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Highlights

What are the main findings?

e A semi-empirical (SE) algorithm is developed to retrieve PWV from MTG-I1/FCI NIR
bands, achieving a relative error < 0.10 and outperforming MODIS PWV (MOD05).

e  The SE algorithm shows greater adaptability to systematic radiometric discrepancies,
while correction of the reflectance discrepancy reduces the absolute and relative errors
of the RTM-based retrievals by 41% and 47%, respectively, yielding an accuracy
comparable to that of the SE retrievals.

What are the implications of the main findings?

e  The proposed implementation supports reliable PWV retrieval from geostationary
satellite NIR observations when systematic radiometric discrepancies are present.

e  The MTG-11/FCI PWYV product significantly enhances temporal resolution over polar-
orbiting satellites, enabling improved real-time weather monitoring and tracking.

Abstract

Accurately tracking the spatial and temporal variations of water vapor is indispensable
for weather forecasting and climate adaptation, yet remains challenging due to the sparse
coverage and discontinuity of ground-based observations. Satellite remote sensing, particu-
larly from geostationary satellites like Meteosat Third Generation Imager-1 (MTG-I1), offers
continuous, high-resolution data. To the best of our knowledge, MTG-11 is the first geosta-
tionary satellite equipped with a near-infrared (NIR) spectral band specifically designed
for detecting water vapor. To address the lack of precipitable water vapor (PWV) data
derived from the Flexible Combined Imager (FCI) onboard MTG-I1, a novel semi-empirical
(SE) algorithm optimized for PWYV retrieval is proposed. Validation against ground-based
PWV measurements using an initial test set and a temporally independent test set yielded
relative errors of no more than 0.10, indicating stable retrieval performance outside the
model-development period. The FCI-derived PWYV retrievals were also more accurate than
the corresponding MODIS PWV data. Compared to the traditional radiative transfer model
(RTM)-based retrieval method, the SE method shows greater adaptability to systematic
differences between the observed and RTM-simulated FCI reflectance. After correcting for
radiometric degradation, the RTM-based algorithm achieves a 41% reduction in absolute er-
ror and a 47% reduction in relative error, bringing its accuracy in line with the SE algorithm.
Overall, the proposed SE algorithm demonstrates superior robustness and adaptability,
and can provide more reliable remote sensing PWV data to support weather forecasting
and climate research.
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1. Introduction

Water vapor is an indispensable and dynamic part of Earth’s atmosphere, exerting
significant influence on both climate systems and weather processes. Functioning as a major
greenhouse gas, it is crucial to the regulation of global temperatures [1]. In the absence
of this greenhouse effect, the planet’s average temperature would be substantially lower,
posing serious challenges to ecosystems and human societies. Moreover, water vapor is a
key driver of extreme weather events [2-5]. Phenomena such as torrential rainfall, typhoons,
floods, and droughts are strongly linked to the concentration, distribution, and variability
of atmospheric moisture. The condensation of water vapor releases latent heat, which
fuels atmospheric circulation and influences the development and intensity of weather
systems. Consequently, accurate monitoring of its spatiotemporal distribution is vital for
the forecasting and mitigation of extreme weather events.

These vital roles underscore the necessity of accurately observing atmospheric water
vapor across time and space. Atmospheric water vapor exhibits significant spatiotemporal
variability [6], posing challenges for traditional ground-based observations. Limited by
sparse spatial coverage and discontinuous data, ground stations struggle to comprehen-
sively capture the dynamic changes in atmospheric water vapor. In contrast, satellite
remote sensing provides a powerful solution for large-scale, continuous water vapor moni-
toring. Satellites provide global data coverage, particularly in remote regions where ground
stations are sparse or absent. Consequently, satellite-based water vapor retrieval is a critical
scientific tool, supporting climate change adaptation and extreme weather management
while offering substantial scientific and practical value.

Numerous meteorological and environmental satellites equipped with near-infrared
(NIR) water vapor detection capabilities have been launched globally, providing critical
precipitable water vapor (PWV) data for worldwide water vapor monitoring [7-9]. Notable
examples include the Meteosat Third Generation Imager-1 (MTG-I1) operated by Europe,
the Terra and Aqua satellites from the United States, and China’s FY-3 satellite. To the
best of our knowledge, MTG-11 is the first and currently only geostationary satellite with
NIR water vapor absorption (WVA) bands. With their high orbital altitude and broad
coverage, geostationary satellites like MTG-I1 enable continuous observation of fixed
regions, offering superior temporal resolution compared to polar-orbiting satellites like
Terra. For comparison, while polar-orbiting satellites provide global coverage, their revisit
cycles range from hours to days. In contrast, MTG-I1 achieves minute-level temporal
resolution, essential for real-time tracking of water vapor dynamics, monitoring weather
system development, and improving short-term forecast accuracy.

