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Abstract. Ground-based Pandora spectrometers are widely used for validating satellite formaldehyde (HCHO) retrievals, yet 

the roles of retrieval geometry and sampling representativeness remain poorly constrained in tropical environments. This 

study evaluates Pandora Level-2 HCHO columns from five Southeast Asian stations (2021–2024), distinguishing between 25 

direct-sun (DS) and sky-scan (SS) observations and comparing them with satellite products from OMI, TROPOMI, and 

GEMS following uncertainty-based quality control. DS and SS retrievals show strong internal consistency under high-

quality conditions (r > 0.7). Besides, DS generally exhibits greater variability and, at several sites, stronger sensitivity to 

localized variability, whereas SS often yields lower RMSE/MAE and more spatially representative agreement with satellite 

observations. Satellite comparisons reveal a clear performance hierarchy: OMI shows weak correlations (r < 0.4) and large 30 

errors, TROPOMI improves agreement (r ≈ 0.3–0.5), and GEMS further enhances performance in urban environments (r ≈ 

0.58–0.65 at Bangkok) with reduced error magnitudes due to higher temporal sampling. However, discrepancies persist even 

under near-synchronous conditions, indicating that improved temporal resolution—within current satellite capabilities—does 

not fully resolve satellite–ground differences. These residual differences are consistent with sampling scale mismatches 

between localized Pandora measurements and spatially averaged satellite footprints. Overall, the results demonstrate that 35 

satellite validation in tropical regions is governed by the combined effects of retrieval geometry, spatial sampling, and 

temporal resolution, providing a framework for interpreting satellite–ground HCHO comparisons and guiding future 

validation strategies. 
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1. Introduction  

Formaldehyde (HCHO) is a key intermediate in tropospheric photochemistry and one of the most important carbonyl 

compounds in the atmosphere. It is produced primarily through the oxidation of volatile organic compounds (VOCs) from 45 

both biogenic and anthropogenic sources and serves as an effective proxy for VOC emissions at local to regional scales. 

Through photolysis, HCHO represents a major source of hydroperoxy (HO₂) radicals, thereby enhancing ozone (O₃) 

production in the presence of nitrogen oxides (NOₓ) and contributing to secondary organic aerosol formation. Owing to its 

short atmospheric lifetime, typically on the order of hours (Lim et al., 2019), HCHO exhibits strong spatial and temporal 

variability and is highly sensitive to changes in emissions, meteorology, and photochemical activity (Fang et al., 2017; Liao 50 

et al., 2021; Lim et al., 2019). Accurate characterization of HCHO is therefore essential for understanding air quality, 

constraining chemical transport models, and evaluating emission control strategies, particularly in regions with intense 

photochemistry and episodic pollution. 

 

A range of techniques exists for measuring atmospheric HCHO, including in situ sensors and ground-based remote sensing 55 

methods such as differential optical absorption spectroscopy (DOAS) (Liu et al., 2020; Pinardi et al., 2013), Fourier 

transform infrared spectroscopy (FTIR) (Jones et al., 2009; Vigouroux et al., 2018), and cavity-enhanced absorption 

spectrometers (Glowania et al., 2021). While these instruments can provide high-precision observations, their deployment is 

limited by cost, logistical complexity, and maintenance requirements (Lee et al., 2024; Tian et al., 2019). As a result, routine 

HCHO measurements are rarely included in national air quality monitoring networks, leading to substantial observational 60 

gaps, especially in rapidly developing regions such as Southeast Asia. Satellite remote sensing has therefore become a 

critical tool for monitoring HCHO, offering consistent spatial coverage and long-term observations that enable the 

identification of emission hotspots, seasonal variability, and regional trends. 

 

Among satellite instruments, the Ozone Monitoring Instrument (OMI) onboard NASA’s Aura satellite has provided global 65 

HCHO observations since 2004 (Tanskanen et al., 2006), with near-daily coverage and a nadir footprint of approximately 13 

× 24 km² (Ahn et al., 2008). OMI HCHO products have been widely used for air quality and atmospheric chemistry studies 

(Zhu et al., 2017); however, their accuracy is affected by cloud contamination, aerosol loading, surface reflectance, and 

viewing geometry. Consequently, robust validation using independent ground-based measurements remains essential 

(Harkey et al., 2021). In recent years, the Pandonia Global Network (PGN) of Pandora spectrometers has emerged as a key 70 

resource for satellite validation. Pandora instruments retrieve total vertical columns of trace gases using high-resolution UV–

visible spectroscopy and offer standardized, long-term observations across a growing global network. 
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For HCHO, Pandora spectrometers provide two physically distinct retrieval modes—Direct-sun and Sky-scan—yet their 

differing sensitivities and implications for satellite validation remain insufficiently quantified (Herman et al., 2015). Direct-75 

sun retrievals sample the atmospheric column along a narrow solar beam, while sky-scan observations integrate scattered 

radiation across multiple viewing angles. Differences between direct-sun and sky-scan retrievals are primarily associated 

with sampling characteristics and spatial representativeness. While the two retrieval modes may differ in their effective 

sensitivity to atmospheric structure, this study focuses on their observational behaviour and consistency rather than explicit 

vertical sensitivity differences. Direct-sun (DS) and sky-scan (SS) retrievals are often analyzed separately in validation 80 

studies due to their differing measurement characteristics. Recent work has proposed approaches to combine DS and SS 

observations by accounting for systematic differences in bias and sampling (Rawat et al., 2025). However, the extent to 

which these retrieval geometries influence satellite–ground agreement, particularly in terms of spatial-temporal 

representativeness, remains insufficiently quantified. This lack of distinction is particularly consequential in tropical 

environments, where strong emission heterogeneity, biomass burning, and rapid photochemical production amplify sub-pixel 85 

variability (Herman et al., 2015). A systematic evaluation of Direct-sun versus Sky-scan Pandora HCHO, and their 

respective consistency with satellite observations, therefore, represents a critical but largely unexplored gap in current 

validation frameworks. 

 

Validation efforts for satellite HCHO products have largely focused on mid-latitude regions in North America, Europe, and 90 

East Asia (Palmer et al., 2003; Spinei et al., 2018; Zhu et al., 2016), often leveraging intensive field campaigns. 

Comparatively few studies have examined tropical environments, where high solar irradiance, frequent convection, complex 

cloud fields, and recurrent biomass burning introduce additional challenges for both satellite and ground-based retrievals 

(Hansen et al., 2019). Southeast Asia is a particularly critical yet underexplored region, characterized by dense urban 

emissions, seasonal agricultural burning, and persistent transboundary haze, all of which drive strong variability in HCHO 95 

(Cheong et al., 2019; Fu et al., 2007). These conditions amplify the importance of understanding how ground-based 

sampling geometry interacts with satellite spatial resolution. 

