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Greenhouse gases contribute to climate change through radiation forcing. To measure their quantities in the atmosphere, the 
Fourier Transform Infrared technique is being used. Within the Collaborative Carbon Column Observing Network, the raw 
signal is converted to column amounts of greenhouse gases through atmospheric inversion algorithms. Surface pressure 
data is required for the processing as a-priori information. This study presents a sensitivity study to surface pressure input 
data and the quantification of the error budget associated to the pressure input for the standard Collaborative Carbon Column 
Observing Network algorithm. Results show an inverse linear dependency between the pressure and retrieved quantity and 
an error estimation and post-processing correction factor is provided. 
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1. Introduction 
 

Optoelectronics is the study of electromagnetic 

radiation, specifically in the visible and near-visible range, 

and its accompanying transformation to electrical currents. 

Through continued developments in this field throughout 

the years, the technology implemented is being applied to 

the study of the atmosphere, used to measure the presence 

of various atmospheric constituents and the Earth’s 

radiative budget [1,2] . 

Greenhouse gases (GHGs) are the main driving factor 

of the warming of the Earth’s atmosphere [3], contributing 

to a difference of 1.0-2.0°C to the pre-industrial era in the 

global surface temperature. Of this difference, 0.8°C and 

0.5°C are attributed to atmospheric concentrations of CO2 

and CH4, respectively [4]. 

The Paris Agreement [5] aims to limit GHG emissions, 

in order to limit the effect of global warming, up to a 

maximum of 2°C over pre-industrial era levels. Additional 

international agreements, such as the Global Methane 

Pledge [6] were adopted to ensure the mitigation of the 

effects of climate change. 

In order to properly quantify the presence of GHGs and 

other atmospheric constituents in the atmosphere, different 

measurement techniques were developed, such as the 

Differential Optical Absorption Spectroscopy (DOAS) [7], 

or LiDAR [8-10]. One other such technique is Fourier 

Transform InfraRed (FTIR) spectroscopy, which is suitable 

for GHG column retrievals [11,12]. 

For proper evaluation of the total amount of different 

GHGs present in the atmosphere at regional/global scale, 

measurement networks have been formed, ensuring 

continuous and quality assured data provision respecting 

the FAIR principle. The COCCON network (Collaborative 

Carbon Column Observing Network) [13,14] consists of a 

multitude of FTIR instruments, ensuring interoperability 

and similar operating procedures to facilitate consistent and 

comparable measurements throughout its data. 

In the retrieval process for FTIR data, a-priori 

information such as surface pressure, temperature and gas 

column profiles are required for obtaining GHG quantities 

from the measured spectra [15,16]. 

In this paper, a sensitivity study of the PROFFAST 

[15,16] retrieval algorithm is performed, in regards to the 

surface pressure measurements provided as a priori 

information. 

Smith et al. [17] performed a study for Open-Path FTIR 

(OP-FTIR) utilizing gas cell measurements, with known 

parameters (gas concentration, pressure and temperature). 

They find an increase in the a priori assumed pressure of the 

gas cell leads to a decrease in the retrieved GHG quantities. 

This assumed pressure does not impact the spectral fit 

residuals significantly (< ±0.04%), leading to an 

uncharacterized bias in the final retrieved quantities. 

Furthermore, Guillaume et al. [18] studied the effect of 

assumed pressure in FTIR gas cell measurement for fire 

effluents. They find an acceptable tolerance of ±10 Torr ≈ 

13.3 hPa for high concentrations of CO, where the 

maximum observed error for the retrieved concentration is 

2.6%. 

Therefore, a study for the sensitivity of OP-FTIR 

techniques is presented, quantifying the uncertainty in the 

retrieved GHG amounts as a function of input pressure 

variations. A COCCON-registered FTIR instrument [19] is 

utilized for obtaining the raw interferograms, and they are 

processed with the PROFFASTpylot [20] processing suite. 

Surface pressure data is obtained from a Lufft WS600-
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UMB Smart Weather Sensor, with a stated accuracy of ±0.5 

hPa at operating temperatures of 0-40°C [21].  

The surface pressure measurements are modified and 

the retrieval procedure is run for each set of different input 

parameters. 

 

 
 
 
2. Instruments and software tools description 
 

2.1. Bruker EM27/SUN 

 

The Bruker EM27/SUN is a commercially available 

solar absorption FTIR spectrometer, co-developed with the 

Karlsruhe Institute for Technology [22] for the 

measurement and retrieval of atmospheric GHG 

concentrations. It is the standard instrument in the global 

COCCON network [19]. 

Fig. 1 presents a schematic drawing of the EM27/SUN 

spectrometer, featuring the optics, detector, and electronics 

part of the instrument. The spectrometer features a 0.5cm-1 

resolution, achieved by introducing an optical path 

difference of 1.8cm along the two arms of the Michelson 

interferometer. It also features a portable design, weighing 

25kg and measuring 35×40×27cm [23]. 

For this particular instrument, Mathias Frey estimates 

a 0.19% bias for a ±3 mbar pressure difference in the final 

retrieved trace gas column amounts [11]. Another bias 

estimate is 0.032% for the XCO2 retrieval for +1 hPa in 

pressure [24]. 

The instrument also features a precision of 0.075% for 

XCO2 and 0.057% for XCH4 for 10min-running ifgs [24]. 

