sensitive channels to 56° for strongly surface-sensitive channels [29]. Following [16], a
fixed effective zenith angle of 55° is adopted in the present study as an efficient approxima-
tion for the hemispheric integration. This choice is particularly appropriate for strongly
surface-sensitive microwave channels near 50 GHz used for surface emissivity retrieval [29].
Under the SPEC assumption, the downwelling radiation reflected toward the satellite cor-
responds to the actual satellite viewing geometry, whereas the LAMB treatment represents
the diffuse downwelling contribution using the 55° effective zenith angle. Consequently,
the difference between the two treatments is expected to be largest near nadir, where the
satellite zenith angle approaches 0°, and to decrease toward viewing angles closer to the
effective angle. This angular dependence is consistent with the enhanced SPEC and LAMB
sensitivity observed at the central scan positions. More advanced optical-depth-dependent
formulations, such as that proposed by Bormann [17], are beyond the scope of the present
study. Accordingly, the top-of-atmosphere brightness temperature under the Lambertian
assumption is expressed as

TEAMB(9) = T (6) +T(60) [erams(8)Ts + (1 — eLavs(0)) T () - (13)
Rearranging Equation (13) yields the Lambertian surface emissivity
T3*(6) — T (6) = T(0)Ti (er)

T(0) [T — T (Oetr)|

eLams(0) = (14)
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As noted previously, surface emissivity has been estimated by assuming the surface to
be flat and specular (SPEC) or rough and Lambertian (LAMB). The system was applied
across multiple seasons to better understand how retrieval sensitivity varies with surface
conditions, such as snow in winter and dry soil in summer. Each input used in this
“single-channel” retrieval approach can influence the resulting emissivity and first-guess
departures. The SPEC and LAMB experiments employ identical model configurations,
atmospheric and surface inputs, bias-correction procedures, and first-guess fields, with
the primary distinction being the treatment of surface reflection. The analysis primarily
focuses on uncorrected first-guess departures to minimize the influence of bias correction.
However, because emissivity is consistently retrieved within each respective reflection
framework, the contributions from emissivity retrieval and surface reflection treatment
cannot be fully disentangled. Therefore, this study should be interpreted as a systematic
comparison of the combined effects of the SPEC and LAMB formulations, rather than
attributing the observed differences solely to surface reflection physics. Further details on
dynamically retrieved and atlas-based emissivities are provided by [30], whose study is
referenced here for additional context. As mentioned previously, the emissivity atlas varies
seasonally and comprises monthly climatological fields produced by Météo-France based
on emissivity retrievals from observations. These monthly fields capture seasonal variations
in surface characteristics, including changes related to snow cover. Additionally, the applied
constraint serves as a quality-control measure by limiting the use of emissivity retrievals
that may be affected by cloud contamination or other sources of error. Figure 3 illustrates
the surface emissivity retrieved for AMSU-A Channel 3 (50.3 GHz) in two representative
winter cases and for a specific assimilation cycle using the SPEC and LAMB assumptions.
These examples provide a direct comparison of the retrieved emissivity values under winter
surface conditions.

SPEC

LAMB

R o2
: X
o

~
o

°
z

1.0

65°N -

60°N|./

15 January 2024

55°NF) f774

50°NL

70°Nf._

ANAISSIWT

65°N ...

60°N |/

15 February 2025

55°N}-. °

0.5

50°NL

Figure 3. Retrieved surface emissivity from AMSU-A Channel 3 (50.3 GHz) for two winter cases:
0900 UTC on 15 January 2024 (top panels) and 0900 UTC on 15 February 2025 (bottom panels).
The left panels show results using the specular (SPEC) surface reflection assumption, while the
right panels show results using the Lambertian (LAMB) assumption.

https:/ /doi.org/10.3390/rs18162819


https://doi.org/10.3390/rs18162819

Remote Sens. 2026, 18, 2819

10 of 25

Relative Difference (%)

2.0

1.5 1

1.04

0.5 1

|
o
n

|
=
o

.

As highlighted by [31], emissivity is particularly sensitive to errors in surface tem-
perature. Figure 4 presents a time series illustrating the daily sensitivity (in percentage)
to a +/—2 K error in the skin temperature input, indicating that emissivity retrievals can
be affected by approximately +/—1%. The impact on first-guess departures is even more
pronounced, with amplitude variations reaching up to 75% and notable daily fluctua-
tions. Other input parameter errors such as bias correction, day/night timing, atmospheric
profiles, and snow depth may also affect the retrieval, though generally to a lesser ex-
tent [14,31].

