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Abstract: Reliable climate monitoring is essential for understanding
environmental changes in sensitive regions such as Qinghai province, Article History
China, where complex topography and scarce ground observations

challenge accurate assessment. In this context, GNSS-RO has emerged as a Received:
robust technique, offering high vertical resolution, global coverage, and 16-Apr-2025
long-term stability. This study conducts a comparative analysis of three key Revised:
climate variables: air temperature, precipitation, and evapotranspiration in 15-May-2025
Qinghai from 2019-2023 using GNSS-RO alongside widely used satellite-

based datasets, namely ERAS for air temperature, GPM for precipitation, Re-revised:
and TerraClimate for evapotranspiration. Results reveal notable 20-Jun-2025

discrepancies: remote sensing air temperatures (269.56-271.69 K) were

consistently higher than GNSS-RO values (~263.2 K); TerraClimate Accepted:
evapotranspiration estimates (2,600— 2,734 mm) were substantially larger 22-Jun-2025
than GNSS-RO values (~500 mm/year); and GNSS-RO precipitation
outperformed GPM with lower bias and RMSE (2.130 mm; 5.900 mm vs.
18.573 mm; 22.601 mm). These differences may reflect the influence of
regional topography, atmospheric variability, and dataset-specific retrieval
methods. Spatiotemporal variations were especially evident in high-altitude
areas, underscoring GNSS-RO’s advantage in capturing mountain climate
dynamics. Overall, the findings emphasise the need for integrating multiple
satellite platforms to reduce uncertainties, strengthen climate monitoring in
data-scarce regions, and provide more reliable evidence for climate policy
and future adaptation strategies.
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1. Introduction

Global Navigation Satellite Systems (GNSS) have evolved beyond their original use in
positioning to become powerful tools for atmospheric monitoring. Their signals, which can
penetrate through clouds and weather systems, provide continuous, all-weather, and near-real-
time data. Using radio occultation, GNSS enables accurate retrieval of atmospheric parameters
such as water vapour, temperature, and pressure, making it an important technique for climate
research (Jin & Komjathy, 2010).

Qinghai province, located in the northeastern part of the Qinghai-Tibet Plateau, functions as a
critical ecological barrier with substantial influence on regional and national environmental
systems (An et al., 2024). As a high-altitude, ecologically sensitive region, it has been
increasingly affected by climate change, with rising temperatures, shifting precipitation
patterns, and heightened vulnerability to extreme weather events (Zhang et al., 2023).

The Tibetan Plateau (TP), often referred to as the “third pole” serves as a critical zone of
interaction among the atmosphere, cryosphere, hydrosphere, and biosphere. Qinghai province,
situated in the northeastern part of the TP, is directly linked to this system and contains the
headwaters of several of Asia’s major rivers, providing essential water resources that sustain
downstream populations and economic activities. However, over the past three decades, the
TP has experienced marked climatic changes that have altered atmospheric and hydrological
cycles, leading to shifts in river discharges, the expansion of glacier-fed lakes, and widespread
permafrost degradation. These transformations threaten regional water security, ecosystems,
and livelihoods, while future projections warn of reduced downstream water availability under
continued warming (Yang et al., 2014).

Atmospheric climate monitoring requires observations of consistently high quality that meet
the standards set by the Global Climate Observing System (GCOS). Since 2001, radio
occultation (RO) data derived from GPS signals have been provided by multiple satellite
missions, offering global coverage, high accuracy, and satisfactory vertical resolution in the
troposphere and lower stratosphere. Importantly, structural uncertainty in climate trends is
lowest between 8 and 25 km altitude across all RO missions and variables. For temperature,
uncertainties remain below 0.05 K per decade in the global mean and below 0.1 K per decade
at all latitudes (Steiner ef al., 2020).

Qinghai’s ecological significance and sensitivity to climatic changes, broader efforts in climate
monitoring and analysis become increasingly essential. Effective climate change monitoring
and analysis are integral to understanding environmental dynamics and require the systematic
examination of both spatial and temporal variability (Sa’i ef al., 2024). Climate monitoring,
prediction, and research are fundamental pillars of the global strategy to mitigate and adapt to
climate change. Improved accuracy in assessing the pace of climate change, along with a more
precise characterisation of associated uncertainties, can enhance policy formulation and
potentially expedite the establishment of a global consensus on climate action (Moses et al.,
2023). To better understand the significance of these impacts, it is essential to examine the
region’s specific climatic features. Low temperatures, long hours of sunshine, and intense solar
radiation characterise the region’s climate. The annual mean temperature ranges between 0°C
and 3.4°C. Precipitation is primarily concentrated between July and September, with annual
rainfall varying from approximately 273.7 mm to 467.8 mm. Since the 1960s, the region’s
temperature has been rising at a rate of about 0.25°C per decade. This increase is higher than
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the warming seen in other regions at similar latitudes (Zhu et al., 2024)
In response to the limitations of ground-based observations in regions like Qinghai, satellite-
based technologies have become essential tools for climate assessment. Satellite remote
sensing has made significant advances in understanding the climate system and its changes by
quantifying atmospheric, land, and ocean processes and spatiotemporal states (Yang et al.,
2013).

Remote sensing has emerged as an increasingly vital component of contemporary climate
research. The continual expansion of long-term satellite-derived datasets has provided robust
evidence for detecting and quantifying changes and trends within the global climate system.
Moreover, advancements in sensor technology and measurement methodologies have
substantially enhanced the precision and resolution of observations, enabling the retrieval of
detailed information on key climatic variables. These developments contribute critical inputs
to climate modelling and simulation frameworks, thereby improving the accuracy and
reliability of climate projections (Cracknell & Varotsos, 2011).

