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20  Abstract

21  Global Atmosphere Watch (GAW) carbon dioxide (CO.) observations provide high-precision

22 constraints on surface CO; variability, but many station records remain temporally incomplete
23 because of flask sampling, instrument interruptions, and quality-control exclusions. Such gaps
24 can limit the representation of diurnal variability, bias daily, monthly, and annual mean CO;

25  estimates, and reduce the ability to detect short-lived events. Here, we present a global,

26  temporally continuous hourly reconstruction dataset of GAW station CO2 concentrations for

27  2000-2024. The dataset was generated using a two-stage reconstruction framework that

28  integrates GAW observations with Carbon Tracker (CT) and Copernicus Atmosphere Monitoring
29  Service (CAMS) CO:; fields, together with anthropogenic, vegetation, meteorological, and

30  spatiotemporal predictors. In the intra-day gap filling stage, missing hours on days with at least
31  one valid observation were reconstructed using hour-pair models to produce complete daily

32 profiles. In the full-sequence reconstruction stage, the remaining periods with no valid

33 observations were reconstructed using a globally trained initial prediction model followed by

34  station-specific post-correction. The framework showed robust validation performance at the

35  hourly scale, with R* = 0.96 and RMSE = 3.65 ppm for intra-day gap filling and R*> = 0.93 and
36  RMSE =4.76 ppm for full-sequence reconstruction. Across all stations, the mean filling rate was
37  68.9 %, and the mean reconstruction uncertainty was 2.80 ppm. Applying the World Data Centre
38  for Greenhouse Gases (WDCGG) global analysis framework showed that reconstructed global
39  monthly mean CO; concentrations were, on average, 0.54 £ 0.21 ppm higher than those derived
40  from the original GAW records, indicating that incomplete temporal coverage can measurably
41  affect global monthly estimates. Compared with grid-cell CT and CAMS simulations, the

42 reconstructed dataset retained stronger station-scale diurnal variability and captured CO>

43  enhancements during the 2023 Canadian wildfire period. This dataset can support long-term

44  assessments of global and regional surface CO» changes, fine-scale analyses of CO; variability,
45  and regional carbon emission inversion and evaluation. The dataset is available at

46  https://doi.org/10.5281/zenodo.21306261 (Mi et al., 2026).
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47 1. Introduction

48  Atmospheric carbon dioxide (CO3) is the dominant anthropogenic greenhouse gas and a central
49  driver of contemporary climate change (Jin et al., 2024). Since the Industrial Revolution, its

50  global mean concentration has risen from about 280 ppm to more than 424 ppm by 2024, mainly
51  because of fossil fuel combustion, cement production, and land-use change (Cheng et al., 2023;
52  Tianetal., 2021; Lan et al., 2026). Although this long-term increase is well established,

53 atmospheric CO; also varies substantially across space and time due to anthropogenic emissions,
54 terrestrial biospheric exchange, ocean-atmosphere fluxes, and atmospheric transport

55  (Friedlingstein et al., 2025). This variability is especially pronounced near the surface, where

56  COzconcentrations can change rapidly in response to photosynthesis and respiration, local

57  emissions, convection, and boundary-layer dynamics (Mustafa et al., 2022; Te et al., 2023;

58  Roobaert et al., 2024). High-temporal resolution observations are therefore essential for

59  resolving fine-scale CO: variability, diagnosing carbon-cycle responses to environmental

60  perturbations, constraining and evaluating carbon-cycle models, assessing mitigation efforts, and
61  improving projections of future climate change.

62

63  Atmospheric CO; is monitored mainly through satellite remote sensing and ground-based

64  observation networks (He et al., 2022). Satellite missions such as Orbiting Carbon Observatory-2
65  (OCO-2) and Greenhouse Gases Observing Satellite (GOSAT) provide near-global observations
66  of column-averaged CO», but their retrievals are often limited by cloud cover, aerosols, and weak
67  solar illumination at high latitudes, leading to substantial data gaps and reduced sensitivity to

68  rapid fine-scale variability (Noél et al., 2022; Taylor et al., 2023; Hu et al., 2024). Ground-based
69  networks under the World Meteorological Organization (WMO) Global Atmosphere Watch

70  (GAW) program provide highly accurate in situ surface CO, measurements, which are archived
71  and distributed by the World Data Centre for Greenhouse Gases (WDCGG) operated by the

72 Japan Meteorological Agency (JMA) (Wu et al., 2024). However, these records are often

73 temporally incomplete. Many stations rely on flask sampling, in which air is collected
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74  periodically and analyzed offline, typically at weekly or monthly intervals that cannot resolve

75  diurnal CO; variability (Lin et al., 2015). Even continuous in situ records can contain extended
76  gaps due to instrument failures, power interruptions, and quality-control filtering. Such temporal
77  incompleteness may introduce sampling bias, especially when missing observations occur

78  systematically at certain times of day. For example, the absence of afternoon measurements,

79  when photosynthetic uptake and boundary-layer mixing often lower near-surface CO; can bias
80  daily means upward. These gaps also affect estimates of long-term CO; trends and increase

81  uncertainty in global carbon-budget assessments and sources-sink attribution (Friedlingstein et
82  al., 2025).

83

84  Global atmospheric inversion and assimilation systems, such as Carbon Tracker (CT) and the

85  Copernicus Atmosphere Monitoring Service (CAMS), provide continuous CO» fields that can
86  help compensate for gaps in GAW measurements. These systems combine atmospheric CO»

87  observations with prior surface fluxes and atmospheric transport models through inversion or

88  data-assimilation frameworks to estimate spatiotemporally complete CO, mole fractions (Van
89  Der Laan-Luijkx et al., 2017; Inness et al., 2019). However, these products cannot fully

90  substitute for high-frequency, station-level GAW observations. Their public outputs are typically
91  provided at intervals of 3 hours and coarse spatial resolutions, which limits their ability to

92  resolve rapid sub-daily variability, local emission signals, boundary-layer transitions, and sharp
93  gradients (Kenea et al., 2019; Chen et al., 2019; Wang et al., 2021). Their near-surface CO, fields
94 are also influenced by prior emission inventories and transport parameterizations, particularly in
95  regions with complex topography or strong synoptic variability (Kountouris et al., 2018). As a
96  result, simulated CO; fields often smooth local peaks and dampen diurnal and seasonal

97  amplitudes (Agusti-Panareda et al., 2023), which can obscure short-term emission or uptake

98  signals and limit their use for evaluating fine-scale carbon cycle processes and event-derived

99  COs enhancements. Accordingly, CT and CAMS are better suited as physically informed

100  covariates than as direct replacements for GAW observations when reconstructing temporally
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101 continuous hourly station-level CO» records.

