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Abstract19

Net ecosystem exchange (NEE) measures the net transfer of carbon between terrestrial20

ecosystems and the atmosphere, and is an important quantity for understanding land-21

atmosphere feedbacks and constraining the land carbon sink. Atmospheric inverse mod-22

els and biophysical models provide regional and global NEE estimates, but validation23

of these models is limited by the sparsity of flux towers. NEE can also be calculated from24

the change in XCO2 over the course of a day. XCO2 is observed by the Orbiting Car-25

bon Observatory 2 and 3 (OCO-2 and -3) satellites, which working together have the po-26

tential to observe locations between ∼ 52°S and 52°N twice a day but at a sparse tem-27

poral frequency. Here, we investigate the possibility of using machine learning (ML) to28

extrapolate the variation in XCO2 over daytime hours, which could be in turn be used29

to derive NEE.30

We find that the current temporal sampling from OCO-2 and -3 is not ideal for this31

purpose, and our ML approach is not able to reliably infer either the daily patterns of32

XCO2 or the difference of XCO2 across solar noon. A thrice-daily observation pattern,33

such as could be achieved with a GeoCarb-like (geosynchronous) instrument, provides34

much better performance. It is also essential that systematic biases between observations35

at different times of day be minimized, as the ability to predict daily variation or morn-36

ing to afternoon differences decreases when the standard error between the means of ob-37

servations at different times of day exceeds ∼ 0.1 ppm.38

Acronyms39

EOF Empirical orthogonal function40

EVI Enhanced Vegetation Index41

GeoCarb Geostationary Carbon Cycle Observatory42

GEOS FP-IT Goddard Earth Observing System Forward Processing for Instrument43

Teams44

GOSAT Greenhouse Gas Observing Satellite45

ISS International Space Station46

KDE Kernel density estimate47

ML Machine Learning48

MODIS Moderate Resolution Imaging Spectrometer49

NEE Net Ecosystem Exchange50

NDVI Normalized Difference Vegetation Index51

OCO Orbiting Carbon Observatory52

PC Principal Component53

SIF Solar Induced Fluorescence54

SMAP Soil Moisture Active and Passive55

SMOS Soil Moisture and Ocean Salinity56

TCCON Total Carbon Column Observation Network57

XCO2 the column average mole fraction of carbon dioxide in the atmosphere58

1 Introduction59

Net ecosystem exchange (NEE) describes the magnitude of carbon flux between60

terrestrial ecosystems and the atmosphere, calculated as the difference between ecosys-61

tem respiration (RE) and gross primary productivity (GPP, W. Zhang et al., 2023; Xiao62

et al., 2008). Accurate measurement and validation of NEE is crucial in understanding63

land-atmosphere feedbacks, constraining regional land-carbon sinks, and facilitating cli-64

mate policy (W. Zhang et al., 2023; Zeng et al., 2020). There are currently multiple meth-65

ods of calculating NEE. Eddy covariance flux towers provide continuous time series mea-66
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surements of NEE, and there are currently over 400 towers around the globe (Xiao et67

al., 2008). The data from flux towers is used in model validation and has given funda-68

mental insight to carbon cycle processes. However, flux towers provide site-scale obser-69

vations, meaning the fluxes captured only represent the tower footprint up to a few square70

kilometers. The sparsity and uneven distribution of flux tower sites makes it difficult to71

extrapolate eddy covariance measurements to regional or global scales (Jung et al., 2019;72

W. Zhang et al., 2023; Xiao et al., 2008).73

Atmospheric inverse models and biophysical models are also used to provide large74

scale estimates of NEE. However, atmospheric inverse models are known to have biases,75

and biogeochemical models are dependent on site level parameterizations (Xiao et al.,76

2008). When ecological variables such as plant functional type or soil depth are poorly77

mapped, or when nonlinear relationships such as the response of NEE to light are not78

mathematically constrained, biophysical model accuracy is limited (Zhou et al., 2019).79

Additionally, both model types are evaluated and validated against flux towers, but the80

sparsity of flux towers that prevents extrapolation of eddy covariance measurements also81

hinders model validation (W. Zhang et al., 2023; Zeng et al., 2020).82

Diurnal cycles of XCO2 over the course of a day (where XCO2 is the column av-83

erage dry air mole fraction of CO2 in the atmosphere) have also been used to calculate84

NEE. (Here, we use “diurnal cycle” to refer to the variation of XCO2 during the day-85

time part of a 24-hour period.) The diurnal cycle of XCO2 will, in part, reflect the bal-86

ance between photosynthesis and respiration (and the resulting NEE) upwind of the ob-87

servation: when photosynthesis dominates, the near-surface CO2 will decrease over the88

course of a day. This pattern can also be seen in the column XCO2; however, XCO2 is89

also affected by transport of CO2 in the free troposphere. Synoptic-scale motion of air90

can induce confounding changes in the XCO2 value that do not relate to the local NEE91

by bringing in an air mass containing a different mole fraction of CO2.92

A 2012 study tested whether diurnal cycles of XCO2 from the Total Carbon Col-93

umn Observation Network (TCCON) could be related to NEE and found that the four94

hour difference in XCO2 centered around solar noon, termed “XCO2 drawdown,” can95

be used to calculate NEE that correlates with NEE calculated from flux towers (Keppel-96

Aleks et al., 2012). They found that weekly to monthly aggregation of the inferred draw-97

down was necessary to separate the synoptic-scale transport effect from the effect of NEE98

and thus achieve clear correlation with NEE measured from a colocated flux tower. Ad-99

ditionally, TCCON sites, similarly to flux towers, are limited to ∼30 stations around the100

globe at time of writing.101

If NEE could be similarly inferred from global space-based XCO2 observations, this102

would be a valuable constraint on carbon cycle models. While GPP has been shown to103

correlate with solar induced fluorescence (SIF) observed from space (Frankenberg et al.,104

2011), NEE has proven difficult because of the ecosystem respiration component. Pre-105

vious efforts to apply machine learning (ML) to this problem have focused on, for ex-106

ample, upscaling NEE as measured by eddy covariance using a variety of remotely sensed107

data (Ichii et al., 2017). In contrast, XCO2 is a parameter that can be observed from108

space. Satellites like the Orbiting Carbon Observatory (OCO) 2 and 3 observe XCO2109

at a global scale, with greater spatial density but lesser temporal frequency than TC-110

CON or flux towers. The ability to extrapolate XCO2 diurnal cycles from temporally111

sparse satellite measurements, and therefore calculate NEE from satellites, would allow112

for model validation on a broad scale.113

Of particular interest is the potential to provide a source of validation for regional114

differences in NEE. Cui et al. (2022) evaluated models from the OCO-2 Model Intercom-115

parison Project (OCO-2 MIP, Crowell et al., 2019; Peiro et al., 2022) against aircraft data116

from the Atmospheric Carbon and Transport—America mission and found that the mod-117

els underestimated the seasonal NEE amplitude in North America. In Gier et al. (2024)118
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the land-atmosphere carbon flux simulated by models in the sixth Coupled Model In-119

tercomparison Project (CMIP6, Eyring et al., 2016) was evaluated against three refer-120

ence data sets, all of which involved models or inversions themselves. If NEE were able121

to be inferred on a regional scale from space-based XCO2 data, this would provide a valu-122

able dataset to test improvements to earth system models’ ability to simulate the dif-123

ferent balance and timing of photosynthesis and respiration in regions across the world.124

In this study, we evaluate the possibility of using ML to reconstruct diurnal cycles125

of XCO2 (during the core daylit hours only, as discussed above) or XCO2 drawdown from126

temporally sparse XCO2 observations. At a minimum, the ability to infer drawdown (and127

therefore an estimate of NEE, given sufficient samples to average out the impact of trans-128

port) would provide a useful counterpart to transport model-based approaches to infer129

carbon fluxes over much of the world. We also explore the possibility of reproducing the130

diurnal variation of XCO2 over a 6.5 hour period centered on solar noon, as the ability131

to inspect these diurnal cycles might allow users to look for patterns indicative of other132

processes besides fluxes impacting the XCO2 amounts.133

The structure of this paper is as follows. We first describe our ML model design134

and data preparation (Sect. 2), then analyze the model performance given two simulated135

XCO2 observations per day at times that follow the distributions of OCO-2 and OCO-136

3 overpass times (Sect. 3). Section 4 examines how this approach would perform given137

different scenarios of denser temporal sampling, from future CO2 observing missions and138

infrequent multiple crossings per day of OCO-2 and OCO-3.139

2 Methods140

2.1 Method overview141

Our goal is to test whether a machine learning approach can infer (1) the varia-142

tion of XCO2 over a 6.5 hour period centered on solar noon for individual days and/or143

(2) the difference in XCO2 between 2 hours before and 2 hours after solar noon. Through-144

out the remainder of this work, we refer to (1) as the “diurnal cycle” and (2) as the “draw-145

down” for simplicity. The latter follows the terminology from Keppel-Aleks et al. (2012).146

The reasoning for the 6.5 hour window in the former is explained in Sect. 2.4.147

To perform this test, we need a source of both true diurnal cycles and drawdown148

values and simulated XCO2 observations that mimic the temporal sampling of current149

XCO2 observing satellites or hypothetical future missions. Data from the TCCON net-150

work provide a readily accessible set of true diurnal cycles and drawdowns (within the151

limits of retrieval error, which is small enough to treat these data as truth for the pur-152

poses of this study), as a TCCON site reports XCO2 values for all sunlit and cloud-free153

hours of a day. We can then sample specific times of day from the TCCON data to serve154

as our simulated satellite observations.155

The times of day at which to sample TCCON data to simulate satellite observa-156

tions are either determined by analysis of currently operational satellite ground tracks157

or hypothetical plans for future missions. We use OCO-2 and OCO-3 to represent cur-158

rent satellite missions, as their markedly different orbits allow them to potentially ob-159

serve a given location at different times of day. Once we identify such cases where their160

orbits cross, we use all crossings within 10° of a TCCON site to determine the distribu-161

tion of simulated observation times to use for that site. This process is described in more162

detail in Sect. 2.5.163

These simulated satellite observations, along with additional variables sourced ei-164

ther from TCCON data or the GEOS FP-IT meteorological model, are used as input to165

the machine learning model. This is what we call our “feature set” and will be described166
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Table 1. TCCON sites used in this study. The “Days Post EOF Filter” and “Days Post Grow-

ing Filter” give the number of days of data (obtained on 01/20/2024) for each site that passes

our criteria described in Sects. 2.4 and 3.2, respectively.

