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Fig. 2 Samples presentation of oversampling dataset (in 2020). e rstcolumn is HCHO VCD, the second
column is uncertainty, the third column is relative uncertainty. Panels (a-c) are monthly oversampling data,
panels (d-f) are quarterly oversampling data, and panels (g-i) are annual oversampling data.

‘code_application’, which o ers example scripts for processing the OMHCHOS V1.0 dataset. Detailed infor-
mation on the purpose of each script and the system requirements can be found in the ‘README.txt" le.
Furthermore, comprehensive explanations of the OMHCHOS V1.0 dataset, including le organization, variable
de nitions, and data provenance, are available in the ‘Oversampling_Dataset Description.json’ sidecar le.

When downloading the data, please enter the full dataset name “Global OMI HCHO Level 3 Oversampling
Dataset” in the search bar on ScienceDB to access the download link. All the data are published free of charge
and open access to facilitate in-depth exploration for research on tropospheric HCHO. Available for references,
numerous air quality researches has been supported by this dataset or algorithm?3-%7,

Technical Validation

Comparison with Level 3 OMI HCHO product. We conducted a cross-validation for the oversampling
dataset using L3 OMI HCHO product (OMHCHOd) published by EARTHDATA, evaluating data quality in
terms of VCD, as well as spatial and temporal distributions. Daily OMHCHOd data were aggregated into monthly
composites for convenient comparison. We collected almost all OMHCHOd data (public data only covers January
1, 2005 to June 23, 2022), which were processed into 1-month (monthly), 3-month (quarterly), and 12-month
(annual) composites, with VCD constrained within the range of —1 < 1015 to 1 < 1017 molec/cm?. E ective pixels
superimposed into each grid are accumulated and counted, and nally obtain OMHCHOd L3 monthly synthetic
data (OMHCHOmMm:s) at various time intervals. We extracted oversampling data with spatial resolution of 0.1° and
temporal resolutions of 1 month, 3 months, and 12 months, ensuring alignment with the OMHCHOmMms dataset
for consistency.

Figure 3 presents a spatial comparison between the oversampling dataset and OMHCHOmMms, with 2005 as
an example. Panels (a—c) illustrate the spatial distribution of the oversampling dataset at monthly (Month-OS),
quarterly (Season-0S), and annual (Year-OS) scales, while panels (d—f) depict the spatial distribution of
OMHCHOmMmSs at monthly (Month-OMI), quarterly (Season-OMI), and annual (Year-OMI) scales. Both give
relatively consistent spatial mapping for global scale at di erent temporal resolutions. High HCHO VCD are
primarily located in central South America, central Africa, and Southeast Asia, whereas low HCHO VCD are
concentrated in North Africa, the Arctic Ocean, and Antarctica. Additionally, Atlantic Ocean, Indian Ocean,
and central Paci ¢ Ocean show large areas of low HCHO VCD, approaching background levels.

To ensure a geographically unbiased evaluation of the dataset, we also conducted assessment at both large
regional scales and localized high and low HCHO VCD regions. On the large scale, we selected South America,
Africa, and China; while on the smaller scale, we identi ed 12 target regions, including 9 high-emission and 3
low-emission regions, to appraise the ability of oversampling dataset for capturing high and low values of HCHO
VCD. Target regions are depicted in Fig. 4, where the red solid-line boxes present high-emission, and the red
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Fig. 3 Comparison between OMHCHOS and OMHCHOmMms (in 2005).
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Fig. 4 Location of the 12 target regions, with the solid red box showing high HCHO emission and the dashed
red box revealing the HCHO emission.

dashed-line boxes show low-emission. Correlation test, error analysis and bias analysis were performed between
the oversampling dataset and OMHCHOmM:s at the unit of grid, all the statistical results were classi ed as years.
Figure 5 shows signi cant correlation between OMHCHOS and OMHCHOmMms for both small and large
regions. Figure 5a presents the correlation at three temporal resolutions for large-scale regions, with mean cor-
relation coe cients (R) are 0.93 (annual), 0.85 (quarterly), and 0.77 (monthly), all of which are statistically
signi cant (p <<0.05), the larger the temporal resolution, the better the correlation, implying that the more con-
tribution from e ective pixels will further improve the accuracy of the oversampling dataset. Africa exhibited
the highest correlation (R =0.93), while South America (R=0.81) and China (R =0.80) are close. Panels (b—d)
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Fig. 5 Correlation between OMHCHOS and OMHCHOmM:s for large and small regions. Panel (a) presents the
correlation for large regions, where the red line refers to annual scale, the green line represents seasonal scale,
and the blue line is monthly scale. Panels (b-d) show the correlation for small regions on annual, quarterly, and
monthly scales, where the black circles on behalf of regions with high HCHO emissions and the blue circles
present regions with low HCHO emissions.