The accuracy and reliability of GNSS-RO for retrieving atmospheric parameters such as
temperature, pressure, and water vapour have been well established in earlier studies (Anthes
et al.,2008; Kursinski et al., 1997; Yu et al., 2014). Comparative analyses with AIRS and other
satellite systems confirmed its superior vertical resolution and global coverage (Kursinski &
Hajj, 2001; Wulfmeyer et al., 2015). In high-altitude and data-sparse regions such as the
Qinghai-Tibet Plateau, GNSS-RO has shown particular promise for capturing fine-scale
atmospheric variability (Ding et al., 2022; Zhao et al., 2021). However, limited research has
systematically compared GNSS-RO derived variables with conventional remote sensing and
reanalysis products over Qinghai Province. Among GNSS techniques, radio occultation has
proven to be a powerful indirect method for observing atmospheric profiles in both the upper
and lower regions of the atmosphere (Moses ef al., 2023). The GNSS-RO technique provides
globally distributed, all-weather observations with high vertical resolution, exceptional
measurement accuracy, and long-term stability, making it particularly effective for profiling
the middle and upper troposphere, stratosphere, and ionosphere (Moses ef al., 2023).

GNSS-RO refers to the transmission of signals from GNSS satellites to Low Earth Orbit (LEO)
satellites, such as COSMIC, GRACE, METOP, and CHAMP, with the signals passing through
the Earth's atmosphere prior to reception (Sa’i et al., 2024). It relies on the continuous
transmission of radio signals from GNSS satellites (GPS/GLONASS/Galileo), which orbit
Earth at approximately 20,000 km above the surface (Sa’i et al., 2024). This technique
measures the refraction of GNSS signals through the atmosphere during satellite occultation
events, providing high vertical-resolution, cloud-independent profiles from the surface to the
upper stratosphere. Its long-term stability and global coverage make it highly valuable for
climate monitoring and model evaluation (Gleisner ef al., 2022).

GNSS-RO has become one of the most accurate and dependable techniques for atmospheric
profiling, offering distinct advantages over conventional observation methods used in
numerical weather prediction (NWP) and climate analysis. At leading NWP centres, its data
are assimilated using advanced observation operators such as the RO Processing Package
(ROPP), providing critical input for both global and regional analyses. Owing to its exceptional
precision and long-term stability in the upper troposphere and lower stratosphere (UT/LS), it
provides more reliable, bias-free information than traditional satellite or radiosonde
measurements. Assimilation of bending-angle (o or BA) profiles has been shown to
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substantially enhance forecasting skill by improving temperature and humidity retrievals and
by aiding radiance bias correction. Moreover, recent Observing System Simulation
Experiments (OSSEs) demonstrate that expanding global coverage continues to improve
forecast accuracy, highlighting the method’s unique capacity to provide high-resolution, all-
weather, and globally consistent atmospheric observations that surpass the limitations of
traditional systems (Wu et al., 2024)

Building on the demonstrated strengths of GNSS-RO, this study further explores the
integration of satellite-based remote sensing datasets to provide a comprehensive evaluation of
climate variables. The ongoing advancement of remote sensing technologies, including next-
generation satellite systems and innovative large-scale data processing techniques, is critical
for enhancing the precision and reliability of climate change research that relies on remotely
sensed data (Wang, 2023). The meteorological variables were acquired from multiple satellite-
based remote sensing datasets. Air temperature data were obtained from the fifth-generation
ECMWF Reanalysis (ERAS), precipitation measurements were sourced from the Global
Precipitation Measurement (GPM) mission, and evapotranspiration data were extracted from
the TerraClimate dataset. All remote sensing datasets were accessed and processed through the
Google Earth Engine platform. These remote sensing-derived parameters were subsequently
compared with corresponding data obtained via radio occultation to assess their consistency
and accuracy. Each of these variables reflects distinct but interconnected aspects of
atmospheric and surface processes, making them ideal for satellite-based climate evaluation.

Air temperature represents one of the most critical and direct indicators of climate change. It
serves as a fundamental variable in the analysis of climate dynamics, hydrological processes,
ecological transformations, and disaster risk assessment. In recent years, the persistent increase
in air temperatures has been closely associated with the heightened intensity and frequency of
extreme weather events, including heatwaves and severe droughts (Zhang et al., 2024).

Closely linked to temperature dynamics, precipitation exhibits variability on interannual and
decadal scales, with changes in its amount, intensity, frequency, and form (e.g., snow versus
rain) exerting significant impacts on both the environment and society. Increasing evidence
indicates that anthropogenic climate change, particularly global warming, is altering
precipitation patterns and intensifying the hydrological cycle, with pronounced effects on
extreme weather events (Trenberth, 2011).

Complementing the roles of temperature and precipitation, evapotranspiration is a critical
process studied across multiple disciplines, including hydrology, agriculture, energy balance,
and climate science. It plays a vital role in determining irrigation requirements and estimating
surface runoff, contributes to the assessment of the Earth's surface energy budget, enhances the
accuracy of atmospheric circulation models, and is essential in the characterisation of climatic
conditions (Ajjur & Al-Ghamdi, 2021).

Despite the increasing availability of satellite-based climate datasets such as GPM, ERAS, and
TerraClimate, their performance in high-altitude and topographically complex regions like
Qinghai province remains inadequately validated (Liu et al., 2023; Sun et al., 2023). Most
existing studies have focused on large-scale or lowland regions, often overlooking the unique
climatic variability and retrieval limitations present in mountainous terrains (Steiner et al.,
2013). Furthermore, there is a notable scarcity of research comparing vertical atmospheric
profiles from GNSS-RO data with surface-level remote sensing products across identical
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spatial and temporal domains. This lack of integrated analysis constrains our understanding of
climate trends in ecologically sensitive areas such as the Qinghai—Tibet Plateau. Addressing
this gap is essential for improving the accuracy and consistency of satellite-derived climate
indicators in complex topographies.

Previous research has highlighted the considerable potential of GNSS-RO and satellite-based
remote sensing in monitoring climate variability across the Qinghai-Tibet Plateau.
Nevertheless, significant discrepancies have been observed among different satellite products,
particularly in temperature and evapotranspiration estimates over high-altitude and
topographically complex regions (Peng et al., 2016; Tran et al., 2023). These inconsistencies
are primarily attributed to differences in spatial resolution, retrieval algorithms, and
atmospheric correction approaches (Vannah et al., 2025). However, limited effort has been
devoted to systematically investigating the underlying causes of these variations or assessing
their broader implications for climate modelling, data assimilation, and policy development in
the region.