Site Lat/Lon
Days Post

EOF Filter

Days Post

Growing Filter
Data Citation

East Trout Lake

(ETL)
54.4N/105.0W 535 316 (Wunch et al., 2022)

Park Falls

(PF)
45.9N/90.3W 914 625 (Wennberg, Roehl, et al., 2022)

Lamont 36.6N /97.5W 1329 1041 (Wennberg, Wunch, et al., 2022)

Lauder 45.0S/169.7E 722 604
(Sherlock et al., 2022a, 2022b)

(Pollard et al., 2022)

Izana 28.3N/16.5W 87 87 (Garćıa et al., 2022)
Nicosia 35.1N/33.4E 219 219 (Petri et al., 2024)

in detail in Sects. 2.6 and 2.7. The model is trained to reproduce the diurnal cycles as167

observed by TCCON.168

2.2 Data Sources169

TCCON is a network of ground based spectrometers that continuously measure XCO2170

throughout the sunlit hours of each day (Wunch et al., 2011; Laughner et al., 2024). As171

we are interested in carbon fluxes to or from the biosphere, we include TCCON data from172

the sites at Park Falls, East Trout Lake, Lamont, Lauder, Izana, and Nicosia. These sites173

were chosen because they are (1) clearly distant from anthropogenic emissions that could174

overwhelm photosynthetic sources, (2) have sufficient days with data across enough hours175

of data for our analysis, and (3) are within (or nearly within) the ∼ 52° S to 52° N range176

in which OCO-3 has observations (due to the inclination of its orbit). TCCON data are177

the foundation of our model; we create our target variables from TCCON XCO2 data,178

our feature set consists largely of subsampled TCCON variables, and we validate our model179

against TCCON XCO2 diurnal cycles. The sites used, their locations, and number of days180

per site are listed in Table 1.181

OCO-2 and OCO-3 are NASA instruments that measure XCO2 from space. OCO-182

2 was launched in 2014 and flies in a sun-synchronous polar orbit. It has a local over-183

pass time of around 13:36, or about 1 hour after solar noon, with a 16 day repeat cy-184

cle (Taylor et al., 2023; Wunch et al., 2017). OCO-3 began operation in 2019, and its185

spectrometer is a direct copy of the one in OCO-2, and as such both instruments have186

the same precision of better than 1 ppm per sounding. The main difference between the187

two satellites is that OCO-3 is mounted on the International Space Station (ISS) and188

has a varying time of day overpass (Eldering et al., 2019; O’Dell et al., 2018). Note that189

we are interested in when and where the OCO satellites observe the same location in a190

single day to construct our model training data. Thus, we use latitude, longitude, and191

time data to identify these crossings, but do not use XCO2 values retrieved by OCO-2192

or OCO-3 in this work.193

GEOS FP-IT is a 3 dimensional reanalysis product starting from 1998 at a three-194

hourly frequency and 50 km spatial resolution (Lucchesi, 2018). We use GEOS FP-IT195
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Table 2. Hyperparameter values used in our model. The “Parameter” column names the

XGBoost parameter of interest. The “Effect” column describes the parameter’s effect. The “Op-

timized Value” column lists the resulting values from our hyperparameter tuning, where we run

the model until the goodness-of-fit metrics converge.

Parameter Effect Optimized Value

n estimators Number of Boosting Rounds 800
eta Learn Rate 0.07

max depth Maximum tree levels 8

min child weight
Minimum weight (hessian)

needed in a child
8

lambda Regularization term on weights 2
alpha Regularization term on weights 2

to supplement our feature set. From GEOS FP-IT we add the change in potential tem-196

perature at 700 mb, which we calculate from 3d temperature and pressure files, and va-197

por pressure deficit (VPD), which we calculate from temperature at 10 m, specific hu-198

midity at 10 m, and surface pressure (Sect. 2.6).199

2.3 Model Design Overview200

We employ an XGBoost model for this project, which is an ensemble learning method201

used for classification and regression. XGBoost is founded on decision trees, which are202

trained to predict the target variable using relationships between the target variable and203

multiple input variables. Unlike a random forest, which creates all of the decision trees204

in parallel and averages their predictions, boosting methods create trees sequentially, with205

each tree more powerful than the previous. Using XGBoost, the residuals from each tree’s206

prediction are calculated, and points with large residuals are given a higher weight for207

the next tree (Chen & Guestrin, 2016).208

The hyperparameter values used in our XGBoost model are listed in Table 2. The209

values were chosen by iteratively changing the values until our goodness-of-fit metrics210

converged. The majority of our hyperparameter tuning had the effect of making the al-211

gorithm less complex and more applicable to data it hasn’t seen before.212

As input variables (i.e., the feature set), our model takes simulated XCO2 obser-213

vations created by sampling TCCON data at specific times of day along with ancillary214

variables that are a combination of additional TCCON data and values sampled from215

the GEOS FP-IT meteorological model. The details are given in Sects. 2.6 and 2.7. The216

outputs of the model are not the XCO2 values of the diurnal cycle directly, but rather217

the principal components (PCs) that when multiplied by a set of empirical orthogonal218

functions (EOFs) approximate the “true” diurnal cycle for one day of data from one TC-219

CON site. This has the advantage of reducing the number of output parameters the model220

is required to produce. Construction of the EOFs is described in Sect. 2.4.221

The final diurnal cycle and drawdown are then computed from the model’s predicted222

PCs. The diurnal cycle is approximated following Eq. (1),223

x =

6∑
i=1

ϕiei (1)
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where ϕ represents a principal component and e an EOF. We find that 6 EOFs are224

sufficient to capture 95% of the variability in the original TCCON data. (See Sect. 2.4225

for details.) The drawdown is then computed from the reconstructed diurnal cycle (x226

in Eq. (1)) as the difference between the XCO2 values on two hours either side of solar227

noon, following Keppel-Aleks et al. (2012).228

2.4 EOF decomposition of TCCON data229

As discussed in Sect. 2.3, we represent the diurnal cycles as a linear combination230

of EOFs, which are derived through decomposition of daily TCCON data into EOFs.231

This decomposition requires our data to be on consistent time intervals. To maximize232

both hours in the day and number of days available we chose quarter hour intervals over233

the 6.5 hours centered around solar noon. This interval was chosen such that our six TC-234

CON sites reliably report data for this full time span in all seasons. Otherwise, EOFs235

would have to be derived for different seasons separately (to allow for longer summer days236

and shorter winter days), potentially introducing step changes in the model as it shifts237

from one season’s EOFs to another. For each time bin we average together all points within238

half an hour of time; this wider window of averaging allows us to smooth out spikes caused239

by outliers or gaps in data. If there are less than two data points in a window, that bin240

is left empty, and at the end of each day, if there are more than two empty bins in a row,241

or if the empty bins occur at the endpoints of the day, that day is discarded. For any242

remaining days, the empty bins are filled via cubic spline interpolation. This method of243

discarding days is to ensure that interpolation does not skew the day’s endpoints nor com-244

pletely fill in days with sparse data.245

Because we are interested in diurnal cycles, we need to remove day-to-day, seasonal,246

and interannual variation from the TCCON data before carrying out EOF decomposi-247

tion. Without this detrending step, the dominant patterns of variability will be these longer-248

term ones rather than diurnal. To detrend, we fit a parabola to each day’s solar zenith249

angle measurements, and take the time of the minimum as solar noon. We then aver-250

age together all XCO2 values within half an hour of this time to obtain the XCO2 value251

at solar noon, which we then subtract off of each measurement from that day. We use252

the “Climate Data Toolbox for Matlab” (Greene et al., 2019) to decompose our detrended253

and averaged data from all TCCON sites except the one withheld for validation (see Sect.254

2.9) into six EOFs, which is the number required to reach 95% explained variance, and255

the PCs of this decomposition make up our target variable set. Our six EOFs and an256

example of diurnal cycle reconstruction are shown in Fig. 1. The same EOFs (for a given257

iteration of the k-fold cross validation, Sect. 2.9) are thus used for model predictions for258

all TCCON sites used in this study. Because Fig. 1 demonstrates how the diurnal cy-259

cle for one day is reconstructed with the general EOFs, the PC values given in the in-260

sets are not ordered largest to smallest. Instead, the PC values given are those needed261

to reconstruct this particular day. The overall percent variance explained by the cumu-262

lative sum of the first N EOFs is given in the legend: the first EOF explains 45% of the263

variability in the full dataset, the second explains an addition 36% for a total of 81% ex-264

plained variance for the first two EOFs, and so on.265

To confirm that the EOFs are not dominated by any one TCCON site, we also per-266

formed the decomposition on each sites’ data separately (Fig. S2). We see that the first267

two EOFs at all sites can be combined to produce a different slope in the morning and268

afternoon, either by having each one with one half the day with no trend and the other269

half with a trend, or by having a combination of one EOF with opposite morning and270

afternoon trends and another with morning and afternoon trends of the same direction.271

The third through sixth EOFs for all sites show higher frequency patterns which are sim-272

ilar across the sites.273
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Figure 1. An example diurnal cycle from TCCON and how we use EOFs to represent it.

The panels show an EOF representation of diurnal cycles as we increase the number of EOFs

included. Also shown is the shape of each EOF and the PC applied to the EOF to reproduce our

example day.

As a reminder, EOFs are a mathematical decomposition of data into patterns of274

variability. There is no requirement that they relate to physical drivers or phenomena,275

though that often happens to be the case. Additionally, the sign of the EOF is irrele-276

vant, as it can be easily flipped by multiplication with a negative PC. In Fig. 1, we can277

see that the first EOF represents a roughly consistent trend in XCO2 throughout the day278

and the second an afternoon-only trend in XCO2. These can be summed in a linear com-279

bination to give an approximate diurnal cycle with a different morning and afternoon280

slope of XCO2 versus time. The third through sixth EOFs then simply represent pat-281

terns of higher frequency variation, with no obvious relationship to physical drivers of282

XCO2. We use EOFs here solely as a method of dimensionality reduction, and do not283

need to ascribe physical meaning to each EOF.284

2.5 Sampling TCCON data to simulate satellite observations285

As mentioned in Sect. 2.1, we sample TCCON data at specific times of day to sim-286

ulate more temporally sparse satellite observations. This sampling comes in two types:287

1. sampling designed to mimic OCO-2 and/or OCO-3, and288

2. prescribed sampling to test a hypothetical future mission.289

The second approach is extremely straightforward; we simply prescribe a set of times290

throughout the day to test. The first approach is more complicated. First, we analyze291

two years of OCO-2 and OCO-3 data to identify instances where an OCO-2 and OCO-292

3 orbit intersect or multiple OCO-3 orbits intersect themselves. The details of this al-293

gorithm are presented in the following section, 2.5.1. Once we have this set of known cross-294

ings, we construct a distribution of times for each TCCON site and randomly sample295

from that distribution to determine the times to sample TCCON data to mimic OCO-296

2 and OCO-3. The specifics of this sampling depend on whether we are simulating OCO-297

2/OCO-3 crossings or OCO-3 self crossings, and are detailed in Sects. 2.5.2 and 2.5.3,298

respectively.299
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For both OCO-2/OCO-3 crossings and OCO-3 self crossings, we use the crossings300

identified to build a probability distribution to draw from when choosing sampling times301

for each day of data used in the training or testing. This allows us to use days of TC-302

CON data without an actual crossing, and thus increases the amount of training and test-303

ing data over sampling only TCCON days with a real crossing. The end result is a dataset304

where, for each day with sufficient TCCON data, we have subset that TCCON data to305

only two times of day, with times chosen to mimic the times that OCO-2 and/or OCO-306

3 could observe.307

2.5.1 Determining OCO-2/3 Crossings308

To determine times of day that are representative of when OCO-2 and -3 would309

observe the same area within some time window (in our case, 12 h), we need to identify310

cases in which OCO-2 and -3 observe the same location. Our algorithm to find such cases311

when the OCO-2 and OCO-3 observations cross has two steps. The first is a simple brute-312

force search. For each OCO-2 sounding of interest, we scan all OCO-3 soundings for the313

day before, day of, and day after the OCO-2 sounding and list those OCO-3 soundings314

within 100 km and 12 h of the OCO-2 sounding. We repeat this process for all OCO-315

2 soundings to produce a sequence of one-to-many maps of one OCO-2 sounding to one316

or more OCO-3 soundings that meet the 100 km and 12 h criteria.317

Second, we group these paired soundings together into crossings. For each one-to-318

many map of one OCO-2 sounding to one or more OCO-3 soundings from the first step,319

we check if any of the OCO-3 soundings have already been assigned to a crossing. If so,320

we add the OCO-2 sounding and all the matched OCO-3 soundings to that existing cross-321

ing. If not, we create a new crossing with the OCO-2 sounding and its matched OCO-322