102

103 These limitations point to a central data gap, namely the lack of long-term, globally distributed
104  GAW COs records that are continuous at hourly resolution. Current station-based assessments
105  usually rely on monthly aggregation and statistical gap filling to estimate global or regional CO»
106  means and trends, which can suppress sub-daily variability and introduce uncertainty when

107  missing values are inferred from nearby sites (Tsutsumi et al., 2009; Wu et al., 2024). Temporal
108  gaps and uneven station availability may therefore bias estimates of mean CO, abundance,

109  growth rates, and seasonal cycles, particularly at flask sampling stations that observe only during
110 selected hours and cannot resolve diurnal variability associated with biospheric exchange and
111 local transport. This limitation also affects atmospheric inversion systems such as CT, where

112 observations are often assimilated under well-mixed conditions to reduce transport errors,

113 leaving full diurnal constraints underused and potentially affecting annual source-sink estimates
114 (Masarie et al., 2014; Munassar et al., 2025). Missing hourly records further limit the detection
115  of short-lived CO; enhancements from sources such as wildfire plumes, whose timing,

116  magnitude, and duration may be underestimated or missed entirely (Karandana Gamalathge et
117  al., 2024). A temporally continuous hourly reconstruction of GAW CO, measurements is

118  therefore needed to transform irregular station records into consistent time series for assessing
119  global and regional mean CO» abundance, seasonal and diurnal variability, and rapid carbon-
120 release events.

121

122 This study addresses that gap by reconstructing a global, temporally-continuous, hourly station-
123 based GAW CO; dataset for 2000-2024. We combined WDCGG-archived in situ observations
124  with simulated CO; fields from CT and the CAMS, together with anthropogenic, vegetation,

125  meteorological, spatial, and temporal predictors. The reconstruction used a two-stage framework
126  that first filled the missing hours within partially observed days and then estimated fully missing

127  days, which preserved the observed diurnal information where available while extending records
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128  through periods without observations. The resulting dataset complements gridded CO: products
129 by retaining station-level variability that is often smoothed in global simulations. This enables
130  more consistent analyses of global and regional CO; abundance, growth rates, seasonal cycles,
131  and diurnal variability, and provides a basis for detecting short-lived anomalies such as wildfire-
132 related CO2 enhancements. By transforming irregular GAW records into a long-term, globally
133 distributed hourly time series, this dataset offers a station-based benchmark for evaluating

134 carbon-cycle models, assessing inversion products, and investigating fine-scale carbon dynamics
135  over the past quarter century.

136

137 2. Materials and Methods

138 2.1 Datasets

139 2.1.1 GAW CO: monitoring data

140  GAW monitoring observations, including greenhouse gases, are collected, archived, and

141  distributed by the WDCGG through contributions from participating institutions (Organization,
142 2025), and are publicly available at https://gaw.kishou.go.jp/ (accessed on 27 June, 2025). We
143 downloaded global CO; concentration records from all available stations from 2000 onward,

144 including hourly and event records. After obtaining the initial data from 171 stations, we retained
145  only valid measurements, corresponding to quality flags 1 and 2, and excluded invalid

146  measurements with quality flag 3. To support reliable long-term analysis and representative

147  seasonal coverage, we further removed stations with no significant interannual growth or with
148  one or more months without observations in a single year (Fig. S1). This screening yielded 152
149  GAW stations for 2000-2024, comprising more than 10 million samples (Fig. 1). These stations
150  are globally distributed, although 80.9 % are in the Northern Hemisphere, with particularly dense
151  coverage in Europe. By observation methods, 73 stations provide continuous measurements

152 (6,881,113 samples), while 53 rely on flask sampling only (43,826 samples), and 26 include both
153 types (3,435,568 samples). For stations with both methods, continuous measurements were

154  prioritized when both data types were available, while flask data were used as supplementary
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155  records (Tsutsumi et al., 2009). Temporal coverage varies substantially among the stations, with
156  amean hourly coverage rate of 52.9 %. Continuous stations have much higher coverage than
157  flask stations, at 84 % versus 0.5 %, reflecting the large temporal gaps inherent in flask

158  sampling.

159
Coilgéage rate (%)
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161  Figure 1. Global distribution of GAW CO> monitoring stations and their data coverage rates. The
162 coverage rate for each station was calculated as the ratio of valid hourly samples to the total

163  number of hours between the first and last observation timestamps. Points are colored according
164  to coverage rate and shaped according to station type.

165

166  2.1.2 Model-simulated CO: data

167  Simulated near-surface CO» concentrations from CT and CAMS were used as key predictors for
168  reconstructing the GAW CO» observation time series. We used two CT products: CT2022 for
169  January 2000 to February 2021 and the near-real time CT-NRT v2025-1 for March 2021 to

170  December 2024, both available at https://gml.noaa.gov/ccgg/carbontracker/. These products

171  provide global three-dimensional CO> mole fraction fields at 3-hour resolution, with 34 vertical
172 levels and a spatial resolution of 3°x2°. CO2 concentrations from the near-surface layer,

173 corresponding to level 1, were extracted for this study. We also used the CAMS greenhouse gas

174  reanalysis product (EGG4), available at https://ads.atmosphere.copernicus.eu/, which covers
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175 2003-2020 and provides global 3-hourly CO> fields at 0.75°<0.75° resolution with 137 vertical
176 model levels. As with CT, near-surface CAMS CO» concentrations were extracted as a predictor
177  for GAW COz reconstruction. For each GAW station, CT and CAMS CO> concentrations were
178  extracted from the model grid cell containing the station location and then temporally

179  interpolated from 3-hour to hour resolution using a natural cubic spline (Perperoglou et al., 2019)
180  (Supplement S1 and Fig. S2). For periods without CAMS data, namely 2000-2002 and 2021-
181 2024, missing CAMS CO; values were estimated using a LightGBM model based on CT CO»
182  data and the environmental variables described in Section 2.1.3 (Supplement S2 and Fig. S3).
183

184  2.1.3 Ancillary variables

185  In addition to the CT and CAMS simulated CO fields, we incorporated ancillary variables to
186  reconstruct temporally continuous hourly GAW CO: concentrations. These variables capture

187  three major drivers of atmospheric CO» variability, including anthropogenic activities, vegetation
188  indicators, and meteorological factors (Wang et al., 2025). Anthropogenic proxies characterize
189  human-related emission patterns, including population, land use, nighttime lights, and emission
190  inventories. Vegetation indicators represent biospheric carbon exchange, including the

191 normalized difference vegetation index (NDVI), gross primary productivity (GPP), net primary
192 productivity (NPP), fraction of photosynthetically active radiation (FPAR), and leaf area index
193  (LAI). Meteorological factors reflect atmospheric transport and boundary-layer dynamics,

194  including temperature, wind, pressure, precipitation, evaporation, radiation, and soil moisture.
195  For each GAW station, all variables were extracted from the grid cell containing the station at
196 their native spatial resolutions and used as station-specific predictors. For temporal matching,
197  hourly variables were aligned with the corresponding station observation hour, whereas variables
198  with coarser temporal resolutions were assigned to all hours within their native time interval. We
199  also included static and proxy variables to better represent station characteristics and temporal
200  patterns. Station elevation was obtained from the station metadata. Spatial proxy variables were

201  generated by converting latitude and longitude into radians, providing a continuous
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202  representation of geographic position and enabling the model to capture spatial heterogeneity
203  among stations (Liu and Chen, 2022). Temporal indicators based on hour of day (HOD) and day
204  of year (DOY) were transformed using sine and cosine functions to preserve their periodic

205  continuity and avoid artificial discontinuities (Shao et al., 2026). Together, these predictors

206  enhance the model’s ability to capture complex hourly spatiotemporal variability in surface CO.,
207  with detailed data sources and descriptions provided in Supplement S3 and Table S1.