However, there is a lack of available MTG-I1 water vapor data. Developing an
efficient and precise retrieval algorithm tailored for MTG-I1 could provide more reliable
data support for meteorology, climatology, and disaster warning applications, thereby
maximizing the satellite’s operational potential. Existing NIR PWV retrieval methods
can generally be divided into radiative transfer model (RTM)-based methods and semi-
empirical (SE) methods. RTM-based methods establish the relationship between water
vapor absorption transmittance and PWYV through radiative transfer simulations. Their
retrieval accuracy depends on the assumed atmospheric conditions, spectral response
functions, and sensor radiometric characteristics. Therefore, systematic retrieval errors
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may occur when the actual sensor radiometric response differs from that assumed in
the simulations.

In contrast, SE methods establish the transmittance-PWYV relationship directly from
matched satellite observations and ground-based PWV measurements. Consequently, the
radiometric state represented by the satellite observations during model development is
incorporated into the fitted coefficients, enabling the SE method to better accommodate
existing systematic radiometric discrepancies [10]. For example, Xie et al. constructed
25 radiometric-degradation scenarios by assigning five different decay coefficients to the
NIR water vapor absorption band and its adjacent reference band. The results showed that
radiometric degradation altered the fitted coefficients of the SE model, but did not reduce
the retrieval accuracy when the model was reconstructed using observations acquired
under the corresponding sensor response state. This conclusion was further supported by
mathematical derivation [10].

The SE method adopted in this study is not newly proposed. Similar methods have
previously been applied to NIR observations from other satellite sensors and evaluated
using multi-season and long-term datasets, demonstrating their applicability under differ-
ent seasonal, atmospheric water vapor, and geographic conditions [10,11]. The primary
objective of this study is to adapt the established SE method to the spectral characteristics
of the MTG-I1/FCI 0.865 and 0.914 um bands, evaluate the potential of FCI observations
for PWV retrieval, and provide technical support for the development of an FCI-derived
PWYV product.

The structure of this study is organized as follows. Section 2 outlines the satellite
and ground-based datasets utilized, Section 3 systematically introduces the water vapor
retrieval methodology, Section 4 evaluates the retrieval outcomes, Section 5 compares the
results of the SE and RTM-based PWV retrieval algorithms, and Section 6 summarizes the
key findings.

2. Data
2.1. MTG/FCI Data

The Meteosat Third Generation Imager-1 (MTG-I1) satellite is the first of the third-
generation meteorological satellites operated by Europe. MTG-I1 plays a central role in the
European meteorological satellite system, with the primary objective of improving extreme
weather warning capabilities through high-precision observations and providing essential
data for climate research [12]. The satellite’s main payload, the Flexible Combined Imager
(ECI), features 16 bands covering visible and infrared ranges, greatly enhancing its imaging
performance. The spectral response function (SRF) of the two NIR bands used for PWV
retrieval is shown in Figure 1.

FCI achieves spatial resolutions of up to 500 m in the visible bands, 1 km in the NIR
bands, and 1-2 km in the IR bands. With its rapid scanning capabilities, FCI completes a
full-disk scan of the Earth every 10 min. It can also perform targeted scans over Europe
every 2.5 min, enabling high-frequency, minute-level monitoring [13]. This high tempo-
ral resolution facilitates real-time tracking of storm development and cloud dynamics,
significantly enhancing the accuracy of short-term weather forecasts. The dataset used
in this study spans the observation period from 13 September 2024 to 30 January 2025
and is freely available via the ICARE (Interactions between the Climate, Atmosphere, and
Radiation Environment) satellite data center in France. Although the FCI observations
used in this study do not cover a complete annual cycle, the matched AERONET sites are
distributed across both the Northern and Southern Hemispheres. Therefore, the dataset
includes mainly autumn-to-winter conditions in the Northern Hemisphere and spring-to-
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summer conditions in the Southern Hemisphere, rather than being restricted entirely to
autumn-winter conditions.
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Figure 1. The NIR bands of MTG-I1/FCI utilized for PWYV retrieval.