3 soundings. In graph theory terms, if the OCO-2 and -3 soundings are nodes and a match323

between an OCO-2 and -3 sounding is an edge, then a crossing is a subset of nodes for324

which a route between any two nodes in the subset exists in the graph. The end result325

is illustrated by Fig. 2. This figure shows how a crossing (represented by the gray boxes)326

is built up from individual pairs of OCO-2 and -3 soundings that are within the distance327

limit (indicated by an arrow connected a circle labeled with a “2” to one with a “3” -328

the letters represent different soundings). Information about these crossings are written329

to netCDF files for later analysis. In the final dataset, the crossings span up to ∼ 300 km330

east to west and up to ∼ 500 km north to south (Fig. S5). (Note, the crossings exceed331

100 km in total length because a sequence of soundings less 100 km apart from their clos-332

est neighbors can chain together to produce a combined crossing greater than 100 km333

across.)334

For the OCO-3 self-crossing tests (Sect. 3.3), the approach is nearly identical, sim-335

ply using OCO-3 soundings in place of the OCO-2 soundings. To avoid the algorithm336

identifying an entire orbit as a self crossing, we add a condition to the first step that two337

OCO-3 soundings are considered a match only if the time difference is ≤ 12 h and ≥338

0.77 h. The latter value is approximately half of the orbital period of the ISS, and was339

chosen to ensure that two OCO-3 soundings would contribute to a self-crossing only if340

they were in different orbits.341

2.5.2 Determining sampling times for the OCO-2/3 simulation342

For the OCO-2/3 crossing simulation, we take the output of the algorithm described343

in Sect. 2.5.1 and find all crossings within 10 degrees of a given TCCON site from the344

years 2021 and 2022. For consistency across seasons, we want to know how the satellites345

observe relative to solar noon rather than to UTC times, so for each date of crossing we346

calculate the time of solar noon from latitude, longitude and date. We then fit a Burr347

probability distribution to the time that OCO-2 observes the site with respect to solar348

noon, and a kernel density estimate (KDE) to the time difference between the OCO-3349
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2a

3a

2b 2c 2d 2e

3b 3c 3d 3e 3f 3g

Figure 2. An illustration of how OCO-2 and -3 soundings are grouped into crossings. The

circles labeled with “2” represent OCO-2 soundings, those with “3” represent OCO-3 soundings

(the letters simply distinguish different soundings). The black arrows indicate which soundings

fall within the 100 km and 12 h criteria to be considered paired. The grey boxes represent a

crossing, that is all soundings in one box would be grouped together. Each OCO-2 sounding is

shown matched to two OCO-3 soundings for simplicity; in practice, the number of OCO-3 sound-

ings matched to an OCO-2 sounding will vary significantly.

Figure 3. Probability distributions showing when the OCO-2/3 satellites observe a TC-

CON site on the same day; x-axis units are hours. The OCO-2 distributions show when OCO-2

observes the site with respect to solar noon, and the OCO-3 distribution shows when OCO-3 ob-

serves the site with respect to OCO-2. With the exception of Lauder, OCO-2 tends to pass over

a TCCON site about an hour after solar noon. OCO-3 has a wide range of times that it observes

the sites at.

observation and the OCO-2 observation. A KDE is fit to the time difference because it350

allows for negative values, and OCO-3 can observe a location before or after OCO-2 which351

tends to pass slightly after solar noon. The probability distributions defining the times352

the satellites observe each TCCON site are shown in Fig. 3. Combined, the distribution353

of OCO-2 and OCO-3 times in the crossings from the six TCCON sites covers the global354

distribution of OCO-2/3 relative crossing times (Fig. S7), thus, we consider these six sites355

a sufficiently broad test set to evaluate the general applicability of this method to OCO-356

2 and OCO-3 data.357

For each TCCON day, we simulate an OCO-2/3 crossing by independently randomly358

sampling from our two probability distributions. (Random sampling is appropriate, as359

the times are not correlated, as shown in Fig. S6.) We find the time that OCO-2 observes360
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Figure 4. Locations and crossing patterns of OCO-3 self crossings. OCO-3 self crossings

mainly happen around 50◦N, and the second observation happens a multiple of 90 min after the

first. In panel (B), “S.N.” stands for “solar noon”.

the site by adding the time of solar noon to the value drawn from the OCO-2 distribu-361

tion, and the time that OCO-3 observes the site by adding the time of OCO-2 to the value362

drawn from the difference distribution. For each time, we average the XCO2 values from363

within half an hour of the selected times. We follow the same process for subsampling364

the other TCCON fields.365

We note that the OCO-3 time distribution used here incorrectly handled cases where366

multiple OCO-3 orbits crossed the OCO-2 orbit. Fortunately, these were a small minor-367

ity of the data used to determine this distribution, so we do not believe it affects the re-368

sults. Details of that analysis are given in the supplemental text (S2).369

2.5.3 Determining sampling times for the OCO-3 self-crossing simu-370

lation371

As in Sect. 2.5.2, we first need to construct a distribution of times of day observed372

in OCO-3 self crossing. Looking at all self crossings from 2020 and 2021, we find OCO-373

3 tends to cross itself around 50◦N (Fig. 4a), due to the inclination of the ISS. To best374

approximate the diurnal cycles observable with OCO-3 self crossings, we only use data375

from ETL and PF, which are slightly north and south, respectively, of the crossing range,376

to construct these simulations. To identify the times of day that the satellite crosses, we377

filtered to the band of latitudes between 45°N and 55°N, and to the north American con-378

tinent between longitudes 55°W and 125°W. This differs from the approach we used in379

Sect. 2.5.2 of using crossings at the specific TCCON locations to determine the times380

of day at which we sample; because ETL and PF are slightly outside of the self cross-381

ing region, we would not be able to identify sufficient instances of OCO-3 self crossings382

at those locations to construct a robust distribution of observation times. The other dif-383

ference in methodology from the OCO-2/3 crossings is that when adding simulated er-384

ror, we sample from the OCO-3 error distribution for both points.385

In Fig. 4b, we see that there are three distinct “bands” in the sampling times. This386

is because, while the first observation may happen at any time of day, the second obser-387

vation happens on a successive orbit and the ISS completes an orbit every ∼90 min. Fol-388

lowing these results, we fit a KDE to the time of first observation, but for spacing be-389

tween observations we select between 90 min, 180 min, and 270 min at their relative fre-390

quencies from the self crossing data.391
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2.5.4 Adding Simulated Error392

The OCO-2/3 satellites have an uncertainty associated with each XCO2 sounding.393

This error is comprised of systematic error that is a property of the instrument and re-394

trieval used, and random error which will diminish as we average multiple soundings to-395

gether for a single crossing. To best replicate the satellites’ behavior in our models, we396

added a simulated uncertainty to the sampled TCCON data from the validation site with-397

held from training, keeping the model trained on ‘true’ TCCON data. To find how to398

scale the random error component, we found all crossings within 5◦×4◦ of the site, as399

this is a common grid box size in global models and we are interested in whether this400

approach could provide additional constraints on modeled carbon fluxes. We then found401

the average number of soundings per crossing over each site. Finally, we calculate the402

standard error for a crossing over area j following:403

sx =

√
σ2
α +

σ2
γ

neff,j
(2)

where σα is systematic area-wide uncertainty, which we set to 0.8 ppm, σγ is individ-404

ual retrieval uncertainty which we set to 1 ppm, and neff is the effective sample size that405

accounts for potential spatial correlation in the single sounding errors. This functional406

form and the values for σα and σγ are derived from ongoing work to quantify the un-407

certainty associated with OCO-2 and -3 data (Taylor et al., 2023; Braverman et al., 2021;408

Kulawik et al., 2016). Since the OCO-2/3 crossings cover small areas, a modest positive409

correlation is typical, so we use the adjustment410

neff,j = 0.5 · nj (3)

where nj is the average number of soundings per crossing. For each subsampled point,411

we sample from a normal probability distribution with a mean of 0 and a standard de-412

viation given by the calculated standard error. The factor of 0.5 for neff was chosen based413

on typical correlation lengths found in OCO-2 data (e.g., order 10 km, Sect. 3.3.4 of Mitchell414

et al., 2023). Work done by the OCO-2 uncertainty quantification working group found415

that this factor of 0.5 reduction is typical for OCO-2 data. Even in areas with large spa-416

tial correlation, the value of neff rarely falls below n/3.417

Equation 2 assumes no systematic error cancels out. However with OCO-2 and OCO-418

3 being very similar instruments and using the same retrieval algorithm, we would ex-419

pect the systematic error between the two satellites’ observations of the same location420

on the same day to likewise be similar. As we use the difference between the two satel-421

lite’s observations as our feature, we would expect some of the systematic error to can-422

cel out in subtraction. We do not have a concrete estimate for how much systematic er-423

ror actually cancels, so we bound the real error by the pessimistic scenario where none424

cancels, and the optimistic scenario where all the systematic error cancels. Note that for425

these calculations, n is the number of soundings, not crossings, and there are at least sev-426

eral hundred soundings per crossing for all sites. We run two simulations for adding er-427

ror, one pessimistic case where σα stays at 0.8 ppm and one optimistic case where we428

set σα to 0 ppm. Table 3 shows standard error for the optimistic scenario where system-429

atic error cancels. In the pessimistic scenario, systematic error dominates and every site430

and satellite has a standard error of 0.8 ppm. While the optimistic scenario of all sys-431

tematic error canceling is likely overly optimistic, we believe that these two error sce-432

narios provide useful bounds on the error for our analysis to understand the impact of433

error on the ML accuracy.434

2.6 Sampling GEOS FP-IT for inclusion in the feature set435

Some potentially useful information was not available from the TCCON data files;436

for these data, we sampled the GEOS FP-IT model at each TCCON location. Specif-437

ically, we used the inverse distance weighed average of the GEOS grid cells within 0.65°438
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Table 3. Standard error values by TCCON site and satellite for optimistic simulation where

systematic error cancels and the average number of soundings per crossing (nj , rounded to the

neared hundred) used in Eq. (3) when calculating the standard error.