208

209 2.2 GAW CO: concentration record reconstruction

210  To reconstruct temporally continuous hourly CO; at GAW stations, we developed a station-based
211  framework that first removes dominant large-scale CO; signals and then reconstructs missing
212 residual variability using a two-stage machine learning strategy (Fig. 2). Because atmospheric
213 CO; exhibits pronounced long-term growth and seasonal cycling, the original GAW records were
214 adjusted using the CT-derived trend and seasonal components estimated with a Generalized

215  Additive Model (GAM) decomposition (Simpson, 2018) (Supplement S4). CT products

216  represent broad-scale atmospheric CO; variability, including interannual trends and seasonal

217  patterns (Cui et al., 2021; Peters et al., 2007). The resulting GAW residual component (COy),
218  obtained by subtracting the CT-derived trend (COxz) and seasonal component (COzs), was then
219  used as the reconstruction target in the subsequent machine learning procedures. A two-stage

220  reconstruction strategy was employed to address both intra-day incompleteness and long-term
221  missing segments. First, for days with at least one valid observation, missing hours were filled by
222 learning hour-to-hour COs residual differences from paired observations, thereby generating

223 complete 24-hour profiles and a temporally balanced augmented dataset. Second, this augmented
224 dataset was used to train a full-sequence model to estimate hourly CO> concentrations for

225  entirely missing days. This design is particularly important for flask and semi-continuous

226  stations, which often sample only once per day or week at fixed local times and thus provide

227  temporally imbalanced training data that cannot resolve the full diurnal cycle. LightGBM was

228  adopted as the core algorithm in both stages due to its efficiency in capturing nonlinear
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229  relationships and discontinuous temporal dynamics in time series (Ke et al., 2017; Anderer and
230  Li, 2022) (Supplement S5 and Table S2).
231

. GAW residual CO, Carbon Tracker
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232

233 Figure 2. Flowchart of the reconstruction framework for hourly GAW COx concentration

234 records. Original GAW CO; observations were first converted into CO> residuals by removing
235  the CT-derived long-term trend and seasonal components. The residual component was then
236  reconstructed using a two-stage machine learning framework. In Stage 1, intra-day gap filling

237  was performed for partially observed days with at least one valid observation. In Stage 2, the

10
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238  augmented residual dataset from Stage 1 was used to reconstruct fully missing periods. The

239  independent variable set included model-simulated CO, meteorological factors, anthropogenic
240  activity indicators, vegetation indicators, and spatiotemporal variables.

241

242 2.2.1 Stage 1: Intra-day gap filling

243 In this stage, we developed an hour-pair modeling strategy to reconstruct missing hourly CO»
244  concentrations within days that contained at least one valid observation. All 24 UTC hours were
245  treated as ordered hour pairs (x, y), where x denotes the monitoring hour with an available

246  observation and y denotes the target hour to be filled (Figs. 2 and S4). Excluding self-pairs, this
247  yielded 552 ordered hour-pair models. For each (x, y) pair, an independent LightGBM model was
248  trained to predict the COy; difference defined by Eq. (1).

249 ACOZr(x,y) = COZT,y - COZT,x (1)

250  Training samples were extracted from days with valid data at both x and y. GAW residual
251  observations were combined with CT residual samples, calculated by subtracting the CT-derived
252 trend and seasonal component from CT COx, to expand the training set, and samples from all

253  stations were pooled to train a global model for each hour pair using Eq. (2).
254 ACOzp(xy) = fxy) (DX, AXc, X1, X2, oo, X7) 2

255  where AXy and AX. are hour-to-hour differences in meteorological factors and CAMS CO;
256  concentrations, respectively, and X, X5, ..., X, denote the anthropogenic, vegetation, static, and
257  spatiotemporal proxy variables described in Section 2.1.3. The function f, ) denotes the model
258  specific to the hour pair (x, y). During reconstruction, this procedure was applied separately to
259 each station. For each partially observed day, the corresponding hour-pair model f(,) was used
260  to estimate CO,, from the available COy;,. When multiple monitoring hours were available
261  for the same target hour, their estimates were averaged. This procedure converted partially

262  observed days into complete 24-hour records, providing a temporally balanced augmented

263  dataset for the subsequent full-sequence reconstruction.

264

11
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265  2.2.2 Stage 2: Full-sequence reconstruction

266 In this stage, we developed a full-sequence reconstruction strategy to fill time steps that

267  remained completely missing after Stage 1, using LightGBM initial-prediction followed by

268  quantile-GAM (QG) post-correction (Fig. 2 and S5). Using the augmented dataset generated
269  from Stage 1, a LightGBM model was trained to predict the initial CO»; for all missing time steps
270  according to Eq. (3).

271 1COy = f(Xcra Xm Xcr X1, X2 o, X)) 3)
272  where ICO,, is the initial predicted CO2;, X1, represents the CT-derived CO; anomaly term,
273 Xy and X, denote meteorological factors and CAMS COz, respectively, and Xy, X5, ..., X,
274  represent the anthropogenic, vegetation, static, and spatiotemporal proxy variables described in
275  Section 2.1.3. Because machine learning regressions can overestimate low values and

276  underestimate high values, their predictions may be compressed toward the mean (Belitz and
277  Stackelberg, 2021; Zhang and Lu, 2012). To reduce this bias, we applied a station-specific

278  quantile-GAM post-correction based on the augmented dataset. Out-of-fold predictions were
279  generated through 10-fold cross-fitting, in which calendar-month blocks for each station were
280  randomly assigned to ten folds and iteratively used for training and prediction. These out-of-fold
281  predictions were paired with the corresponding observed CO»; values to estimate a station-

282 specific quantile-GAM relationship fo; between the predicted and observed residual

283  distributions. The corrected CO»; values were obtained using Eq. (4).

284 FCOz = foc(IC0,) 4
285  where FCO,, denotes the bias-corrected COzrand fj; represents the station-specific quantile-
286  GAM correction function. Final CO; concentrations were obtained by adding back the CT-

287  derived trend and seasonal components. Through this procedure, all remaining missing records
288  were reconstructed, yielding continuous hourly CO> time series for each GAW station over 2000-
289  2024.

290

291

12

suoIssnoasiq



Earth System
Science

iData

https://doi.org/10.5194/essd-2026-554
Preprint. Discussion started: 6 October 2026
(© Author(s) 2026. CC BY 4.0 License.

en Access

292 2.2.3 Uncertainty assessment

293 To provide record-level uncertainty estimates for the reconstructed hourly CO, dataset, we used
294  stage-specific validation-based error information to quantify the expected magnitude of the

295  reconstruction error. For Stage 1, the validation root mean square error (RMSE) of each hour-
296  pair model was used to represent the typical error in reconstructing target hour y from monitoring
297  hour x (Fig. S4). RMSE is widely used to summarize prediction error magnitude in forecasting
298  and model evaluation (Hyndman and Koehler, 2006). When multiple monitoring hours were

299  available for the same target hour, their pair-specific RMSEs were combined using a quadratic

300  mean to estimate U,, as defined in Eq. (5).