2.2. AERONET PWV Data

AERONET (AErosol RObotic NETwork) is an international aerosol observation sys-
tem [14]. It can continuously obtain high-precision aerosol and PWV data. The network
follows a rigorous quality control protocol to ensure the accuracy and long-term stability
of PWYV data [15]. AERONET PWV data have become a highly reliable reference dataset
for validating satellite-derived PWV data, and are widely used to systematically assess
spatial representativeness and temporal continuity errors in satellite data [16-18]. In this
work, ground-based PWV data derived from 75 AERONET sites, whose spatial distribution
is shown in Figure 2, are spatiotemporally matched with MTG-I1/FCI observations to
develop a SE PWYV retrieval algorithm for MTG-I1/FCI. Additionally, AERONET data
are used to assess the precision of MTG-11/FCI PWV data. All AERONET sites used in
this study are located over land. Accordingly, the model development and validation
performed here focus exclusively on PWYV retrieval over clear-sky land regions.

30°W 0° 30°E 60° E

60° N

30°N

30°N

) )

7 7

) )

(2] ™
i = ‘ e AERONET

60° W 30°W 0° 30°E 60°E

Figure 2. The location of 75 AERONET sites utilized. Each solid blue dot represents an AERONET site.
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2.3. MODIS PWYV Data

The Moderate Resolution Imaging Spectroradiometer (MODIS) onboard the Terra and
Aqua satellites has five NIR bands (1.24, 0.940, 0.936, 0.905 and 0.865 um) that are used for
retrieving PWV. The MODIS PWV data developed by NASA using these bands (i.e., MOD05
and MYDO5) stand out as one of the most commonly utilized remote PWV datasets [19].
In this work, MODIS PWYV data, validated against AERONET observations, are used as a
reference to assess the precision of MTG-I1/FCI PWV data. By comparing the statistical
metrics of MODIS and MTG-I1/FCI PWV data relative to AERONET observations, the
precision of MTG-I1/FCI PWV data is indirectly evaluated.

3. Method
3.1. Cloud Mask

Because NIR radiation cannot effectively penetrate clouds, the FCI 0.865 and 0.914 pm
bands can only be used for PWV retrieval under clear-sky conditions. An official MTG-
I1/ECI cloud mask product was not available from the ICARE data portal for the study
period. Therefore, a custom cloud-screening method was applied using threshold tests
based on the 0.47 and 1.38 um bands together with local spatial-variance checks. Relatively
strict thresholds were adopted to minimize the inclusion of cloud-contaminated pixels. The
specific cloud-screening criteria are as follows:

(1) For any pixel, if the reflectance of the band at 0.47 pm exceeds 0.4 or the reflectance of

the band at 1.38 pm exceeds 0.02, the pixel is classified as a cloud pixel [20].

(2) For any pixel, if the variance of the reflectance of the band at 0.47 um exceeds 0.005

or the variance of the reflectance of the band at 1.38 um exceeds 0.003 within a

3 x 3 pixel window centered on it, all pixels within the 3 x 3 window are classified as

cloud pixels [11,20].

Although relatively strict thresholds were used, no cloud-detection method can com-
pletely remove all thin-cloud and cloud-edge pixels. Residual cloud contamination may
alter the NIR reflectance ratio and lead to an overestimation of the water vapor absorption
transmittance calculated using Equation (2), thereby causing an underestimation of the
retrieved PWV.

3.2. PWV Retrieval

Previous studies have demonstrated a strong correlation between the natural logarithm
of water vapor absorption transmittance (WVAT) of near-infrared bands (In(T)) and the
slant column water vapor content (P’) along the sun-land—satellite path [11,21]:

P'= A x (In(T))* + B x In(T) + C, (1)

Building upon this relationship, we develop a PWYV retrieval model specifically de-
signed for MTG-I1/FCI. To achieve this, a spatiotemporal match is performed between
MTG-I1/FCI observations under clear-sky land conditions and corresponding AERONET
PWYV measurements. The mean of AERONET PWYV values collected within a £5 min
window of MTG-I1 observation are paired with the average of valid MTG-I1/FCI data
across a 10 x 10 km? area centered on the AERONET site. The FCl-related variables used
in the matching process include the reflectance of the bands at 0.865 and 0.914 pm, along
with the sun zenith angle (6s,) and satellite zenith angle (6,).