Site
Standard Error for an Ensemble Measurement nj

OCO-2 OCO-3 OCO-2 OCO-3

PF 0.07 0.03 400 2000
ETL 0.09 0.05 300 1000

Lamont 0.05 0.03 700 3200
Lauder 0.05 0.09 800 300
Nicosia 0.06 0.04 600 1600
Izana 0.07 0.05 400 800

of the TCCON latitude and longitude. GEOS FP-IT outputs our variables of interest439

every three hours. To ensure a consistent feature set of each variable, we interpolate the440

spatially-averaged GEOS data from its original 3-hourly time step to the 6 hours cen-441

tered on solar noon. These 7 data points become input features in the model.442

We included three variables from GEOS FP-IT in our feature set. The first vari-443

able from GEOS FP-IT is near-surface vapor pressure deficit (VPD), which is the dif-444

ference between actual vapor pressure and saturation vapor pressure, and it relates to445

rates of evaporation. We calculate VPD from temperature, pressure, and specific humid-446

ity from the 2d files:447

VPD = vpsat − vpair (4)

vpsat = 6.112 · exp
(

17.67 · T
T + 243.5

)
(5)

vpair
= p

(
r

r + ϵ

)
(6)

r =
q

1− q
(7)

where T is temperature (°C), q is the specific humidity, p is pressure (Pa), ϵ = 0.622448

is the molecular weight ratio of vapor to dry air, vpsat
is saturation vapor pressure, and449

vpair
is the atmosphere vapor pressure (Bolton, 1980; Salby, 1995; Wallace & Hobbs, 2006).450

The second and third variables relate to the change in potential temperature at 700451

mb over the course of a day, because large changes can indicate moving fronts with dif-452

ferent CO2 concentrations. To find potential temperature at 700 mb, we linearly inter-453

polate across the vertical pressure levels, and then find the temperature from the cor-454

responding indices. GEOS is set at fixed UTC time intervals. We took the difference and455

absolute value of the difference in temperature between the first and last of our 7 aver-456

aged and time-interpolated values as two input variables to the model.457

An alternative approach would be to use the change in potential temperature at458

700 mb as a flag to remove days where the change in XCO2 was dominated by synop-459

tic motion of air, rather than (or in addition to) photosynthetic activity. We elected to460

include this as a feature, rather than a preprocessing flag, because it was not clear what461

the threshold should be for a change in 700 mb potential temperature to flag out a day.462

Instead, we chose to incorporate it as a feature to test if it would be a predictor of dif-463

ferent patterns in the daily change of XCO2.464
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2.7 The full model features set465

Our input feature set contains our subsampled TCCON variables, the two differ-466

ences in potential temperature at 700 mb from GEOS FP-IT, and the 7 interpolated VPD467

values calculated from GEOS FP-IT. For the TCCON variables, we have three versions468

of each variable:469

• Subsampled: To create this set, we average TCCON data within half an hour of470

our simulated satellite times. For the OCO-2/3 crossing simulation, this means471

sampling times from our created probability distributions and averaging the vari-472

able values from within half an hour of the sampled times. The OCO-2/3 subsam-473

pling is described in detail above in Section 2.5.2.474

• ∆: For many TCCON variables we include the ‘∆ [variable]’, which is the differ-475

ence between observations divided by the time difference. For the OCO-2/3 cross-476

ing simulation this is the difference between the OCO-3 subsampled observation477

and the OCO-2 subsampled observation divided by the time difference between478

the two observations. For simulations with more than two observations, we cal-479

culate the ∆ between every unique pair of subsampled points.480

• Mean: this is calculated as the mean of the “subsampled” values (the first bul-481

let of this list) for all of the sampling patterns we test.482

Along with XCO2, we include a number of other variables from TCCON. The ra-483

tionale for including each is as follows:484

• Hour and time before solar noon provide information about the temporal position485

of the other data. The number of hours between observations should inform the486

model about how far apart in time the XCO2 observations are, and, combined with487

time before solar noon for the first observation, how they map to the EOFs.488

• Solar zenith angle, solar azimuth angle, and airmass give information on time of489

day and time of year. Further, these should provide the model a metric for the490

amount of sunlight available (on average, ignoring clouds). Airmass and solar zenith491

angle are related, but because airmass is ≈ 1/ cos(SZA), their functional forms492

are different, and one may be more useful for the model than the other.493

• Surface pressure, surface temperature, and wind speed give meteorological infor-494

mation about processes (such as synoptic scale transport) that could affect diur-495

nal cycles. In principle, higher wind speeds might indicate stronger advection, while496

a change in surface pressure or temperature might indicate a passing weather front.497

• Prior XCO2 gives information about the long term trend in XCO2, since the pri-498

ors incorporate trends in CO2 as measured at Mauna Loa and American Samoa499

(Laughner et al., 2023). Including the priors was intended to give the model in-500

formation about the expected approximate mean XCO2 for a given day.501

• VPD should provide information about whether the local plants are more or less502

likely to be water stressed. This, in turn, would affect their productivity and the503

magnitude of the diurnal cycles.504

• Potential temperature at 700 mb change and its absolute value are additional in-505

dicators of synoptic scale motion that drives changes in XCO2 not directly related506

to the local biosphere. Keppel-Aleks et al. (2012) showed that potential temper-507

ature at 700 mb correlated with free tropospheric CO2 during the INTEX-NA cam-508

paign.509

For XCO2, we only include ∆XCO2 in our feature set. We do not keep the sub-510

sampled values themselves because we want to remove seasonal and interannual variabil-511

ity while keeping our model applicable to sparse satellites (like OCO) where XCO2 data512

cannot be detrended by subtracting off the value at solar noon. For XCO2 we also in-513

clude the difference between observations without dividing by the time difference, for in-514
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Table 4. Input features used in our models along with which data source they are drawn from.

The “Variable” column lists the variable name and, in parentheses, how it is referred to in the

TCCON files, when applicable. The “Subsampled” column indicates the TCCON data averaged

about the simulated satellite times. The “∆” column indicates the difference between observa-

tions divided by the time difference (except for “hours”, which is an unnormalized difference);

for the OCO-2/3 crossing simulation this is the difference between the OCO-2 simulated obser-

vation and the OCO-3 simulated observation divided by the time difference between satellite

overpasses. The “Mean” column indicates the average value over the “Subsampled” values. We

use the “Other” column for variables that have a special calculation we describe in the text.

Data Source Variable Subsampled ∆ Mean Other

TCCON

XCO2 (xco2) x x
Hour (hour) x

Solar Zenith (solzen) x x x
Solar Azimuth (azim) x x x
Surf. Pressure (pout) x x x

Surf. Temperature (tout) x x x
Wind Speed (wspd) x x x
Airmass (airmass) x x x

Prior XCO2 (prior xco2) x x
Time Before Solar Noon x

GEOS FP-IT

VPD x
Potential Temp Change x

Abs Potential Temp Change x

stances where small time differences make ∆XCO2 large while the actual difference be-515

tween points is small. Additionally, we calculate the time between the first observation516

and solar noon. The full list of model features are shown in Table 4. We will investigate517

how these feature relate to the predicted PCs in Sect. 5.1.518

2.8 Features not included519

There are several possible predictive metrics which we were not able to include due520

to the requirements of our experimental design. In particular, the normalized difference521

vegetation index (NDVI), leaf area index (LAI), solar induced fluorescence (SIF), soil522

moisture, and soil temperature could all provide useful information on the availability523

of light and water for photosyntheis. However, our approach requires:524

1. that these data be available globally, as the end goal of this work is to produce525

a method that can be easily applied to space-based XCO2 data without relying526

on local datasets, and527

2. that these data be available over enough of the 2008 to 2023 period from which528

we take our TCCON data to ensure that we have sufficient training data for the529

machine learning model.530

NDVI has been produced from the Moderate Resolution Imaging Spectrometer (MODIS)531

instruments on board the Terra and Aqua satellites for over 25 years. We tested includ-532

ing the 16-day NDVI and EVI (Enhanced Vegetation Index) MODIS-Aqua product (Didan,533

2021) in our model, but saw little to no improvement over models without these data534

as inputs. (Figs. S8 and S9 compared to Fig. 19 and 21 show little to no improvement535
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in R2 for the full models—i.e., the rightmost points in Figs. S8 and S9 have at most a536

∼ 0.05 greater R2 values than the rightmost points in Figs. 19 and 21.) From these re-537

sults, we decided not to include LAI as well, as we expected it to be unlikely to add more538

information compared to NDVI and EVI.539

Global daily SIF has only been available since the launch of TROPOMI in late 2017.540

OCO-2 itself provides SIF for its full record back to 2014, but the OCO-2 swath is quite541

narrow. Gap filled products such as CSIF (Y. Zhang et al., 2018) and GOSIF (Li & Xiao,542

2019) exist, but at coarser temporal resolution (4 and 8 days, respectively). This meant543

that we would not be able to capture the day-to-day variation in SIF to predict the pro-544

ductivity of plants on a given day. These products also use machine learning themselves545

to perform the gap filling. Because our goal is to develop a method that is primarily data-546

driven, we elected not to pursue SIF as an input parameter, as using these products would547

mean our machine learning itself was trained on machine learning output.548

Finally, we investigated the possibility of using soil moisture from either the Soil549

Moisture Active and Passive (SMAP) or Soil Moisture and Ocean Salinity (SMOS) mis-550

sions. The 36 km SMAP global product (O’Neill et al., 2023) was easiest to access, de-551

spite only covering the time period from April 2015 on. We found, however, that there552

was only data within our colocation criteria for 2 of the 6 TCCON sites used in this study553

(Lamont and Lauder). As using only these two sites would severely limit our training554

data, we did not pursue soil moisture further as an input feature.555

2.9 Model Validation556

We evaluate our models’ performance using the error metrics R2 and root mean557

squared error (RMSE). Higher R2 values indicate that the model is accurately fitting the558

data trends: the model predicted XCO2 increases as real XCO2 increases. RMSE tells559

us the average distance between observed and reconstructed values, and represents how560

concentrated around the 1:1 line our data falls. For drawdown (calculated as described561

in Sect. 2.3), RMSE tells us on average how far off the predicted drawdown is from the562

drawdown calculated from the true TCCON diurnal cycle.563

When training our model, we choose one of the six TCCON sites to withhold for564

validation and only train on the input features sampled at the other five TCCON sites.565

We then use a 70/30 train/test split of the data from the five training sites. That is, the566

model is trained on 70% of the data from these five sites, then evaluated on its ability567

to predict PCs for both the 30% of data withheld for testing from the five training sites568

and to predict PCs for the site from which no data was included in the model training.569

Withholding data from an entire site is an important test, as if this approach were to570

be applied to space-based XCO2 data generally, it would have to generalize to locations571

which did not have a TCCON site (and therefore have no training data). When present-572

ing results in the following sections, we refer to the model’s performance on the train-573

ing 70% of data from the five training sites as its “training performance,” its performance574

on the withheld 30% of data from those same five sites as its “testing performance,” and575

its performance on the entirely withheld site as its “extendibility performance.” Addi-576

tionally, the performance metrics we report are the result of a k-fold cross validation test,577

where we repeat the above training and evaluation repeatedy, using a different TCCON578

site as the fully withheld one each time. Only ETL, Park Falls, Lamont, and Lauder are579

used as the withheld site; Izaña and Nicosia are never the withheld site as they only have580

a small number of useful days (enough to add to the training data, but not enough to581

serve as a worthwhile validation test on its own).582

In the k-fold cross validation tests, the withheld site is also kept out of EOF gen-583

eration. This ensures that the k-fold cross validation results are truly indicative of the584

model’s ability to generalize to unseen locations, without any prior knowledge about that585

location. However, the EOFs are generated from all of the data at the five training sites,586
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not just the 70% of those observations used for training. Therefore, the “testing perfor-587

mance” can be reasonably expected to be better than the “extendability performance,”588

both because it represents a location for which training data was provided and because589

the underlying EOFs also represent the variability for the observations used in the test-590

ing performance results.591

Because we are using TCCON XCO2 values both as the simulated space-based ob-592

servations and the true XCO2 comprising our diurnal cycles, it is important to add in593

error to simulate the difference between what a satellite will observe and the true XCO2594

at that time. For simplicity, we only apply error to the simulated satellite XCO2 in the595

extendibility tests. We use an upper and lower limit for the error as described in Sect.596

2.5.4, and report the results as the “pessimistic extendibility” and “optimistic extendibil-597

ity” cases, respectively.598

3 Testing Applicability to OCO-2 and -3 Observations599

We first study how applicable our model is to current space-based missions. The600

OCO-2 and OCO-3 satellites can cross and observe the same location in a single day, and601