 

Recent satellite instruments such as the TROPOspheric Monitoring Instrument (TROPOMI) provide substantially higher 

spatial resolution than OMI and enable improved detection of localized HCHO enhancements under favorable conditions 100 

(Lee et al., 2024; Su et al., 2020). However, higher spatial resolution alone does not eliminate representativeness errors when 

comparing satellite and ground-based observations, particularly in heterogeneous tropical environments (Boersma et al., 

2016). TROPOMI retrievals remain sensitive to cloud fraction, aerosol loading, and surface reflectance, and their smaller 

pixel size can increase sensitivity to localized plumes that may not be representative of broader atmospheric columns 

(Boersma et al., 2016; De Smedt et al., 2018). In addition, OMI’s coarser spatial footprint provides a stable reference for 105 

diagnosing first-order effects related to spatial representativeness. Complementing these polar-orbiting sensors, the 
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Geostationary Environment Monitoring Spectrometer (GEMS) offers hourly observations over East and Southeast Asia, 

enabling improved characterization of diurnal variability and reducing temporal sampling mismatches in satellite–ground 

comparisons (Bak et al., 2019a, b). The combined use of OMI, TROPOMI, and GEMS therefore provides a comprehensive 

framework to disentangle the relative roles of spatial resolution, temporal sampling, and retrieval geometry in satellite 110 

validation. In this context, differences between Pandora Direct-sun and Sky-scan observations can be evaluated more 

robustly across multiple observational scales, providing improved insight into the factors governing satellite–ground 

consistency in tropical environments. 

 

In this study, we present a comprehensive evaluation of Pandora HCHO observations across Southeast Asia, explicitly 115 

distinguishing between Direct-sun and Sky-scan retrievals and assessing their consistency with multiple satellite products 

(OMI, TROPOMI, and GEMS). By applying an uncertainty-based quality-control framework and a unified temporal 

collocation strategy, this work aims to quantify how retrieval geometry, temporal sampling, and spatial representativeness 

jointly influence satellite–ground agreement in tropical environments. 

 120 

2. Method 

2.1 Ground-based Pandora formaldehyde observations 

This study utilizes formaldehyde (HCHO) measurements from five Pandora spectrometer systems located across Southeast 

Asia (Figure 1), a region characterized by a tropical climate and high atmospheric variability. Table 1 summarizes the 

Pandora monitoring stations used in this study, including its location, altitude, product status, and data availability. While 125 

previous validation studies have extensively focused on Pandora stations situated in mid-latitude regions (e.g., North 

America, Europe, Korea) (Lee et al., 2024; Spinei et al., 2018; Tzortziou et al., 2012), relatively few have addressed stations 

in low-latitude, equatorial zones. This gap is particularly relevant, as the tropics play a critical role in global atmospheric 

chemistry, with intense photochemical activity and biomass burning events influencing trace gas distributions.  

 130 
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Figure 1. Geographic distribution of the Pandora observation sites used in this study, including Bangkok (a), Bandung (b), Agam (c), 135 
Pontianak (d), and Singapore-NUS (e). All sites utilize Pandora data version rfus5p1-8 (Direct-sun) and rfuh5p1-8 (Sky-scan). 

 

Table 1. Summary of Pandora monitoring stations used in this study, including location, altitude, product status, and data 

availability. Data description: Formaldehyde (HCHO) Level 2, Version: rfus5p1-8 and rfuh5p1-8 (Last accessed: 27 Feb 

2025).  140 
Station ID Station Name Lat Lon Altitude (m 

a.s.l.)  

rfus5p1-8 and rfuh5p1-8 

Product Status Data Start Last Updated 

190s1 Bangkok 13.7847 100.5400 60 Official 20210520 20250221 

210s1 Bandung -6.8948 107.5865 752 Official 20230611 20240920 

211s1 Agam -0.2046 100.3195 865 Official 20220913 20240521 

212s1 Pontianak 0.0415 109.3366 1 Official 20240309 20250226 

77s1 Singapore 1.2990 103.7710 77 Official 20230621 20250226 

 

 

 

 



6 

 

All Pandora instruments analyzed in this study operate using both Direct-sun and Sky-scan viewing geometries, enabling a 145 

systematic assessment of geometry-dependent retrieval behavior (Herman et al., 2015). We use Level 2 HCHO products 

from the rfus5p1-8 and rfuh5p1-8 processing version (last accessed: 27 February 2025), which provides HCHO columns 

derived from direct-Sun and diffuse-sky measurements. Direct-sun (DS) retrievals provide total column HCHO along the 

solar beam, whereas sky-scan (SS) retrievals represent a tropospheric column derived from multi-angle scattered radiation 

measurements, with sensitivity that depends on retrieval configuration and atmospheric conditions. The rfus5p1-8 product is 150 

selected for its improved numerical stability and reduced noise relative to the rfuh5p1-8 product, which incorporates horizon 

scans and is more susceptible to variability under heterogeneous cloud and aerosol conditions. The inclusion of both Direct-

sun and Sky-scan retrievals allows for a robust evaluation of retrieval performance under varying solar geometries and 

atmospheric conditions, particularly relevant in tropical environments. 

 155 

The selected stations include Bangkok (190s1, 13.78°N, 100.54°E, 60 m a.s.l.), an urban megacity with heavy traffic and 

industrial emissions; Bandung (210s1, −6.89°S, 107.59°E, 752 m a.s.l.), a highland city in Indonesia surrounded by volcanic 

mountains and agricultural activity; Agam (211s1, −0.20°S, 100.32°E, 865 m a.s.l.), a remote and elevated background site 

in West Sumatra with limited anthropogenic influence; Pontianak (212s1, 0.04°N, 109.34°E, 1 m a.s.l.), a coastal equatorial 

station in West Kalimantan, Indonesia, known for frequent cloud cover and convective activity; and Singapore-NUS (77s1, 160 

1.30°N, 103.77°E, 77 m a.s.l.), an urban tropical island site with a dense population and significant marine and urban air 

interactions. All Pandora instruments used in this study are part of the Pandora Global Network; however, data quality is not 

assumed a priori and is evaluated using uncertainty-based quality control criteria applied in this work. Collectively, this 

network offers a valuable opportunity to evaluate satellite HCHO products in complex tropical environments that are 

typically underrepresented in validation studies. 165 

 

2.1.1 Uncertainty-based quality control protocol 

To improve the robustness of ground-based HCHO observations used for intercomparison and satellite validation, an 

uncertainty-based quality control (QC) protocol following the methodological framework of (Rawat et al., 2025) was applied 

to contemporaneous Pandora direct-sun (DS) and sky-scan (SS) observations. DS and SS retrievals were first paired within a 170 

5 min tolerance window. A high-quality reference subset was then defined using Pandora quality flags QF = 0 or 10 for both 

DS and SS retrievals, and dynamic absolute uncertainty thresholds were calculated separately for DS and SS as the mean 

plus three standard deviations of the uncertainty in this subset. Matched observations were retained when either both DS and 

SS absolute uncertainties were below these dynamic thresholds or both relative uncertainties were below 10 %. Additional 

filters required WRMS < 0.01 for both DS and SS retrievals and, for sky-scan observations, maximum horizontal distance 175 

(MHxD) < 20 km when available. Pandora quality flags were subsequently used to classify observations into high-quality 

(QF = 0, 10), medium-quality (QF = 1, 11), low-quality (QF = 2, 12), and unusable (QF ≥ 20) categories for diagnostic 
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analysis. This procedure reduces the influence of retrieval noise, poor spectral fits, and unfavorable viewing geometry prior 

to satellite collocation. 