For sensors equipped with only one NIR water vapor absorption band, PWYV retrieval
commonly assumes that, in the absence of water vapor absorption, the top-of-atmosphere
reflectance of the absorption band is approximately equal to that of a nearby non-absorption
reference band. This approximation has been adopted for sensors such as DPC, PSAC,
and POLDER [11,21,22]. For ECI, the 0.865 um band is used as the reference band for
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the 0.914 um water vapor absorption band. Accordingly, the water vapor absorption
transmittance at 0.914 um can be estimated using Equation (2) [10]:

To.914 um = 00914 pm/ £0.865 m, )

This approximation is most applicable to clear-sky land surfaces with sufficiently high
reflectance. Differences in vegetation spectra, soil reflectance, and the spectral dependence
of aerosol scattering may cause the reflectance of the two bands to differ even in the absence
of water vapor absorption, thereby introducing uncertainty into the estimated transmittance.
Such uncertainty may be more pronounced over surfaces with low reflectance. Therefore,
the retrieval method used in this study is primarily intended for clear-sky land regions
with sufficiently high NIR reflectance [11,21]. The relationship between P’ and PWV (P) is
described by Equation (3).

, 1 1
Pr=Px <COS(952) + cos(902)>' ®)

Following the spatiotemporal matching of MTG-I1/FCI observations and AERONET
data, the matched results are utilized as inputs to compute the corresponding P’ and
ln(T0.914 ILLm) for each matched pair. Subsequently, a regression model between P’ and
ln(T0‘914 um> can be established. During operational retrieval, the model is utilized to
retrieve PWV.

3.3. Validation of MTG-I11/FCI PWV Data

AERONET PWYV data are utilized to validate MTG-11/FCI PWV data. A spatiotempo-
ral matching approach is adopted to align AERONET and FCI PWYV data: the temporal
mean of AERONET PWV measurements collected within a £5 min window of MTG-
I1/FCI observation are matched with the spatial average of valid FCI PWYV retrievals
across a 10 x 10 km? area centered on AERONET station [23]. Three statistical metrics
are utilized, including mean bias (MB), relative error (RE) and root mean square error
(RMSE). The validation samples are divided into two test sets. Test Set 1 consists of the
30% of matched samples from Dataset A that were withheld from model development.
Test Set 2 consists of all matched samples from Dataset B and is temporally independent
of the model-development dataset. Neither test set was used to determine the regression
coefficients of the SE model.

4. Results
4.1. MTG-I1/FCI PWV Retrieval Model

The FCI observations collected at hourly intervals from 13 September 2024 to
29 January 2025 were utilized. The observations were divided into two temporally distinct
datasets. Dataset A covers 13 September to 30 November 2024, and contains 1579 matched
FCI-AERONET samples. Of these samples, 70% (1105 samples) were used to establish the
SE regression model, while the remaining 30% were withheld from model development
and used exclusively as Test Set 1. Dataset B covers 1 December 2024 to 29 January 2025.
None of the samples in Dataset B were used for model fitting or regression-coefficient
determination. Instead, all matched samples from Dataset B were used exclusively as the
temporally independent Test Set 2. This data-partitioning strategy ensures that there is no
overlap between the samples used for model development and those used for validation.
The relationship between P’ and ln(T0_914 um)/ derived from the 1105 training samples, is
shown in Figure 3.
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Figure 3. The matching results between P’ and In(Tp914 yim)-

Analysis of these results reveals a strong correlation between P’ and ln(TO,914 ILLm),
with a coefficient of determination (R?) greater than 0.9. Their relationship can be expressed
by Equation (4).

P’ =16.88 x (In(Tg 914 um))* — 7.35 X In(Tg 914 ;i) + 0-00, 4)
By integrating Equations (2)—(4), the final MTG-I1/FCI PWYV retrieval model is formu-

lated, as presented in Equation (5).