OCO-3 can self cross and observe the same location twice in a single day. We test how602

well our model can reproduce diurnal cycles from TCCON data sampled at these sim-603

ulated crossing times.604

3.1 OCO-2/3 simulation605

With our model output, we are interested in how well our model diurnal cycles of606

XCO2 compare to TCCON cycles, as well as how well accurate our model’s XCO2 draw-607

down predictions are. We follow the model validation methods outlined in Sect. 2.9. Scat-608

terplots showing the combined performance in our k-fold cross validation (i.e. the com-609

bined results from leaving each site out and training on the others) for both diurnal cy-610

cles and drawdown are shown in Fig. 5. We can see that for the testing and optimistic611

extendibility plots the model outputted diurnal cycles do not capture the full range of612

variability as seen by TCCON. TCCON diurnal cycles range from -2 to +2 ppm through-613

out the day, and the model outputted XCO2 values are clustered around 0 ppm, cap-614

turing only the mean. For the pessimistic extendibility results where systematic error615

does not cancel the results have a wide spread about 0 ppm, meaning that the model616

is not capturing the mean of the data and is almost uncorrelated with TCCON data.617

To understand the cause of this poor performance, we examined a sample of true618

and predicted diurnal cycles. Fig. 6 shows individual reconstructed diurnal cycles com-619

pared to the truth from TCCON. While there are some days that the model captures620

well, these results show the model is not accurately reproducing diurnal cycles. Some-621

times, the model captures the right shape but not the correct magnitude of variation,622

but often the diurnal cycle is a completely different shape. Looking at both Fig. 5 and623

Fig. 6 we see that for the extendibility tests, the RMSE on drawdown is 0.48 and 0.38624

ppm, which is higher than the actual drawdown values shown in Fig. 6, meaning the er-625

ror is far overpowering the actual data. Additionally, in the pessimistic extendibility sce-626

nario where no systematic error cancels, the added error of 0.8 ppm is of similar mag-627

nitude to the drawdown signal of interest, and partially explains the model’s poor per-628

formance; when the added error is larger than the magnitude of diurnal cycle variabil-629

ity the model is unable to accurately reproduce diurnal cycles.630

3.2 Growing Season Simulation631

We ran a second set of simulations that also used OCO-2 and -3 crossings, but fo-632

cused only on capturing the growing season. We are interested in photosynthetic draw-633

down, but many days in winter have consistent XCO2 diurnal cycles without significant634
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Figure 5. Scatterplots showing model performance under the OCO-2/3 Crossing Simulation.

“Training performance” compares TCCON diurnal cycles and drawdown to model reconstructed

diurnal cycles from data it was trained on. “Testing performance” compares TCCON diurnal cy-

cles and drawdown to model reconstructed diurnal cycles and drawdown from data witheld from

training, but from familiar sites. “Extendibility performance” simulates how the model would

perform when estimating PCs from TCCON site fully withheld from training and EOF genera-

tion. Additionally “extendibility performance” cases have added simulated error; the pessimistic

extendibility scenario is where systematic error between the satellites does not cancel, and the

optimistic extendibility scenario is where systematic error between satellites completely cancels.

Because we are interested in diurnal variation with seasonal and interannual signals removed,

each XCO2 point is the difference in value from solar noon.

drawdown. We hypothesized that those days might be limiting the possible PC combi-635

nations our model predicts, as most of our model outputs in the normal simulation cap-636

ture less variation than seen by TCCON.637

There are many definitions for the growing season, and we used the meteorolog-638

ical definition for trees, which is that the growing season starts when the daily mean tem-639

perature is above 5 °C for 5 days in a row, and the growing season ends when the daily640

mean temperature is first below 5 °C (Körner et al., 2023). Because TCCON has days641

when clouds limit the number of observations in a day, we also fit a sinusoidal function642

to the daily mean temperatures, and added the requirement that to begin the growing643

season, the sinusoid must have a positive slope, and to end the growing season sinusoid644

has a negative slope. Because TCCON only measures during the day, our daily average645

temperatures likely skew warmer than the actual daily mean temperatures and allow for646

more days than otherwise. However, the cutoffs can be 0 degrees or 5 degrees, so by mak-647

ing the requirements be the upper limit, we do our best at adhering to the definition.648

Filtering by growing season reduces our training set from 3806 total days to 2892.649

The results from this simulation are shown in Fig. 7. Model performance from the650

growing season simulation is not noticeably different compared to the first simulation.651

However, we only see a 25% decrease in days when filtering by growing season, when we652

would expect the set to be halved. We hypothesize that our TCCON data preparation653

that requires days to have a certain number of hours represented inherently filters out654

more non-growing days than growing days; thus, our simulations in Sect. 3.1 are already655

focused on the growing season.656
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Figure 6. Model reconstructed diurnal cycles compared to the true diurnal cycles from TC-

CON. These are diurnal cycles from the pessimistic extendibility tests, meaning that in this case,

ETL was left out of model training, and simulated error was added in under the scenario that

systematic error between the two satellites does not cancel.

Figure 7. Scatterplots showing model performance for the Growing Season OCO-2/3 cross-

ings simulation. For a detailed description of the columns and rows see Fig. 5.
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Figure 8. Scatterplots showing model performance for the OCO-3 self crossing simulation.

This simulation only uses TCCON data from Park Falls and East Trout Lake to train and test

the model on, as OCO-3 self crossings happen around 50◦N. For a detailed description of the

columns and rows see Fig. 5.

3.3 OCO-3 Self Crossing Simulation657

Our third simulation utilizes just OCO-3. OCO-3’s ground track can cross and ob-658

serve the same location in a single day, so we ran the model subsampling TCCON at a659

simulated OCO-3 self crossing pattern, with self crossings identified as described in Sect.660

2.5.1. For this simulation, we assume only two OCO-3 orbits cross, for a fairer compar-661

ison to Sects. 3.1 and 3.2. Crossings with multiple OCO-3 orbits will be discussed in Sect.662

4.6.663

The results from this simulation are shown in Fig. 8. These scatterplots show com-664

bined model predictions from a simulation that trains on ETL and uses PF as the val-665

idation site, and a simulation that trains on PF and uses ETL as the validation site. This666

greatly cuts down the number of training days for the model. Despite the reduced amount667

of training data compared to our OCO-2/3 and growing season simulations, which should668

inhibit model performance, the self crossing simulation performs similarly to the OCO-669

2/3 simulation. The training performance is marginally worse, which is likely due to the670

reduction in training data. The remaining results are not significantly different from the671

original simulation.672

From these results, we conclude that two observations per day are insufficient to673

adequately constrain the diurnal cycles or drawdown with this method. It is possible that674

this could be improved with training data from more locations, giving the ML model a675

better foundation to generalize from. However, Figs. 5, 7, and 8 show similar performance676

between the “testing” and “optimistic extendibility” performance. The primary differ-677

ence between these is that “testing” tries to predict diurnal cycles or drawdown for un-678

seen data from TCCON sites that contributed training data, while both “extendibility”679

tests evaluate its ability to predict a site that was entirely withheld from training, as de-680

scribed in Sect. 2.9. That “testing” and “optimistic extendibility” have similar perfor-681

mance suggests that trying to generalize to a new location is not a major source of er-682

ror in this approach.683

–20–



manuscript submitted to Earth and Space Science

4 Testing > 2 observations per day: application to present and fu-684

ture missions685

Given the relatively poor ability of this approach to constrain diurnal cycles from686

crossings with only two times of day (one from OCO-2 and one from OCO-3, or two from687

OCO-3) data, our next step was to investigate how many additional observations per day688

would be required to do so reliably. We first investigate the correlation between times689

of observation and the information the model is attempting to recover. We next test the690

potential performance of our ML approach in a best-case scenario. Third, we consider691

three factors that impact the achievable accuracy of the diurnal cycles and drawdown692

values inferred by this method for consideration in future XCO2 observing missions. Fi-693

nally, we synthesize the results of these experiments to understand what utility might694

be gained from cases where multiple OCO-3 orbits intersect one OCO-2 orbit.695

4.1 Correlation Between Sampling Times and Diurnal Information696

After assessing the model on current space based satellite patterns, we evaluated697

how different sampling patterns would change model performance. To get a preliminary698

idea of where ideal sampling patterns were, we wanted to see how the times of day XCO2699

is observed correlate with drawdown and diurnal cycle reproduction. We plot correla-700

tions of ∆XCO2 calculated between different first and second observation times with XCO2701

drawdown and the first two PCs. The correlation plots are shown in Fig. 9. Because draw-702

down is defined as the four hour difference in XCO2 centered around solar noon, when703

drawdown is calculated as the difference between XCO2 at 2 hours after solar noon and704

2 hours before solar noon the correlation is 1. However, rather than uniformly getting705

weaker, sampling patterns with first observation 2 hours before solar noon or the sec-706

ond observation 2 hours after solar noon have strong correlations. These results indicate707

that in order to directly give the model information about drawdown, at least one of the708

subsampled points needs to be near the locations from which drawdown is defined.709

For seeing how observation times correlate with diurnal cycles we look at correla-710

tions between the observed XCO2 difference between two times of day and the first two711

PCs, because the first two EOFs explain 81% of diurnal cycle variance. In Fig. 10, the712

PCs shown are those output by the EOF decomposition of the TCCON data, i.e., the713

“true” PCs rather than those output by the ML. PC1 is the coefficient multiplying EOF1714

in order to best represent each day; EOF1 describes XCO2 throughout the day so it aligns715

with our expectations that in Fig. 10 the first PC correlates with ∆XCO2 when it is cal-716

culated as the difference between any morning and afternoon observation. PC2 is like-717

wise the coefficient multiplying EOF2, a function that describes XCO2 change in the af-718

ternoon with a flat morning. Following the PC1 results, PC2 correlates with ∆XCO2719

when it is calculated as the difference between an afternoon observation and a solar noon720

observation. From these correlations we see that with only two observations, it is not pos-721

sible to have a distribution that correlates strongly with both PC1 and PC2. The best722

option is to have observations 2 to 3 hours before and after noon (possible with OCO-723

3 self crossings), which shows a modest correlation to both EOFs. Capturing both PCs724

is critical to accurately reconstruct diurnal cycles, as PC1 has an explained variance of725

0.46 and PC2 has an explained variance of 0.36; both are needed in order to accurately726

reconstruct a day but to capture both three observations would be needed.727

These correlation maps also serve to validate our model’s performance in the OCO-728

2/3 simulation and the OCO-3 self crossing simulation. We have illustrated the times729

observed by OCO-2 and -3 within Fig. 9; the probability distributions of each satellites’730

observation times are shown in the small axes beside the drawdown panel, the central731

1 standard deviation of times observed by OCO-2 are highlighted in white on all pan-732

els, and the OCO-3 self crossing times (from Fig. 4) are overlaid in hatching on the cor-733

relation maps. With these times overlaid, we find the OCO-2/OCO-3 crossings cannot734
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Figure 9. A plot showing the correlations between ∆XCO2, calculated as the difference of

observations at varying times of day, and XCO2 drawdown (which we are interested in because it

is the variable used to calculate NEE). Overlaid on the correlations are the observation times of

OCO-2 and -3. Probability distributions for OCO-2 and -3 over all TCCON sites are in the small

axes and show the likelihood of OCO-2 and OCO-3 observing at the axis times. The central one

standard deviation of times observed by OCO-2 are highlighted in white on all panels, and the