illustrate the correlation between the two datasets at small regional scales over annual, quarterly, and monthly
periods, respectively. e average R for all regions is 0.89 (annual), 0.78 (quarterly), and 0.69 (monthly), which
was marked by a dashed line in the panel. e high and low emission regions of HCHO can be found at both
above and below the average value, demonstrating the weak in uence to the correlation between the two data-
sets from the level of HCHO VCD. According to the comparison about large and small regions, correlation of
the large region is slightly better than that of small region, but with no signi cant di erence, which suggests
stable and reliable quality of oversampling dataset, regardless of regional scale.

Root mean square error (RMSE) and bias were employed to assess the quality of the oversampling datasets.
RMSE quanti es the magnitude of mean error between the two datasets, smaller values prove reduced discrep-
ancies, while bias judges the degree of underestimation or overestimation between datasets, with smaller values
suggesting minimal deviation. Johnson et al. (2022) averaged the spatial resolution of both quarterly HCHO
data captured by the airborne sensors and satellite data to 0.15° < 0.15°, and then the airborne HCHO data
was compared and validated against OMI HCHO and QA4ECV OMI HCHO, yielding an average RMSE of
approximately 9.0 % 10 molec/cm?, and the biases were found to be approximately 5.1 % 10*> molec/cm? and
2.3 10 molec/cm?, respectively®. Liao et al. (2025) reported the average biases between NASA ATom in situ
HCHO observations and OMI SAO, OMPS SAO observations in oceanic regions across seasons, with values of
(—0.73£0.87) x 10*® molec/cm? and (—0.76 #0.88) < 10> molec/cm?, respectively®. We computed the aver-
age RMSE and bias for both large and small regions across three temporal resolutions (monthly, quarterly, and
annually), as shown in Fig. 6, which unveils lower RMSE and bias of our dataset than those reported by Johnson
etal. (2022), and close to the values given by Liao et al. (2025).

e bar charts in Fig. 6 display the RMSE and bias for all data in the two types of regions. RMSE of oversam-
pling dataset is close for both large and small regions.  ere is little di erence between RMSE at quarterly and
annual level, with the largest RMSE at the time resolution of monthly, which is about 3.5 < 10'® molec/cm?. Bias
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Site Lat, Long Class Data Source | Time coverage

Xianghe | 39°N, 117°E | Sub-urban | BIRA 04/2010—01/2017
Uccle 50°N, 4°E Urban BIRA 04/2011—06/2015
Mainz | 50°N, 8°E Urban MPIC 06/2013—12/2015

Table 1. MAX-DOAS stations information.

of the oversampling dataset uctuates around zero, monthly bias is close to quarterly, with the ranges of about
(—0.5 > 10 molec/cm?, 0.2 x< 10> molec/cm?). Bias for the annual dataset in small regions is a bit pronounced,
ranging from (—0.8 % 10 molec/cm?, 0.7 < 10> molec/cm?). e average RMSE for the large and small regions
are 1.66 < 10'® molec/cm? and 1.35 x 10*° molec/cm?, respectively, with average biases of —0.04 % 10> molec/
cm? and —0.05 > 105 molec/cm?. To sum up, the evaluation indicates relatively low RMSE and bias.

Comparison with MAX-DOAS data. In this study, the QA4ECV MAX-DOAS dataset was adopted as an
independent ground-based reference for validation. We speci cally employed station data retrieved using the
324.6-359nm tting window and selected three representative sites: Xianghe, Uccle, and Mainz, covering both
suburban and urban environments (Table 1). We compiled the HCHO total tropospheric columns from each site
over di erent temporal ranges. Following the validation strategy proposed by Isabelle De Smedt*, daily averages
were obtained by averaging all MAX-DOAS retrievals between 11:00 and 16:00 local time, and monthly means
were then derived from the available daily observations.