Gisi et al. [23] also finds the difference for a 34s averaged 

double-sided interferogram in XCO2 measurements to be 

0.20% ± 0.09%, when compared to standard TCCON 

measurements [25]. 

The operational measurements performed at the MARS 

site of INOE2000 [26-28] are done according to COCCON 

standards, acquiring 10 double-sided interferograms, with 

an integration period of 58s. The best estimation for the 

instrument’s precision in this operation mode is 0.24% and 

0.18% for the XCO2 and XCH4 retrievals, respectively, 

according to [24] and accounting for the difference in SNR 

compared to the 10-min interferogram acquisition mode. 

 

2.2. PROFFAST and PROFFASTpylot 

 

PROFFASTpylot [20] is an open-source software 

package aimed to automate the operation of the PROFFAST 

[29,30] software suite, used to process FTIR data. 

The PROFFAST software suite is the standard 

processing procedure inside of the COCCON network. It 

features tools for preprocessing the FTIR data, computing 

the cross-sections of the constituents of the atmosphere at 

the time of measurement, and fitting the measured spectra 

over modelled ones based on a priori information. Fig. 2 

highlights the main steps that are performed during the 

retrieval process: 
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Fig. 2. Schematic representation of the PROFFASTpylot processing chain [15] (colour online) 

 

1. “PROFFASTpreprocess”: applies DC corrections 

to the instrumental signal and converts the measured 

interferograms into absorption spectra using the Fourier 

Transformation [31,32]. 

2. “PROFFASTpxcs”: precomputes the cross-

sections of different components of the atmosphere at the 

time of measurement. 

3. “PROFFASTinvers”: models spectra based on 

precomputed cross sections and fits the measured spectra 

over these. Produces the final trace gas retrievals. 

PROFFAST requires 3 different types of input data for 

a successful retrieval. These are: 

1. Interferograms measured by the instrument. These 

are obtained with the OPUS software suite, version 7.5 [33]. 

Alternatively, ready-preprocessed spectra can be used. 

2. A priori pressure measurements collocated with 

the instrument. These ideally have sufficient time resolution 

and with a precision of ±0.2 mbar [15] in order to avoid 

additional errors in the retrieval process. 

3. A priori column distribution profiles of 

atmospheric constituents. These are obtained from the 

GEOS-FP or GEOS-FPIT models [34]. These files are 

commonly referred to as GGG2014 (daily frequency) or 

GGG2020 (3-hour frequency) files, also being used in the 

standard TCCON retrieval process [35]. 

In this study, we will utilize GGG2020 files from the 

GEOS-FP as input for the processing chain. 

 
 
3. Methodology 
 

3.1. Pressure measurements 

 

Site collocated surface pressure measurements are 

obtained with the utilization of a Lufft WS600-UMB Smart 

Weather Sensor [21]. The stated accuracy of the sensor is 

±0.5 hPa at operating temperatures of 0-40°C and the 

temporal frequency is 1 minute. 

In order to study the effects of surface pressure 

measurements’ values in the final retrieved quantities of 

trace gas constituents, the entire retrieval process has been 

rerun with modified pressure data. 

The reference values consist of the operationally 

processed data, utilizing unmodified pressure files from the 

sensor. The following cases have been studied, for each of 

the retrieved GHG column amounts: 

1. 0.1% positive bias (≈ +1hPa in normal weather 

conditions) 

2. 0.1% negative bias (≈ -1hPa in normal weather 

conditions) 

3. 5 different 0.05% random bias (-0.5hPa to +0.5hPa 

range in normal weather conditions) 

4. +1hPa positive offset 

5. -1hPa negative offset 

6. +50 hPa positive offset 

7. -50 hPa negative offset 

The values of 0.1%, 0.05% biases and 1hPa offsets in 

either direction were chosen as they are close to the 

precisions or biases offered by commercially available 

pressure sensors [36-38]. Since the FTIR instrument does 

not have a built-in pressure sensor, it is the user’s 

responsibility to provide the data. Therefore, understanding 

and quantifying the possible uncertainties coming from 

incoherent pressure data is important for assuring properly 

retrieved GHG quantities. 

The 50 hPa offsets were chosen due to the possible 

inaccuracy of the a priori profile. For example, in real life 

measurements, if a plume is modelled at height z and the 

modelled spectrum precomputed accounts for said plume, 

the PROFFASTinvers program will try to fit the spectral 

response of the instrument for said plume at pressure p(z), 

accounting for effects such as pressure line broadening [39]. 

However, if in reality the plume is higher (or lower) in the 
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atmosphere, with the height difference Δz, the p(z) pressure 

changes to become p(z+Δz). In such cases, and when Δ𝑧 is 

expressed in km, a good approximation for the pressure 

shift is [17]: 

𝑝(𝑧 + Δ𝑧) = 𝑝(𝑧) + 100 ⋅ Δ𝑧 [ℎ𝑃𝑎] (1)  
 

As such, a 50hPa offset accounts for a 0.5km bias in 

the height of the measured plume. This is a rough 

approximation, as this only accounts for a segmented plume 

out of the total column measurements. In reality, this is an 

edge case of the inaccuracies which would come from 

height uncertainties of plumes’ heights. 