Despite these technological advancements, significant research gaps remain in evaluating the
consistency and performance of GNSS-RO and remote sensing datasets in high-altitude,
topographically complex regions such as Qinghai province, China. These ecologically
sensitive areas are increasingly vulnerable to the impacts of climate change, underscoring the
urgent need for accurate and consistent climate observations. However, the scarcity of dense
ground-based observational networks in these areas poses significant challenges for accurate
climate monitoring. This study is motivated by the need to improve the reliability of climate
data in complex terrain by evaluating GNSS-RO and satellite-based remote sensing datasets.
It addresses both the scientific imperative to validate satellite-derived climate variables and the
broader societal need for robust climate analysis tools in environmentally sensitive, data-scarce
regions. To address these scientific gaps, this study sets out with the following objectives:

e To compare GNSS-RO and satellite-based datasets (GPM, ERAS5, TerraClimate) for
climate variable estimation over Qinghai Province.

e To analyse spatiotemporal trends in air temperature, precipitation, and
evapotranspiration from 2019 to 2023.

e To assess the consistency and reliability of GNSS-RO data relative to remote sensing
products in a complex topographical setting.

2. Materials and methods
2.1. METOP

Since 2007, the Meteorological Operational (MetOp) satellite series, operated by the European
Organisation for the Exploitation of Meteorological Satellites (EUMETSAT), has provided
long-term observations of the Earth's surface and atmosphere to support meteorological
operations and climate research. Although primarily designed for weather forecasting, MetOp
delivers key climate-relevant products, such as tropospheric temperature and water vapour
profiles derived from infrared and microwave sounders (Trent et al., 2023).

The satellites operate in a polar, sun-synchronous orbit at an altitude of approximately 817 km

and an inclination of 98.7°, ensuring consistent local-time observations. Each orbit takes about
101 minutes, enabling over 14 orbits per day and near-global coverage. The mission’s objective
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is to deliver reliable long-term datasets to support forecasting and global climate monitoring
(Clerbaux et al., 2009). In this study, MetOp data from 2019 to 2023 were programmatically
extracted for Qinghai Province, China.

2.2. ERAS

The ERAS reanalysis dataset, developed by the European Centre for Medium-Range Weather
Forecasts (ECMWF), provides global climate data with a 31 km spatial and hourly temporal
resolution, covering the period from 1950 to near real-time. ERAS is widely recognised for its
enhanced performance relative to other reanalysis products, owing to its finer resolution and
improved data assimilation methods that include the latest satellite observations. Numerous
validation studies have demonstrated the high consistency of ERAS5-derived meteorological
parameters with ground-based and remote sensing observations, confirming the dataset’s
reliability for climate analysis (Hassan et al., 2024).

2.3. GPM

The Global Precipitation Measurement (GPM) mission, jointly led by NASA and JAXA, aims
to unify and improve spaceborne global precipitation observations (Draper et al., 2015).
Operating in a non-sun-synchronous orbit at ~407 km, the GPM Core Observatory carries the
GPM Microwave Imager (GMI) and Dual-frequency Precipitation Radar (DPR). GMI provides
calibrated passive microwave observations and serves as the radiometric reference for the GPM
constellation, while the mid-inclination orbit enables overlap with polar-orbiting radiometers,
enhancing coverage (Newell ef al.,, 2015). The mission targets five key objectives: (a)
improving precipitation data accuracy and coverage; (b) advancing knowledge of precipitation
processes, water cycle variability, and freshwater distribution; and enhancing (c) hydrological,
(d) climate, and (e) weather prediction systems (Skofronick-Jackson et al., 2018).

2.4. TerraClimate

The terraClimate dataset, developed by researchers at the University of Idaho, provides high-
resolution monthly climate data at ~4 km spatial resolution, supporting climate and ecological
research through detailed spatial and temporal coverage (Hanchane et al., 2023). It offers a
comprehensive suite of variables, including evapotranspiration, temperature, and precipitation
(Araghi et al., 2023). TerraClimate integrates high-resolution climatological normals from the
WorldClim dataset with coarser-resolution monthly time-series data using climatically aided
interpolation. This yields a global dataset that includes key climate variables such as
precipitation, maximum and minimum temperature, wind speed, vapour pressure, solar
radiation, and evapotranspiration (Abatzoglou et al., 2017).

3. Methodology

3.1. Study area

Qinghai province, located in western China (31.5°-39.3°N, 89.3°-103°E), spans
approximately 724,000 km?, making it the fourth-largest province in the country (Ke et al.,
2009). Positioned in the northeastern Qinghai—Tibetan Plateau, the region comprises three

major topographic zones: the Qilian Mountains in the north, the Qaidam Basin in the centre,
and the Southern Qinghai Plateau. Elevation ranges from 1,650 m (Minhe County) to 6,860 m
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(Bukadaban Peak, Kunlun Mountains), with a mean elevation exceeding 3,000m. About 26.3%
of the area lies below 3,000 m, 67% between 3,000 and 5,000 m, and 5% above 5,000 m. The
higher elevations are dominated by extensive glaciers and permanent snow cover, while the
central basin features semi-arid to arid desert and upland grassland ecosystems (Ke et al.,
2009). The average altitude of the study area exceeds 3,000 m, and the region experiences a
continental plateau climate. The mean annual temperature ranges from —5.7 °C to 8.5 °C, and
the annual total precipitation varies between 50 mm and 450 mm (Zhao et al., 2021).

This region was selected for the present study due to its ecological vulnerability and clear
indications of climate change, including increasing near-surface air temperatures, shifting
precipitation regimes, and accelerating glacial retreat. These factors establish Qinghai as a key
area for assessing climate variability, evapotranspiration processes, and ecological responses
within semi-arid, high-altitude ecosystems.

Figure 1: The geographical location of Qinghai, China.
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3.2. Data collection

Google Earth Engine (GEE) is a cloud-based platform developed by Google that enables large-
scale geospatial analysis, visualisation, and processing of Earth science data, with a particular
emphasis on satellite-based Earth observation datasets (Zhu et al., 2024). GEE provides access
to a vast array of geospatial datasets and satellite imagery, coupled with robust spatial analysis
capabilities. Data retrieval on the GEE platform is highly efficient, typically requiring only a
few lines of code, as it automates data loading and processing. Consequently, users do not need
to perform manual radiometric or geometric corrections, as the platform handles them
internally. Instead, users focus on scripting specific processing workflows tailored to their
research objectives (Kazemi Garajeh et al., 2024).