301 Uy = |-X%, RMSEZ, )
302  where n is the set of available monitoring hours used to reconstruct target hour y. For Stage 2,
303  uncertainty was estimated from out-of-fold residual errors generated by the 10-fold cross-fitting
304  procedure (Borjigen et al., 2026) (Fig. S5). Specifically, absolute residual errors were calculated
305  between the reference COa, values in the Stage 1 augmented dataset and their corresponding out-
306  of-fold predictions (Eq. (6)).

307 E =[COy — O0Fy,| (6)
308 where OOF,, denotes the out-of-fold predicted COy.. These absolute errors were then used as
309  the response variable to train a LightGBM uncertainty model, which predicted the expected

310  absolute reconstruction error for the Stage 2 missing time steps. In the final reconstructed

311  dataset, each record was assigned an uncertainty value expressed as an absolute CO; error in
312 ppm, which represents the expected magnitude of reconstruction error for that hourly estimate.
313

314 2.3 Model evaluation and interpretation

315  2.3.1 Model evaluation

316  We evaluated the two-stage reconstruction using validation designs tailored to each task,

317  including intra-day prediction from observed hour pairs, full-sequence reconstruction under

318  random and chronological station-month splits, and monthly-scale comparison with the WDCGG

13
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319  benchmark. For intra-day gap filling, validation used 99 stations that had sufficient within-day
320  observations, including continuous stations and stations with both continuous and flask

321  sampling. On days with at least two valid hourly observations, each observed hour was in turn
322  used as the monitoring hour, while the remaining observed hours were masked, reconstructed
323 with the corresponding hour-pair models, and compared with the withheld observations. For full-
324  sequence reconstruction, validation used the Stage 1 augmented dataset and was performed by
325  station-month blocks to avoid information leakage. Under the random month-based split, station-
326  month blocks within each station were assigned to training, validation, and testing subsets at
327  proportions of 80 %, 10 %, and 10 %, respectively. Under the chronological split, the earliest
328 80 % of months were used for training, the next 10 % for validation, and the most recent 10 %
329  for testing. In both designs, the validation subset was used for model selection and performance
330  monitoring during training, whereas the testing subset was held out an for independent

331  performance evaluation. As a monthly-scale benchmark, the WDCGG gap-filling procedure
332 (Supplement S6) was applied to the same withheld station-month subsets, and its reconstructed
333  monthly CO> values were compared with monthly means aggregated from the reconstructed
334 hourly series (Tsutsumi et al., 2009).

335

336  2.3.2 Model interpretation

337  Predictor importance was evaluated using the split gain derived from the LightGBM models.
338  Split gain represents the cumulative reduction in the training objective attributable to all

339  decision-tree splits involving a given predictor. For each model, the gain associated with each
340  predictor was divided by the total gain across all predictors and expressed as a percentage,

341  hereafter referred to as normalized split gain (Saberi et al., 2022). For intra-day gap filling,

342  predictor importance was calculated separately for each of the 552 ordered hour-pair models.
343  The normalized split gain of each predictor was first calculated within each model and then
344  averaged across all hour-pair models to characterize its mean relative importance in a typical

345  intra-day reconstruction model. For full-sequence reconstruction, predictor importance was
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346  extracted from the final LightGBM residual model and expressed as the percentage of the total
347  split gain attributable to each predictor. This metric summarizes the relative contribution of each
348  predictor to reducing the training objectives when reconstructing CO;, values during fully

349  missing periods. To facilitate interpretation, individual predictors were further aggregated into
350  six predictor groups of meteorology, vegetation, anthropogenic factors, location (including

351  elevation and spatial proxies), time, and CT/CAMS. These gain-based importance measures

352 indicate the relative extent to which the models relied on different predictors but do not imply
353  causal relationships with CO; variability.

354

355 2.4 Reconstructed CO: dataset analyses

356  2.4.1 Multi-scale evaluation of reconstructed CO: variability

357  To evaluate the reconstructed GAW dataset, we compared it with the original GAW observations
358 and with the CT and CAMS simulations at long-term, seasonal, and diurnal scales. The aim was
359  to determine whether the reconstruction reliably captured CO; variability and provided added
360  value relative to existing products. Long-term trends and mean seasonal cycles were analyzed
361  using the WDCGG global analysis framework (Tsutsumi et al., 2009; Wu et al., 2024). This

362  framework first selects stations suitable for large-scale analysis, derives station-specific trends
363  and seasonal cycles from monthly mean CO; series, fills missing monthly values when needed,
364  aligns all selected stations to a common monthly analysis period, and then calculates the zonal
365  and global mean mole fractions, trends, and growth rates (Supplement S6). As the reconstructed
366  dataset and model simulations were already continuous over their respective analysis periods,
367  monthly gap filling and alignment to the common analysis period were applied only to the

368  original GAW observations with incomplete monthly records. We also used this framework to
369  benchmark monthly-scale performance by comparing monthly means derived from the

370  reconstructed hourly dataset with those from a conventional monthly gap-filling method on the
371  same test subsets. Hourly variability was assessed separately using climatological diurnal cycles.

372 For each station, hourly CO2 anomalies were calculated by subtracting a station-specific monthly
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373  baseline, defined as the mean CO2 concentration for each year-month, from each hourly value
374  (Labzovskii et al., 2019). The anomalies were then grouped by local hour from 0 to 23 h to

375  obtain the climatological diurnal cycle; and the diurnal amplitude was calculated as the

376  difference between the maximum and minimum hourly anomalies. Larger amplitudes indicate
377  greater mean intra-day CO; variability at a given site or region.

378

379  2.4.2 Wildfire-event responsiveness and interpretability analysis

380  To evaluate the response of the reconstructed hourly CO; dataset to extreme biomass-burning
381 events, we focused on the 2023 Canadian wildfire season from May to September and selected
382 12 GAW stations in Canada and the surrounding regions. Hourly CO; anomalies from the

383  original observations, reconstructed dataset, and CT simulation were compared between wildfire-
384  affected periods and a non-fire baseline that was January-April and October-December 2023.
385  This within-year baseline provides a reference for background CO; anomaly variability under
386  non-fire-season conditions in the same year. Distributional differences were tested using the

387  Wilcoxon rank-sum test, and mean diurnal cycles were calculated to examine changes in sub-
388  daily variability. To support the interpretation of station-level CO; enhancements, we analyzed
389  the anomalies with independent indicators of both fire activity and smoke transport, including
390  Sentinel-5P aerosol absorbing index (AAI), MODIS/VIIRS active fire detections, ERAS wind
391 fields, and CT CO; fields. For selected wildfire episodes, these datasets were combined to assess
392 whether the enhanced station-level CO; anomalies were spatially consistent with active fire

393  regions and downwind plume transport. Model interpretation was further conducted using SHAP
394  attribution and partial-dependence diagnostics. SHAP contributions were aggregated according
395  to the predictor group definitions described in Section 2.3.2, and fire-period contributions were
396  compared with the non-fire baseline to identify drivers associated with wildfire-related CO»