Emissivity o Fg-departures
—e— CNTL vs EXP-M (%) b —®— CNTL vs EXP-P (%)
a. CNTL vs EXP-P (%) 51 M. CNTL vs EXP-M (%)
50 1
- \ /\/\
04 \\’/
—25
_50.
—e o o —o —0— ¢ o —»
775,
T T T T T T T T T _100 T T T
T D o © A % o o L R . N AT N BN
OIS S, S, S, R, S M, R i L A O Y U A I
S M T I R S O I . . N N,
SR N S N I I I SR G A A S S S S S
Date Date

Figure 4. Time series of daily averaged relative percentage differences in (a) emissivity (0-1 scale)
and (b) first-guess departures (K) for AMSU-A channel 5 observations over land during the period
2-10 February 2025. The control simulation (CNTL) is compared with two sensitivity experiments in
which the skin temperature is perturbed by +2 K (EXP-P) and —2 K (EXP-M).

Figure 5 illustrates the variations of the surface emissivity differences computed under
the SPEC and LAMB assumptions, together with the number of AMSU-A observations per
scan positions for four months in 2024. The AMSU-A zenith angle ranges from +/—58°,
with scan positions 15 and 16 corresponding to the nadir. Observations at the scan edges
(positions 1-3 and 28-30) are excluded due to the increased scan angles, which result in
larger footprint sizes, reduced representativeness, and lower transmission. As expected,
January shows the larger sensitivity (about 0.1 at nadir) to the surface hypothesis probably
due to the high occurrence of snow over the domain at that period. It should be noted
that surface emissivity is a dimensionless quantity. Emissivity is defined as the ratio of
the radiation emitted by a surface to that emitted by a perfect blackbody at the same
temperature. Its values range from 0 to 1, where 0 corresponds to a perfect reflector (no
emission) and 1 corresponds to a perfect blackbody (full emission). This is consistent
with the findings of [16,17]. The figure further indicates that the number of available
observations remains relatively uniform across scan positions, meaning that, overall, the
regional domain is observed homogeneously from all parts of the scan and not only one side
how it could happen over more polar latitudes. January records fewer total observations
compared to the other three months, likely attributable to data availability constraints;
this may be data availability. In January, the emissivity differences between SPEC and
LAMB are more pronounced, with larger mean differences particularly near nadir, whereas
substantially smaller differences are observed in April, June, and October.
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Figure 5. The box-and-whisker plot characterizes the emissivity differences calculated at AMSU-A
channel 3, per scan position (x-axis) from SPEC and LAMB experiments for the months of (a) January,
(b) April, (c) June, and (d) October 2024 over the MetCoOp domain. For each scan position, the box
extends from the first quartile (25th percentile) to the third quartile (75th percentile), representing the
interquartile range (IQR), and the horizontal line within each box denotes the median. The whiskers
extend to the most extreme values within 1.5 times the IQR from the lower and upper quartiles, while
the individual black dots indicate observations outside the whisker range (outliers). The horizontal
black line at zero indicates no difference between the SPEC and LAMB retrieved emissivities; positive
values indicate larger emissivity in SPEC than in LAMB, whereas negative values indicate larger
emissivity in LAMB than in SPEC. Gray bars, referenced to the right-hand vertical axis (y-axis), show
the number of observations (OBS Count) available at each scan position. Nadir corresponds to scan
positions 15 and 16.

3. Results

This section assesses the influence of employing surface emissivity derived from the
SPEC and LAMB hypotheses on the simulation of BT in a regional NWP system. Contrary
to past reference studies, mentioned above, that have been run in global systems with
coarser resolution, this study has been performed in a regional NWP framework providing
very high resolution background information (about 2.5 km). It should be noted that this
study focuses on a systematic comparison of two surface reflection assumptions without
explicitly accounting for sub-pixel surface heterogeneity. Consequently, the horizontal
resolution of the underlying model is not a primary factor in this analysis. The effects of sub-
pixel surface heterogeneity have been investigated separately in a previous study [11] and
are therefore beyond the scope of this work. Furthermore, this study extends beyond the
focus on active and thinned data, as seen in [17], by incorporating all available observations
across the MetCoOp domain. The subsequent analysis examines first-guess departures
from observations prior to the application of bias correction, except where otherwise
indicated. This methodology is employed to prevent any preferential bias toward the
SPEC experiment, given that the MetCoOp reference, which supplies the bias correction
coefficients, is based on the specular emissivity approach.