For comparison, we utilized OMHCHOS with a spatial resolution of 0.05° and a monthly temporal resolution.
Based on the geolocation of the MAX-DOAS sites, the selected OMHCHOS were extracted within a 20km radius,
and the corresponding monthly averages were calculated for the three representative sites. Validation results (Fig. 7)
show that OMHCHOS and the ground-based observations exhibit highly consistent temporal patterns (R =0.75).
RMSE is within a reasonable range (3.87 > 1015 molec/cm?2), and the bias (—4.21 %< 1015 molec/cm?) indicate a slight
systematic underestimation in OMHCHOS. s bias is consistent across cases and can be readily corrected.

Comparison with simulation data. e GEOS-Chem simulated data and the oversampling dataset, with
spatial resolution of 1° and time range from June 2018 to April 2023, are resampled to a 2° resolution, with
temporal resolution on a monthly scale. Figure 8 presents the spatial distribution of oversampling dataset and
simulated data, the global mapping from oversampling dataset is generally consistent with simulated data. Both
data show that high HCHO VCD occur in central South America, southeastern North America, central Africa,
and Southeast Asia, which testi es their consistency in monitoring the global distribution of high and low HCHO
emission areas, capturing regions of high HCHO emissions is the priority of HCHO monitoring.

We performed a correlation analysis and consistency test for these two datasets at global scale during the
simulation time (Fig. 9). Correlation between the oversampling dataset and the GEOS-Chem simulated data
over the past ve years issigni cant, with an average correlation of 0.75. e Bias and RMSE are higher than
the comparison with OMHCHOmMms, with an average bias of 2.56 < 1015 molec/cm?2 and an average RMSE of
3.23 < 1015 molec/cmz, indicating slightly larger deviation between the two datasets compared to OMHCHOmMms.

Usage Notes

A grided global OMI HCHO Level 3 oversampling dataset, OMHCHOS V1.0, was developed using a
self-designed oversampling algorithm. Compared with the products released by EARTHDATA, this dataset
provides 7 distinct spatial resolutions and 12 temporal resolutions, thereby enhancing the diversity of HCHO
datasets available to users. The highest spatial resolution has been upgraded to 0.05° (~5km), supporting
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Fig. 8 Comparison of oversampling dataset with GEOS-Chem simulated data at 2° spatial resolution
(September 2018).

tracking HCHO emissions at kilometer scale. In addition, OMHCHOQOS quantitatively tracks the propagation of
uncertainty throughout the oversampling algorithm, substantially reducing the uncertainty level of the original
data and ensuring a reliable overall data quality. According to the SAO, the spectral tting process introduces an
uncertainty of 40-100%, while the atmospheric mass factor contributes an additional ~30%, resulting in a com-
prehensive uncertainty of 50-105% for the original OMI L2 HCHO data. By contrast, analysis of OMHCHOS
shows a pronounced reduction in relative uncertainty, with a multi-year global mean of only 19%, demon-
strating a signi cant improvement in data accuracy compared with the original L2 product. Furthermore, the
dataset achieves near-global coverage, with only minor gaps remaining over the polar regions, and provides

exible options across multiple spatial and temporal scales. High-resolution data enable the identi cation of
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kilometer-scale emission sources and support regional-scale emission assessments, whereas coarser spatial
resolutions are more suitable for large-scale or global analyses. Similarly, high temporal resolutions facilitate
investigations of short-term emission transport and dispersion, while coarser temporal scales are well suited for
long-term source—sink evaluations.