Using the GEE platform, remote sensing data relevant to evapotranspiration, air temperature,
and precipitation were obtained from the TerraClimate, ERAS5, and GPM datasets,
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respectively. These datasets were selected based on their consistency, spatiotemporal
resolution, and established reliability for climate change assessments. In parallel, radio
occultation data for the same variables were retrieved from the MetOp (Meteorological
Operational) satellite series through code-based access, enabling automated and efficient
extraction of atmospheric profiles.

These satellite-derived observations are widely recognised for their accuracy and suitability in
climate and hydrological research. Both remote sensing and radio occultation datasets focused
on the Qinghai region and covered the period from 1 January 2019 to 31 December 2023. The
acquired data were initially downloaded as GeoTIFFs and subsequently converted to CSVs to
enable time-series extraction and statistical analysis via scripted processing, facilitating
integration across data sources. Preprocessing steps were applied to ensure data quality,
including the exclusion of anomalous values to enhance the robustness of subsequent analyses.

3.3. Data collection and processing criteria

The selection of satellite and GNSS-RO datasets was guided by their temporal coverage, spatial
resolution, and proven reliability in representing key climate variables over high-altitude
regions. TerraClimate was chosen for its high-resolution (4 km) monthly data on temperature
and evapotranspiration, ERAS for its globally consistent reanalysis-based air temperature
fields; and GPM for its high-frequency precipitation estimates. These datasets have been
widely validated for climate variability studies over the Qinghai—Tibet Plateau. (Zhao et al.,
2021; Li et al., 2022). GNSS-RO data from the MetOp satellite series were selected due to
their high vertical resolution and minimal bias, ensuring robust atmospheric profiling under
varying conditions. Data spanning 2019—2023 were analysed to capture both interannual and
seasonal variations in climatic parameters.

Prior to analysis, all datasets were resampled to a common spatial resolution and temporal
frequency. The study area boundary was clipped to the Qinghai Province shapefile to ensure
spatial consistency across all datasets.

3.4. Data validation and analysis

Validation was performed through cross-comparison between GNSS-RO and remote sensing
datasets for overlapping temporal and spatial domains. Statistical performance metrics,
including the Pearson correlation coefficient (r), root mean square error (RMSE), and mean
bias error (MBE), were employed to evaluate the degree of agreement between datasets.
Temporal averaging was used to minimise short-term fluctuations and enhance comparability.
The analysis workflow was executed in both Google Earth Engine (GEE) and Python,
leveraging libraries such as pandas, numpy, and matplotlib for time-series analysis and
visualisation. Consistency checks were applied to identify and exclude outliers potentially
arising from signal attenuation, retrieval errors, or missing observations.

3.5. Hinderances and validations
Despite the advantages of integrating GNSS-RO and remote sensing datasets, several
challenges were encountered. The sparse spatial density of GNSS-RO observations limits

detailed spatial pattern analysis, while remote sensing retrievals are occasionally affected by
cloud contamination, surface emissivity variability, and retrieval algorithm assumptions.
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Additionally, Qinghai’s complex topography introduces orographic effects and localised
atmospheric gradients that may influence temperature and precipitation measurements. These
factors, though mitigated through averaging and cross-validation, introduce a degree of
uncertainty into comparative analysis. Future work could incorporate in-situ meteorological
observations to strengthen dataset validation.

4. Results
4.1. Precipitation analysis
4.1.1. Statistical performance metrics

Our comparison of precipitation data between GPM (satellite-based) and METOP (GNSS
derived) datasets revealed substantial differences in statistical performance metrics, as
illustrated in Figure 2a and 2b. Figure 2a shows the GPM-derived precipitation data, which
display noticeably higher bias and error values, while Figure 2b presents the METOP data,
reflecting lower error and greater temporal stability. Specifically, the GPM dataset exhibited
considerably higher values for bias (18.6 mm) and MAE (18.5 mm) compared to METOP (2.1
mm for both metrics). The RMSE was also significantly higher for GPM (22.7 mm) than for
METOP (5.9 mm), indicating that GNSS-derived precipitation estimates more closely align
with expected climatological patterns.

Similarly, the unbiased RMSD (UbRMSD) and standard deviation (SD) were lower for
METOP (5.5 mm) compared to GPM (12.6 mm), further confirming that the GNSS-derived
approach provides more consistent and stable precipitation estimates over Qinghai Province.

Figure 2 (a & b): Statistical performance metrics for precipitation data (2019-2023) from GPM (top)
and METOP (bottom) satellites
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4.1.2. Temporal variations

The yearly average precipitation variations illustrated in Figure 3 revealed notable differences
between the two products. As shown in Figure 3, GPM displays significant interannual
fluctuations with visible peaks and troughs across the study period, whereas METOP maintains
a nearly flat and stable trend line. GPM showed substantial interannual variability with
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precipitation estimates ranging from 15.98 mm (2022) to 22.87 mm (2020), representing a
variation of approximately 43%. In contrast, METOP exhibited remarkable stability across the
five-year period, with values consistently around 2.13 mm (+0.01 mm), indicating minimal
interannual variability. This visual contrast in Figure 3 highlights how GPM’s variability likely
reflects the influence of large-scale atmospheric dynamics, while METOP’s consistent trend
underscores the potential of GNSS-derived data for stable, long-term regional climate
monitoring.

Figure 3: Yearly average precipitation values (2019-2023) obtained from GPM (top) and METOP
(bottom) satellites
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4.1.3. Seasonal variability

The analysis of seasonal precipitation patterns illustrated in Figure 4 revealed distinct
variations between the two datasets. As depicted in Figure 4a, GPM displays a sharp seasonal
cycle with high peaks during the summer months and a steep decline toward winter, while
Figure 4b shows that METOP follows the same general pattern but at much lower magnitudes.
GPM precipitation showed pronounced seasonal variability, with peak values occurring during
the summer months (June—August) reaching approximately 40—45 mm, and minimum values
during winter months (December—February) below 5 mm. This pattern reflects a distinct
unimodal seasonal distribution, with peak precipitation coinciding with the summer monsoon
period.