 180 

Application of this uncertainty-based QC protocol serves two primary purposes. First, it removes retrievals affected by 

elevated noise, poor spectral fits, or unfavorable viewing geometry, thereby improving internal consistency between DS and 

SS datasets. Second, it reduces the impact of retrieval artefacts that may otherwise propagate into satellite validation 

analyses. In this way, the assured/not-assured classification within the Pandora Global Network does not directly determine 

data usability for this study. Instead, data quality is evaluated using uncertainty-based criteria, including relative uncertainty, 185 

spectral fitting residual (WRMS), and additional screening parameters, ensuring consistent selection of physically reliable 

observations. Application of this uncertainty-based QC protocol serves two primary purposes. First, it removes retrievals 

affected by elevated noise, poor spectral fits, or unfavorable viewing geometry, thereby improving internal consistency 

between DS and SS datasets. Second, it reduces the impact of retrieval artefacts that may otherwise propagate into satellite 

validation analyses. In this way, the assured/not-assured classification within the Pandora Global Network does not directly 190 

determine data usability for this study. Instead, data quality is evaluated using uncertainty-based criteria, including relative 

uncertainty, spectral fitting residual (WRMS), and additional screening parameters, ensuring consistent selection of 

physically reliable observations. Importantly, the QC filtering was applied prior to temporal collocation with satellite 

observations, ensuring that validation statistics reflect physically meaningful retrieval differences rather than artefacts 

associated with measurement uncertainty. Although the QC procedure reduces the number of available observations, 195 

particularly for sky-scan retrievals under heterogeneous atmospheric conditions, it improves the reliability of ground-based 

reference data used for satellite validation. This is especially critical in tropical regions, where strong variability in cloud 

cover, boundary-layer dynamics, and photochemical production can introduce substantial retrieval uncertainty if not 

appropriately constrained. 

 200 

2.2 Satellite HCHO retrievals from OMI, TROPOMI and GEMS 

The OMI HCHO product (OMHCHO Version 003) provides tropospheric vertical column densities at a nominal nadir 

spatial resolution of approximately 13 × 24 km² (Herman et al., 2018; Lamsal et al., 2014). OMI has a fixed local overpass 

time near 13:30, enabling comparison with ground-based measurements during the early afternoon photochemical period. 

Station-level OMI HCHO values were extracted from swath pixels within a 10 km radius of each Pandora site. Standard 205 

quality screening included cross-track quality flag XtrackQualityFlags = 0, solar zenith angle SZA < 60°, and cloud fraction 

AMFCloudFraction < 0.3 (Johnson et al., 2024). Although OMI retrievals are limited by pixel-level noise and susceptibility 

to cloud contamination, their long-term continuity and global coverage provide valuable insight into atmospheric HCHO 

variability (Harkey et al., 2021), especially in tropical regions where ground-based observations are scarce. 

 210 
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TROPOMI, launched in 2017, provides substantially finer spatial sampling than OMI and improved signal-to-noise 

performance. For the product version used here, the nominal pixel size is approximately 5.5 × 3.5 km² (De Smedt et al., 

2021). The TROPOMI HCHO product (S5P OFFL HCHO) is derived using a similar DOAS framework but includes 

updated air-mass factor calculations and surface reflectance treatment (Su et al., 2020). Station-level TROPOMI HCHO 

values were extracted from pixels within a 10 km radius of each Pandora site. Quality screening followed recommended 215 

criteria, including qa_value ≥ 0.5, cloud fraction cloud_fraction_crb < 0.3, and SZA < 60° (De Smedt et al., 2021; 

Dimitropoulou et al., 2021). TROPOMI can be regarded as the next-generation continuation of the UV–visible trace-gas 

observing capability established by OMI, providing improved spatial resolution and signal-to-noise performance while 

maintaining similar measurement principles and orbital sampling. The temporal overlap between OMI and TROPOMI 

enables consistent long-term validation of satellite HCHO retrievals and facilitates assessment of algorithm evolution across 220 

successive instrument generations. The inclusion of both OMI and TROPOMI allows evaluation of retrieval consistency 

across successive satellite generations. While OMI provides a long-term observational baseline beginning in 2004, 

TROPOMI extends this record with enhanced spatial resolution and improved sensitivity to sub-pixel variability. The 

overlap period between the two sensors enables assessment of temporal continuity in satellite HCHO products and supports 

robust validation of long-term atmospheric composition trends. 225 

 

Satellite observations from the Geostationary Environment Monitoring Spectrometer (GEMS) onboard the GEO-

KOMPSAT-2B platform were additionally used to complement polar-orbiting measurements. GEMS provides hourly 

hyperspectral observations over East and Southeast Asia, enabling improved characterization of diurnal variability in 

tropospheric formaldehyde (HCHO) (Lee et al., 2023). In this study, Level-2 HCHO data (GEMS L2 HCHO) from January 230 

2021 to December 2024 were obtained via the National Institute of Environmental Research (NIER) API, with only forward-

calculated (FC) retrievals retained to ensure algorithmic consistency and data reliability. Station-level GEMS HCHO values 

were derived by averaging pixels within a 10 km radius of each Pandora site. Quality control followed conservative filtering 

criteria, including FinalAlgorithmFlags = 0, cloud radiance fraction < 0.4, and solar zenith angle SZA < 60° (Lee et al., 

2024). The inclusion of GEMS provides enhanced temporal sampling relative to polar-orbiting sensors, allowing improved 235 

assessment of sub-daily variability and reducing temporal representativeness errors in satellite–ground validation over 

Southeast Asia. 

 

2.3 Pandora–satellite collocation strategy and validation diagnostics 

To evaluate the consistency between ground-based and satellite-derived HCHO columns, filtered Pandora observations were 240 

collocated with station-level OMI, TROPOMI and GEMS retrievals using a time-based matching framework designed to 

account for differences in temporal sampling. The analysis includes observations from OMI, TROPOMI, and GEMS over 

the period 2021–2024, allowing a more robust and statistically consistent evaluation of satellite–ground agreement across 

multiple observational platforms. The overall methodology of the study is illustrated in Figure 2. Two complementary 
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approaches were applied. First, a nearest-time matching method paired each satellite observation with the closest Pandora 245 

measurement within a ±2 h tolerance window. Second, an overpass-window averaging method was used, in which all 

Pandora observations within symmetric windows centered on the satellite overpass time were averaged to form 

representative ground-based column estimates. Three temporal windows were tested (±30 min, ±1 h, and ±2 h) to assess 

sensitivity to temporal smoothing. Satellite HCHO columns were calculated by averaging all valid pixels within a 10 km 

radius of each Pandora site, providing a spatially representative estimate consistent with the effective sampling scale of 250 

ground-based observations. For each collocation configuration, mean bias, mean absolute error (MAE), root-mean-square 

error (RMSE), Pearson correlation coefficient (r), and linear regression parameters were calculated. Time-series and scatter-

plot analyses were used to examine temporal consistency and structural agreement across stations and viewing geometries. 