Based on OMHCHOS V1.0, an oversampling spatio-temporal scale optimization model (OSTSOM) was
established for enabling users to identify the required datae ciently. We assessed the goodness-of- t for the
points of each year and found that the indices for 2007, 2011, 2014 and 2021 were 0.78, 0.71, 0.65 and 0.75,
respectively, which were lower than those of other years (>0.9), but the overall goodness-of- t indices still
reached a high level. OSTSOM is shown in Fig. 10 and presents some features: (1) A pronounced aggregation of
high UR values is observed. Finer spatial resolution and shorter temporal resolution give higher relative uncer-
tainty. As shown in the Fig. 10, the red high-value regions are concentrated in the range of 0.05°-0.5° for spatial
resolution and 1-3 months for temporal resolution, while coarser spatial resolution and longer temporal resolu-
tion are associated with lower relative uncertainty, with the purple low-value regions predominantly distributed
within the 0.5°-1° spatial resolution and 2—12 months temporal resolution. (I11) When the spatial resolution
exceeds 0.5°, UR remains consistently low (generally <0.2) and exhibits weak sensitivity to temporal resolution.
However, for spatial resolution ner than 0.5°, ER is generally higher (>0.2) and represents increasingly in u-
enced by temporal resolution.

We developed a data lookup table (Table 2) for OSTSOM to foster e cient data selection, enabling users
to quickly determine the optimal data in line with their requirements. e lookup table provides two selection
methods: the threshold-based division method and the value-domain division method. e data selection prin-
ciple of the lookup table isto  rst determine the ideal UR range, and then the appropriate data set in accordance
with the maximum frequency of occurrence of SR and TR, TR=5% and SR =10% of the data points is recom-
mended (see Table S1-S4 for the speci c allocation of the percentage of the data points). Users can utilize the
lookup table to select data according to their needs. For instance, if UR <0.1 is required, it is recommended to
download data with SR =0.75° and TR =5 months to ensure optimal accuracy and reliability.

We recommend the following data selection strategies: () For large-scale or global studies, if minimizing UR
isa priority, it is advisable to use coarse SR and longer TR; (1) For regional-scale analyses, if high SR is required,
strict control of UR may need to be relaxed. For example, if expecting SR to be as  ne as 0.05°, it is a good idea to
select the data with UR >0.2; (111) If focusing on smaller TR, it is better to choose data with coarse SR, under the
premise of determining TR, the coarser the SR, the better the UR control; (IV) When UR falls within the range
of 0.1 to 0.3, TR has minimal impact on data quality, allowing exibility in SR choices.

We futher constructed a multidimensional data cube to capture the characteristics of the dataset, with tem-
poral resolution as the X-axis, spatial resolution as the Y-axis, and year as the Z-axis. e yearly average UR is
represented as points within the data cube (Fig. 10). Users can locate target data e ciently by consulting the
oversampling spatial-temporal scale optimization model and look-up tables. s data cube focuses on outliers
and trends within the dataset across years. For instance, when selecting data at resolution of 0.05°, the cube
immediately reports that the UR of 2014 is higher than that of other years, aligning with the low goodness-of- t
index for 2014 in the production of OSTSOM. e four-dimensional oversampling data cube also tells users that
data points exhibiting clear anomalies have been excluded in advance, primarily those with spatial resolutions of
0.1° and 0.2° from the years 2006 and 2007. Data with a UR of more than 0.5 (unideal data) are labeled in Table 3.
It also shows the year and spatial resolution of the unideal data, while the values in the table represent the tempo-
ral resolution at which the dissatisfaction occurred, which can assist users in locating the unideal data quickly, so
as to avoid the disturbance to data analysis caused by the high uncertainty. e ‘/’ symbol in the Table 3 indicates
no anomalies were detected, con rming its reliability for general use.
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classification UR SR (°) TR (month)
<0.1 =0.75 =5
<0.2 =0.3 =2
reshold-based division method | <0.3 =0.05 =1
<04 =0.05 =1
<05 =0.05 =1
0~0.1 =0.75 =5
0.1~0.2 =0.2 =1
Value-domain division method | 0.2~0.3 | <0.3 =1
0.3~0.4 =<0.3 <5
0.4~0.5 =0.1 <2

Table 2. Look-up table recording two division methods.
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Data availability

e OMHCHOS V1.0 dataset is publicly available on the Science Data Bank and can be accessed via the DOI link:

https://doi.org/10.57760/sciencedb.29626. It may also be retrieved by entering the full dataset title, “Global OMI
HCHO Level 3 Oversampling Dataset”, in the ScienceDB search bar.

Code availability
Codes for producing this dataset were organized using Fortran 90, R 4.1.2 and Python 3.0, compatible with
programming languages at newer version. Codes are available in https://doi.org/10.57760/sciencedb.29626.
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