 

3.2. Measurements and data processing 

 

The standard COCCON measurement procedure was 

employed for obtaining the raw interferograms. Details 

about the configuration can be found at [40] and include 

settings of the instrument, as well as the software tools 

required for the measurements. 

For this study, 107 days of measurements from the year 

2024 were utilized. For each different pressure input, the 

entire processing chain was run, producing the final 

retrieval quantities. 

Processing data was done with the PROFFASTpylot 

software suite (PROFFASTpylot v1.3 and PROFFAST 

v2.4) [20], and the handling of the pressure input data was 

done through a mix of Python [41] (e.g., for the random bias 

case) functions and in-built functionality of the 

PROFFASTpylot software suite. 

The studied gaseous compounds are total column 

amounts of CO2, CH4, CO and water vapor (H2O). The 

processing chain also outputs volume mixing ratios 

(VMRs) of these compounds, but these are additionally 

sensitive to pressure differences in the input data, as the 

VMR of a compound, when the distribution inside of the 

atmospheric column is uniform, is calculated as [17]: 

 

𝑉𝑀𝑅 =
𝑋 ⋅ 𝑅 ⋅ 𝑇

ℎ ⋅ 𝑝 ⋅ 𝐴
 (2) 

 

where 𝑉𝑀𝑅 is the volume mixing ratio, in ppm, 𝑋 is the 

column amount in molecules/cm2, 𝑅 = 8.314
𝐽

𝑚𝑜𝑙⋅𝐾
 is the 

gas constant, 𝑇 is the temperature in K, ℎ is the height of 

the atmospheric column in m, 𝑝 is the pressure in hPa and 

𝐴 = 6.022 ⋅ 1023𝑚𝑜𝑙−1 is Avogadro’s constant. 

This makes VMRs unsuitable for a comparison, as we 

introduce additional, unwanted bias and uncertainties 

(compared to total column values), especially since the 

distribution inside the atmospheric column is not uniform 

and is different for each gaseous compound. 

 

3.3. Post-processing and statistical analysis 

 

A post-processing routine has been applied to the 

retrieved GHG column amounts, involving deseasonalizing 

the data, utilizing a Lomb-Scargle periodogram [42]. This 

step ensures consistency when inferring a dependency of 

final retrieved quantities on surface pressure measurements, 

eliminating unwanted time-related biases from the retrieval 

of greenhouse gas quantities [43,44]. In this approach, only 

the highest amplitude frequency component (with 𝜈 > 1 

day) has been removed in order to preserve intra-day 

variability of greenhouse gases total column amount. 

For analyzing the differences in the final retrieved 

quantities for each case, a metric of relative differences is 

implemented. This is defined as: 

 

𝑅𝐷 =
𝑋 − 𝑋0

𝑋0

⋅ 100 [%] (3) 

 

where 𝑋 is the retrieved GHG quantity with the modified 

pressure files and 𝑋0 is the original retrieved GHG quantity. 

Additionally, a qualitative analysis of the influence of 

the solar zenith angle (further referred to as SZA) on the 

retrieved quantities is performed. The SZA influences the 

retrieved column amounts by influencing the air mass factor 

(AMF), a parameter which describes the ratio of GHG 

between the retrieved slant column and the vertical column. 

The relationship between the AMF and the SZA is 

described by an inverse cosine function [45]: 

 

𝐴𝑀𝐹 =
1

cos(𝑆𝑍𝐴)
(4) 

 

Since the SZA-induced bias is a direct consequence of 

the retrieval process, and is directly influenced by a 

difference in pressure, only a qualitative analysis will be 

performed for it. This step involves computing the inverse-

cosine dependency of retrieved values from each different 

measurement day and then subtracting it from the data. The 

main goal of this procedure is to help properly visualize the 

direct dependencies between surface pressure and retrieved 

quantities, without additional variability introduced by 

other variables. 

 

4. Results 
 

4.1. Carbon dioxide retrieval results 

  
Fig. 3 shows the results of the retrieval of total column 

CO2 for a single day of measurements. The relative 
differences are expressed as a function of the difference in 
surface pressure between the initial, unmodified retrieval 
and the modified retrieval. An inverse-cosine-like 
dependence is seen, which supports the assumed 
dependence of the retrieved relative difference and the SZA 
(see eq. (4)).  

Since this dependency is present in all days of 
measurement, and the variation interval for the SZA is 
similar for each day, a similar shape for the relative 
difference is expected for each continuous measurement. 
This can be seen in Fig. 4, where a multitude of such 
inverse-cosine-like shapes can be seen.  

Furthermore, the dependency to the SZA is statistically 
canceled out on average due to its reproductible behaviour 
in time. Therefore, a linear fit is provided alongside the data 
points, in Fig. 4 and Fig. 5. This quantifies the dependency 
between the difference in surface pressure used for the 
retrieval and the final retrieved differences.  
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Fig. 3. Retrieval results for carbon dioxide, for a single day of measurements, utilizing an artificial 0.1% negative bias introduced in the 

surface pressure measurements (colour online) 

 

Fig. 4 and Fig. 5 show that an inverse relationship 

between the difference in surface pressure and final 

retrieved quantities is present, when processing is done with 

bias-modified pressure files. For both the negative-bias and 

positive-bias cases, the regression slope can be expressed 

as: 

 

𝑅𝐷 = −1.75 ⋅ 10−2 ⋅ Δ𝑝 [%] (5) 

 

where Δ𝑝 is the difference in pressure. These results 

indicate a relative difference of −0.0175% for an offset of 

+1 hPa in the assumed surface pressure. This is in good 

agreement with the findings from the ±1 hPa offset-

processed cases, shown in Fig. 6 and Fig. 7, which highlight 

mean relative differences of -0.017% (for a +1 hPa offset) 

and 0.018% (for a -1 hPa offset). 