To further investigate the origin of satellite–ground discrepancies, the relationship between absolute bias and short-timescale 

Pandora variability was also examined, where Pandora variability was quantified as the range (maximum minus minimum) 255 

of Pandora HCHO observations within the nearest-time matching of ±2 h tolerance window.  

 



10 

 

 

Figure 2. Flowchart illustrating the satellite–Pandora HCHO validation framework applied in this study. The methodology 

includes uncertainty-based quality control of Pandora observations following Rawat et al. (2025), standard quality screening 260 

of OMI, TROPOMI and GEMS retrievals, temporal collocation using multiple overpass windows, and statistical evaluation 

of bias, error metrics, and representativeness effects in tropical environments. 

 

 

 265 
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3. Results 

3.1 Impact of uncertainty-based quality control on Pandora HCHO retrievals 

The application of the uncertainty-based quality-control (QC) protocol following Rawat et al. (2025) substantially improves 

the statistical robustness and physical representativeness of Pandora Level-2 HCHO retrievals across the Southeast Asian 270 

network. The QC procedure integrates formal quality flags with independent uncertainty metrics, including relative 

uncertainty (<10 %), spectral fitting residual (WRMS < 0.01), and spatial representativeness constraints for sky-scan (SS) 

observations. The filtering primarily targets retrieval artefacts associated with viewing-geometry sensitivity and low signal-

to-noise conditions, while preserving the underlying atmospheric variability.  

 275 

As summarised in Table 2, the QC protocol affects direct-sun (DS) and sky-scan (SS) retrievals differently. DS observations 

generally exhibit higher intrinsic stability, with only modest reductions in retained measurements at most stations (≤3 % at 

Bangkok and Pontianak). However, more substantial reductions are observed at Bandung (11.6 %) and Singapore-NUS (18.4 

%), indicating that DS retrieval quality is also influenced by local atmospheric conditions and instrumental geometry. In 

contrast, SS retrievals show a pronounced sensitivity to QC filtering, with reductions of 31–53 % across the network. This 280 

strong filtering impact reflects the increased susceptibility of multi-angle observations to retrieval noise, aerosol-induced 

radiative transfer effects, and horizontal heterogeneity in tropical environments. The most striking response to QC filtering 

occurs at Agam, where the number of matched DS–SS observation pairs decreases by nearly half. The large fraction of 

rejected measurements highlights the presence of significant retrieval artefacts in the raw dataset, likely associated with low 

HCHO signal levels, strong humidity-dependent scattering, and complex biogenic emission variability characteristic of 285 

tropical rainforest environments at the Agam station. The substantial reduction in unusable DS retrievals at Agam further 

demonstrates the importance of uncertainty-based filtering for ensuring dataset reliability in low-signal regimes. The 

application of uncertainty-based QC substantially reduces extreme outliers, particularly at sites such as Agam, where high-

uncertainty retrievals can otherwise produce unrealistically large column values. 

 290 

The statistical distributions of HCHO columns before and after QC filtering (Table 3) confirm that the protocol primarily 

removes extreme outliers while preserving the central tendency of the observations. At most stations, mean and median 

HCHO values remain nearly unchanged following QC application, indicating that the filtering does not introduce systematic 

bias. For example, Bangkok DS observations exhibit identical mean values before and after QC (21.3 × 10¹⁵ molecules 

cm⁻²), while the maximum column value decreases substantially from 200 to 83.6 × 10¹⁵ molecules cm⁻². Similar behaviour 295 

is observed at Bandung and Pontianak, where reductions in standard deviation and maximum values reflect improved 

statistical homogeneity without altering the underlying distribution shape. Agam again exhibits the strongest correction, with 

the DS mean decreasing from 54.5 to 9.01 × 10¹⁵ molecules cm⁻² after QC filtering. The large discrepancy between mean 

and median in the raw dataset indicates a highly skewed distribution dominated by retrieval artefacts. Following QC 

application, the mean and median converge, and the variability is substantially reduced, demonstrating that the filtering 300 
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effectively restores a physically plausible statistical distribution. A comparable stabilisation is observed in SS retrievals at 

Agam, where both the variance and upper range of HCHO columns are markedly reduced.  Overall, the uncertainty-based 

QC protocol enhances the internal consistency of Pandora HCHO datasets by selectively removing retrieval artefacts 

associated with geometric sensitivity and low signal conditions. The resulting datasets exhibit improved statistical 

homogeneity while retaining the essential atmospheric variability required for subsequent analyses of retrieval geometry 305 

effects and satellite validation. 

 

Table 2. Summary of Pandora Level-2 formaldehyde (HCHO) observations from Direct-sun (DS) and Sky-scan (SS) 

retrievals at selected Southeast Asian stations. Data are categorized by quality flags into High (0,10), Medium (1,11), Low 

(2,12), and Unusable (≥20). The Rawat quality control (QC) protocol was applied to filter observations based on independent 310 

uncertainty thresholds, relative uncertainty (<10%), WRMS (<0.01), and maximum horizontal distance (MHxD < 20 km for 

SS). Totals represent the number of valid matched DS–SS observation pairs used in the analysis. 

Station Dataset High Medium Low Unusable Total 

Bangkok DS Raw 11,693 7,339 61,304 0 80,336 
 SS Raw 65,921 35,305 34,438 0 135,664 
 DS After QC 11,692 7,301 60,079 0 79,072 
 SS After QC 51,119 19,389 8,564 0 79,072 

Bandung DS Raw 8,995 2,113 23,140 0 34,248 
 SS Raw 32,766 6,223 8,172 0 47,161 
 DS After QC 8,321 1,896 20,051 0 30,268 
 SS After QC 26,447 2,448 1,373 0 30,268 

Agam DS Raw 5,438 849 20,375 8,842 35,504 
 SS Raw 2,450 445 37,545 0 40,440 
 DS After QC 4,582 627 13,413 182 18,804 
 SS After QC 1,623 165 17,016 0 18,804 

Pontianak DS Raw 6,779 1,015 17,900 0 25,694 
 SS Raw 27,300 1,681 7,298 0 36,279 
 DS After QC 6,696 996 17,403 0 25,095 
 SS After QC 22,204 443 2,448 0 25,095 

Singapore-NUS DS Raw 5,942 1,771 32,078 0 39,791 
 SS Raw 18,633 18,000 24,840 0 61,473 
 DS After QC 5,209 1,496 25,750 0 32,455 
 SS After QC 13,623 11,279 7,553 0 32,455 

 

 

 315 
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Table 3. Descriptive statistics of Pandora Level-2 formaldehyde (HCHO) retrieved from Direct-sun (DS) and Sky-scan (SS) 320 

observations at selected Southeast Asian stations. Statistics are shown for contemporaneous matched DS–SS pairs before and 

after applying the Rawat quality control (QC) protocol. Values are reported as mean ± standard deviation (SD), median with 

interquartile range (IQR; Q1–Q3), and minimum–maximum. All HCHO columns are expressed in units of ×10¹⁵ molecules 

cm⁻². 