3.1. Impact over Land Surface

The consistency of the retrieved land surface emissivities was assessed by examin-
ing their spatial variability, as shown in Figure 6. The emissivities retrieved using the
SPEC and LAMB reflection assumptions are influenced by surface characteristics and
skin temperature. As illustrated in Figure 6a—c, the LAMB approach generally exhibits
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a larger standard deviation in retrieved emissivity, particularly during winter. This en-
hanced variability does not necessarily indicate improved retrieval performance; rather,
it may reflect physically meaningful spatial heterogeneity associated with snow-covered
surfaces or increased sensitivity of the retrieval to variations in surface and atmospheric
conditions. Over snow-covered surfaces, this behavior may be related to the porous and
structurally heterogeneous nature of dry snow, which promotes multiple scattering and
reduces the dominance of coherent specular reflection. Multiple scattering within the snow-
pack, together with surface roughness, can produce a more diffuse angular distribution
of microwave radiation, thereby providing a physical basis for the Lambertian reflection
approximation under certain snow conditions [3,32]. In contrast, the SPEC method shows
a much lower and more consistent spread when the gridded mean skin temperature is
below —10 °C (Figure 6¢). For April 2024, the gridded average emissivity indicates that
both SPEC and LAMB methods yield higher values when skin temperature ranges within
+/—5 °C (Figure 6d-f). However, LAMB tends to produce higher values overall, likely due
to radiation scattering across all discretizations. During the summer months, when skin
temperatures rise above 10 °C, variability decreases for both methods a few kilometers
inland (Figure 6g—i). In October, the LAMB method exhibited higher variability (Figure 6j-1),
particularly in the northern regions of Sweden and Norway, as well as across much of
Denmark. Elevated variability remains evident in coastal regions throughout all seasons in
the LAMB experiment. This is largely attributable to sub-grid variations in the land-sea
fraction sampled by individual satellite footprints. While observations are grouped into
spatial bins according to the footprint centre location, the actual surface composition within
the footprint can differ considerably. The strong emissivity contrast between land and ocean
surfaces therefore results in substantial variations in effective surface emissivity, leading to
enhanced variability in the coastal zones. Overall, the LAMB method consistently shows
greater variability in surface emissivity across all months. Conversely, the SPEC method
demonstrates significantly lower and more uniform standard deviations, reflecting a more
constrained and reliable variability range.

In the SPEC experiment for January, the root mean square error (RMSE) of first-
guess departures BT (in Kelvin) is notably higher across much of the Scandinavian region,
particularly in northern Norway, Sweden, and Finland (Figure 7). In contrast, the southern
parts of Sweden and Finland, along with Denmark, Estonia, Latvia, Lithuania, and southern
Poland, exhibit relatively lower RMSE values. In the LAMB experiment (Figure 7a), the
RMSE decreases across many areas, especially over Sweden and Finland. Additionally,
higher RMSE values correspond to regions with fewer observations (Figure 7c). For April
(Figure 7d—f), the error pattern differs from the winter months. Here, the first-guess
departure RMSE is significantly higher in the LAMB experiment compared to the SPEC
experiment, with the highest values located in western Norway and Sweden. During June
(Figure 7g—i) and October (Figure 7j-1), the gridded RMSE values are relatively lower for
both experiments, with errors more evenly distributed across the domain. For February
(Figure 7m-o), another winter month, the error distribution resembles that of April, with
the LAMB experiment showing higher RMSE, particularly in northern Sweden.