397  anomaly changes.
398
399
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400 3. Results and Discussion

401 3.1 Dataset description

402  The reconstructed hourly GAW dataset substantially improved the temporal completeness of
403  station CO; records while providing uncertainty estimates that characterized the reliability of
404  reconstructed values. Across the 152 stations, the mean filling rate, calculated as the number of
405  reconstructed records divided by the total number of hourly records in the complete station time
406  series, was 68.9 % (Fig. 3). This indicates that most stations required substantial reconstruction,
407  although the degree of filling varied strongly among sites because of differences in monitoring
408  type and record continuity. The average station-level uncertainty of reconstructed hourly CO>
409  concentrations was 2.80 ppm. Reconstruction uncertainty varied across latitude bands, station
410  locations, and monitoring types. Stations in the Northern Hemisphere mid-latitudes had the

411  highest uncertainties, with the 30°N-60°N band reaching an average of 3.57 ppm. This higher
412 uncertainty likely reflects the combined effects of dense anthropogenic emissions, strong

413  biospheric seasonality, and heterogeneous atmospheric transport, which increase spatial and
414  temporal CO; variability (Liu et al., 2024). Uncertainty also differed among monitoring types.
415  Continuous stations had a higher average uncertainty of 3.32 ppm than flask stations, which
416  averaged 2.09 ppm. This difference may be partly related to gap structure, because some

417  continuous records contain longer consecutive missing periods that require greater temporal
418  extrapolation during reconstruction, whereas flask-based records are more often characterized by
419  shorter or more sparsely distributed gaps.

420
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Figure 3. Dataset completeness and reconstruction uncertainty across global GAW COx stations.

(a) Spatial distribution of station-level filling rates and mean reconstruction uncertainty. Point

color indicates the filling rate, calculated as the proportion of reconstructed hourly values relative

to the complete hourly time series at each station, and point size indicates the station-level mean

uncertainty of the reconstructed CO; records. (b) Relationship between the station-level filling

rate and mean reconstruction uncertainty. Dashed lines indicate the mean filling rate and mean

uncertainty across all stations. (c) Distribution of station-level mean reconstruction uncertainty

by latitude band. Boxes show the interquartile range and median, and points colored by station

type indicate individual stations.
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433 3.2 Model evaluation and interpretation

434  3.2.1 Evaluation of intra-day gap filling

435  The validation at 99 stations with continuous measurements, including stations with both

436  continuous and flask sampling, demonstrates the strong performance of the intra-day gap-filling
437  approach (Fig. 4). The hour-pair models perform well at most stations, with R* values generally
438  exceeding 0.90 and RMSE values generally below 4 ppm, indicating that the models can

439  effectively reproduce intra-day CO; variability across diverse station settings. When validation
440  samples from all stations are pooled, the reconstructed hourly CO» concentrations agree closely
441  with the observations, with an overall R of 0.96 and an RMSE of 3.65 ppm. The mean bias is
442  close to 0 ppm, and the regression slope of 0.96 indicates little systematic bias, although with a
443 slight compression of variability. Performance varied with the absolute temporal lag between the
444 observed and target hours. Accuracy is highest for nearby hour pairs and generally decreases as
445  the lag increased, with lower R* and higher RMSE at larger separations. Overall, the hour-pair
446  models retain reasonable predictive skill across the full range of temporal lags. Representative
447  continuous observation sites in Asia (Cape Ochiishi, COI), Europe (Pallas, PAL), North America
448  (East Trout Lake, ETL), and at the remote marine background site Mauna Loa (MLO) also show
449  strong validation performance (Fig. S6), supporting the broad applicability of the intra-day gap-
450  filling method across different climatic and observational settings.

451
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Figure 4. Validation of intra-day CO; reconstruction. (a) Spatial distribution of R* and RMSE for
the intra-day gap-filling models at stations with continuous observations and stations with mixed
continuous and flask sampling records, totaling 99 stations. (b) Observed versus predicted hourly
CO; concentrations for all validation samples. (¢c) Model performance as a function of the
absolute temporal lag (A Hour) between the observed hour and the target hour, used to assess
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464  3.2.2 Evaluation of full-sequence reconstruction

465  The validation using both random and chronological month-based splitting strategies

466  demonstrated strong predictive performance for the full-sequence reconstruction. Under the

467  random month-based split, approximately 80 % of stations achieved R* values above 0.8, and
468  about 80 % exhibited RMSE values below 5 ppm (Fig. 5a). Across all held-out samples, the

469  framework achieved an overall R? of 0.93 and an RMSE of 4.76 ppm, with further improvement
470  after daily aggregation (R> = 0.97, RMSE = 3.20 ppm; Fig. 5b, ¢). Under the more stringent

471  chronological month-based split, the reconstruction remained robust, with an R* of 0.89 and an
472  RMSE of 5.47 ppm (Fig. S7). Representative continuous and flask sampling sites across Asia
473 (COI and Mt. Waliguan, WLG), Europe (PAL and Teriberka, TER), North America (ETL and
474  Southern Great Plains, SGP), and remote background regions (MLO and Casey, CYA) showed
475  consistent agreement between reconstructed CO2 concentrations and held-out observations (Figs.
476 S8 and S9). These results indicate that the framework can reconstruct hourly CO, time series
477  across diverse climatic and observational settings. After QG correction, the station-level

478  regression slopes moved closer to unity under both validation strategies, indicating reduced slope
479  bias in the full-sequence reconstruction (Fig. S10a, b). Bias analysis across CO> concentration
480  quantiles further showed that mean bias (MB) decreased after correction across most quantile
481  bins, with especially pronounced improvements at the lower and upper tails of the CO>

482  distribution (Fig. S10c, d). These results suggest that quantile-based correction alleviates the
483  over-smoothing tendency of the regression model and improves the representation of extreme
484  COy values.

485
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Figure 5. Validation of full-sequence CO» reconstruction using random month-based splitting.

(a) Spatial distribution of station-level validation performance. (b-c) Comparisons between

observed and predicted CO> concentrations at the hourly and daily scales, respectively.

The full-sequence reconstruction framework also performed well after aggregation to monthly

means, and it outperformed the WDCGG monthly gap-filling procedure on the same withheld

station-month subsets (Supplement S6 and Fig. S11). Under the random month-based split,

monthly means from the reconstructed hourly series agreed slightly better with observations than

those from the WDCGG method, with R?= 0.99 and RMSE = 1.71 ppm compared to R>= 0.98

and RMSE = 2.25 ppm (Fig. S11a, ¢). Under the chronological split, the advantage was even

larger, with R?= 0.96 and RMSE = 2.45 ppm for the proposed framework compared to R*= 0.90
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498  and RMSE = 4.02 ppm for the WDCGG method (Fig. S11b, d). The weaker WDCGG

499  performance under temporal extrapolation likely reflects its reliance on the fitted long-term

500 trend, mean seasonal cycles, and zonal growth rates from long-term stations in the same latitude
501  band (Tsutsumi et al., 2009), which assumes relatively stable inter-site relationships despite

502  known temporal changes and gives limited representation to short-term variability (Wu et al.,
503  2024; Masarie and Tans, 1995). By integrating simulated CO» fields, environmental predictors,
504  and station-level observational constraints, the proposed framework better preserves month-to-
505  month variability while maintaining strong performance at the native hourly scale.