Station Dataset Mean ± SD Median (IQR) Min–Max N 

(a) Direct-sun (DS) HCHO 

Bangkok Raw 21.2 ± 7.88 20.6 (16.0–25.7) 0.018–200 80,336 
 After QC 21.3 ± 7.83 20.7 (16.1–25.8) 0.018–83.6 79,072 

Bandung Raw 19.6 ± 44.4 15.0 (10.2–21.0) 0.012–988 34,248 
 After QC 16.4 ± 8.29 15.3 (10.5–21.1) 0.012–76.9 30,268 

Agam Raw 63.0 ± 166.6 9.93 (6.76–14.0) 0.013–999 35,504 
 After QC 9.01 ± 4.07 8.93 (6.40–11.2) 0.013–77.0 18,804 

Pontianak Raw 11.9 ± 7.90 11.7 (8.93–14.4) 0.013–569 25,694 
 After QC 11.8 ± 5.17 11.7 (9.00–14.4) 0.013–107 25,095 

Singapore-NUS Raw 10.8 ± 6.89 9.33 (6.53–13.2) 0.012–131 39,791 
 After QC 10.9 ± 7.23 9.30 (6.36–13.3) 0.012–131 32,455 

(b) Sky-scan (SS) HCHO 

Bangkok Raw 12.8 ± 10.8 11.9 (8.31–16.1) 0.013–956 135,664 
 After QC 13.2 ± 5.57 12.6 (9.43–16.3) 0.025–61.3 79,072 

Bandung Raw 13.0 ± 17.6 11.0 (6.67–16.6) 0.014–923 47,161 
 After QC 13.1 ± 7.18 11.8 (7.91–17.1) 0.026–116 30,268 

Agam Raw 7.40 ± 26.9 4.39 (2.52–6.78) 0.010–992 40,440 
 After QC 4.93 ± 3.07 4.51 (2.92–6.40) 0.010–54.5 18,804 

Pontianak Raw 8.10 ± 15.0 6.75 (4.46–9.77) 0.010–919 36,279 
 After QC 8.22 ± 3.82 7.62 (5.53–10.2) 0.027–45.2 25,095 

Singapore-NUS Raw 10.9 ± 11.1 9.02 (6.05–13.4) 0.013–883 61,473 
 After QC 11.7 ± 7.34 9.90 (7.11–14.0) 0.024–90.6 32,455 

 325 

3.2 Consistency between direct-sun and sky-scan HCHO retrievals after quality control 

The nine-panel correlation analyses (Figs. 3) reveal that DS–SS agreement depends strongly on retrieval quality category, 

with the highest correlations observed when both measurements fall within the high-quality regime (QF = 0, 10). Across all 

stations, high-quality DS–SS pairs exhibit correlation coefficients typically exceeding 0.70, indicating strong agreement 

between retrieval geometries under well-constrained uncertainty conditions. Bangkok demonstrates the most robust 330 

behaviour, with correlations reaching approximately r ≈ 0.78 in the high-quality category. Similar consistency is observed at 

Singapore-NUS and Pontianak, despite differences in observational sampling and atmospheric conditions. These results 

confirm that, once uncertainty-related artefacts are removed, DS and SS retrievals provide comparable representations of 

columnar HCHO. The time-series analysis (Figs 4) indicates that QC filtering preferentially removes extreme positive 
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outliers, particularly in SS retrievals, resulting in substantially lower retention rates (∼46–64 %) compared to DS 335 

measurements (∼82–98 %). This behaviour is most evident at Agam and Bandung, where clusters of anomalously high 

HCHO columns (>1018 molecules cm-2) are largely eliminated after QC, consistent with their pronounced reduction in 

retained observations. In contrast, the consistently high retention of DS retrievals across all stations reflects their greater 

intrinsic stability and lower susceptibility to retrieval artefacts. 

 340 

In contrast, DS–SS correlations decrease progressively as retrieval quality deteriorates. When one or both observations fall 

into the medium- or low-quality categories (QF = 1–2), increased scatter and reduced correlation coefficients are observed, 

particularly at Agam and Bandung. At Agam, correlations in the low-quality regime fall below 0.40, reflecting the influence 

of residual retrieval noise even after QC filtering. Bandung exhibits moderate correlations in mixed-quality regimes, 

suggesting that atmospheric variability remains partially captured despite increased retrieval uncertainty. The spatial 345 

variability in DS–SS consistency corresponds closely to the statistical behaviour of the datasets described in Section 3.1. 

Stations with stable statistical distributions before and after QC filtering, such as Bangkok and Singapore-NUS, exhibit 

consistently high DS–SS correlations. In contrast, stations with substantial reductions in variability following QC, 

particularly Agam, show more pronounced differences in correlation behaviour across quality categories. This relationship 

highlights the role of site-specific atmospheric conditions and observational geometry in determining retrieval performance. 350 

 

The colour-coded uncertainty thresholds in the scatter plots further illustrate the impact of retrieval precision on DS–SS 

agreement. Observations in which both DS and SS retrievals fall below the uncertainty threshold cluster near the 1:1 

relationship, confirming that the QC protocol successfully isolates physically consistent measurements. Points exceeding 

uncertainty thresholds contribute disproportionately to scatter in lower-quality regimes, emphasizing the importance of 355 

combining formal quality flags with independent uncertainty metrics. Taken together, these results demonstrate that retrieval 

quality exerts a stronger influence on DS–SS consistency than viewing geometry itself. Differences between DS and SS 

retrievals arise primarily from sampling characteristics rather than systematic bias, with DS observations showing greater 

short-timescale variability and SS retrievals providing more spatially integrated column estimates. The larger variability 

observed in DS retrievals and the smoother behaviour of SS observations is consistent with differences in sampling geometry 360 

and sensitivity to localized atmospheric variability, rather than systematic differences in vertical sensitivity. High-quality 

observations yield robust agreement across all stations, while lower-quality measurements introduce increased variability 

and reduced correlation. The application of uncertainty-based QC therefore represents a critical step in ensuring the 

reliability of Pandora HCHO datasets for atmospheric analysis and satellite validation. 