The distributions of first-guess BT departures over land and their corresponding
statistics are shown in Figure 8. The greatest impact of the surface reflection treatment is
evident for Channel 4 during the winter months, with LAMB substantially reducing the
mean first-guess departure relative to SPEC, from 1.01 K to 0.44 K in January 2024 and from
0.68 K to 0.02 K in February 2025. For Channel 5, the differences between the two reflection
treatments are smaller, although LAMB generally shifts the distributions toward lower
first-guess departures. For example, in February 2025, the mean departure decreases from
0.33 K for SPEC to —0.06 K for LAMB. In contrast, the SPEC and LAMB distributions
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for Channel 6 are nearly indistinguishable throughout all five months, indicating that
the influence of surface reflection treatment diminishes for channels with weaker surface
sensitivity. Figure 9 present a comparison of the channel-wise mean first-guess departure
statistics in BT measured in Kelvin for AMSU-A over the land surface, based on the
SPEC and LAMB experiments conducted over a five-month period. The average values
were derived from all 3 h assimilation cycles each day throughout each month. The
cells highlighted the enhanced performance of the LAMB experiment throughout the
winter months. The findings reveal that during January, October and February, the LAMB
experiment outperformed SPEC, showing lower mean errors. For channel 4 (52.8 GHz),
the mean errors in the SPEC experiment were 1.01 K, 0.27 K, and 0.68 K for these months,
respectively, which improved to 0.44 K, —0.08 K, and 0.02 K in the LAMB experiment.
In contrast, in April and June, the SPEC experiment demonstrated better performance,
with mean errors of 0.42 K and 0.09 K, compared to the LAMB experiment’s mean errors
of —0.44 K and —0.27 K. For channel 5 (53.5 GHz), the LAMB experiment demonstrated
superior performance during January, April, October, and February compared to the SPEC
experiment. Specifically, the mean errors in the SPEC experiment for these months were
0.51 K, 0.18 K, 0.09 K, and 0.33 K, respectively, which improved to 0.22 K, —0.08 K, —0.06 K,
and 0.06 K in the LAMB experiment. However, in the summer month of June, the SPEC
experiment demonstrated better results, with a mean error of 0.01 K compared to —0.31 K
in the LAMB experiment. The reasons for SPEC’s superior performance during the summer
are not well understood. It is important to note that bare soil and vegetation exhibit
stronger specular reflection characteristics in summer, and increased soil moisture may
improve surface smoothness. A similar trend was observed for channel 4 (52.8 GHz)
and channel 5 (53.5 GHz) during January, June, October, and February, with the LAMB
experiment outperforming SPEC in April. For the higher frequency channels 6-9, both
experiments exhibited comparable performance, except for channel 6 in January, where
the SPEC experiment outperformed the LAMB experiment. It is also noteworthy that a
consistent negative bias in the timing of the first-guess departures has been observed for
channels 6, 7, and 9 in both the SPEC and LAMB experiments, as well as across the multiple
months. This indicates that the simulated BT tends to be overestimated.

Figure 10 illustrates the statistics of first-guess departures for AMSU-A channel 5
under the SPEC and LAMB surface emissivity assumptions. Panels (a) and (c) correspond
to regions with 20-40% land cover (coastal areas dominated by sea), while panels (b) and (d)
represent regions with 60-80% land cover (coastal areas dominated by land). In regions
with 20—40% land cover, the standard deviations of first-guess departures are comparable
between SPEC and LAMB. However, the absolute bias is generally smaller for LAMB,
highlighting the importance of accurately representing surface reflection in kilometer-scale
models with strong land—sea contrasts and sub-footprint heterogeneity. In January 2024,
SPEC showed a small positive bias of 0.18 K (SD: 0.62 K), whereas LAMB exhibited a slight
negative bias of —0.14 K with marginally lower variability (SD: 0.61 K). By February 2025,
both experiments showed reduced spread (SD: 0.46 K), with SPEC maintaining a weak
positive bias of 0.11 K. These results indicate a clear sensitivity of channel 5 departures to
the emissivity representation over heterogeneous coastal areas.

For regions with 60-80% land cover (Figure 10b,d), the differences between SPEC and
LAMB are more pronounced. In January 2024, SPEC exhibited a positive mean bias of 0.36 K
with a standard deviation of 0.61 K, departures ranging from —2.09 K to 3.45 K, and an
RMSE of 0.70 K. In contrast, LAMB shows a near-neutral mean bias of 0.04 K with slightly
lower variability (SD: 0.58 K) and departures ranging from —2.34 K to 2.31 K. While both
configurations display comparable dispersion, the LAMB assumption effectively reduces
the mean first-guess departures. Overall, these results demonstrate that channel 5 first-
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guess departures are highly sensitive to emissivity representation, particularly in coastal
regions with heterogeneous land—sea distributions, underscoring the need for accurate
surface reflection treatment in high-resolution modeling.
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Figure 6. Spatial distribution of the gridded (0.5 x 0.5) standard deviation (SD) of retrieved emissivity
for SPEC and LAMB experiments. Two distinct scenarios of AMSU-A channel 5, alongside the skin
temperature (°C) used to retrieve surface emissivity Results are shown over the MetCoOp domain
for (a—c) January 2024, (d—f) April 2024, (g—i) June 2024, and (j—1) October 2024.