OCO-3 self crossing times are overlaid in hatching on the correlation maps. “SN” in the axes

labels stands for “solar noon.”
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Figure 10. Plots showing how the correlations between ∆XCO2 (calculated as the difference

of observations at varying times of day) and the first two PCs. We are interested in correlations

with PC1 and PC2 because they explain 81% of diurnal cycle variance. We also show the ob-

servation times of OCO-2 and -3. Following the probability distributions shown in Fig. 9, the

central one standard deviation of times observed by OCO-2 are highlighted in white on all pan-

els, and the OCO-3 self crossing times are overlaid in hatching on the correlation maps. “SN” in

the axes labels stands for “solar noon.”

observe at ideal times for giving the model information on diurnal cycle PCs or draw-735

down. OCO-3 can achieve the ideal sampling of 2 to 3 hours before and after solar noon736

that correlates strongly with drawdown (Fig. 9). However, this sampling depends on the737

orbital geometry, and so it is likely occurs somewhat infrequently. As (Keppel-Aleks et738

al., 2012) showed that it was necessary to average between one week and one month of739

data to correlate the drawdown with fluxes measured by eddy covariance towers (due740

to the influence of transport on the upper part of the column), these ideal self crossings741

are likely too infrequent to provide robust constrains on the NEE.742

4.2 Upper Limit of ML Performance743

We next test if ML can reproduce diurnal cycles when given sufficient information,744

so we set an upper limit for our model’s capabilities by training our model on full diur-745

nal cycles, without subsampling to satellite observation times. For this simulation we put746

all of our TCCON variables into the same quarter hour intervals as XCO2 following the747

same averaging process as in Sect. 2.4. Instead of a single ∆XCO2 feature, the model748

now receives as input the differences between all possible pairs of the 27 quarter-hour-749

average points for each variable taken from TCCON (676 inputs per ∆variable). The750

features from GEOS FP-IT are unchanged, and we remove the difference between the751

first observation and solar noon as a feature variable, because the first input for all days752

is 3.25 hours before solar noon. The results are shown in Fig. 11.753

It is interesting to note that the R2 for the training performance is 0.95, which is754

the same as the explained variance of our EOFs – with our method of EOF decompo-755

sition we can only capture 95% of diurnal cycle variation. The extendibility performance756

test indicates that following our methods, the optimum performance for reconstructing757

diurnal cycles is with an R2 of 0.92 and RMSE of 0.09 ppm, and drawdown has a max-758

imum R2 of 0.93 and RMSE of 0.11 ppm.759
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Figure 11. Scatterplots showing ML performance at reproducing diurnal cycles when TC-

CON data throughout the day (not only at satellite observing times) are given as inputs. For a

detailed description of the columns and rows, see Fig. 5. Differing from Fig. 5, there is only one

extendibility result because we do not add in simulated error for this simulation.

4.3 Optimizing Start Time and Spacing760

After the 27 point run showed ML can reproduce diurnal cycles when given enough761

information, we wanted to find the minimum requirements to maintain good outputs.762

We began by investigating what sample times would optimize our model, for both two763

observations per day and three observations per day. To find the optimum sample times,764

we iterated over different start times and spacings to subsample our TCCON data at,765

and evaluated model performance for each combination. To account for randomness in766

ML, we ran the model three times for each configuration, and recorded the average R2
767

values across runs. We ran these iterations for two subsampled points per day and three768

subsampled points per day. For three subsampled points we kept even spacings between769

points in order to restrict the problem space to two dimensions (i.e., start time and time770

between successive observations). This test and the following sensitivity tests are done771

with East Trout Lake as the validation site. Tables S1- S8 in the Supplement show that772

there is not a large performance bias across the sites, so for computational purposes we773

did not cross validate.774

The results of these tests are shown below in Fig. 12 and Table 5. Note that the775

simulations in this section do not add error to the simulated observations, as the goal776

is to test the impact of the observations’ temporal pattern and error characteristics sep-777

arately.778

For three points there is a clear trend in good diurnal cycle R2: the model performs779

well when there is a point at solar noon and two points evenly spaced on either side. There780

is a drop-off in correlation for start times earlier than 3 hours before solar noon, which781

makes sense because our diurnal cycles begin only 3.25 hours before solar noon. Draw-782

down R2 has a weaker and less uniform trend than diurnal cycle R2. There is an arm783

of higher R2 along the start time of 2 hours before solar noon, which is one of the points784

that defines drawdown, as well along the path of high diurnal cycle R2. However, for draw-785

down there is a clear maximum when there is a point at solar noon, and two others 2786

hours on either side.787
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Table 5. ETL Optimal Sample Times by Number of Observations and Optimized Parameter

Num Points Parameter Optimized Start Time Spacing

3
Diurnal Cycle R2 -2.75 2.75
Drawdown R2 -2 2

2
Diurnal Cycle R2 -2.5 2.75
Drawdown R2 -2 4

In the two observation simulation, the highest R2 for drawdown is at 2 hours on788

either side of solar noon, similar to the three observation test. In contrast, diurnal cy-789

cle R2 does not appear to have a trend. There is a maximum with one point 2.5 hours790

before solar noon and the second 0.25 hours after, but the range across all the combi-791

nations is only 0.06, and this maximum is likely insignificant. These results agree with792

the correlation plots in Figures 9 and 10 that suggest two observations are not sufficient793

for ML to reproduce diurnal cycles.794

To see how performance improves as points are added, we ran an additional set of795

simulations for four evenly spaced observations, which are shown in Fig. 13. The diur-796

nal cycle results are very similar to the 3 point tests, where there is a band of good ob-797

servation times. These results are also consistent with the other tests in that ideal di-798

urnal cycles are where there are three points, one at solar noon, one in the morning and799

one in the afternoon, but with the four point simulation there is an additional point in800

the early morning. Drawdown results are optimized when there are points near the draw-801

down definition times, but with four points the band of good performance matches the802

diurnal cycle band. However, while diurnal cycle performance dramatically increases from803

two to three points, we only see marginal improvement in the four point simulation: with804

two points the optimized R2 is around 0.55, with three points around 0.75, and with four805

points around 0.80. This also follows from the results seen in Fig 10, which show that806

the first two PCs are well captured by having three points. As those two PCs describe807

the majority of diurnal cycle shape, adding another point is not very beneficial with this808

method.809

4.4 Testing Randomness in Observation Times810

As shown in Figs. 3 and 4, the OCO satellites do not cross a location at a fixed811

time each crossing; rather, there is a range of times they sample from that we fit prob-812

ability distributions to. However, in Sect. 4.3, we assumed that the temporal spacing be-813

tween successive observations in a day will be consistent. In order to evaluate how ML814

could work with future space-missions, we assess how sensitive model performance is to815

this variability in observation time. For the same reason as in Sect. 4.3, no error is added816

to the simulated observations in this section.817

To test this sensitivity, we start with the four optimal sample times listed in Ta-818

ble 5 and run the model with increasing spreads in observation start time, and in spac-819

ing between observations. For each start time and spacing, we varied the standard de-820

viation across the sample times from 0 to 3 hr, with a standard deviation of 0 hr rep-821

resenting an observation system that always crosses at the same time of day per loca-822

tion, and a standard deviation of 3 hr representing crossings that happen at random times823

during the day without consistency. We varied the spreads in start time and spacing in-824

dependently, looping over different combinations of standard deviation for both param-825

eters.826
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Figure 12. Plots showing model performance for different times of observation, for both 2 and

3 points per day. The color represents the average R2 across an ensemble of 3 ML models for the

given start time on the x-axis and temporal spacing between observations on the y-axis. The left

two panels show the models’ ability to predict the diurnal cycles as a correlation of individual

XCO2 points and the right panels show the models’ ability to predict the daily XCO2 drawdown.

Figure 13. Plots showing model performance for different times of observation, for 4 points

per day. The color represents the average R2 across an ensemble of 3 ML models for the given

start time on the x-axis and temporal spacing between observations on the y-axis. The left panel

shows the models’ ability to predict the diurnal cycles as a correlation of individual XCO2 points

and the right panel shows the models’ ability to predict the daily XCO2 drawdown.
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Figure 14 shows the results for each set of observation times. For both 3 point sim-827

ulations (diurnal cycle and drawdown, panels a and b), performance remains roughly con-828

stant until a standard deviation of 0.2 hr for both start time and spacing, before it be-829

gins to uniformly drop off with increasing variability in both parameters. For optimiz-830

ing diurnal cycles, the three point simulation (panel a) always performs the same as or831

better than the 2 point simulation (panel c), regardless of randomness. At maximum vari-832

ability the 3 point simulation has an R2 of around 0.5 for both the diurnal cycle and draw-833

down. Conversely, no matter how much variability is present in the 2 point simulation,834

performance is never above 0.55 for either the diurnal cycle or drawdown. This agrees835

with the plots shown in Figs. 5 and 10 that suggest 2 points are not sufficient to cap-836

ture diurnal cycles. For the 2 point configuration that optimizes drawdown (panel d),837

there is also a range between 0 and 0.2 hour standard deviation in which performance838

is near constant, with a slight drop with increased start time deviation. However, rather839

than dropping off uniformly, this plot shows R2 falling below 0.75 when the std. dev. in840

start time is ≥ 0.5 hr or the std. dev. in spacing is ≥ 1-1.5 hr. Therefore, for captur-841

ing drawdown, variability in spacing is slightly less detrimental than standard deviation842

in start time. This agrees with our understanding of drawdown performance with 2 points:843

because the model is not reproducing accurate diurnal cycles, in order to capture draw-844

down the observations need to be near the locations where drawdown is defined. If the845

start time is fixed around -2 hr, but the spacing between points is varied, one of the points846

that defines drawdown is still accounted for. However, if the start time is allowed to vary,847

no matter if the spacing is fixed it is likely neither observation will be at the ideal time848

of day.849

4.5 Testing the Effect of Error850

In order to comprehensively study how well our ML approach could apply to fu-851

ture missions, we need to test how well our model could handle satellites with more or852

less standard error in their observations. Our third set of sensitivity tests involves vary-853

ing the amount of simulated error added to our subsampled points. We took the four854

optimum observation configurations from Table 5 as well as the OCO-2/3 sampling pat-855

tern from Sect. 3.1 and tested how performance responded to increasing the simulated856

error added. For each configuration we ran the model iteratively, and at each iteration857

we increased the standard error about each subsampled point, with standard error rang-858

ing from 0.01 to 1 ppm. Following the other tests, to account for randomness in ML mod-859

els, after adding standard error we ran the model three times and averaged statistics to-860

gether.861

The results from these tests are shown in Fig. 15. For all the simulations, standard862

error below 0.1 ppm did not substantially affect model performance for either the pre-863

dicted diurnal cycles or drawdown values. Once standard error is above 0.1 ppm per-864

formance begins to drop, with the most dramatic declines being for the simulations that865

initially perform better. The OCO-2/3 simulation initially has the lowest R2, but by 1866

ppm of standard error it outperforms two of the other four models, and is nearly the same867

as the remaining two (again, for both the diurnal cycle and drawdown evaluation). This868

is explained in Fig. 16. In the OCO-2/3 crossing simulation, we are only giving the model869

the difference between 2 points at varying times, as such the model often only captures870

the slope between the observations, which is not always the overall slope of the day. The871

model is not getting enough information from XCO2 in order to accurately reproduce872

diurnal cycles, so it is more reliant on other variables and less affected by error. In the873

model trained to predict diurnal cycles with the optimal three-observation sampling pat-874

tern, the points are at fixed times that correlate strongly with diurnal cycles. With three875

points at these times the model is able to learn a lot of information from our ∆XCO2876

features about diurnal cycle shape. The model is more reliant on XCO2 over other vari-877

ables, and is more affected by error.878
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Figure 14. Results of sensitivity tests examining how variation in observation time affects

model performance. We increased the standard deviation across observation times for four simu-

lations: and 3 points ideal diurnal cycle configuration (a), 3 points ideal drawdown configuration

(b), 2 points, ideal diurnal cycle configuration (c), and 2 points, ideal drawdown configuration

(d). The base start time and spacing between points from which we vary are the optimal sam-

pling patterns from Table 5.
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Figure 15. Results from our measurement uncertainty sensitivity tests, where for multi-

ple different observation configurations we added increasing error to the subsampled points.