 365 
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Figure 3. Nine-panel plot of correlation between contemporaneous Pandora HCHO column amounts: direct-sun (DS) vs 

sky-scan (SS) for each quality category, following the Rawat et al. (2025, AMT) QC method at Bangkok station. Panels are 370 

organized by DS and SS quality categories (0 = high, 1 = medium, 2 = low). Each panel shows the scatter of DS vs SS 

HCHO (molecules cm⁻²), with points color-coded by uncertainty thresholds: gray = both below cutoff, cyan = DS above 

cutoff, yellow = SS above cutoff, red = both above cutoff. The red dashed line represents the 1:1 relationship, and the 

correlation coefficient (r) and number of matched observations (N) are indicated in each panel. Corresponding nine-panel 

correlation analysis for the other stations are provided in Figures S1–S4.  375 
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Figure 4. Time series of Pandora HCHO column amounts for direct-sun (DS) and sky-scan (SS) measurements following 380 

the Rawat et al. (2025, AMT) QC method at the Pandora Bangkok station. The upper panels show DS HCHO, and the lower 

panels show SS HCHO. Removed data points failing quality control (QC) are highlighted in red, while retained 

measurements are shown in gray. Broken y-axes are used to display both low and high concentration ranges. The percentage 

of removed points due to QC is indicated in the DS panel titles. Corresponding time series for the other stations are provided 

in Figures S5–S8. 385 

 

 

 

 

 390 
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3.3 Distributional characteristics and quality-flag behaviour of Pandora HCHO retrievals 

The statistical structure of Pandora HCHO retrievals after uncertainty-based quality control can be further examined through 395 

the distribution of quality flags (Fig. 5) and the corresponding frequency distributions of filtered column values (Fig. 6). The 

quality flag (QF) distributions reveal a clear contrast between DS and SS retrieval characteristics across all stations. Prior to 

QC, DS observations are already dominated by low-quality flags but retain a consistent fraction of high-quality retrievals 

(∼15–30 %) across sites. After QC, the DS datasets exhibit only modest changes, with a slight increase in the proportion of 

high-quality observations, confirming the relatively stable and well-constrained nature of direct-sun retrievals. In contrast, 400 

SS observations show a much stronger response to QC filtering. The proportion of high-quality SS retrievals increases 

substantially at most stations (e.g. from ∼30–50 % to ∼65–90 % at Singapore, Bangkok, Bandung, and Pontianak), while 

low-quality contributions are sharply reduced. Agam remains an exception, where low-quality SS observations continue to 

dominate even after QC, indicating persistent retrieval challenges; additionally, the total percentage does not sum to 100 % 

due to the presence of unusable QF categories that are excluded from the plotted distributions. 405 

 

The frequency distributions highlight important station-dependent differences in DS–SS consistency. At the Pandora 

Singapore-NUS station, DS and SS distributions largely overlap across all QF categories, indicating strong consistency 

between retrieval geometries irrespective of quality classification. However, this behaviour is not observed at the other 

stations. At Bangkok, Bandung, Pontianak, and Agam, SS retrievals are systematically skewed towards lower HCHO values 410 

compared to DS, particularly in the medium- and low-quality regimes. This systematic shift suggests a geometry-dependent 

bias, where SS measurements tend to underestimate column HCHO relative to DS under less favourable retrieval conditions. 

Such discrepancies are reduced in the high-quality category but remain evident overall, highlighting the importance of 

quality filtering when combining DS and SS observations for quantitative analysis. 

 415 
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Figure 5. Percentage distribution of quality flags (QF) for Pandora HCHO observations at five Southeast Asian stations 

(Singapore, Bangkok, Bandung, Agam, and Pontianak). The stacked bar charts show the relative contributions of high-420 

quality (QF = 0, 10), medium-quality (QF = 1, 11), and low-quality (QF = 2, 12) retrievals for both direct-sun (DS) and sky-

scan (SS) measurements, before and after quality control (QC). Each panel represents a different dataset: (a) DS before QC, 

(b) DS after QC, (c) SS before QC, and (d) SS after QC. Percentages are calculated relative to the total number of 

observations for each station.  

 425 

 

 

 

 

 430 
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Figure 6. Frequency distributions of filtered HCHO vertical column densities (molecules cm⁻²) for direct-sun (DS; shaded 435 

histograms) and sky-scan (SS; solid line histograms) observations across five stations. Each panel corresponds to a station, 

with HCHO data grouped by quality flag: high quality (red; QF = 0, 10), medium quality (blue; QF = 1, 11), and low quality 

(green; QF = 2, 12). The x-axis is shown on a logarithmic scale to capture the wide dynamic range of HCHO values. The y-

axis represents the frequency of observations, with consistent limits applied across stations except for Bangkok, which has a 

higher observation count.  440 

 

3.4 Impact of temporal collocation and sub-pixel variability on OMI and TROPOMI validation  

The time-series comparisons (Figs. 7 and 10) demonstrate that both OMI and TROPOMI broadly capture the temporal 

variability of Pandora HCHO across all stations; however, clear differences in data coverage and consistency are evident. 

OMI collocations are relatively sparse and irregular, particularly at Agam and Bandung, whereas TROPOMI provides 445 

substantially denser and more continuous sampling due to its higher spatial resolution and wider swath. This improved 

sampling enhances the ability of TROPOMI to represent short-timescale variability observed by Pandora, especially in 

regions with strong local emission variability. The scatter plot analyses (Figs. 8 and 11) further highlight the systematic 

performance differences between the two satellite products. OMI exhibits generally weak correlations with Pandora (r 

typically < 0.4, and in some cases near zero or negative), with large scatter and consistent underestimation relative to the 1:1 450 
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line. In contrast, TROPOMI shows markedly improved agreement across all stations, with higher correlation coefficients 

(commonly r ≈ 0.3–0.5 and up to ~0.46 at Singapore) and reduced spread. The improvement is particularly evident at urban-

influenced sites such as Bangkok and Singapore, where TROPOMI more effectively captures variability in HCHO columns. 

 

The impact of temporal collocation strategy differs markedly between OMI and TROPOMI. For OMI (Fig. 8), expanding the 455 

collocation window from nearest to ±2 h results in only marginal changes in correlation and error metrics, indicating limited 

sensitivity to temporal averaging. For instance, at Bangkok, correlation remains nearly unchanged (r = 0.11–0.12), while 

RMSE (~1.13–1.16 × 10¹⁶ molecules cm⁻²) and MAE (~9.0–9.9 × 10¹⁵ molecules cm⁻²) show minimal improvement. In 

contrast, TROPOMI (Fig. 11) demonstrates clearer benefits from temporal averaging. At Bangkok, the correlation increases 

from r = 0.23 (nearest) to r = 0.32 (±2 h), accompanied by a reduction in RMSE from 9.35 × 10¹⁵ to 8.80 × 10¹⁵ molecules 460 

cm⁻² and a decrease in MAE from 7.47 × 10¹⁵ to 7.07 × 10¹⁵ molecules cm⁻². A similar but more subtle improvement is 

observed at Singapore, where the correlation remains consistently high (r ≈ 0.46–0.47), while RMSE decreases from 8.34 × 

10¹⁵ to 6.47 × 10¹⁵ molecules cm⁻² and MAE from 5.42 × 10¹⁵ to 4.81 × 10¹⁵ molecules cm⁻² when applying a ±2 h window. 