3.2. Impact over Snow

AMSU-A MW observations over snow-covered surfaces are identified using the corre-
sponding model fields, including the snow mask, surface skin temperature, and land—-sea
mask. A threshold of -10 °C is utilized for the surface skin temperature parameter. Regions
exhibiting skin temperatures below this threshold are designated as snow-covered, contin-
gent upon their location within terrestrial zones where the land-sea mask value surpasses
0.6, considering that the land-sea mask values range between 0 and 1. The majority of
snow-covered surfaces are expected to occur predominantly during the winter months,
particularly in January and February. In January, a significant portion of the land within
the study area is snow-covered, with a notably higher density of observations compared to
February and the subsequent months (Figure 11). This figure also illustrates the seasonal
variation in snow-covered regions across Scandinavia. Notably, no snow cover was ob-
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served in June 2024. During the autumn month of October (Figure 11i), limited snowfall
events were recorded over Norway and the northern part of Sweden. Regarding the RMSE,
the SPEC experiment consistently shows higher values than the LAMB experiment across
all four months analyzed. The error is particularly pronounced along the coastal regions of
Norway, which may be attributed to the complex orographic influences associated with
high altitudes, as well as interactions between maritime and terrestrial environments in
these areas.
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Figure 7. Spatial distribution of the gridded (0.5 x 0.5) available MW observation count at the center
of the nadir (scan position 15 and 16) and the corresponding root mean square error (RMSE) in
terms of Brightness Temperature (BT, in Kelvin) first-guess departures to observations at AMSU-
A channel 5, computed using SPEC and LAMB method for (a-c) January 2024, (d-f) April 2024,
(g—i) June 2024, (j-1) October 2024 and (m-o) February 2025. Green color scale corresponds to the
observation count and the jet color scale corresponds to the first-guess departure RMSE.
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Figure 8. Histograms of first-guess departures from AMSU-A observations for channels 4, 5, and
6 (K) over land surface. The distributions are shown for two surface-reflection configurations:
brightness temperature (BT) simulations using the specular (SPEC; green) and Lambertian (LAMB;
blue) assumptions, with surface emissivity retrieved from channel 3. Results are presented for
(a—c) January 2024, (d—f) April 2024, (g—i) June 2024, (j-1) October 2024 and (m-o) February 2025.
The vertical dashed black line indicates zero first-guess departure. The mean first-guess departure
(Mean), and standard deviation (SD) are reported in each panel.

The distribution of observations, along with the mean first-guess departures of BT
(in K) over snow-covered regions, indicates that the LAMB experiment outperforms the
SPEC experiment for channel 4 (52.8 GHz) and channel 5 (53.59 GHz), exhibiting a positive
mean error (Figure 12). However, for channel 6, the error distributions are comparable
between the two experiments. Additionally, minor differences in the number of obser-
vations are observed between the LAMB and SPEC experiments across all channels and
months. The discrepancy in the number of observations between the two experiments
is attributable to the application of quality control measures prior to data assimilation.
Specifically, observations were filtered in accordance with Equation (2) in [5] This procedure
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incorporates a gross error check intended to eliminate radiance observations impacted by
significant errors.