Each line represents the average result from 3 tests using the OCO-2/3 sampling pattern from

Sect. 3.1 (“oco2-3”) or one of the simulations defined in Table 5. The highlighted region at 0.1

ppm marks the dropoff point for the majority of the simulations. In the legend, “ptp” indicates

“point-to-point” correlation (i.e., the ability to reproduce the diurnal cycle) and “draw” means

“drawdown” (i.e., the ability to reproduce just the drawdown value).

Figure 16. Examples of how error affects model predicted diurnal cycles for two different sim-

ulations: the 3 point ideal diurnal cycle sampling times (-3, 0, +3 hr) and the OCO-2/3 crossing

sampling pattern. The grey hollow circles show the true diurnal cycle, as taken from the TCCON

data. The filled circles show the diurnal cycles predicted by the model (with and without error)

and the “subsampled points” are the points used to calculate the ∆XCO2 the model received as

input (with and without error added). For each sampling pattern we had the model predict the

diurnal cycle in two cases, one in which the XCO2 has a standard error of 0 ppm, and one with a

standard error of 1 ppm.
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Figure 17. (a) The times spanned by cases where multiple OCO-3 orbits cross an OCO-2 or-

bit. For each crossing, the x and y values show the number of hours between OCO-2 and the first

and last, respectively, OCO-3 orbits. The color indicates the number of OCO-2 orbits. (b) A 2D

histogram of the number of crossings on the same axes as (a). In both (a) and (b), a negative x

or y value indicates that OCO-3 observes earlier in the day than OCO-2. (c) A map showing the

location of the crossings that span more than 2 hours before and after the OCO-2 orbit, which

are surrounded by the red box in panels (a) and (b).

4.6 Multiple OCO-3 orbits intersecting one OCO-2 orbit879

Figure 17 shows how the cases where multiple OCO-3 orbits intersect a single OCO-880

2 orbit near the same soundings span different times of day. We can see that a major-881

ity of such cases have all the OCO-3 orbits before or after the OCO-2 orbit (i.e., points882

in quadrants I and III of Fig. 17). We conducted one further set of simulations with two883

observations in either the morning or afternoon, with the results shown in Fig. 18. As884

in Sect. 4.3, no error is added to the simulated observations for this section, so as to fo-885

cus on the impact of the temporal sampling pattern on the model’s ability to constrain886

the diurnal cycle and drawdown.887

From Fig. 18, we see that the best R2 value for either diurnal cycle or drawdown888

is substantially less than the best performing model using three observations in Figs. 12889

or 13, and are only slightly better than the “testing performance” case from Fig. 5. As890

this test does not include error in the simulated observations, this indicates that cases891

with observations in only one half of the day will not be able to adequately constrain ei-892

ther the diurnal cycle or drawdown. This is not surprising, as the EOFs divided the morn-893

ing and afternoon variation of XCO2 into separate modes of variation, suggesting that894

the morning and afternoon trends are reasonably independent. In that case, there is a895

clear need for a morning, noon, and afternoon observation to constrain both of those com-896

ponents of the diurnal cycle and even to correctly infer the drawdown, as that is a dif-897

ference of XCO2 before and after noon.898

There are, however, a modest number of cases with OCO-3 orbits falling both ear-899

lier and later, compared to the OCO-2 orbit. Most of these cases span less than 1 h on900

either side of the OCO-2 orbit. In Fig. 12, extrapolating to a ±1 h, 3 observation case901

will likely have poorer than optimal performance, but may still provide reasonable in-902

formation about the diurnal cycle and/or drawdown. There are a few crossings further903

to the upper left of quadrant II in these plots that may perform better. In particular,904

there are 157 crossings that span at least 2 h before and after OCO-2 in the three years905

of data we used here. Based on Fig. 12, these are likely to be able to constrain both the906

diurnal cycle and drawdown reasonably well. However, since Keppel-Aleks et al. (2012)907

showed that weekly to monthly averages of drawdown-derived NEE are necessary to achieve908

reasonable correlation with flux towers, these crossings are too infrequent to be useful909

without a better method to separate transport effects from the true flux.910
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Figure 18. R2 results for simulations using 3 observations per day mimicking the cases with

multiple OCO-3 orbits. In all cases, there is one observation at solar noon. The top row shows

results when the two additional observations are in the morning and the bottom row when they

are in the afternoon. The left two panels show the models’ ability to predict the diurnal cycles as

a correlation of individual XCO2 points and the right panels show the models’ ability to predict

the daily XCO2 drawdown. In all panels, the lower-right half is empty because it would otherwise

be a simple reflection of the upper-left half.
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5 Discussion911

5.1 Understanding the feature-prediction relationships912

To provide some insight into what features are giving the model the most infor-913

mation, we ran a recursive feature elimination (RFE) and SHapley Additive exPlana-914

tions (Lundberg & Lee, 2017) analysis for both the OCO-2/3 crossing simulation, and915

the 3 observations ideal diurnal cycle simulation. Our process for running the RFE is916

described in section S1 in the supplement. For the Shapley analysis, we used version 0.46917

of the “shap” package (https://github.com/shap/shap/tree/v0.46.0, last access 28918

Feb 2025). The results of our RFEs are shown in Figs. 19 and 21 and the Shapley anal-919

yses are shown in Figs. 20 and 22.920

In these Figs. 19 and 21, the y-axis shows the R2 value for the model predictions921

versus withheld data for a model only trained on the variables to the left of that x-axis922

tick as input. That is, in Fig. 19, the left-most point represents a model with only “diff xco2”923

as input, the second point represents a model with “diff xco2” and “delta xco2”, and so924

on. This provides intuition of which variables are most important to the model’s per-925

formance.926

The RFE shown in Fig. 19 reveals that in the OCO-2/3 crossing simulation, the927

difference in XCO2 between observations (without dividing by the time difference, “diff xco2”)928

is unsurprisingly the most important feature, with a model trained on just this having929

an R2 of ∼ 0.44 for diurnal cycles and ∼ 0.46 for drawdown. The RFE analysis sug-930

gests that the XCO2 change normalized by the time difference is next most important,931

but slightly reduces the model R2 for both quantities compared to the model only us-932

ing “diff xco2.” It is not clear why “delta xco2” reduces the R2 in this test. One pos-933

sibility is that the model misinterprets the variation in this value from the time differ-934

ent in its denominator as a difference in the amount of change in XCO2 over the day.935

However, this is a small decrease, and could also be an insignificant difference caused by936

the randomness of the ML training (particularly in the train/test split).937

The next most important features in the OCO-2/3 crossing simulation are “delta938

solmin”, which is the time difference between the first observation and solar noon, the939

vapor pressure deficits at the fourth and sixth hours, and the solar azimuth and zenith940

angles of the first observation. The time different and solar angle variables give the model941

information about what time of day the observations are at, which with variable obser-942

vation times is necessary for the model to reproduce the diurnal cycle. The presence VPD943

values in the top five variables suggests the model is finding some predictive power from944

water availability in this data. In total, all other variables besides ∆XCO2 improve di-945

urnal cycle and drawdown R2 by about 0.05 to ∼ 0.5 overall.946

The Shapley analysis in Fig. 20 shows some similar patterns. The two variables947

representing the difference in XCO2 are the top features for PCs 1 and 2. Since both EOFs948

have an overall positive slope, positive changes in XCO2 between the first and second949

observations increase their respective PCs. The dependence of PC 1 on “azim” (solar950

azimuth angle) indicates that PC 1 increases as the later azimuth angle decreases. Gen-951

erally, “azim 2” provides information about how far between sunrise and sunset the sec-952

ond measurement occurs. This relationship could either indicate a correlation with sea-953

son or just when the measurement occurs in the day. We also see dependence on features954

such as the change in 700 mb potential temperature and pressure that we expect to in-955

dicate synoptic scale motion. The positive correlation between change in 700 mb poten-956

tial temperature and PC 1 matches the relationship seen in Fig. 10a of Keppel-Aleks et957

al. (2012).958

In Fig. 21, the 3 point ideal diurnal cycle RFE shows that having one ∆XCO2 vari-959

able results in a diurnal cycle R2 of 0.55, and adding a second ∆XCO2 increases it to960

about 0.7. (Note that this is the second difference in XCO2 between a second pair of points,961
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unlike Fig. 19 where the first two variables were the difference between the same two XCO2962

observations, just with one normalized by the time difference and one not.) This version963

of the model relies less on variables that give information on the location of the obser-964

vations, as observations are at fixed times. Rather, all the XCO2 values are highly ranked965

as giving the model important information. The non XCO2 variables do appear to aid966

the model, but only marginally, as performance only increases by 0.03-0.05 in the inclu-967

sion of all of them. This suggests that with sufficient observations, most of the model968

performance is due to the XCO2 values and the set of EOFs that describes diurnal cy-969

cle variability. Given that XCO2 provides most of the information in this case, it is pos-970

sible that a simpler approach, such as a multi linear regression that uses the same base971

set of EOFs, would perform similarly to our ML method.972

In Fig. 22, the Shapley analysis for our simulation assuming 3 observations each973

3 hours apart illustrates how the model can find clearer correlations with 3 observations.974

Both PC 1 and 2 have strong correlations with the change in XCO2 from one observa-975

tion to the next. PC 1 has positive correlation with both the differences between the first976

and second and second and third points (“delta xco2 1” and “delta xco2 2,” respectively).977

This follows, as a positive sign for the delta XCO2 values indicates an increase in XCO2978

over the day, aligning with the positive slope of EOF 1. PC 2 has a strong positive cor-979

relation with the difference in XCO2 between the second and third XCO2 value, which980

maps to the positive increase in the afternoon observed with EOF 2. The negative cor-981

relation with “delta xco2 1,” which is the morning-to-noon difference, is less intuitive,982

but suggests that the ML is finding that large morning increases in XCO2 tend to pre-983

clude significant afternoon decrease. For PCs 1 and 2, the other features are of much less984

importance. Even for PCs 3 through 6, the change in XCO2 tends to be among the most985

important features.986

5.2 Lessons applicable to mission design987

With the current generation of satellites, our ML approach can not rigorously pre-988

dict diurnal cycles from space-based observations. Two points is not sufficient to recon-989

struct the targeted daytime part of the diurnal cycles with our method of EOF decom-990

position, and the crossing patterns of OCO-2/3 do not observe at optimal times for cap-991

turing XCO2 drawdown. Our results align with previous studies that have examined the992

feasibility of constraining XCO2 diurnal cycles from OCO-3. Taylor et al. (2023) found993

that ∆XCO2 from OCO-3 self crossings is not correlated with the spacing between ob-994

servations nor any variables from the OCO-2/3-based XCO2 retrievals and concluded995

that variability in ∆XCO2 is dominated by uncertainty in the XCO2 data. Additionally,996

Torres (2023) attempted to aggregate OCO-3 observations to constrain climatological997

diurnal cycles but found OCO-3 observations were not dense enough to overcome obser-998

vation uncertainties and variation from transport.999

There are currently other satellites besides OCO that measure XCO2. The Green-1000

house Gas Observing Satellite (GOSAT) and its follow on, GOSAT-2, observe XCO2,1001

but they have similar observation times as OCO-2: both are sun-synchronous and ob-1002

serve in the early afternoon. As GOSAT and GOSAT-2 fly north to south on the sun-1003

lit side of Earth (while OCO-2 flies south to north), there is some difference in local ob-1004

servation time, particularly in the southern hemisphere. However, the time difference is1005

less than an hour at the northern hemisphere TCCON sites used in our study (Fig. S3).1006

Given that Fig. 12 shows poor R2 for observations less than 1 h apart, we do not expect1007

that adding GOSAT and GOSAT-2 data would help our method perform better over at1008

least the boreal forests, which are an important region of interest for carbon fluxes. In-1009

cluding GOSAT and GOSAT-2 may provide some benefit in the tropics or southern hemi-1010

sphere, but we do not have the necessary TCCON data to test that hypothesis at this1011

time. With new TCCON sites being established in the Yucatan Peninsula and Amazon,1012

a future study could investigate this question.1013
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Figure 19. Recursive feature elimination for the OCO-2/3 crossing simulation. Here we

record R2 values for the model trained on a feature set with progressively more variables: the x

axis lists the least important variable of the feature set containing that variable and everything to

its left. Here, “delta solmin” refers to the time difference between the first observation and solar

noon, “dtemp abs” refers to abs. potential temp change, “dtemp reg” refers to potential temp

change, “delta xco2” refers to the difference between XCO2 observations divided by the time

difference and “diff xco2” is the difference between XCO2 observations without dividing by the

time difference. Performance is shown for both the diurnal cycle and drawdown prediction.