These results indicate that TROPOMI retrievals benefit from temporal averaging while maintaining strong correlation, 

reflecting improved representation of short-timescale variability compared to OMI. 465 

 

The bias–variability relationships (Figs. 9 and 12) further highlight fundamental differences in retrieval behaviour. For OMI, 

correlations between Pandora sub-daily variability and absolute bias are generally weak or inconsistent (e.g. r = −0.07 to 

0.08 at Bangkok, r = −0.34 to −0.19 at Agam), indicating that OMI errors are not strongly linked to local temporal 

heterogeneity. In contrast, TROPOMI exhibits clearer and more physically consistent relationships, particularly at Singapore 470 

(DS: r = 0.33; SS: r = 0.63) and Pontianak (DS: r = 0.35; SS: r = 0.27), where increased short-timescale variability leads to 

larger satellite–ground discrepancies. Moreover, TROPOMI maintains lower overall error magnitudes compared to OMI, 

with RMSE typically below ~9 × 10¹⁵ molecules cm⁻² and MAE below ~5 × 10¹⁵ molecules cm⁻² at most sites. These results 

indicate that while TROPOMI remains sensitive to sub-pixel variability, its errors are more physically interpretable and 

systematically linked to atmospheric heterogeneity, whereas OMI discrepancies are dominated by coarse spatial resolution 475 

and representativeness limitations. 

 

A refined comparison between direct-sun (DS) and sky-scan (SS) retrieval geometries (Figs. 13–14) indicates that their 

relative performance depends strongly on the statistical metric considered. DS retrievals consistently exhibit higher 

correlation with TROPOMI, particularly at urban-influenced sites (e.g. Singapore: DS r ≈ 0.50–0.52 vs SS r ≈ 0.43–0.44; 480 

Bangkok: DS r up to ≈ 0.51 vs SS r up to ≈ 0.32), reflecting their stronger sensitivity to short-term variability and finer-scale 

variability. However, SS retrievals can simultaneously achieve lower error magnitudes, as demonstrated at Bangkok where 

SS exhibits reduced RMSE and MAE compared to DS despite slightly lower correlation. Quantitatively, this improvement is 

substantial, with RMSE reduced by ~10–30 % and MAE by ~5–20 % in SS relative to DS depending on the collocation 



21 

 

window, indicating a more consistent agreement in absolute column magnitude. This apparent inconsistency arises from 485 

differences in spatial representativeness: DS measurements sample a narrow atmospheric column and therefore capture fine-

scale variability that enhances correlation but increases mismatch with the spatially averaged satellite pixel, whereas SS 

retrievals integrate multiple viewing directions and better approximate the satellite footprint, leading to reduced RMSE and 

MAE. This behaviour is most pronounced in urban environments with strong spatial gradients, while in low-HCHO regions 

such as Agam and Pontianak, SS retrievals show comparable or slightly improved agreement across both correlation and 490 

error metrics (e.g. Pontianak: SS r ≈ 0.40 vs DS r ≈ 0.39, with RMSE ~3.4 × 10¹⁵ vs ~5.1 × 10¹⁵ molecules cm⁻²). Overall, 

these results demonstrate that DS retrievals are not universally superior; rather, DS and SS provide complementary strengths, 

with DS better capturing temporal variability and SS offering improved spatial representativeness for satellite validation in 

heterogeneous tropical environments. 

 495 
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Figure 7. Time series of Pandora HCHO column measurements (DS and SS) and temporally collocated OMI observations at 

five Southeast Asian stations. OMI-Pandora data are shown for four collocation approaches: nearest-time matching and 

overpass-centred averaging windows of ±30 min, ±1 h, and ±2 h. 

 500 
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Figure 8. Scatter plots comparing Pandora and OMI HCHO column retrievals for different temporal collocation strategies. 

Each panel corresponds to a measurement station and includes the 1:1 reference line. Reported statistics include sample size 

(N), mean absolute error (MAE), root-mean-square error (RMSE), and Pearson correlation coefficient (r). 

 505 
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Figure 9. Relationship between absolute OMI–Pandora HCHO bias and short-timescale Pandora variability within nearest-

time matching at five Southeast Asian stations. The x-axis represents the range of Pandora HCHO columns observed within 

the collocation window as a proxy for local temporal heterogeneity, while the y-axis shows the magnitude of the satellite–

ground bias. Red and blue markers denote direct-sun (DS) and sky-scan (SS) retrieval geometries, respectively. Linear 510 

regression lines and corresponding correlation coefficients are shown for each retrieval mode. 
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Figure 10. Time series of Pandora HCHO column measurements (DS and SS) and temporally collocated TROPOMI 

observations at five Southeast Asian stations. TROPOMI-Pandora data are shown for four collocation approaches: nearest-515 

time matching and overpass-centred averaging windows of ±30 min, ±1 h, and ±2 h. 
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Figure 11. Scatter plots comparing Pandora and TROPOMI HCHO column retrievals for different temporal collocation 

strategies. Each panel corresponds to a measurement station and includes the 1:1 reference line. Reported statistics include 520 

sample size (N), mean absolute error (MAE), root-mean-square error (RMSE), and Pearson correlation coefficient (r). 
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Figure 12. Relationship between absolute TROPOMI–Pandora HCHO bias and short-timescale Pandora variability within 

nearest-time matching at five Southeast Asian stations. The x-axis represents the range of Pandora HCHO columns observed 525 

within the collocation window as a proxy for local temporal heterogeneity, while the y-axis shows the magnitude of the 

satellite–ground bias. Red and blue markers denote direct-sun (DS) and sky-scan (SS) retrieval geometries, respectively. 

Linear regression lines and corresponding correlation coefficients are shown for each retrieval mode. 
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Figure 13. Scatter plots comparing Pandora direct-sun (DS; left column) and sky-scan (SS; right column) HCHO column 

retrievals with OMI observations at five Southeast Asian stations. Each panel shows results for different temporal 

collocation strategies (nearest, ±30 min, ±1 h, ±2 h), along with the 1:1 reference line. Reported statistics include sample size 

(N), Pearson correlation coefficient (r), mean absolute error (MAE), and root-mean-square error (RMSE). 
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Figure 14. Scatter plots comparing Pandora direct-sun (DS; left column) and sky-scan (SS; right column) HCHO column 

retrievals with TROPOMI observations at five Southeast Asian stations. Each panel shows results for different temporal 

collocation strategies (nearest, ±30 min, ±1 h, ±2 h), along with the 1:1 reference line. Reported statistics include sample size 

(N), Pearson correlation coefficient (r), mean absolute error (MAE), and root-mean-square error (RMSE). 