Figure 4: Yearly average precipitation variations from 2019 to 2023 derived from GPM (a) and METOP
(b) satellite data
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In contrast, Figure 4b highlights METOP’s subdued amplitude, with summer peaks of around
6— 8 mm and near-zero precipitation during winter, emphasising its overall stability and lower
magnitude. Both datasets consistently demonstrate the characteristic dry-winter and wet-
summer pattern typical of the Qinghai region’s continental climate.

4.1.4. Spatial distribution analysis

The contour and spatial analyses of GPM-derived precipitation data from 2019 to 2023 (as
illustrated in Figure 5) reveal a consistent northwest-to-southeast gradient across Qinghai
Province. Figure 5a displays the contour maps showing the broad precipitation distribution
patterns, while Figure 5b provides detailed spatial maps highlighting local variations. Higher
precipitation levels are consistently concentrated in the northwestern regions (shown in
red/orange), with values gradually decreasing toward the southeastern areas (shown in blue).
This spatial pattern remains remarkably stable across all five years, despite interannual
variations in precipitation intensity. The contours presented in Figure 5a emphasise the smooth
and coherent transition of precipitation zones, capturing large-scale regional gradients,
whereas the finer spatial resolution in Figure 5b reveals localised intensity differences within
the province. Both representations collectively demonstrate the strong spatial coherence
captured by GPM satellite observations, with the gradient pattern consistently showing
maximum precipitation in the northwestern portion of the province and minimum values in the
southeastern regions.

Figure 5: GPM-based precipitation contours and spatial distribution across Qinghai, China
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In contrast, the METOP-derived precipitation data (as illustrated in Figure 6) exhibit a more
heterogeneous and spatially variable distribution over the same five-year period. Figure 6a
presents the contour maps, showing the large-scale precipitation gradients, while Figure 6b
displays the detailed spatial distribution patterns, revealing localised variations across Qinghai
province. The contour analyses in Figure 6a reveal minimal precipitation variation across most
of the study region, with sparse and subtle contour lines indicating relatively uniform low
precipitation values throughout Qinghai Province. Unlike the smooth northwest—southeast
gradients seen in the GPM data, the METOP contours display limited spatial coherence and
weaker regional organisation, reflecting a more fragmented precipitation structure.

The corresponding spatial distribution maps in Figure 6b depict a more complex and irregular
pattern, with scattered patches of slightly higher precipitation (shown in yellow/orange)
dispersed among predominantly low-precipitation zones (shown in blue/cyan). These fine-
scale spatial variations appear intermittently across different years—most notably in 2019,
2021, and 2023—indicating localised precipitation responses captured by the GNSS-RO
system. Despite these localised fluctuations, the overall precipitation magnitude remains
consistently low across all years, and no systematic regional gradients are observed as in the
GPM dataset. This spatial heterogeneity likely reflects both the high vertical sensitivity and
limited horizontal sampling density of GNSS-RO measurements, as well as potential artifacts
introduced during spatial interpolation and gridding processes.

Figure 6: METOP-based precipitation contours and spatial distribution across Qinghai, China
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4.2.  Air temperature analysis
4.2.1. Statistical performance metrics

Air temperature comparisons between ERAS5 (reanalysis) and METOP (GNSS-derived)
datasets (as illustrated in Figure 7) reveal notable differences in their mean values and
statistical behaviour. Figure 7a presents the ERAS5-based performance metrics, while Figure
7b shows the corresponding METOP-derived results, enabling a direct comparison of their
error magnitudes and variability. ERAS exhibited mean air temperatures ranging from 270.65
K to 272.65 K over the study period, whereas METOP consistently produced lower estimates
near 263.15 K. This systematic cold deviation in the GNSS-RO—derived temperatures relative
to ERAS likely arises from differences in vertical resolution, retrieval algorithms, and the
conversion of atmospheric refractivity to temperature profiles.

Even after bias correction, the metrics shown in Figure 7b indicate that METOP retains higher
error values, with MAE and RMSE of around 15-17 °C, suggesting limited accuracy in
capturing absolute atmospheric temperatures relative to ERAS. By contrast, Figure 7a shows
that ERAS yields lower RMSE values (approximately 5 °C), indicating tighter agreement with
climatological expectations. Overall, the performance statistics in Figure 7 highlight that while
GNSS-RO-based temperature retrievals from METOP provide consistent temporal behaviour,
their systematic cold bias and broader error spread underscore the need for calibration and
regional tuning to improve accuracy over high-altitude regions like Qinghai.

Figure 7: Statistical performance metrics for air temperature data (2019-2023) from ERAS5 (top) and
METOP (bottom) satellites
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4.2.2. Temporal variations

The yearly average temperature variations (as illustrated in Figure 8) demonstrate distinct
temporal trends between the two datasets. Figure 8a displays the ERAS-derived temperature
variations, while Figure 8b presents the corresponding METOP (GNSS-RO) results, allowing
direct visual comparison of their interannual behaviour. ERAS shows notable interannual
variability, characterized by a warming—cooling—warming pattern across the five-year study
period. The highest average temperature occurred in 2019 (276.70 K), followed by a gradual
decline to 274.60 K in 2022 and a partial recovery to 275.12 K in 2023, as seen in Figure 8a.
This pattern reflects ERAS’s sensitivity to annual climatic fluctuations and large-scale
atmospheric processes influencing the Qinghai region.
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In contrast, Figure 8b shows that METOP-derived temperatures remain remarkably stable
throughout 2019-2023, averaging approximately 263.25 K (+ 0.1 K). This consistent pattern
suggests limited interannual variability, likely resulting from the coarser temporal resolution,
vertical averaging, and retrieval constraints inherent to GNSS-RO observations compared to
reanalysis data such as ERAS. Overall, Figure 8 underscores the differing sensitivities of the
two datasets—ERAS effectively captures annual temperature fluctuations, while METOP
provides stable, bias-free profiles valuable for long-term climate trend monitoring in high-
altitude regions.