2
P 16.88 % (In (00914 um/ 00865 um))” — 7.35 X In(00.914 um/£0.865 um) + 0.00 5)
= 1 T /

4.2. Spatial Distribution of MTG-11/FCI PWV Data

Figure 4 presents a representative single-day example to qualitatively illustrate the
spatial distribution and temporal continuity of the FCI-derived PWV data, as well as
their overall spatial consistency with the corresponding MODIS PWV observations. As
illustrated in Figure 4, the MTG-11/FCI PWV data demonstrate excellent spatial continuity,
consistent with the generally uniform nature of atmospheric water vapor distribution.
Compared with the MODIS PWV data, the two datasets exhibit highly similar spatial
distribution patterns. However, the MODIS PWYV values are overall higher than those of
the MTG-I1/FCI PWV data. Although previous studies have shown that MODIS PWYV data
tend to significantly overestimate water vapor [23,24], we are currently unable to conclude
from this comparison whether the MTG-I1/FCI PWV data contain a notable systematic bias.
Because a single-day spatial comparison is insufficient to determine whether either dataset
contains a systematic bias, this issue is further evaluated using ground-based AERONET
observations in Section 4.3. Owing to the higher temporal resolution of MTG-I1/FClI, the
derived PWYV data provide enhanced temporal coverage for tracking dynamic changes in
atmospheric water vapor. The single-day example in Figure 4 is intended for qualitative
visualization rather than for quantitative evaluation of retrieval accuracy or robustness.
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Figure 4. The spatial distributions of FCI PWV data and MODIS PWYV data on 20 October 2024.
Subfigures (a—i) represent FCI PWV data from 8:00 to 16:00, and subfigures (j k) represents MODIS
PWYV data derived from Terra and Aqua.

4.3. Validation Results of MTG-11/FCI PWV Data

The accuracy of the FCI-specific PWV retrieval model was evaluated using two test sets
that were not involved in regression-coefficient determination. Test Set 1 consists of the 30%
of matched samples from Dataset A that were withheld from model development. Test Set 2
consists of matched samples from Dataset B, covering 1 December 2024 to 29 January 2025,
and is temporally independent of the model-development dataset. Because Test Set 2
was acquired during a different time period and was completely excluded from model
development, it provides an independent assessment of the temporal stability of the FCI-
specific retrieval relationship.

The validation results for the two test sets are presented in Figure 5. The statistical
metrics obtained for Test Set 2 are comparable to those obtained for Test Set 1. This consis-
tency indicates that the FCI-specific model maintains stable retrieval performance when
applied to observations acquired outside the model-development period. Furthermore,
when compared to MODIS PWV data for the same period, the FCI PWV data demon-
strate superior accuracy. One should be aware that MODIS PWYV data exhibit systematic
error [23,24]. For example, Wang et al. reported a relative error of approximately 30% for
global MODIS PWYV observations in 2022 [22]. The relative error of 0.55 obtained for the
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2025 MODIS observations in this study is higher than that reported for the 2022 global
dataset. This difference may partly reflect temporal changes in the radiometric response
of the MODIS NIR bands. Differences in sample distribution, geographic coverage, ob-
servation conditions, and spatiotemporal matching procedures may also contribute to the
different error magnitudes.

~
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FCI PWV Data (cm)
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Figure 5. The validation results of MTG-I1/FCI PWV data and MODIS PWYV data. (a) Test Set 1.
(b) Test Set 2. (¢) MODIS PWV data corresponding to Test Set 2.

Given that MODIS PWYV data are among the most widely used remote sensing PWV
products currently available [25-27], and that the relative error of PWV retrievals from
near-infrared bands typically ranges from 0.10 to 0.30 [23], the MTG-I1/FCI PWV data,
with a relative error ranging from 0.09 to 0.10, achieve a high level of accuracy, placing
them among the most accurate remote sensing PWV datasets worldwide. In addition,
the validation results do not show a substantial number of anomalously underestimated
FCIPWYV values, suggesting that residual cloud contamination does not exert a dominant
influence on the overall statistical results.

5. Discussion

In addition to the SE method, an RTM-based method was implemented for comparison.
The Second Simulation of a Satellite Signal in the Solar Spectrum—Vector model (65V) was
used with its default atmospheric profile, and aerosol effects were not considered. The
spectral response function of the FCI 0.914 um band was incorporated to calculate band-
integrated water vapor absorption transmittance for PWV values from 0 to 8 cm at intervals
of 0.1 cm and for the solar and satellite zenith angles corresponding to each FCI pixel. Both
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the SE and RTM-based methods use the same observed FCI data, the same geometric inputs,
and the same definition of observed water vapor absorption transmittance. The essential
difference is how the transmittance-PWYV relationship is established: it is fitted directly
from matched FCI-AERONET observations in the SE method and calculated with 65V in
the RTM-based method. The RTM-based retrieval consists of the following steps [7,19]:

For each pixel, the observed water vapor absorption transmittance is calculated using
Equation (2).

The solar and satellite zenith angles of the pixel are used in 6SV to calculate the
0.914 um water vapor absorption transmittance for PWV values from 0 to 8 cm at intervals
of 0.1 cm.