A comparative evaluation of the SPEC and LAMB experiments over snow-covered
areas was performed by examining the mean first-guess departures of brightness tempera-
tures prior to bias correction (Figure 13). The results demonstrate that the LAMB experiment
yields lower mean departures than the SPEC experiment for AMSU-A channel 4 (52.8 GHz)
and channel 5 (53.59 GHz), with reductions of approximately 1.3 K and 0.5 K, respectively.
Notably, the 1.3 K improvement corresponds to an estimated 50-100% reduction in error.
Throughout the snow season, the LAMB configuration consistently surpasses the perfor-
mance of the SPEC formulation. Conversely, the difference between the two experiments
for channel 6 (54.4 GHz) is minimal, approximately 0.03 K, indicating that this discrepancy
likely falls within the uncertainty bounds of the observations or the RTTOV simulations.
For the higher-peaking channels (channels 7 through 9), both experiments exhibit compa-
rable performance, which aligns with expectations given their diminished sensitivity to
surface emission effects.
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Figure 9. Mean first-guess departure statistics for AMSU-A channels 4 to 9 over land surface from
the SPEC and LAMB experiments for January, April, June, and October 2024 and February 2025. The
panels show (a) mean FG bias, (b) standard deviation (SD), and (c) root-mean-square error (RMSE),
all in Kelvin. Statistics are calculated from all available first-guess departures for each experiment,
month, and channel. The comparison highlights the seasonal dependence of the differences between
the SPEC and LAMB assumptions. The average values were calculated every 3 h each day for
every month.
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Figure 10. Distribution of first-guess departures (K) for AMSU-A channel 5 observations using
brightness temperature simulations based on the SPEC emissivity formulation (green) and the LAMB
approximation (blue). The left column corresponds to regions with 20-40% land cover (coastal areas
dominated by sea), while the right column represents regions with 60-80% land cover (coastal areas
dominated by land). Results are shown for (a,b) January 2024 and (c,d) February 2025. The total
number of observations (N), mean departure (Mean), and standard deviation (SD) are provided in
each panel.

An effect-size analysis was performed to quantify the practical significance of the
differences between the SPEC and LAMB experiments over snow-covered regions during
January 2024 and February 2025. In January 2024 (see Table 1), AMSU-A channel 4 demon-
strated greater variability in departure values within the SPEC experiment compared to
the LAMB experiment. Specifically, the standard deviation and variance were 0.97 and
0.95, respectively, for SPEC, while these values were lower in LAMB at 0.91 and 0.83. Addi-
tionally, the mean departure was markedly higher in the SPEC experiment, as evidenced
by the larger 95% confidence interval (1.70-1.72 K) compared to LAMB (1.09-1.11 K). This
disparity is further supported by a substantial t-test statistic of 105.45, indicating a statisti-
cally significant difference in mean departures, while the F-test statistic of 1.14 suggests a
measurable increase in variance. Considering that typical AMSU-A channel 4 departures
range between 1 and 2 K, the observed reduction in mean departure from approximately
1.7 K in SPEC to 1.1 K in LAMB corresponds to an improvement of roughly 0.6 K. This
represents a meaningful decrease in simulation error and implies a more accurate mod-
eling of surface reflection processes within the LAMB configuration. Similar behavior is
observed for channel 5, where SPEC exhibits a larger spread (0.63) and variance (0.40) than
LAMB (0.54 and 0.29), with confidence intervals of 0.93-0.94 K and 0.58-0.59 K, respectively.
The corresponding ¢-test and F-test statistics (96.46 and 1.40) further confirm statistically
significant differences in both mean and variability.

A similar analysis was conducted for February 2025 (Table 2). In channel 4, the LAMB
experiment exhibits larger spread (1.40) and variance (1.97) than SPEC (1.16 and 1.35).
Nevertheless, the mean departure remains substantially higher in SPEC (1.58-1.62 K) than
in LAMB (0.51-0.54 K), resulting in a highly significant ¢-test statistic of 89.32. For channel 5,
SPEC again shows larger spread and variance than LAMB, together with larger mean
departures. The corresponding statistical tests confirm significant differences in both mean
and variance.
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Figure 11. Spatial distribution, over snow-covered surfaces, of the gridded (0.5 x 0.5) available MW
observation count at the center of the nadir (scan position 15 and 16) and the corresponding RMSE in
terms of BT (in Kelvin) of first-guess departures to observations at AMSU-A channel 5, computed
using SPEC and LAMB method. of AMSU-A channel 5, and for (a—c) January 2024, (d—f) April 2024,
(g—i) October 2024 and (j-1) February 2025. . Blue color scale corresponds to the observation count
and the jet color scale corresponds to the first-guess departure RMSE.

Table 1. Statistical summary of first-guess departures over snow-covered surfaces for AMSU-A
channels 4-5 using the SPEC and LAMB emissivity formulations during January 2024. Shown are the
number of observations, spread, variance, 95% confidence intervals of the mean (Cljoyer and Clupper),
and the corresponding Student’s t-test and F-test statistics evaluating differences in mean departures
and variability between the two experiments.