506

507  3.2.3 Model interpretation

508  The gain-based predictor importance analysis showed that the two-stage reconstruction

509  framework relied primarily on CT/CAMS atmospheric information, with local environmental
510  and station-specific predictors further refining COa; variability (Fig. S12). In the intra-day gap-
511  filling stage, CT provides the long-term trend and seasonal components used to define the COa;
512 target, and CT-derived residual hour pairs were used to augment the training data. Among the
513  predictors directly included in the 552 hour-pair models, CAMS was the most important

514  predictor group, accounting for 38.5 % of the normalized split gain. Location-related,

515  meteorological, anthropogenic, temporal, and vegetation predictors accounted for 18.2 %,

516 16.0 %, 13.3 %, 8.4 %, and 5.7 %, respectively. In the full-sequence reconstruction stage, which
517  estimated COyr during fully missing periods, CT/CAMS remained the most important,

518  accounting for 29.3 % of the normalized split gain. This contribution was driven mainly by the
519  CT anomaly, the most important individual predictor in Stage 2, together with CAMS CO..

520  Anthropogenic variables formed the second most important predictor group, contributing 23.3 %,
521  followed by meteorology (16.3 %), location (12.1 %), time (10.2 %), and vegetation variables
522 (8.9 %). These results are consistent with the design of the reconstruction framework, in which
523  CT characterizes the background trend and seasonality, while CAMS and auxiliary covariates

524 help resolve sub-daily and site-specific deviations from that background. Because split-gain
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525  importance reflects the extent to which the models used each predictor to reduce the training
526  objective, these results should not be interpreted as evidence of causal effects on atmospheric
527  COq variability.

528

529 3.3 CO: variability in the reconstructed GAW dataset

530  3.3.1 Improved sample representativeness after intra-day gap filling

531  The intra-day gap-filling procedure reduced sampling-time bias by expanding the sparsely

532 sampled records into more complete hourly profiles. Across all stations, the number of hourly
533 COz samples increased from 10,360,507 to 11,981,280, corresponding to a 15.6 % increase. The
534 largest relative gain occurred at flask-sampling stations, where the sample count increased from
535 43,826 to 1,014,792, reaching 23.2 times the original number. This effect is illustrated by two
536  stations with contrasting sampling patterns. At WLG in western China, records increased from
537 1,026 to 24,192, and early-morning observations at 06:00-07:00 local time, which tend to capture
538  elevated CO> under shallow and stable boundary-layer conditions, were supplemented with

539  estimated lower-concentration values, which produced a more balanced distribution and more
540  complete diurnal coverage in 2023 (Fig. S13a, b). In contrast, SGP in the central United States
541  was mainly sampled at 13:00-14:00 local time, when stronger boundary-layer mixing and

542  daytime biospheric uptake often lead to relatively lower near-surface CO; concentrations. After
543  augmentation, the number of records increased from 1,017 to 24,408, and otherwise missing
544  higher-concentration periods were estimated, broadening the distribution and producing

545  continuous seasonal diurnal cycles with a weaker winter amplitude (Fig. S13c, d). Overall, intra-
546  day gap filling improved the temporal representativeness of sparse observations and provided a
547  more complete hourly basis for subsequent full-sequence reconstruction.

548

549  3.3.2 Effects of the reconstruction on CO: trends and seasonal estimates

550  The reconstructed GAW dataset provides more temporally complete station-based estimates of

551  global and zonal CO2 trends and seasonal cycles, while preserving the main variability in the
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552  original observations. In the WDCGG global analysis framework comparison for 2001-2023,
553  which was selected to limit filtering-related edge effects, the global monthly mean CO»

554 concentrations derived from the reconstructed dataset were 0.54 & 0.21 ppm higher than those
555  derived from the original GAW records on average (Fig. 6). The reconstructed dataset also

556  improves temporal continuity without substantially altering the growth-rate signal. Relative to
557  the original GAW observations, the mean absolute difference in monthly growth rate was 0.10
558  0.09 ppm yr”! for the reconstructed dataset. Similar patterns across most latitude zones further
559  indicated that the reconstruction provides more complete station-based global and zonal

560  estimates while maintaining consistency with the observed growth-rate variability (Fig. S14). In
561  addition, the reconstructed dataset retained the observed latitudinal structure of the mean

562  seasonal CO; cycle (Fig. S15). In both the original and reconstructed GAW records, seasonal
563  amplitudes were largest in the Northern Hemisphere and became weaker toward the tropics and
564  the ocean-dominated Southern Hemisphere. Differences between the reconstructed and original
565  seasonal cycles were small in most latitude bands, with the largest mean absolute difference

566  occurring at 30°-60°N (0.35 £ 0.21 ppm), which was still minor relative to the observed seasonal
567  amplitude. These results indicate that reconstruction improves the temporal completeness of
568  station records without substantially changing the observed growth-rate variability or the phase

569  and amplitude of the mean seasonal cycle.
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the WDCGG global analysis framework. (a) Area-weighted global monthly mean CO> mole
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CAMS. The upper panel shows the global monthly mean CO; mole fractions, and the lower
panel shows the differences between each reconstructed or model-based dataset and the original
GAW observations. Dashed horizontal lines indicate the mean differences. (b) Global monthly
CO; growth rates derived from the same four data sources. Global means were calculated by first
aggregating station-level WDCGG products within 30° latitude bands and then applying latitude-
band area weighting (Tsutsumi et al., 2009). CT and CAMS CO> values were extracted from the

model grid cells containing each GAW station.
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582  The offsets among the original GAW records, reconstruction, CT, and CAMS reflect differences
583  in temporal sampling and model-simulated product observational constraints. The lower global
584  monthly mean CO; derived from the original GAW records using the WDCGG global analysis
585  framework likely results from the monthly means being calculated only from available hourly
586  observations, making them susceptible to biases caused by missing data, uneven temporal

587  coverage, and fixed-time sampling (Tsutsumi et al., 2009). In addition, the WDCGG global

588 analysis framework is sensitive to station distribution, site selection, and data coverage within
589 latitude bands, which can affect global mean surface CO estimates (Wu et al., 2024). CT and
590 CAMS were used here as model references by extracting the simulated CO; values at the GAW
591  station locations, rather than as benchmarks for ranking product performance (Fig. 6). CT agreed
592  well with the station observations and reconstruction, with a mean offset of 0.96 + 0.28 ppm and
593 a monthly growth-rate difference of 0.13 + 0.09 ppm yr™! relative to the original GAW records,
594  consistent with its assimilation of surface in situ CO2 observations (Cui et al., 2021). CAMS
595  showed larger differences from the GAW station records, with a mean offset of 4.36 £ 1.10 ppm
596  and a growth-rate difference of 0.41 + 0.38 ppm yr'!, likely reflecting the differences in

597  observational constraints, including XCOx retrievals, atmospheric transport, and prior flux

598 information (Agusti-Panareda et al., 2023). Thus, the CT/CAMS comparison provides station-
599  level context, whereas the main result is that hourly reconstruction reduces sampling-related
600 differences in the global and zonal estimates derived from GAW station records.