Figure 8: Yearly average air temperature values (2019-2023) obtained from ERAS5 (top) and METOP
(bottom) satellites
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4.2.3. Seasonal variability

The analysis of seasonal air temperature patterns (Figure 9) highlights clear differences in
behaviour between the two datasets. Figure 9a illustrates ERAS5-derived seasonal temperature
variations, while Figure 9b presents the corresponding METOP (GNSS-RO) results, enabling
a direct comparison of their temporal characteristics and amplitudes. ERAS data (Figure 9a)
exhibit pronounced seasonal variability, characterised by complex monthly fluctuations that
change notably across the five-year period. Peak summer temperatures (June—August) reach
approximately 275-278 K, whereas winter minima (December—February) drop to around 265—
268 K. The magnitude and pattern of these cycles vary inter-annually, reflecting the dataset’s
ability to capture short-term climate dynamics and year-to-year atmospheric changes over
Qinghai Province.

In contrast, METOP temperature data (Figure 9b) show a much more consistent and predictable
seasonal profile throughout 2019-2023. The pattern follows a unimodal cycle, with summer
peaks near 268-270 K and winter lows around 255-258 K. Although these values are
systematically lower than ERAS, the timing and shape of the seasonal cycle remain stable,
indicating reduced inter-annual variation likely due to the GNSS-RO system’s coarser
temporal resolution and vertical averaging processes. Overall, Figure 9 confirms that both
datasets capture the defining continental climate of Qinghai cold winters and relatively warmer
summers—**but differ markedly in temperature magnitude. While ERAS reflects finer
temporal variability and higher absolute temperatures, METOP provides smoother and
climatologically consistent seasonal signals, reinforcing its potential for long-term climate
trend assessment despite underestimation in temperature magnitude.
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Figure 9: Yearly average air temperature variations from 2019 to 2023 derived from ERAS5 (a) and
METOP (b) satellite data
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4.2.4. Spatial distribution analysis

The spatial distribution of air temperature across Qinghai province, derived from ERAS data,
shown in Figure 10, reveals a distinct and persistent northwest-to-southeast temperature
gradient that remains consistent over the five-year study period. Figure 10a presents the
contour maps, which clearly demonstrate this spatial trend—warmer temperatures (in
red/orange tones) dominate the northwestern regions, while cooler temperatures (in blue
shades) extend toward the southeastern areas. This well-defined pattern remains stable from
2019 to 2023, with contour lines maintaining nearly identical orientations and spacing despite
year-to-year variations in overall temperature magnitude, which is observed in the temporal
analysis.

The spatial distribution maps, as shown in Figure 10b, provide a more detailed and visually
enhanced representation of these temperature gradients. The colour transitions across the
province emphasise the gradual decline in temperature from northwest to southeast, consistent
with elevation-related and climatic influences typical of Qinghai’s topography. The warmer
zones are consistently concentrated in the northwestern and central regions, whereas cooler
zones persist in the southeast, reinforcing the large-scale spatial coherence detected in ERAS
data. Overall, Figures 10a and 10b collectively confirm that the northwest—southeast
temperature gradient is a dominant and recurring spatial feature of the region’s climate
throughout 2019—- 2023. Although absolute temperature values vary slightly across years, the
structural stability of the spatial patterns underscores ERAS5’s robustness in capturing regional
temperature distribution and long-term climatic consistency.

Figure 10: Contour and Spatial Maps of ERAS Air Temperature in Qinghai, China
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The spatial distribution of air temperature derived from METOP GNSS-RO data presents a
more heterogeneous and spatially irregular pattern across Qinghai Province compared to ERAS
(Figure 11). Figure 11a shows the contour maps, where temperature values remain largely
uniform across most of the region, consistently within the 262-264 K range. The sparse and
subtle contour lines indicate minimal spatial temperature gradients, emphasising the limited
spatial variability captured by the GNSS-RO retrievals. Unlike the smooth and structured
northwest—southeast temperature gradients observed in the ERAS dataset, the METOP
contours display weak spatial organisation and minimal interannual variation, consistent with
the strong temporal stability identified in previous analyses.

The spatial distribution maps (Figure 11b) provide a higher-resolution perspective, illustrating
fine-scale temperature fluctuations across the province. These maps reveal scattered patches
of slightly higher temperatures (yellow/orange areas) interspersed among predominantly
cooler zones (blue/cyan regions). The resulting pixelated texture likely reflects the sparse
vertical profile coverage and coarse horizontal interpolation inherent in GNSS-RO temperature
retrievals.

Despite the visible heterogeneity, the overall temperature range remains narrow (only about 2—
3 K across all years), underscoring the stability of METOP-derived estimates. The absence of
a systematic northwest—southeast gradient—clearly evident in the ERAS maps—suggests that
GNSS-RO data are more sensitive to localised atmospheric variability than to broad regional
temperature structures. This heterogeneity may arise from GNSS-RO’s vertical sensitivity to
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refractivity changes at different atmospheric layers, or from limitations in interpolation
techniques used for spatial mapping of sparse profile-based observations.

Figure 11: Contour and Spatial Maps of METOP air temperature in Qinghai, China
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4.3. Evapotranspiration analysis
4.3.1. Statistical performance metrics

The comparison of evapotranspiration (ET) between TerraClimate (model-based) and METOP
(GNSS-derived) datasets reveals substantial differences in both magnitude and error metrics
(Figure 12). Figure 12a illustrates the TerraClimate-based estimates, which show significantly
higher statistical values, with bias and MAE around 2600 mm/year and RMSE exceeding 3000
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mm/year. These values appear unusually high for the Qinghai region and may indicate potential
overestimation or aggregation artefacts within the model outputs. Such elevated error metrics
require further verification to confirm whether they result from actual model behaviour or data
processing issues.

In contrast, Figure 12b presents the METOP-derived ET values, which are much lower and
more consistent with expected regional evapotranspiration levels. The bias and MAE are
approximately 500 mm/year, while the RMSE is around 550 mm/year. Similarly, the unbiased
RMSE (UbRMSD) and standard deviation were significantly lower for METOP (~200
mm/year) than for TerraClimate (~1500 mm/year), reinforcing the observation of reduced
variability and error in the GNSS-derived dataset.

