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Abstract 16 

The Measurements of Pollution in the Troposphere (MOPITT) retrievals over urban 17 

regions have not been validated systematically, even though MOPITT observations are widely 18 

used to study CO over urban regions. Here we compare MOPITT products over urban and non-19 

urban regions with aircraft measurements from DISCOVER-AQ (2011-2014), SEAC4RS (2013), 20 

ARIAs (2016), A-FORCE (2009; 2013), and KORUS-AQ (2016) campaigns. In general, MOPITT 21 

agrees reasonably well with the in-situ profiles, over both urban and non-urban regions.  Version 22 

8 multispectral product (V8J) biases vary from -0.7% to 0.0% and version 8 thermal-infrared 23 

product (TIR) biases vary from 2.0% to 3.5%. The evaluation statistics of MOPITT V8J and V8T 24 

over non-urban regions are better than that over urban regions with smaller biases and higher 25 

correlation coefficients. We find that the agreement of MOPITT V8J and V8T with aircraft 26 

measurements at high CO concentrations is not as good as that at low CO concentrations, although 27 

CO variability may tend to exaggerate retrieval biases in heavily-polluted scenes. We test the 28 
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sensitivities of the agreements between MOPITT and in-situ profiles to assumptions and data 29 

filters applied during the comparisons of MOPITT retrievals and in-situ profiles. The results at the 30 

surface layer are insensitive to the model-based profile extension (required due to aircraft altitude 31 

limitations) whereas the results at levels with limited aircraft observations (e.g., the 600-hPa layer) 32 

are more sensitive to the model-based profile extension. The results are insensitive to the maximum 33 

allowed time difference criterion for co-location (12 hours, 6 hours, 3 hours, and 1 hour), and are 34 

generally insensitive to the radius for co-location, except for the case where the radius is small (25 35 

km) and hence few MOPITT retrievals are included in the comparison. Daytime MOPITT products 36 

have smaller overall biases than nighttime MOPITT products when comparing both MOPITT 37 

daytime and nighttime retrievals to the daytime aircraft observations. However, it would be 38 

premature to draw conclusions on the performance of MOPITT nighttime retrievals without 39 

nighttime aircraft observations. Applying signal-to-noise ratio (SNR) filters does not necessarily 40 

improve the overall agreement between MOPITT retrievals and in-situ profiles, likely due to the 41 

reduced number of MOPITT retrievals for comparison. Comparisons of MOPITT retrievals and 42 

in-situ profiles over complex urban or polluted regimes are inherently challenging due to spatial 43 

and temporal variabilities of CO within MOPITT retrieval pixels (i.e., footprints). We demonstrate 44 

that some of the errors are due to CO representativeness with these sensitivity tests, but further 45 

quantification of representativeness errors due to CO variability within the MOPITT footprint will 46 

require future work.  47 

 48 

1. Introduction  49 

Observations from the Measurements of Pollution in the Troposphere (MOPITT) 50 

instrument onboard the NASA Terra satellite have been used for retrieving total column amounts 51 

and volume mixing ratio (VMR) profiles of carbon monoxide (CO) using both thermal-infrared 52 

(TIR) and near-infrared (NIR) measurements since March 2000. Besides the TIR-only and NIR-53 

only products, the MOPITT multispectral TIR-NIR product is also provided, which has enhanced 54 

the sensitivity to near-surface CO (Deeter et al., 2011, 2013; Worden et al., 2010). Since the start 55 

of the mission, the MOPITT CO retrieval algorithm has been improved and enhanced continuously 56 

(Worden et al., 2014). For example, the Version 6 product improvements included the reduction 57 

of both a geolocation bias and a significant latitude-dependent retrieval bias in the upper 58 
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troposphere (Deeter et al., 2014). In the Version 7 products, a new strategy for radiance-bias 59 

correction and an improved method for calibrating MOPITT’s NIR radiances were included 60 

(Deeter et al., 2017). For the most recently released MOPITT Version 8 products, enhancements 61 

include a new radiance bias correction method (Deeter et al., 2019). Meanwhile, the MOPITT 62 

products have been extensively evaluated and validated with in-situ measurements, though this 63 

has been done primarily over non-urban areas (Deeter et al., 2010, 2012, 2013, 2014, 2016, 2017, 64 

2019; Emmons et al., 2004, 2007, 2009). In addition, MOPITT products have also been compared 65 

with ground-based spectrometric column retrievals (e.g., Buchholz et al., 2017; Hedelius et al., 66 

2019). For the past two decades, MOPITT CO products have been widely used for various 67 

applications, including understanding atmospheric composition, evaluating atmospheric chemistry 68 

models, and constraining inverse analyses of CO emissions (e.g., Arellano et al., 2004, 2006, 2007; 69 

Chen et al., 2009; Edwards et al., 2006; Emmons et al., 2010; Fortems-Cheiney et al., 2011; 70 