Therefore, a scaling factor for the ±1 hPa interval is 

proposed as follows: 

 

𝑆 =
𝜇𝑅𝐷

Δ𝑝
=

−0.0175%

ℎ𝑃𝑎
 (6) 

 

where 𝑆 is calculated as the average of the values obtained 

with eq. (6) from both of the ±1 hPa offset-processed cases. 

 

 
 

Fig. 4. Retrieved relative difference of total column carbon dioxide amount utilizing processing with an artificial 0.1% negative bias 

introduced in the surface pressure measurements (colour online) 
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Fig. 5. Retrieved relative difference of total column carbon dioxide amount utilizing processing with an artificial 0.1% positive bias 

introduced in the surface pressure measurements (colour online) 

 

 
 

Fig. 6. Retrieved relative difference of total column carbon dioxide amount utilizing processing with an artificial 1 hPa negative offset 

introduced in the surface pressure measurements, shown in relation to the solar zenith angle (colour online) 

 

 
 

Fig. 7. Retrieved relative difference of total column carbon dioxide amount utilizing processing with an artificial 1 hPa positive offset 

introduced in the surface pressure measurements, shown in relation to the solar zenith angle (colour online) 
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Following methodology explained in Section 3.1., a 

study on noisy surface pressure input data has also been 

done, introducing a 0.05% random bias in the pressure data. 

The results indicate a mean standard deviation of 4.45 ⋅
1021 molec/cm2 and a mean value of 9.06 ⋅ 1025 molec/cm2 

across the 5 reruns of the processing chain. Therefore, the 

mean relative standard deviation can be calculated as: 

 

𝜎𝑅𝐷 =
𝜎𝑋

𝜇𝑋

≈ 4.91 ⋅ 10−3 [%] (7) 

 

The processing results for the entire timespan of the 

study are shown below, in Fig. 8. 

 
 

Fig. 8. Retrieved relative difference of total column carbon dioxide amount utilizing processing with an artificial 0.05% random bias 

introduced in the surface pressure measurements (colour online) 

  

Additionally, the processing was also run with a 

±50hPa offset, as seen in Figs. 9 and 10. The results show 

a mean relative difference of +0.902% (for a -50hPa offset) 

and -0.854% (for a +50hPa offset), indicating a small 

asymmetry between the two cases. However, utilizing eq. 

(6), the approximation for the scaling factors becomes: 

 

𝑆𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒−𝑜𝑓𝑓𝑠𝑒𝑡 =
−0.854%

50
≈ −0.017 [

%

ℎ𝑃𝑎
] (8) 

𝑆𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒−𝑜𝑓𝑓𝑠𝑒𝑡 =
0.902%

−50
≈ −0.018 [

%

ℎ𝑃𝑎
] (9) 

 

This leads to a final approximation of the scaling factor 

as: 

 

𝑆𝑏𝑖𝑔−𝑜𝑓𝑓𝑠𝑒𝑡 =
−0.017 − 0.018

2
= −0.0175 [

%

ℎ𝑃𝑎
] (10) 

 

The value is consistent with the scaling factor obtained 

in eq. (6), highlighting a near-linear dependency of total 

column amount of CO2 to the difference in surface pressure 

used for the retrieval process.  
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Fig. 9. Retrieved relative difference of total column carbon dioxide amount utilizing processing with an artificial 50 hPa negative offset 

introduced in the surface pressure measurements, shown in relation to the solar zenith angle (colour online) 

 

 
 

Fig. 10. Retrieved relative difference of total column carbon dioxide amount utilizing processing with an artificial 50 hPa positive offset 

introduced in the surface pressure measurements, shown in relation to the solar zenith angle (colour online) 

 

 Furthermore, Fig. 11 and Fig. 12 show the results after 

the SZA-induced bias was removed from the results.  

 

 

 

 

 

 

 

 

 

A preliminary analysis on the retrieved slope (see eq. 

(5)) shows a good agreement with the bias-processed 

results, indicating good consistency between the two cases. 
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Fig. 11. Retrieved relative difference of total column carbon dioxide amount utilizing processing with an artificial 0.1% negative bias 

introduced in the surface pressure measurements, and the SZA-induced bias removed (colour online) 

 

 
 

Fig. 12. Retrieved relative difference of total column carbon dioxide amount utilizing processing with an artificial 0.1% negative bias 

introduced in the surface pressure measurements, and the SZA-induced bias removed (colour online) 

 

4.2. Methane retrieval results 

 

Methane retrievals present similar qualitative 

characteristics as carbon dioxide retrievals, showing an 

inverse dependency of final retrieved GHG total column 

amount in regards to the input pressure utilized. 