Figure 20. SHapley Additive exPlanations beeswarm plots relating the input features to their

effect on the predicted PCs for the OCO-2/3 crossing simulation. The meanings of the feature

labels on the y-axes are the same as in Fig. 19
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Figure 21. Recursive feature elimination for the 3 observation ideal diurnal cycle simulation.

Here we record R2 values for the model trained on a feature set with progressively more vari-

ables: the x axis lists the least important variable of the feature set containing that variable and

everything to its left. Generally, “[variable] N” indicates a variable sampled at the 1st, 2nd, or

3rd simulated observation (except for VPD, which is sampled every hour from 3 hours before

solar noon to 3 hours after) while “delta [variable]” refers to the time derivative between the sec-

ond and the first observation, “delta [variable] 2” refers to the time derivative between the third

and the first observation, and “delta [variable] 3” is the time derivative between the third and

second observation. Additionally, “delta solmin” refers to the time difference between the first

observation and solar noon, “dtemp abs” refers to abs. potential temp change, and “dtemp reg”

refers to potential temp change.

Figure 22. SHapley Additive exPlanations beeswarm plots relating the input features to their

effect on the predicted PCs for the 3 observation ideal simulation. The meanings of the feature

labels on the y-axes are the same as in Fig. 21
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The Geostationary Carbon Cycle Observatory (GeoCarb, Polonsky et al., 2014; Moore III1014

et al., 2018) was a planned geostationary mission that would have had an observation1015

mode where it observes the continental US and Amazon three times in a day, with ob-1016

servations spaced 3-3.5 hours apart at a variable start time. Figure 12 indicates that our1017

approach would potentially do well at inferring diurnal cycles and drawdown from Geo-1018

Carb or another satellite with a similar morning-noon-afternoon sampling pattern. Geo-1019

stationary observatories, such as GeoCarb, generally have some flexibility with regards1020

to the scanning strategy (Nivitanont et al., 2019), and could be optimized to maximize1021

information content on the diurnal cycle.1022

More generally, if future missions have a goal of constraining diurnal cycles, the ob-1023

servation pattern is critical. The most important factor to apply this ML approach suc-1024

cessfully is the number of observations in a day, as three points almost always outper-1025

form two. While three points results in dramatic improvement in performance over two1026

points, adding additional points only marginally improves the model. Once the baseline1027

of three observations is met, our results indicate that the quality of measurement, whether1028

through instrument accuracy or consistency in observation time, is more important than1029

quantity of observations.1030

We also see that the timing of these observations is key. To robustly constrain the1031

drawdown and daytime portion of the diurnal cycle as we define these quantities requires,1032

at a minimum, both a morning and afternoon observation. Observations only in the morn-1033

ing or afternoon do not provide sufficient information to constrain these quantities (Fig.1034

18). Additionally, this work focuses on quantities for the sunlit portion of the day out1035

of necessity, because we use shortwave infrared instruments, which rely on sunlight. To1036

extend this method to a full 24-hour diurnal cycle, and therefore enable analyses of night-1037

time respiration compared to daytime photosynthesis, would require a nighttime XCO21038

product with sub-ppm precision and minimal bias relative to daytime products (be those1039

shortwave or thermal infrared). This could be obtained from a thermal-IR or lidar in-1040

strument, though the thermal-IR product would likely lack sensitivity near the surface1041

and a lidar product would have a very narrow field of view (of order tenths of millira-1042

dians (Han et al., 2024), meaning care would need to be taken to ensure that these mea-1043

surements are representative of the area being studied).1044

After number of observations, the standard error in XCO2 observations is the next1045

most important factor in the performance of our ML method. Our sensitivity tests in-1046

dicate a standard error of below 0.1 ppm is needed for ML to perform well. (Recall that1047

this is the standard error of the mean of a number of soundings per crossing, rather than1048

a per-sounding error. See Sect. 2.5.4 for details on its calculation.) From our standard1049

errors calculated from the OCO satellites and shown in Table 3, when systematic error1050

cancels, all the standard errors were below the 0.1 ppm cutoff. However, when no sys-1051

tematic error cancelled, the systematic term dominated and the overall standard error1052

in all simulations using this pessimistic assumption was well above the 0.1 ppm ideal for1053

our approach. This leads to two conclusions. First, it is crucial that time-of-day-dependence1054

errors in the retrieval algorithm used by the satellite be minimized, otherwise the stan-1055

dard error between mean XCO2 at different times of day will likely exceed the 0.1 ppm1056

threshold. Second, if the observations at different times of day are made by different in-1057

struments, then it is imperative that these instruments be validated against a common1058

standard and bias among the instruments be minimized, either through consistent in-1059

strument design or post hoc bias correction.1060

Time of first observation, spacing between observations, and variability in obser-1061

vation times are more flexible parameters. Figure 12 shows that for 3 observations, there1062

are a range of times that perform well for both diurnal cycle and drawdown accuracy.1063

Diurnal cycle accuracy is highest when there is a point in the morning, a point around1064

solar noon, and a point in the afternoon, and drawdown accuracy is highest when there1065

are points near the drawdown definition times, but there are a range of times that sat-1066

–36–



manuscript submitted to Earth and Space Science

isfy those criteria. Following from that, our ML approach performs best when the ob-1067

servation times are consistent across days and locations, but Fig. 14 shows that abso-1068

lute accuracy is not required. Rather, we find that variations in observation times of up1069

to 0.2 h does not affect the performance of our ML method. This flexibility agrees with1070

the range of observation times about the ideal times that also have high performance.1071

For diurnal cycle reconstructions, variability in start time and spacing have the same ef-1072

fect, but for drawdown accuracy it is more important to keep the start time as fixed as1073

possible.1074

6 Conclusions1075

In this work, we test an ML approach for deriving diurnal cycles of XCO2 for the1076

6.5 hours about solar noon from sparse space-based observations. We train our model1077

on simulated current and potential future satellite temporal observation patterns and1078

validate its outputs against diurnal cycles from TCCON. Our work concludes that with1079

current satellite sampling patterns and available training data, our ML methods are not1080

able to overcome sparse observations and reconstruct diurnal cycles, which agrees with1081

past research using different methods with similar goals. It is possible that using alter-1082

nate ML methods (e.g., neural networks) could overcome the challenges imposed by sparse1083

data, which could be tested in future work. However, based on our results, we predict1084

that the sparse temporal sampling of current-generation space-based XCO2 will remain1085

a challenge for such studies.1086

For this study, we chose two specific quantities to predict (quarter-hour average XCO21087

values in the 6.5 h centered on solar noon and the 10a to 2p difference in XCO2). This1088

allowed us to precisely quantify the performance of our chosen ML approach. For draw-1089

down, our results suggest that morning and afternoon data are necessary for accurate1090

estimates. Likewise, for the diurnal cycles, we saw that at least three points were nec-1091

essary. As these requirements make sense from a physical standpoint, we expect that our1092

results will generally hold true even if the exact definition of the target quantities change.1093

We then look to future missions and find the minimum requirements our ML ap-1094

proach needs in order to successfully predict diurnal cycles. Specifically, we find that three1095

observations per day centered around solar noon are necessary to reliably constrain di-1096

urnal cycles of XCO2 (i.e., the change in XCO2 during the core sunlit part of the day)1097

and that once this minimum sampling pattern is achieved, consistent timing and qual-1098

ity of observations are the more important characteristics. However, with such sampling1099

patterns, it is possible that other, more direct methods that do not rely on ML could ac-1100

complish the same goal.1101

Other future work could investigate the possibility of 24 h diurnal cycles inferred1102

from a combination of near-IR, thermal-IR, and/or lidar remote observations. Such an1103

approach would potentially enable the separation of photosynthesis and respiration, and1104

would be a powerful tool to test the fidelity of these processes in models.1105

7 Open Research1106

The TCCON data used for training and validating our model in the study are avail-1107

able to the public through CaltechDATA at https://tccondata.org/ (last accessed 281108

Feb 2025) (Wunch et al., 2022; Garćıa et al., 2022; Sherlock et al., 2022a, 2022b; Pol-1109

lard et al., 2022; Petri et al., 2024; Wennberg, Wunch, et al., 2022; Wennberg, Roehl, et1110

al., 2022). The GEOS FP-IT data are used to supplement our feature set in the study1111

(Lucchesi, 2018). The OCO-2 data used for creating crossing distributions and error es-1112

timates are available to the public through NASA at https://disc.gsfc.nasa.gov/1113

datasets/OCO2 L2 Lite FP 11.1r/summary?keywords=OCO-2 with the newer version1114

at https://disc.gsfc.nasa.gov/datasets/OCO2 L2 Standard 11.2/summary (Science1115
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Computing Facility, Jet Propulsion Laboratory, 2017). The OCO-3 data used for cre-1116

ating crossing distributions and error estimates are available to the public through NASA1117

at https://disc.gsfc.nasa.gov/datasets/OCO3 L2 Lite FP 10.4r/summary?keywords=1118

OCO-3 (Science Computing Facility, Jet Propulsion Laboratory, 2022).1119

Data was processed and analyzed using MATLAB R2023b. The ML model was run1120

through a Python environment with the XGBoost and sklearn packages (Chen & Guestrin,1121

2016). EOF decomposition and figure making was aided by the Climate Data Toolbox1122

for Matlab, available at https://www.mathworks.com/matlabcentral/fileexchange/1123

70338-climate-data-toolbox-for-matlab (last accessed 28 Feb 2025) (Greene et al.,1124

2019). Shapley analyses were performed with the shap package, v0.46.0 (https://github1125

.com/shap/shap/tree/v0.46.0, last accessed 28 Feb 2025) The data processing and1126

ML training/evaluation code is available at https://github.com/joshua-laughner/1127

ml-xco2-diurnal-cycles (last accessed 5 Jul 2024) and archived on CaltechDATA (Marchetti1128

& Laughner, 2024).1129
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