Gaubert et al., 2016; Heald et al., 2004; Jiang et al., 2018; Kopacz et al., 2009, 2010; Kumar et al., 71 

2012; Lamarque et al., 2012; Tang et al., 2018; Yurganov et al., 2005). 72 

MOPITT products are particularly useful for monitoring and analyzing air pollution over 73 

urban regions because of the enhanced retrieval sensitivity to near-surface CO and the long-term 74 

record (e.g., Clerbaux et al., 2008; Girach and Nair, 2014; Jiang et al., 2015, 2018; Kar et al., 2010; 75 

Tang et al., 2019; Worden et al., 2010; Li and Liu, 2011; He et al., 2013; Aliyu and Botai, 2018; 76 

Kanakidou et al., 2011). However, the performance of MOPITT retrievals over urban regions has 77 

not yet been validated systematically. Furthermore, in-situ observations of CO profiles over urban 78 

areas are limited, especially in Asia. Indeed, along with the non-urban validation exercises 79 

mentioned above, development and validation of the MOPITT retrieval algorithm relies heavily 80 

on in-situ measurements over remote regions, such as measurements from the HIAPER Pole-to-81 

Pole Observations (HIPPO) and the Atmospheric Tomography Mission (ATom) campaigns (e.g., 82 

Deeter et al., 2013, 2014, 2017, 2019). Comparisons of MOPITT products to measurements with 83 

aircraft profiles during the Korea United States Air Quality (KORUS-AQ) campaign over South 84 

Korea have only recently been made in Deeter et al. (2019), but without explicitly analyzing 85 

MOPITT performance over urban regions. 86 

In this study, we compare MOPITT Version 8 and 7 products with aircraft profiles made 87 

over urban regions (as well as non-urban regions) from campaigns including: Deriving Information 88 
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on Surface conditions from Column and Vertically Resolved Observations Relevant to Air Quality 89 

(DISCOVER-AQ); the Studies of Emissions and Atmospheric Composition, Clouds, and Climate 90 

Coupling by Regional Surveys (SEAC4RS); the Air Chemistry Research In Asia (ARIAs); the 91 

Aerosol Radiative Forcing in East Asia (A-FORCE); and KORUS-AQ. These campaigns are 92 

described in Section 2, along with a brief description of the MOPITT products and the 93 

methodology used. We present the comparisons of MOPITT products to aircraft profiles, and 94 

discuss the impacts of key factors in the retrieval process on the retrieval results in Section 3. In 95 

Section 4, we discuss the sensitivities of results to the assumptions and data filters made for 96 

aircraft-satellite comparisons not only in this study, but also in previous evaluation studies of 97 

MOPITT and other satellite products. Section 5 gives the conclusions of the study. 98 

 99 

2. Data and methods 100 

2.1 MOPITT retrievals and products 101 

MOPITT is a nadir sounding satellite instrument flying on the NASA Terra satellite. It uses 102 

a gas filter correlation radiometer and measures radiance at both the TIR band near 4.7 µm and the 103 

NIR band near 2.3 µm. These observations have a spatial resolution of about 22 km ´ 22 km with 104 

satellite overpass time at approximately 10:30 and 22:30 (local time). To determine a unique CO 105 

concentration profile from the MOPITT measured radiances, an optimal estimation-based retrieval 106 

algorithm, and a fast radiative transfer model are used (Deeter et al., 2003; Edwards et al., 1999). 107 

The retrieved state vector (𝑥"#$) for optimal estimation-based retrievals can be expressed as 108 

𝑥"#$ = 𝑥& + 𝑨 𝑥#")* − 𝑥& + 𝜖    (1) 109 

𝑥& and 𝑥#")* are the a priori state vector and the true state vector, respectively. A (which has a size 110 

of 10´10) is the retrieval averaging kernel matrix (AK) that represents the sensitivity of retrieved 111 

profiles to actual profiles and 𝜖 is the random error vector. Note that CO quantities in the state 112 

vector are retrieved as log10(VMR). 113 

We focus on validating the recently released Version 8 of the MOPITT TIR, NIR, and 114 

multispectral TIR-NIR products. We also include comparisons with the MOPITT Version 7 TIR, 115 

NIR, and multispectral TIR-NIR products in the Section 3.1 for reference. These two versions of 116 

MOPITT products were introduced in detail in Deeter et al. (2017) and Deeter et al. (2019). 117 
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2.2 Aircraft measurements used for comparisons 118 

Aircraft-sampled profiles of CO concentrations during the DISCOVER-AQ, SEAC4RS, 119 

ARIAs, A-FORCE, and KORUS-AQ campaigns are used for comparisons with MOPITT-120 

retrieved profiles. DISCOVER-AQ, and SEAC4RS were conducted over the US, while ARIAs, A-121 

FORCE, and KORUS-AQ were conducted over East Asia. Locations of the aircraft profiles from 122 

these campaigns are compared with the MODIS (Moderate Resolution Imaging Spectroradiometer) 123 