The observed transmittance is then linearly interpolated within the simulated
transmittance-PWYV relationship to retrieve PWV.

The RTM-based validation results are shown in Figure 6a. Compared with the SE
results in Figure 5b, the uncorrected RTM-based retrievals exhibit a clear systematic under-
estimation (MB = —0.22 cm) and lower accuracy. This result indicates that the RTM-based
method is sensitive to inconsistencies between the actual radiometric response represented
by the FCI observations and the radiometric state assumed in the 65V calculations.

To investigate the systematic underestimation, the 0.914 pm water vapor absorption
transmittance corresponding to the 1105 model-development samples was calculated, and
the apparent reflectance at 0.914 um was simulated by multiplying this transmittance
by the apparent reflectance at 0.865 um. Figure 7 shows the probability distribution
of the measured-to-simulated 0.914 pm apparent-reflectance ratio. The mean ratio is
1.035 £ 0.044, indicating a systematic radiometric discrepancy between the observations
and the RTM simulations. Without independent calibration evidence, this discrepancy
cannot be attributed exclusively to sensor degradation. Potential contributors include
sensor degradation or calibration bias, limitations in the 65V simulations, the assumption
of no aerosol contribution, surface reflectance variability, and possible spectral-response-
function mismatches. Regardless of its source, the discrepancy increases the transmittance
estimated from Equation (2) relative to that assumed in the RTM simulation and is consistent
with the PWV underestimation in Figure 6a.

Using the measured-to-simulated reflectance ratio, the water vapor absorption trans-
mittance can be adjusted according to Equation (6). This correction is intended to quantify
the influence of the observed systematic reflectance discrepancy on the RTM-based PWV
retrieval; it should not be interpreted as an independent radiometric calibration of FCL

T0914 ym = £0.914 pm/ (00865 um X 1.035), (6)

The RTM-based retrievals before and after correction of the systematic reflectance
discrepancy are referred to as Data M1 and Data M2, respectively, and are shown in
Figure 6a,b. Data M2 has substantially higher accuracy than Data M1 and shows no
significant systematic bias (MB = 0.01 cm), whereas Data M1 has a clear negative bias
(MB = —0.22 cm). Relative to Data M1, the absolute and relative errors of Data M2 decrease
by 41% and 47%, respectively. The accuracy of Data M2 is comparable to that of the SE
retrievals, while the uncorrected Data M1 is less accurate. These results demonstrate
that the systematic radiometric discrepancy has a substantial influence on the RTM-based
retrieval. The SE relationship, by contrast, is established directly under the radiometric
state represented by the observations during model development. Thus, its advantage is
more accurately described as adaptability to the existing sensor radiometric state rather
than permanent or intrinsic immunity to subsequent degradation. If the sensor response
changes substantially after model development, the SE coefficients should be updated
using newly matched observations.
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Figure 6. The validation results of MTG-I1/FCI PWV data developed using the RTM-based algorithm
corresponding to Test Set 2. (a) Data M1. (b) Data M2.
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Figure 7. The probability distribution of the ratio of the measured to simulated apparent reflectance
of the band at 0.914 um.

6. Conclusions

This study successfully developed a semi-empirical PWYV retrieval algorithm for the
NIR bands of MTG-I1/FCI. The proposed algorithm offers a key technical solution for
obtaining high-precision atmospheric water vapor data. It demonstrates outstanding
retrieval performance, achieving a relative error of no more than 0.10, which significantly
exceeds the accuracy levels of MODIS PWV data. Comparative analysis shows that,
unlike the traditional RTM-based PWYV retrieval algorithm, the SE algorithm is more
robust and practical in the face of a systematic radiometric discrepancy between the
observed and simulated FCI reflectance. Further investigation reveals that applying a
reflectance correction mechanism significantly improves the accuracy of the RTM-based
algorithm—reducing absolute and relative errors by 41% and 47%, respectively. Because
the SE relationship is fitted directly from actual FCI observations and matched ground-
based PWV measurements, the radiometric state represented during model development is
incorporated into the coefficients, enabling the method to accommodate existing systematic
radiometric discrepancies. This adaptability should not be interpreted as permanent
immunity to later sensor changes; the coefficients may require updating if the sensor
response changes substantially. This robustness, coupled with its computational efficiency
and operational applicability, makes the semi-empirical algorithm the preferred solution
for retrieving PWV from MTG-11/FCI data. Overall, this study provides technical support
for the efficient generation of MTG-I1/FCI PWYV products.
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