601

602  Sampling-related changes were most evident at the flask-sampling stations, where observations
603 are sparse and often concentrated at specific hours (Fig. S16). After reconstruction, the mean
604  growth rate across these stations increased from 2.21 + 0.14 ppm yr'! to 2.25 + 0.11 ppm yr''.
605  The largest increase occurred in the 30°-60° N band, where 23 flask-sampling stations were

606  available and the mean growth rate increased by 0.08 + 0.19 ppm yr'!, indicating substantial
607  station-to-station variability. Most other latitude bands showed smaller increases, whereas the

608  60°-90° N band showed a slight decrease. Seasonal amplitude also changed after reconstruction,
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609  with the mean amplitude across flask-sampling stations declining from 9.00 + 5.88 ppm to 8.62 +
610  5.51 ppm. This reduction was driven mainly by the 30°-60° N band, where the mean amplitude
611  dropped by 0.95 £ 2.26 ppm, although slight increases occurred in the northern tropics and polar
612  bands. The stations with larger adjustments in this band are mostly located in Northern

613  Hemisphere continental or coastal regions, where stronger biospheric seasonality, anthropogenic
614  influences, and boundary-layer variability can amplify the sensitivity of monthly and seasonal
615  CO; estimates to sparse or fixed-time sampling (Munassar et al., 2025). These patterns indicate
616  that sparse, time-specific flask sampling can alter growth-rate and seasonal-cycle estimates

617  derived directly from irregular observations, particularly in the Northern Hemisphere mid-

618 latitudes. By providing more complete hourly records for monthly aggregation, the

619  reconstruction reduces sampling-related differences while preserving the broad latitudinal

620  structure of CO; trends and seasonal cycles.

621

622  3.3.3 Representation of diurnal cycles

623  The reconstructed GAW hourly CO; dataset provides complete station-level diurnal profiles

624  while retaining stronger local diurnal signals than the CT and CAMS grid-cell simulations.

625  Flask-sampling stations are too sparsely sampled to allow the direct characterization of full

626  diurnal cycles, whereas well-sampled continuous stations can capture long-term mean diurnal
627  variability. Among continuous stations with observational completeness above 50 %, the

628  reconstructed and original diurnal amplitudes differed by only 0.44 £+ 0.53 ppm on average,

629  indicating that the reconstruction largely preserves the observed mean diurnal structure. About
630 80 % of the stations showed larger diurnal amplitudes in the reconstructed dataset than in CT and
631 CAMS (Fig. 7a, b). The differences were relatively small at high-latitude and remote equatorial
632  or marine-influenced stations, where local diurnal CO; signals are generally weak (Yuan et al.,
633 2018). The largest discrepancies occurred at terrestrial sites in the Northern Hemisphere mid-
634 latitudes, especially within 30°-60° N, where strong biospheric exchange and anthropogenic

635  emissions generate pronounced diurnal CO> cycles (Tang et al., 2025). In model-simulated
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636  products, these station-scale signals can be dampened by grid-cell averaging, transport mixing,
637  and boundary-layer representation, leading to smaller apparent diurnal amplitudes (Ahmadov et
638 al., 2009; Pillai et al., 2010). However, the reconstructed amplitudes at some stations were

639  smaller than those from CT or CAMS, suggesting differences in representativeness between
640  point-scale observations and grid-cell averages. The Kollumerwaard (KMW) and Lutjewad

641  (LUT) stations in Europe illustrate this issue, as they fall within the same CT and CAMS grid

642  cells but show distinct reconstructed diurnal amplitudes (Fig. 7c, d).
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645  Figure 7. Station-scale diurnal CO; variability in the reconstructed GAW dataset compared with
646  CT and CAMS sampled at GAW station locations. (a, b) Spatial distributions of differences in
647  mean diurnal CO, amplitude (A Amp) between the reconstructed dataset and (a) CT or (b)

648 CAMS. A Amp was calculated as the reconstructed diurnal amplitude minus the corresponding
649  CT or CAMS amplitude. Positive values indicate stronger diurnal variability in the reconstructed
650  dataset. CT and CAMS values were extracted from the model grid cells containing each GAW
651  station. (c-f) Representative mean diurnal CO; anomaly cycles at Kollumerwaard (KMW),

652  Lutjewad (LUT), Kototabang (BKT), and Mt. Kenya (MKN), respectively, comparing the

653  reconstructed dataset with CT and CAMS in local time.
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654

655  Global model-simulated CO; products are optimized to constrain large-scale atmospheric carbon
656  variability, but they may dampen fine-scale signals in surface CO records. The CAMS

657  greenhouse gas reanalysis product EGG4 primarily assimilates XCO; rather than surface-based
658  station observations, so its near-surface CO» fields depend strongly on prior emission inventories
659  and atmospheric transport parameterizations (Agusti-Panareda et al., 2023). This may limit its
660  ability to capture complex local surface diurnal cycles, as shown at the global background Bukit
661  Kototabang (BKT) and Mt. Kenya (MKN) stations (Fig. 7e, f). CT assimilates station-based
662  observations, but its filtering and sampling strategies emphasize regionally representative

663  background conditions. For example, hourly observations are assimilated only during selected
664  periods at some sites, and values strongly affected by local pollution or deviations from smooth
665  synoptic-scale variability are excluded (Masarie et al., 2014; Jacobson, 2023). These criteria are
666  appropriate for large-scale inversion constraints, but they can reduce the representation of all-
667  hour station variability, including nocturnal CO; signals and diurnal transitions. In addition, the
668  relatively coarse spatial resolution of CT limits its ability to resolve sub-grid processes, such as
669  urban plumes and localized anthropogenic emission events. By providing temporally seamless
670  hourly station-level CO» records, the reconstructed dataset can serve as a more complete

671  benchmark for evaluating inversion models and may support the broader use of surface

672  observations as temporally resolved atmospheric constraints.

673

674 3.4 Capturing CO: responses to wildfire events

675  The 2023 Canadian wildfire season provides a stringent event-scale test of the reconstructed
676  dataset because it generated strong, short-lived, and spatially heterogeneous CO> enhancements
677  while many regional GAW records were incomplete. All 12 GAW stations in Canada were

678  included in the analysis (Table S3). Four stations had no valid observations during the wildfire
679  period from May to September, and the remaining eight had an average data coverage of only

680  64.5 %, meaning that the original records alone could not fully characterize the events. Under
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681  these sparse observational conditions, the reconstructed dataset provided continuous hourly

682  anomaly estimates across the regional station network and captured fire-period peaks that were
683  consistent with the timing and magnitude of available observations (Fig. S17). Fire-period

684  anomalies were clearly elevated relative to the non-fire baseline in both observations and the
685  reconstruction, while CT showed a smaller and statistically less distinct shift (Fig. 8a). Diurnal
686  composites reinforced this contrast, with the reconstruction closely matching the observed peak
687  timing, minima, and amplitudes during wildfire periods, whereas CT underestimated both sub-
688  daily variability and extreme anomalies (Fig. 8b). This pattern partly reflects the larger surface
689  CO: diurnal variability expected during summer because of stronger biospheric exchange and
690  boundary-layer cycling (Xueref-Remy et al., 2018). Wildfire emissions can further amplify this
691  cycle, as shallow nighttime boundary layers favor near-surface accumulation of fire related CO.,
692  while daytime mixing reduces accumulation, but smoke stress may weaken ecosystem uptake,
693  allowing the afternoon anomaly minima to remain above CT. The weaker CT response likely
694  reflects its use of climatological fire-flux information in CT-NRT, together with the dilution of
695  localized plume signals within coarse model grid cells (Chen et al., 2019; Jacobson, 2023).