A similar behavior to the carbon dioxide retrieval as the 

retrieval for carbon dioxide is observed and leads to a mean 

relative difference of ∓0.014% for a ±1hPa offset in 

pressure. Thus, the scaling factor utilized defined in eq. (6) 

becomes: 

 

𝑆 =
𝜇𝑅𝐷

Δ𝑝
=

−0.014%

ℎ𝑃𝑎
(11) 

 

These findings are also supported by the ±0.1% bias-

processed retrieval quantities, with the linear fit, similar to 

eq. (5) becoming: 

 

𝑅𝐷 = −1.37 ⋅ 10−2 ⋅ Δ𝑝 [%] (12) 

 

where 𝑅𝐷 is the relative difference, and Δ𝑝 is the difference 

in pressure. 

When analyzing the ±50hPa offset-processed results, 

shown in Figs. 16 and 17, a mean relative difference of 

+0.699% (for -50hPa offset) and -0.669% (for +50hPa 

offset) is found. This is consistent with the ±1hPa offset 

data, leading to two slightly asymmetrical scaling factors: 

 

𝑆𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒−𝑜𝑓𝑓𝑠𝑒𝑡 =
−0.669%

50
≈ −0.013 [

%

ℎ𝑃𝑎
] (13) 
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𝑆𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒−𝑜𝑓𝑓𝑠𝑒𝑡 =
0.699%

−50
= −0.014 [

%

ℎ𝑃𝑎
] (14) 

 

Overall, according to eq. (10), this can be quantified 

with the average scaling factor of: 

 

𝑆𝑏𝑖𝑔−𝑜𝑓𝑓𝑠𝑒𝑡 =
−0.013 − 0.014

2
= −0.0135 [

%

ℎ𝑃𝑎
] (15) 

  

Following the same 0.05% random bias processing 

procedure as for CO2, the results obtained are those from 

Fig. 13, with a mean standard deviation of 1.58 ⋅ 1019 

molec/cm2 and a mean value of 4.15 ⋅ 1024 molec/cm2. A 

relative standard deviation is also found by substituting the 

new values in eq. (7): 

 

𝜎𝑅𝐷 =
𝜎𝑋

𝜇𝑋

≈ 3.81 ⋅ 10−3 [%] (16) 

 

 

 
 

Fig. 13. Retrieved relative difference of total column methane amount utilizing processing with an artificial 0.05% random bias 

introduced in the surface pressure measurements (colour online) 

 

Additionally, ±0.1% bias-processed files are shown in 

Fig. 14 and Fig. 15, with the solar zenith angle induced 

variation removed. These highlight a similar trend of 

∓0.0137% differences compared to original files, being 

consistent with the findings from the unmodified bias-

processed files. 

 

 

 
Fig. 14. Retrieved relative difference of total column methane amount utilizing processing with an artificial 0.1% negative bias 

introduced in the surface pressure measurements, and with the SZA-induced bias removed from the final data (colour online) 
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Fig. 15. Retrieved relative difference of total column methane amount utilizing processing with an artificial 0.1% positive bias 

introduced in the surface pressure measurements, and with the SZA-induced bias removed from the final data (colour online) 

 

4.3. Carbon monoxide retrieval results 

 

Similarly to methane and carbon dioxide, carbon 

monoxide retrievals show an inverse dependency on the 

surface pressure measurements used as an input. 

However, both the mean relative differences in the 

offset-processed retrievals (eq. (6)) and the regression slope 

in the bias-processed retrievals (eq. (5)) show a weaker 

dependency on surface pressure, with lower absolute 

values: 

 

𝑆 =
𝜇𝑅𝐷

Δ𝑝
=

−0.008%

ℎ𝑃𝑎
(17) 

 

𝑅𝐷 = −7.94 ⋅ 10−3 ⋅ Δ𝑝 [%] (18) 

 

Furthermore, the intraday variability of carbon 

monoxide is higher than for other trace gases, given its 

shorter lifespan of 2-4 months in the atmosphere [46], 

compared to other GHGs. This can be seen in the example 

provided in Fig. 16, where the data points are more scattered 

than for the carbon dioxide and methane retrieval results. 

 

 
 

Fig. 16. Retrieved relative difference of total column carbon monoxide amount utilising processing with an artificial 1 hPa znegative 

offset introduced in the surface pressure measurements, shown in relation to the solar zenith angle (colour online) 
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As for methane and carbon dioxide, a study on ±0.05% 

random bias-processed files were concluded, showing a 

mean standard deviation of 4.93 ⋅ 1017 molec/cm2 and a 

mean value of 2.11 ⋅ 1022 molec/cm2. The results are 

presented in Fig. 17. 

 

 
 

Fig. 17. Retrieved relative difference of total column carbon monoxide amount utilizing processing with an artificial 0.05% random bias 

introduced in the surface pressure measurements (colour online) 

 

Utilizing eq. (7), the relative standard deviation is: 

 

𝜎𝑅𝐷 =
𝜎𝑋

𝜇𝑋

≈ 2.34 ⋅ 10−3 [%] (19) 

 

For the case of a ±50 hPa offset applied to the surface 

pressure measurements, a similar behavior to the smaller 

offset case is seen. Variability is still high, and the data 

present a +0.406% bias (for a -50hPa offset) and -0.389% 

bias (for a +50hPa offset), respectively. This leads to two 

slightly asymmetrical scaling factors: 

 

𝑆𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒−𝑜𝑓𝑓𝑠𝑒𝑡 =
−0.389%

50
≈ −0.008 [

%

ℎ𝑃𝑎
] (20) 

𝑆𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒−𝑜𝑓𝑓𝑠𝑒𝑡 =
0.406%

−50
≈ −0.008 [

%

ℎ𝑃𝑎
] (21) 

 

With the help of eq. (10), a scaling factor is proposed 

with the following value: 

 

𝑆𝑏𝑖𝑔−𝑜𝑓𝑓𝑠𝑒𝑡 =
−0.008 − 0.008

2
= −0.008 [

%

ℎ𝑃𝑎
] (22) 

 

This is consistent with the inverse linear dependence 

observed in the aforementioned cases, thus supporting the 

idea that the inverse linear dependency is extendable to a 

±50 hPa offset in assumed pressure. 