This contrast highlights a systematic difference in estimation approaches, with the GNSS-
derived method yielding more conservative results—Ilikely due to its reliance on atmospheric
refractivity rather than modelled land—atmosphere fluxes. The elevated TerraClimate metrics
may stem from model parameterisations that tend to overestimate ET in cold, high-altitude
regions such as Qinghai, particularly where vegetation and soil characteristics diverge from
the model’s calibration environments.

Figure 12: Statistical performance metrics for evapotranspiration data (2019-2023) from TerraClimate
(top) and METOP (bottom) satellites
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4.3.2. Temporal variations

The comparison of evapotranspiration (ET) between TerraClimate (model-based) and METOP
(GNSS-derived) datasets reveal substantial differences in both magnitude and error metrics
(Figure 13). Figure 12a illustrates the TerraClimate-based estimates, which show significantly
higher statistical values, with bias and MAE around 2600 mm/year and RMSE exceeding 3000
mm/year. These values appear unusually high for the Qinghai region and may indicate potential
overestimation or aggregation artefacts within the model outputs. Such elevated error metrics
require further verification to confirm whether they result from actual model behaviour or data
processing issues.

In contrast, Figure 13b presents the METOP-derived ET values, which are much lower and
more consistent with expected regional evapotranspiration levels. The bias and MAE are
approximately 500 mm/year, while the RMSE is around 550 mm/year. Similarly, the unbiased
RMSE (UbRMSD) and standard deviation were significantly lower for METOP (~200
mm/year) than for TerraClimate (~1500 mm/year), reinforcing the observation of reduced
variability and error in the GNSS-derived dataset.
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This contrast highlights a systematic difference in estimation approaches, with the GNSS-
derived method yielding more conservative results—Iikely due to its reliance on atmospheric
refractivity rather than modelled land—atmosphere fluxes. The elevated TerraClimate metrics
may stem from model parameterisations that tend to overestimate ET in cold, high-altitude
regions such as Qinghai, particularly where vegetation and soil characteristics diverge from
the model’s calibration environments.

Figure 13: Yearly average evapotranspiration values (2019-2023) obtained from TerraClimate (top)
and METOP (bottom) satellites
(b)
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4.3.3. Seasonal analysis

Temporal variations in evapotranspiration exhibit distinct seasonal patterns and interannual
differences between the TerraClimate and METOP datasets during the 2019-2023 study period
(Figure 14). TerraClimate evapotranspiration exhibits a clear seasonal cycle with peak values
during the summer months (June—August), reaching maximum levels around 70-80

mm/month, followed by a gradual decline through autumn and winter months to minimum
values near 10—20 mm/month.

Average Evapotranspiration (mm)
Average Evapotranspiration (mm)

The dataset shows year-to-year variations, with different coloured lines representing each year
from 2019 to 2023, displaying distinct patterns—particularly during the peak growing season.
The winter months (December—February) consistently maintain the lowest evapotranspiration
rates across all years, reflecting reduced vegetation activity and limited atmospheric demand
during cold periods.

METOP evapotranspiration data reveal a similar seasonal framework but with some
differences in magnitude and temporal patterns. The peak evapotranspiration occurs during the
same general summer period (June—August), with maximum values reaching approximately
60—70 mm/month, which are generally comparable to TerraClimate values. The METOP
dataset shows similar inter-annual variability across the five-year period (2019-2023),
displaying different trajectories for each year.

Winter evapotranspiration values remain consistently low in both datasets, typically ranging
between 10 and 30 mm/month. Both datasets demonstrate the characteristic seasonal cycle
expected for the study region, with the growing season showing elevated evapotranspiration
rates and a clear transition to reduced rates during the dormant winter period. This consistent
pattern highlights the influence of temperature and vegetation activity on evapotranspiration
throughout the year.

NASLJ, 2025, 6(1), (2) Page | 47



Multi-satellite analysis of key climate variables ... A. Sajid et al.

Figure 14: Yearly average evapotranspiration variations from 2019 to 2023 derived from TerraClimate
(a) and METOP (b) satellite data
(a) (b)
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4.3.4. Spatial distribution analysis

The temporal variations in evapotranspiration demonstrate distinct seasonal patterns and
interannual differences between TerraClimate and METOP datasets across the 2019-2023
study period (Figure 15). TerraClimate evapotranspiration exhibits a clear seasonal cycle with
peak values during the summer months (June—August), reaching maximum levels around 70—
80 mm/month, followed by a gradual decline through autumn and winter months to minimum
values near 10-20 mm/month.

The dataset shows year-to-year variations, with different coloured lines representing each year
from 2019 to 2023, displaying distinct patterns—particularly during the peak growing season.
The winter months (December—February) consistently maintain the lowest evapotranspiration
rates across all years, reflecting reduced vegetation activity and limited atmospheric demand
during cold periods.

METOP evapotranspiration data reveal a similar seasonal framework but with some
differences in magnitude and temporal patterns. Peak evapotranspiration occurs during the
same general summer period (June—August), with maximum values of approximately 60-70
mm/month, comparable to TerraClimate values. The METOP dataset shows similar
interannual variability over the five years (2019-2023), with distinct trajectories for each year.

Winter evapotranspiration values remain consistently low across both datasets, typically
ranging from 10 to 30 mm/month. Both datasets demonstrate the characteristic seasonal cycle
expected for the study region, with the growing season showing elevated evapotranspiration
rates and a clear transition to reduced rates during the dormant winter period.

Figure 15: Contour and spatial maps of terraClimate evapotranspiration in Qinghai, China
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The METOP-derived evapotranspiration (ET) maps across Qinghai Province from 2019 to
2023 (Figure 16a and b) exhibit spatial patterns that appear broadly uniform at the regional
scale but contain localised variability at finer resolutions. The contour plots show persistently
low ET values across most of the province, with minimal large-scale spatial gradients and
subtle interannual changes—suggesting low regional sensitivity to topographic or climatic
variation. In contrast, the gridded spatial distribution maps reveal localised patches of slightly
elevated ET (depicted in yellow/orange) embedded within widespread low-ET zones
(blue/cyan), forming a pixelated, mosaic-like pattern. This fine-scale heterogeneity remains
relatively consistent throughout the study period, although the overall magnitude of ET stays
within a narrow range (typically around 500 mm/year with minor fluctuations). The observed
spatial noise may reflect both the limited spatial resolution and sampling density of GNSS
radio occultation data, as well as potential artefacts introduced during interpolation from sparse
atmospheric profiles in this high-altitude, arid region.