Metric CH4-SPEC CH4-LAMB CH5-SPEC CH5-LAMB
Obs Count 53,803 53,795 53,803 53,795
SD 0.97 0.91 0.63 0.54
Variance 0.95 0.83 0.40 0.29
Clower 1.70 1.09 0.93 0.58
Clupper 1.72 1.11 0.94 0.59
t-test 105.45 105.45 96.46 96.46
F-test 1.14 1.14 1.40 1.40
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Figure 12. Histogram of first-guess departures to AMSU-A observations at channels 4, 5, and 6
(measured in Kelvin) over snow-covered surfaces. The distribution is shown for two configurations:
BT simulations using the SPEC method (in green) and the LAMB approximation (in blue) to retrieve
emissivity at channel 3. Data from (a-c) January 2024, (d-f) April 2024, as well as (g-i) February 2025,
have been included in this analysis. The mean departure (Mean), and standard deviation (SD) are
provided in each panel.
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Figure 13. Mean first-guess departures from AMSU-A observations for channels 4-9 (K) over snow-
covered surfaces for the SPEC and LAMB experiments during the five selected months. The mean
values were calculated at 3 h intervals for each day of each month. Cells highlighted in blue indicate
improved performance of the LAMB experiment relative to the SPEC experiment.
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Table 2. Same as Table 1, but for February 2025.

Metric CH4-SPEC CH4-LAMB CH5-SPEC CH5-LAMB
Obs Count 22,389 23,200 22,448 23,259

SD 1.16 1.40 0.63 0.53
Variance 1.35 1.97 0.40 0.28

Cliower 1.58 0.51 0.80 0.38

Clupper 1.62 0.54 0.81 0.39

t-test 89.32 89.32 76.96 76.96

F-test 0.68 0.68 1.43 1.43

Opverall, both winter periods demonstrate persistent and statistically significant differ-
ences in first-guess departures between the SPEC and LAMB emissivity formulations. The
largest differences occur in channels 4 and 5, which are most sensitive to surface emission
and skin-temperature effects over snow-covered surfaces. The consistently smaller mean
departures obtained with the LAMB formulation suggest a more realistic representation
of microwave surface emissivity over snow, resulting in improved agreement between
observed and simulated brightness temperatures.

4. Discussion

The assimilation of surface-sensitive MW observations in complex regions continues
to present challenges due to persistent uncertainties in the representation of surfaces in
NWP systems. This study assesses the application of the emissivity method on the sur-
face employing two distinct assumptions: SPEC and LAMB. To this end, two separate
experiments were conducted based on these assumptions to investigate the seasonal vari-
ability of surface emissivity. The analysis primarily concentrates on the influence of these
assumptions on land and snow-covered surfaces, with the objective of determining the
most appropriate parameterization.

Experimental results indicate that these two reflectivity models exhibit distinct sea-
sonal first-guess departures patterns. During the winter months (January-February), the
SPEC assumption results in higher RMSE in first-guess departures over land relative to
the LAMB approach. In contrast, during the summer season, the SPEC model outperforms
LAMB across land surfaces. In snow-covered regions during the winter season, both models
consistently exhibit positive biases in first-guess departures. The variability in surface emis-
sivity is markedly higher under the LAMB assumption, while the SPEC model produces
lower and more spatially uniform standard deviations. Regarding the mean first guess
departure, the LAMB experiment demonstrates superior performance for surface-sensitive
channels compared to the SPEC experiment over snow-covered conditions.

Previous studies by [16,17] demonstrated that adopting a Lambertian surface as-
sumption can substantially reduce biases. Consistent with these findings, our analysis of
departure statistics derived using SPEC over both land and snow surfaces revealed notable
biases that were significantly mitigated when a Lambertian surface assumption was ap-
plied over the snow surface. Their study further notes that, despite these improvements,
residual biases persist across several channels. Notably, the surface-sensitive channels
exhibited a less consistent relationship when comparing observed bias differences with
those predicted from simulations of the Lambertian effect across various months. They
also found that the presence of negative biases at nadir for channel 4 suggests potential
overcorrection, implying that a partially Lambertian surface assumption may offer a more
accurate representation.