Additionally, ±0.1% bias-processed files are shown in 

fig. 19 and fig. 20, with the solar zenith angle induced 

variation removed. These highlight a similar trend of 

∓0.008% differences compared to original files, in 

accordance with the results from the bias-processed files. 

This supports the idea that the linear dependency comes 

from the pressure variation, and not another uncharacterized 

dependency, such as intraday variability, which is partly 

accounted for by removing the SZA-induced component. 
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Fig. 18. Retrieved relative difference of total column carbon monoxide amount utilizing processing with an artificial 0.1% negative bias 

introduced in the surface pressure measurements, and with the SZA-induced bias removed from the final data (colour online) 

 

 
 

Fig. 19. Retrieved relative difference of total column carbon monoxide amount utilizing processing with an artificial 0.1% positive bias 

introduced in the surface pressure measurements, and with the SZA-induced bias removed from the final data (colour online) 

 

 

4.4. Water vapor retrieval results 

 

A similar trend to the other GHGs is to be observed 

with water vapor total column amount – its retrieval 

depends inversely on the surface pressure measurements, 

lower surface pressure inputs leading to higher retrieved 

values. This is highlighted in the offset-processed cases, 

where a ±1 hPa offset leads to a ∓0.040% difference in the 

final retrieved quantities. 

Considering eq. (6), this leads to a scaling factor: 

 

𝑆 =
𝜇𝑅𝐷

Δ𝑝
=

0.040%

ℎ𝑃𝑎
 (23) 

 

These findings are in accordance with the results from 

the bias-processed files. These correlate well with the 

offset-processed results, highlighting, utilizing eq. (5), a 

linear fit function with the following formula: 

 

𝑅𝐷 = −3.98 ⋅ 10−2 ⋅ Δ𝑝 [%] (24) 

 

Worth noting is the fact that intraday variability for 

water vapor is significantly higher than for other GHGs, so 

the spread of the points of the graph is more visible. 

However, Figs. 21, 22, 23 and 24 indicate a good stability 

in the retrieval algorithm, as the 1:1 line and the linear fit 

are almost perfectly overlapping.  

The very similar linear fitting parameters are also to be 

noted, but these do not necessarily contain inherently useful 

information. This is because the fitting of modified values 
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(represented by 𝑦) is done to the originally retrieved values 

(represented by 𝑥), thus being different (and unquantifiable 

so) for each different set of surface pressure measurements 

used to process the data.  

Further study is required for a proper characterization 

of the relationship between the fitting parameters from the 

offset-processed cases and those in Figs. 21, 22, 23 and 24. 

 

 

 
 

 

Fig. 20. Correlative plot of total column water vapor amount utilizing processing with an artificial 1 hPa negative offset introduced in 

the surface pressure measurements, compared to the originally retrieved quantities (colour online) 

 

 
 

Fig. 21. Correlative plot of total column water vapor amount utilizing processing with an artificial 1 hPa positive offset introduced in 

the surface pressure measurements, compared to the originally retrieved quantities (colour online) 
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Fig. 22. Correlative plot of total column water vapor amount utilizing processing with an artificial 0.1% negative bias introduced in the 

surface pressure measurements, compared to the originally retrieved quantities (colour online) 

 

 
 

Fig. 23. Correlative plot of total column water vapor amount utilizing processing with an artificial 0.1% positive bias introduced in the 

surface pressure measurements, compared to the originally retrieved quantities (colour online) 

 

When analyzing the symmetry and linearity of the H2O 

retrieval for a ±50 hPa offset, mean relative differences of 

+2.059% (for a -50 hPa offset) and -1.927% (for a +50 hPa 

offset), respectively. 

By utilizing eq. (6), two scaling factors, one for each 

case, are obtained: 

 

𝑆𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒−𝑜𝑓𝑓𝑠𝑒𝑡 =
−1.927%

50
≈ −0.039 [

%

ℎ𝑃𝑎
] (25) 

𝑆𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒−𝑜𝑓𝑓𝑠𝑒𝑡 =
2.059%

−50
= −0.041 [

%

ℎ𝑃𝑎
] (26) 

A slight asymmetry between the two scaling factors is 

to be observed, which signifies a slight deviation from the 

linear dependency we observed in the ±1 hPa offset-

processed retrievals. This can be attributed to the higher 

variability of water vapor compared to the other GHGs, or 

particular sensitivities in the spectral ranges used for the 

retrieval of H2O, but requires a more in-depth study to draw 

concrete conclusions. However, a mean scaling factor is 

still offered by eq. (10): 
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𝑆𝑏𝑖𝑔−𝑜𝑓𝑓𝑠𝑒𝑡 =
−0.039 − 0.041

2
= −0.040 [

%

ℎ𝑃𝑎
] (27) 

 

Which is very similar to the one presented in eq. (22), 

indicating that the variations from the linear dependency are 

not very high. 