 540 

3.5 Role of High-Temporal-Resolution Observations: Insights from GEMS HCHO Retrievals 

The inclusion of geostationary GEMS observations demonstrates that increased temporal sampling can significantly improve 

satellite–ground agreement, particularly in urban environments characterized by strong variability. It should be noted that the 

spatial coverage of GEMS does not extend to the Bandung station; therefore, GEMS-based evaluation is limited to the 

remaining four Pandora sites. Compared to TROPOMI, GEMS achieves consistently lower error magnitudes at high-HCHO 545 

sites such as Bangkok and Singapore while maintaining comparable or stronger correlations (Fig. 15). At Bangkok, 

correlations reach r ≈ 0.58–0.65 (DS) and r ≈ 0.57–0.59 (SS), exceeding typical TROPOMI performance, while RMSE is 

further reduced to ≈ (4.1–9.9) × 10¹⁵ molecules cm⁻² and MAE to ≈ (3.1–8.7) × 10¹⁵ molecules cm⁻², with the SS 

configuration exhibiting the lowest errors. A similar pattern is observed at Singapore, where GEMS maintains moderate 

correlations (r ≈ 0.30–0.38) but achieves lower RMSE and MAE relative to TROPOMI, indicating improved representation 550 

of urban-scale variability through high-frequency sampling. In contrast, at low-HCHO environments such as Agam and 

Pontianak, GEMS performance becomes comparable to TROPOMI (r ≈ 0.09–0.24) with similar error magnitudes, reflecting 

the reduced influence of temporal variability under relatively homogeneous conditions. These results indicate that the 

advantage of GEMS is most evident in variability-rich environments, whereas in cleaner regions its performance converges 

toward that of polar-orbiting sensors. 555 

 

The role of temporal mismatch is further examined using the bias–temporal offset relationship (Fig. 16), which shows no 

systematic increase in absolute bias with increasing |Δt| across all stations. Median bias values remain relatively stable from 

near-synchronous conditions (0–0.25 h) to larger offsets (1–2 h), indicating that substantial discrepancies persist even when 

temporal mismatch is minimal. This suggests that improving temporal sampling—within the range of current satellite 560 

observations (e.g. hourly resolution from geostationary platforms)—does not fully resolve satellite–ground differences. The 

remaining discrepancies likely reflect differences in spatial sampling, particularly the contrast between the localized column 

measured by Pandora direct-sun observations and the spatially averaged satellite footprint. Sky-scan retrievals, which 

integrate over multiple viewing directions, generally exhibit reduced variability and improved consistency with satellite 

observations, supporting this interpretation. 565 

 

This interpretation is further supported by the diurnal composite analysis (Fig. 17). GEMS captures the overall daytime 

evolution of HCHO, including the late-morning to afternoon enhancement associated with photochemical production, but 

exhibits smoother variability compared to Pandora observations. At urban-influenced sites such as Bangkok and Singapore, 

GEMS more closely follows the sky-scan (SS) retrievals, while direct-sun (DS) measurements display higher peak values 570 
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and larger amplitudes due to sensitivity to localized emission sources. In cleaner environments such as Agam, where spatial 

gradients are weaker, differences between DS and SS are reduced, yet GEMS still represents a smoothed column relative to 

ground-based observations. Together with the bias–temporal offset analysis, these results indicate that while higher-

frequency sampling improves the representation of temporal variability and reduces error magnitudes, it does not fully 

eliminate discrepancies within current satellite capabilities, with residual differences likely associated with sub-pixel 575 

variability and scale mismatches between satellite and ground-based observations. 
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Figure 15. Scatter plots comparing Pandora and GEMS HCHO column retrievals for different temporal collocation 

strategies. Each panel corresponds to a measurement station and includes the 1:1 reference line. Reported statistics include 580 

sample size (N), mean absolute error (MAE), root-mean-square error (RMSE), and Pearson correlation coefficient (r). 

 

 

 

Figure 16. Relationship between absolute GEMS–Pandora HCHO bias and temporal mismatch (|Δt|) at four Southeast Asian 585 

stations. Absolute bias is grouped into temporal offset bins (e.g. 0–0.25 h, 0.25–0.5 h, 0.5–1 h, and 1–2 h), with boxplots 

showing the median, interquartile range (IQR), and variability within each bin. Results are presented separately for direct-

sun (DS) and sky-scan (SS) retrieval geometries. 

 

 590 
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Figure 17. Diurnal composite of HCHO column concentrations from GEMS and Pandora observations at four Southeast 

Asian stations. GEMS observations are compared with Pandora direct-sun (DS) and sky-scan (SS) retrievals, averaged into 

local time bins to illustrate the daytime evolution of HCHO. 595 
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4. Discussion & Conclusions 

This study provides a process-based evaluation of satellite–ground HCHO consistency in tropical Southeast Asia by 605 

integrating uncertainty-based quality control (Rawat et al., 2025), retrieval geometry separation (Pandora DS vs. SS), and 

multi-satellite comparison (OMI, TROPOMI, and GEMS). Satellite observations are not treated as a reference standard in 

this study; instead, they provide an independent observational framework to evaluate how differences in retrieval geometry 

and sampling characteristics influence satellite–ground agreement. The results demonstrate that discrepancies between 

satellite and Pandora observations arise from the combined influence of retrieval precision, sampling scale, and temporal 610 

coverage. Direct-sun (DS) retrievals exhibit higher correlations with satellite observations (r up to ~0.5) due to their 

sensitivity to short-term variability, whereas sky-scan (SS) retrievals consistently achieve lower RMSE and MAE (reduced 

by ~10–30 % and ~5–20 %) by better approximating the spatial averaging inherent in satellite measurements. These findings 

highlight that correlation and error metrics reflect different aspects of agreement and should be interpreted in the context of 

sampling characteristics. This behavior is consistent with previous studies demonstrating that measurement geometry 615 

influences the spatial representativeness of trace gas observations, with multi-axis viewing configurations sampling broader 

horizontal domains compared to narrow line-of-sight measurements (Dimitropoulou et al., 2022).  

 

The comparison across satellite platforms reveals a consistent improvement from OMI to TROPOMI and further to GEMS. 

OMI shows weak agreement due to coarse spatial resolution, while TROPOMI improves the representation of variability 620 

through finer spatial sampling. GEMS provides additional improvement, particularly in urban environments, where higher 

temporal resolution enhances agreement (e.g. r ≈ 0.58–0.65 at Bangkok) and reduces RMSE and MAE relative to 

TROPOMI. However, the persistence of discrepancies even under near-synchronous conditions indicates that improvements 

in temporal sampling—within current satellite capabilities—do not fully resolve satellite–ground differences. The remaining 

differences likely reflect mismatches in spatial sampling between localized ground-based observations and spatially 625 

averaged satellite pixels, particularly in heterogeneous tropical environments characterized by strong emission gradients and 

rapid photochemical processes. This interpretation is consistent with recent global analyses showing that increasing the 

collocation radius generally improves the agreement between Pandora and TROPOMI for HCHO due to its smoother spatial 

distribution, whereas the opposite behavior is often observed for NO₂ because of its stronger spatial heterogeneity (Park et 

al., 2026).  630 

 

Overall, the agreement between Pandora and satellite HCHO retrievals in tropical Southeast Asia is governed by the 

interplay between retrieval geometry, spatial sampling, and temporal resolution. The application of uncertainty-based quality 

control improves the robustness of Pandora observations, while the separation of DS and SS retrievals reveals 

complementary strengths in capturing variability and spatially representative column structure. The observed differences 635 

between DS and SS retrievals reflect the interplay between measurement geometry and atmospheric heterogeneity, with DS 



37 

 

often reflecting more localized variability and SS providing a more spatially integrated representation of the atmospheric 

column. Although advances in satellite design—such as higher spatial resolution (TROPOMI) and increased temporal 

sampling (GEMS)—substantially improve agreement, residual discrepancies remain. These results provide a coherent 

framework for interpreting satellite–ground HCHO comparisons in tropical regions and highlight the need for integrated 640 

spatial–temporal strategies in future satellite missions and validation efforts. 
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