Our results also indicate a degree of seasonal variability consistent with prior studies.
Specifically, the reduced error observed during winter months in the LAMB experiment
suggests increased Lambertian behavior, implying that surface characteristics fluctuate with
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snow conditions. This observation corroborates the findings of [16], who reported that the
Lambertian assumption yielded optimal performance during the Antarctic winter, whereas
more specular assumptions were preferable in summer. Hence, our findings corroborate
those of [16,17], reinforcing the conclusion that adopting a Lambertian surface assumption
enhances bias representation and improves the accuracy of radiance assimilation over snow
area, particularly for low-peaking channels. Overall, our results do not indicate a universal
advantage of the LAMB reflection treatment over SPEC. The SPEC assumption generally
provides better agreement between simulated and observed brightness temperatures over
snow-free land surfaces, whereas LAMB shows advantages under snow-covered conditions,
particularly during winter. These findings suggest that the optimal surface reflection
treatment depends on the surface state, with a Lambertian representation being more
appropriate for snow-affected scenes and a specular treatment generally preferable for
snow-free conditions.

5. Conclusions

The principal contribution of this study is the systematic evaluation of specular and
Lambertian surface reflection assumptions within a high-resolution, limited-area opera-
tional modeling context. Special emphasis is placed on addressing the challenges posed by
the highly heterogeneous surface characteristics of the Nordic region. The findings reveal
that the specular reflection assumption generally delivers the most robust performance
across diverse Nordic surface conditions, while the Lambertian assumption offers partic-
ular advantages primarily over snow-covered terrains. In contrast to prior research that
predominantly concentrated on surface reflection or emissivity parameterizations within
global modeling frameworks (e.g., [17]), this investigation underscores the significance of
assessing surface reflection assumptions within a high-resolution, limited-area modeling
environment, where surface and atmospheric heterogeneity are resolved at spatial scales
considerably finer than the AMSU-A footprint. The results furnish novel statistical evidence
demonstrating that increased spatial resolution markedly improves AMSU-A radiance
simulations over complex land and snow-covered surfaces.

An independent study is currently being conducted to assess the impact of these two
experiments over sea-ice regions [33]. This work is limited to AMSU-A MW radiances
under clear-sky conditions. As stated in [17], these results could also be beneficial to
optimize the assimilation of other existing microwave sounders such as ATMS, MWHS-2
and MHS. These instruments are presently actively assimilated in HARMONIE. Ongoing
progress in all-sky radiance assimilation techniques is expected to increase the usefulness
of MW observation by allowing effective assimilation of observations in cloudy and pre-
cipitating conditions, thereby enhancing the overall observation impact. In addition, the
European Space Agency (ESA) successfully launched the Arctic Weather Satellite (AWS)
on 16 August 2024 [28,34]. The AWS carries a cross-track scanning microwave radiometer
with 19 channels operating between 50 and 325 GHz. These channels provide information
on atmospheric temperature and humidity profiles and include frequencies at 50, 89, and
183 GHz, similar to those of other AMSU microwave instruments. The results from this
study can provide valuable input for assimilating surface-sensitive AWS radiances under
both clear-sky and all-sky conditions and can be further extended using new AWS datasets
in future research.

The overarching objective of this research is to assess the strengths and limitations
of the current data assimilation system. Particular emphasis is placed on identifying
geographic regions where existing methodologies exhibit suboptimal performance, with
the intent of developing refined surface characterization approaches to address these
shortcomings. Moreover, to date, atmospheric analyses have not actively incorporated
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surface-related information such as surface temperature or emissivity. With the emergence
of coupled data assimilation frameworks, future investigations will prioritize leveraging
surface information to improve the consistency and accuracy of integrated atmosphere—
surface analyses [35].

Finally, recent advances in machine learning have demonstrated significant potential
for estimating surface emissivity using microwave remote sensing observations. A long-
standing challenge in remote sensing is the limited understanding of geophysical states
inferred from satellite measurements of Earth’s emitted radiation. To address this issue,
ref. [36] introduced a novel sea ice surface emissivity model and produced detailed, global,
year-round maps of sea ice concentration through inverse modeling techniques. This study
advanced the retrieval of surface emissivity from satellite microwave data by employing
a hybrid framework that integrates machine learning with data assimilation. The super-
vised learning component incorporated prior knowledge of relevant geophysical variables,
thereby enhancing both model accuracy and interpretability. The results indicate that such
hybrid methodologies can substantially improve the estimation of model parameters and
geophysical variables across diverse Earth system applications. Complementing this work,
ref. [37] developed a neural network-based framework that transforms traditional models
into satellite retrieval algorithms, enabling the direct estimation of boundary conditions
from adjacent spectral channels. Their method achieved high retrieval accuracy, validated
with real observational datasets, underscoring its potential for integration within assim-
ilation systems. The continued expansion of these hybrid machine learning approaches
represents a promising direction for future research.
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