Additionally, the study of random bias-processed files 

highlights a mean standard deviation of 7.82 ⋅ 1022 

molec/cm2 and a mean value of 6.92 ⋅ 1026 molec/cm2. The 

results of the processing can be seen in Fig. 24.  

 

 

 

 

 

 

 

 
 

Fig. 24. Retrieved relative difference of total water vapor amount utilizing processing with an artificial 0.05% random bias introduced 

in the surface pressure measurements (colour online) 

 

The value of the mean standard deviation can be 

utilized alongside eq. (7) to obtain a value for the relative 

standard deviation: 

 

𝜎𝑅𝐷 =
𝜎𝑋

𝜇𝑋

≈ 1.13 ⋅ 10−2 [%] (28) 

Also included are results for the ±0.1% bias-processed 

files with the solar zenith angle dependency removed, 

present in Figs. 25 and 26. 

 

 

 

 
Fig. 25. Retrieved relative difference of total column water vapor amount utilizing processing with an artificial 0.1% negative bias 

introduced in the surface pressure measurements, and with the SZA-induced bias removed from the final data (colour online) 
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Fig. 26. Retrieved relative difference of total column water vapor amount utilizing processing with an artificial 0.1% positive bias 

introduced in the surface pressure measurements, and with the SZA-induced bias removed from the final data (colour online) 

 

 

These show a good correlation with the results present 

in the unmodified bias-processed files, and have very 

similar fit parameters as those present in eq. (24), 

suggesting the variation induced by the difference in surface 

pressure is significant even without the effect of solar zenith 

angle. 

 
5. Conclusions 
 

For all the studied greenhouse gases, there is a clear 

inverse dependency in the assumed surface pressure values 

and the retrieved quantities.  

Furthermore, for a ±1 hPa variation interval of 

pressure, the dependency also features a linear behaviour 

for all GHGs. This appears to be extendable to a ±50 hPa 

interval for CO, CO2 and CH4 retrievals, as the scaling 

factors determined for each are stable with a higher offset 

in pressure. Water vapor, however, presents a more 

powerful asymmetry between the negative and positive 

offset cases, so more study is required to ensure the linear 

approximation is still valid for this higher interval of 

variation. 

Using the linear dependence of the retrieved quantity 

of GHGs to the surface pressure measurements, and taking 

into account the COCCON recommended necessary 

precision for pressure measurements (±0.2 hPa [15]), an 

assessment of the uncertainties arising from the uncertainty 

in pressure are presented below: 

 

 

 

 

 

 

 

Table 1. Table with results from the sensitivity study on pressure 

 

GHG 𝝈𝟏𝒉𝑷𝒂 

[%] 

𝝈𝟎.𝟐𝒉𝑷𝒂 

[%] 

𝝈𝑺𝒐𝑨 

[%] 

𝝈𝑹𝒆𝒍 

[%] 

CO2 0.018 0.003 0.24 1.25 

CH4 0.014 0.003 0.18 1.67 

CO 0.008 0.002 - - 

H2O 0.040 0.008 - - 

 

where 𝜎1ℎ𝑃𝑎 is the uncertainty when a variation of ±1 hPa 

is considered in the surface pressure measurements, 𝜎0.2ℎ𝑃𝑎 

is the uncertainty for a ±0.2 hPa variations (as per the 

network standards), 𝜎𝑆𝑜𝐴 is the state of the art estimated 

uncertainty for the instrument’s precision and 𝜎𝑅𝑒𝑙  is the 

relative proportion of uncertainty coming from the 

associated surface pressure measurements’ uncertainties. 

This was calculated with the formula: 

 

𝜎𝑅𝑒𝑙 =
𝜎0.2ℎ𝑃𝑎

𝜎𝑆𝑜𝐴

⋅ 100 [%] (29) 

 

Considering, in practice, a surface pressure sensor with 

a worse precision (assumed to be ±1 hPa), an estimation for 

the uncertainty of the instrument then becomes: 

 

𝜎𝐼𝑛𝑠𝑡 = 𝜎𝑆𝑜𝐴 − 𝜎0.2ℎ𝑃𝑎 + 𝜎1ℎ𝑃𝑎  (30) 
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Applying the same reasoning as in eq. (29), we obtain 

new estimates for the relative uncertainty provided by an 

uncertainty in the surface pressure measurements for each 

GHG: 

 

𝜎𝑅𝑒𝑙𝐶𝑂2
=

𝜎1ℎ𝑃𝑎𝐶𝑂2

𝜎𝐼𝑛𝑠𝑡𝐶𝑂2

≈ 9.23 [%] (31) 

𝜎𝑅𝑒𝑙𝐶𝐻4
=

𝜎1ℎ𝑃𝑎𝐶𝐻4

𝜎𝐼𝑛𝑠𝑡𝐶𝐻2

≈ 7.33 [%] (32) 

 

Furthermore, considering the statistical nature of the 

processing chain, for the random-bias processing cases of 

each GHG, the expected relative standard deviation can be 

approximated as: 

 

𝜎𝑅𝐷𝑡ℎ𝑒𝑜𝑟𝑒𝑡𝑖𝑐𝑎𝑙
= |𝑆|√𝑉𝑎𝑟(𝑝) (33) 

 

where |𝑆| is the scaling factor derived from each offset-

processed rerun, and 𝑉𝑎𝑟(𝑝) is the variance of the 

associated pressure variable, derived using the formula for 

the variance of a uniformly distributed variable: 

 

𝑉𝑎𝑟(𝑝) =
(𝐻 − 𝐿)2

12
≈ 0.083 [ℎ𝑃𝑎] (34) 

 

where 𝐻 is the pressure upper bound (+0.5hPa) and 𝐿 is the 

pressure lower bound (-0.5hPa). 