Figure 16: Contour and spatial maps of METOP evapotranspiration in Qinghai, China
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5. Discussion and analysis

This study conducted a comprehensive comparison between GNSS Radio Occultation (RO)
derived climate variables from the METOP satellite and conventional remote sensing and
reanalysis datasets, specifically GPM for precipitation, ERAS5 for air temperature, and
TerraClimate for evapotranspiration across Qinghai Province, China, during 2019-2023. The
objective was to assess the performance, stability, and spatiotemporal characteristics of GNSS-
derived climate estimates relative to established climate datasets. Across all three climate
variables, METOP-derived values consistently exhibited lower magnitudes and greater
temporal stability than their conventional counterparts. The METOP GNSS RO precipitation
estimates demonstrated substantially lower bias (= 2.1 mm) and RMSE (= 5.9 mm) compared
to GPM (bias = 18.6 mm; RMSE = 22.7 mm), indicating superior accuracy in GNSS-derived
precipitation. This aligns with findings by (He et al., 2017), who reported GPM’s tendency to
overestimate precipitation in complex terrain. Similarly, (Shehaj et al., 2025) highlighted the
long-term stability and all-weather retrieval capability of GNSS RO products, although
previous studies have seldom focused on high-altitude regions such as Qinghai, a gap directly
addressed in this work.

Persistent retrieval limitations in GPM, particularly signal attenuation and surface
contamination in high-altitude regions, have been noted in comprehensive evaluation studies
over the Qinghai Tibet Plateau. Dahri ef al. (2021) likewise reported degraded performance of
gridded precipitation products across steep topography and monsoon-influenced zones. Our

NASLJ, 2025, 6(1), (2) Page | 50



Multi-satellite analysis of key climate variables ... A. Sajid et al.

spatial analysis supports these conclusions, as METOP captured fine-scale precipitation
hotspots shaped by local topography, an effect suspected by (Ren et al., 2024) but unresolved
in coarse-resolution datasets. Temporally, METOP precipitation exhibited minimal interannual
variability (~ + 0.01 mm), whereas GPM showed fluctuations of up to 43%, underscoring the
superior stability of GNSS RO data for long-term climatic monitoring in mountainous regions
consistent with evaluation studies across the QTP.

Regarding temperature, GNSS RO provided vertically resolved profiles capable of detecting
tropospheric warming and stratospheric cooling. (Heise et al., 2006) demonstrated GNSS RO’s
value for tropospheric water vapour monitoring aboard CHAMP, while (Wu et al., 2024)
emphasised the importance of ionospheric error correction for accurate temperature retrievals,
a consideration incorporated into our processing pipeline to minimise bias. METOP-derived
temperature values were systematically cooler (~ 263 K) than ERAS (~270-273 K), exhibiting
limited interannual variability and suggesting higher measurement stability. These differences
likely reflect methodological divergences, including distinct vertical resolutions, retrieval
assumptions, and sensitivities to surface and atmospheric conditions. Evapotranspiration (ET)
analyses revealed pronounced divergence between datasets. TerraClimate exhibited a notable
decline from 2735 mm (2019) to 2498 mm (2023), with a statistically significant negative trend
(slope =—59.14 mm yr', p = 0.02), a finding consistent with (Meng et al., 2024), who linked
declining ET trends to reduced vegetation cover and altered precipitation regimes. However,
these prior studies relied primarily on model-based estimates lacking vertical validation.

In contrast, METOP GNSS RO—derived ET remained nearly constant (~ 5.00 mm + 0.01 mm),
reflecting GNSS RO’s atmospheric sensitivity and relative insensitivity to land surface flux
variations, as also noted by (Vaquero-Martinez & Anton, 2021). This stability supports the
interpretation that GNSS RO data capture large-scale atmospheric consistency rather than
surface-driven hydrological fluctuations. Our findings emphasise that previous research often
advocated multi-source integration but rarely conducted detailed intercomparisons between
vertical (GNSS RO) and surface-based (RS/reanalysis) datasets within consistent spatial and
temporal domains. This study addresses this limitation by explicitly comparing both retrieval
modes across identical variables, terrain, and periods (2019-2023) over Qinghai province. The
integrated approach yields nuanced insights: GNSS RO excels in vertical precision, retrieval
robustness, and immunity to cloud cover, whereas remote sensing products capture surface-
driven processes such as precipitation extremes and evapotranspiration variability.

The observed discrepancies, such as the overestimation of ET and precipitation in surface-
based datasets and the high vertical stability of GNSS RO, underscore the importance of data
fusion. (Mingyue et al., 2019) reported that long-term spatial and temporal ET variability
across the Qinghai Tibet Plateau is largely driven by temperature increases and precipitation
redistribution, while (Liu et al.,, 2021) demonstrated that multi-source data integration,
particularly incorporating vegetation and land surface information, is essential for resolving
local-scale ET dynamics. These perspectives align with our conclusion that GNSS RO offers
vertically resolved, bias-resistant atmospheric observations, whereas conventional remote
sensing provides valuable insight into surface processes.

6. Conclusions

Overall, the results establish GNSS RO, particularly METOP, as a stable, high-fidelity
observational framework suited for monitoring long-term climate variability in
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topographically complex, data-sparse regions such as Qinghai Province. While GNSS RO data
lack the temporal responsiveness and spatial smoothness of traditional datasets, their
exceptional vertical resolution, consistency, and independence from land-surface effects make
them uniquely valuable for climate model calibration and regional bias correction. Future work
should focus on (i) calibration with ground-based or well-validated satellite products, (ii)
enhanced interpolation and gridding techniques for sparse GNSS RO profiles, (iii) region-
specific retrieval tuning for cold, high-elevation environments, and (iv) integration of machine
learning methods to improve temporal sensitivity and pattern recognition.
Collectively, these efforts will unlock the full potential of GNSS-based climate monitoring
systems, enabling a synergistic fusion of atmospheric and surface datasets for more reliable
detection of climate trends across the Qinghai—Tibet Plateau and other high-altitude regions.
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