696

697  The reconstructed wildfire anomalies were also spatially consistent with independent indicators
698  of fire activity and smoke transport. On 14 July 2023 and 2 September 2023, elevated

699  reconstructed station-level CO» concentrations aligned with SSP AAI, MODIS/VIIRS active fire
700  detections and wind fields (Fig. 8c, d). Rather than being randomly distributed, high CO»

701  concentrations occurred mainly at stations located downwind of active fire regions or near high-
702 AAI smoke plumes. The CT surface CO; fields captured broad regional enhancement patterns,
703  but their highest concentrations were less consistently collocated with the station-level smoke-
704 transport signatures. On 14 July, widespread fire activity in western and central Canada

705  coincided with plume transport along the prevailing winds, and LLB and EST showed elevated
706  CO: concentrations near the transport pathway. On 2 September, fire detections and smoke

707  plumes again indicated plume transport along the wind direction, with elevated reconstructed
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708  concentrations at LLB, EST, and CDL. Because the raw GAW records were missing or

709  temporally incomplete at several stations during these episodes, they could not continuously
710  characterize the wildfire influence. By estimating missing hourly values while retaining

711  constraints from available observations, the reconstruction provides a more complete station-

712 based view of wildfire-related CO2 enhancements and transport signatures.

713
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715  Figure 8. Comparisons of GAW hourly CO> observations, the reconstructed dataset, and CT
716  surface CO; during major Canadian wildfire episodes in 2023. (a) Distribution of hourly CO»
717  anomalies during the fire period, defined as May-September, and the non-fire period, defined as
718  January-April and October-December. Horizontal markers indicate the statistical significance of
719  differences in CO; anomalies between the fire and non-fire periods, determined using the

720  Wilcoxon rank-sum test (**** P < 0.0001, *** P <0.001, ** P <0.01, * P < 0.05, and ns

721  (nonsignificant) at P > 0.05). (b) Mean diurnal cycles of CO; anomalies. In (a) and (b), CT

722 values were extracted from the model grid cells containing each GAW station. Reconstructed and
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CT anomalies were calculated relative to their station-specific monthly means, whereas observed
anomalies were calculated using the corresponding reconstructed monthly means as the baseline
because the original observations were sparse. (c-d) Spatial distributions of daily mean surface
CO: concentrations on 14 July and 2 September 2023, respectively, shown together with wildfire
hotspots (indicated by red triangles), AAI smoke plumes, and ERAS wind fields. (c, d) Absolute
surface CO2 concentrations rather than anomalies to illustrate regional concentration gradients
and plume-related spatial patterns on specific wildfire days. Circles indicate reconstructed

station-level daily means, and squares indicate stations with available observations.

Model diagnostics can further explain how the reconstruction represented these wildfire-related
anomalies. Across the 12 Canadian GAW stations, SHAP attribution showed that meteorological
and vegetation-related predictors generally increased the reconstructed CO> anomalies, whereas
the CT/CAMS predictor group contributed weakly or negatively (Fig. S18). The largest positive
changes were associated with temperature, FPAR/NDV]I, and seasonal or spatial proxy variables
(Fig. S19), indicating that the model used environmental conditions characteristic of the wildfire
season to adjust station-scale residual variability. In contrast, the weak or negative CT/CAMS
contributions suggest that these large-scale products primarily represent seasonal biospheric
drawdown and smoothed background variability rather than localized fire-related CO»
enhancements, consistent with the climatological CT-NRT fire prior and coarse-resolution plume
dilution (Jacobson, 2023; Brunner et al., 2023). Partial-dependence curves at representative
stations also showed stronger predicted CO> anomalies under high temperature and FPAR
conditions (Figs. S20 and S21). These diagnostics describe model behavior rather than direct
physical causality. Together with the temporal, distributional, diurnal, and spatial evidence
above, they support the interpretation that the reconstructed hourly GAW dataset can recover
coherent station-scale biomass-burning signals even when individual station records are

incomplete.
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750 4. Conclusions

751  This study presents a temporally continuous, global hourly CO; dataset for GAW stations

752 covering 2000-2024. By integrating original station observations with CT and CAMS CO; fields
753  and meteorological, vegetation, anthropogenic, and spatiotemporal predictors, the proposed

754  framework reconstructs missing observations to generate complete hourly time series while

755  providing uncertainty estimates for the reconstructed values. The resulting data product

756  addresses an important limitation of the original GAW records, whose use in many applications
757  is constrained by irregular sampling and extended data gaps. The reconstructed dataset enables
758  more consistent characterization of global and regional surface CO> variability, evaluation of the
759  effects of incomplete sampling on aggregated statistics, and analysis of short-lived CO>

760  enhancements, including those associated with wildfire events. It therefore complements the

761  original high-quality GAW observations by providing an observationally constrained, temporally
762  complete hourly data product for carbon-cycle research. Potential applications include evaluating
763  atmospheric transport and CO, simulations, quantifying surface CO; variability from diurnal to
764  interannual timescales, investigating regional transport and emission events, and supporting

765  atmospheric inversions and carbon-monitoring systems that require temporally continuous

766  surface CO; information.

767

768  Code and data availability

769  The reconstructed GAW station CO: dataset and the source code are available on Zenodo via
770  https://doi.org/10.5281/zenodo.21306261 (Mi et al., 2026). The data package contains station-
771  level NetCDF files global GAW CO2 monitoring stations from 2000 to 2024, which provided
772  data at hourly, daily, and monthly temporal resolutions. The hourly files include station

773  information, CO> mole fractions, data-type labels (observation and reconstruction), and model-
774  based uncertainty estimates. The daily and monthly files are aggregated from the hourly product
775  and provide mean CO2 mole fractions. The code used to generate the dataset is provided as

776  Code.zip in the same repository. It contains two scripts implementing the two-stage GAW CO»
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777  reconstruction workflow. Detailed comments are included in the scripts to facilitate

778  understanding, reproduction, and further development of the workflow.

779

780  Supplement

781  This file provides supplementary tables and figures supporting the reconstruction of the global
782 hourly GAW CO; dataset. It also documents the ancillary variables and data sources, CT/CAMS
783  data processing, CO> residual decomposition, model parameter settings, WDCGG global

784  analysis framework, and procedures for model evaluation and interpretation.
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