Therefore, for each GHG, we can compute a theoretical 

value of the expected mean relative standard deviation. If 

the theoretical value is similar to the experimentally 

obtained one, we can ensure that the hypothesis of a linear 

dependency is valid. The results are shown below, in Table 

2. 

 
Table 2. Table with results from the statistical analysis of the 

bias-processed cases 

 

GH

G 

𝝈𝑹𝑫𝒆𝒙𝒑𝒆𝒓𝒊𝒎𝒆𝒏𝒕𝒂𝒍
 

[%] 

𝝈𝑹𝑫𝒕𝒉𝒆𝒐𝒓𝒆𝒕𝒊𝒄𝒂𝒍
 

[%] 
|𝝈𝑹𝑫𝒅𝒊𝒇𝒇𝒆𝒓𝒆𝒏𝒄𝒆

| 

[%] 
CO2 4.91 ⋅ 10−3 5.20 ⋅ 10−3 0.29 ⋅ 10−3 

CH4 3.81 ⋅ 10−3 4.04 ⋅ 10−3 0.23 ⋅ 10−3 

CO 2.34 ⋅ 10−3 2.31 ⋅ 10−3 0.03 ⋅ 10−3 

H2O 1.13 ⋅ 10−2 1.15 ⋅ 10−2 0.02 ⋅ 10−2 

 

The absolute differences of the experimental and 

theoretical mean relative standard deviation values are 

small, indicating that the dependency is indeed linear, at 

least for the ±0.5 hPa interval, in which the random-bias 

processed case study was done. Therefore, alongside all of 

the other evidence presented in this paper, a proposal of a 

post-processing surface pressure uncertainty correction 

function is made, for each GHG, expressed in molec/cm2: 

 

𝑋𝐶𝑂2
= (1 + 1.75 ⋅ 10−4 ⋅ Δ𝑝) ⋅ 𝑋0𝐶𝑂2

(35) 

𝑋𝐶𝐻4
= (1 + 1.37 ⋅ 10−4 ⋅ Δ𝑝) ⋅ 𝑋0𝐶𝐻4

(36) 

𝑋𝐶𝑂 = (1 + 7.94 ⋅ 10−5 ⋅ Δ𝑝) ⋅ 𝑋0𝐶𝑂
(37) 

𝑋𝐻2𝑂 = (1 + 3.98 ⋅ 10−4 ⋅ Δ𝑝) ⋅ 𝑋0𝐻2𝑂
(38) 

 

Additionally, new values for the estimated uncertainty 

of the final retrieved quantities are proposed, taking into 

account the associated uncertainty provided by the pressure 

sensor utilized for the gathering of surface pressure data. 

These are computed with the following formula: 

 

𝜎𝑋 = 𝜎𝑆𝑜𝐴 − 𝜎0.2ℎ𝑃𝑎 + 𝜎𝑛 ℎ𝑃𝑎 (39)   
 

where 𝜎𝑛 ℎ𝑃𝑎 is the associated mean standard standard 

deviation coming from an uncertainty of 𝑛 hPa in the 

assumed surface pressure measurements, taken as a uniform 

distribution (equivalent to random noise). These estimates, 

when expressed in percentages, then become: 

 

𝜎𝐶𝑂2
≈ 𝑛2 ⋅ 6.24 ⋅ 10−4 + 0.24 (40) 

𝜎𝐶𝐻4
≈ 𝑛2 ⋅ 4.85 ⋅ 10−4 + 0.18 (41) 

  

Compared to other state of the art results for the total 

uncertainty attributed to the associated pressure uncertainty 

in the CO2 retrieval, the results found in this paper are in 

line with estimates found in [24]. This takes into account 

the additional errors found in XCO2 (mixing ratio) 

retrievals, compared to CO2 (total column) retrievals, as 

implied by eq. (2). However, [11] finds a different result, 

with a stated 0.19% bias for ±3mbar, equating to 

approximately 
0.063%

ℎ𝑃𝑎
 difference for total column 

measurements. This difference could be attributed to 

differences in software version or statistical analysis 

methods utilized, but requires further study for a proper 

conclusion to be drawn. Moreover, other factors that have 

not been accounted in this study contribute to additional 

uncertainties in the final results. These factors include the 

seasonal component present in GHG column amounts 

which cannot be statistically be removed due to lack of 

multiple years of data (only a time-span of 1 year, 

consisting of 107 days of measurements, was studied) and 

the presumption of how failure modes/characteristics of 

pressure sensors affect the retrieved surface pressure values, 

which may be different than real-life behavior of such poor-

performing equipment.  
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