Terra+Aqua Land Cover Type Climate Modeling Grid Yearly Level 3 Version 6 0.05°´0.05° 124 

Global product (MCD12C1 v006) (Friedl and Sulla-Menashe, 2015) to determine if a profile was 125 

sampled over an urban or non-urban region. Specifically, for each aircraft profile, a 0.5°´0.5° box 126 

centered over the location of the aircraft profile (determined by averaged latitude and longitude of 127 

aircraft observations in the profile) is selected. If the urban and built-up fraction in the box is larger 128 

than 10%, the profile is considered to be an urban profile. Overall, for each campaign, the averaged 129 

aircraft profile over urban regions has higher CO concentrations compared to that over non-urban 130 

regions, especially near the surface (see Figure S1). Profiles during ARIAs, which are sampled 131 

over Hebei province in China, are exceptional, as the averaged profile over non-urban regions has 132 

higher CO concentrations especially near the surface, indicating high CO levels in the entire study 133 

region. We note that Hebei is one of the most heavily industrialized and polluted regions, and the 134 

difference in CO profiles is driven less by urban versus rural than by synoptic and mesoscale 135 

meteorology. In addition, Hebei is an arid region and subject to strong nocturnal inversions, so the 136 

surface CO can be very high. For aircraft profiles sampled during KORUS-AQ, the CO profiles 137 

over urban and non-urban regions are similar, even though the averaged profile over urban regions 138 

has slightly higher CO concentration near the surface. This is largely due to the fact that many of 139 

the non-urban aircraft profiles are sampled over the Taehwa forest site, which is impacted by CO 140 

transported from the nearby Seoul urban region. The urban regions often have different surface 141 

parameters (e.g., surface temperature and emissivity), and usually but not always have higher CO 142 

concentrations than non-urban regions. However, the surface parameters are unlikely to impact the 143 

ultimate quality of MOPITT retrieval products (Pan et al., 1998; Ho et al., 2005). The goal of this 144 

study is to understand if MOPITT retrievals are able to represent conditions over urban regions 145 

given sampling, and cloud cover. In addition, the relatively large spatial and temporal variability 146 

of CO concentrations over urban regions makes the validation even more complex. Because of the 147 

complexity of urban regions and their connection with non-urban regions nearby, we also provide 148 
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analysis at high CO concentrations regardless of landcover type. As the reviewer pointed out, the 149 

comparisons are done for the 600-hPa layer (usually in the free troposphere). It is possible that CO 150 

concentrations at this layer are transported from other regions that are not representative of urban 151 

regions. Even so, MOPITT retrievals at the 600-hPa layer are still impacted by the CO 152 

concentrations at other layers including the surface layer (equation 1). Therefore, the comparisons 153 

at 600 hPa is necessary. 154 

The campaigns and profiles are summarized in the Table 1 and Figure 1. During 155 

DISCOVER-AQ, SEAC4RS, and KORUS-AQ, CO concentrations were measured by the NASA 156 

Differential Absorption Carbon monOxide Measurement (DACOM), whereas during ARIAs and 157 

A-FORCE, CO concentrations were measured by Picarro G2401-m and Aero-Laser GmbH 158 

AL5002, respectively. Note that the primary goal of DISCOVER-AQ was to provide aircraft 159 

observation methodologies for satellite validation (e.g., Lamsal et al. (2014)). There are 121 160 

profiles over four urban regions from DISCOVER-AQ, making it particularly useful for the goal 161 

of this study. Because of this, our results are heavily driven by aircraft profiles from DISCOVER-162 

AQ. Even though there are only two profiles sampled over urban regions, the A-FORCE campaign 163 

obtained 45 profiles in total sampled over East Asia during Spring 2009, Winter 2013, and Summer 164 

2013. The seasonal and spatial coverage of the dataset makes it representative of the region. The 165 

ARIAs campaign provides 19 profiles and three of these were sampled over Chinese urban regions. 166 

Few previous studies have validated MOPITT products over China (e.g., Hedelius et al., 2019), so 167 

aircraft profiles from ARIAs have also been included in this study. 168 

2.3 Method for comparing MOPITT profiles to aircraft measurements 169 

 We generally follow the method that has been used in previous MOPITT evaluation and 170 

validation studies (Deeter et al., 2010, 2012, 2013, 2014, 2016, 2017, 2019; Emmons et al., 2004, 171 

2007, 2009). There are four main steps in aircraft versus MOPITT comparisons. 172 

(1) Because of aircraft altitude limitations, in-situ data from field campaigns do not typically reach 173 

the highest altitudes at which MOPITT radiances are sensitive.  Therefore, to obtain a complete 174 

vertical profile as required for comparison with MOPITT retrievals, each in-situ profile is extended 175 

vertically using the following steps: (i) the aircraft measurements are interpolated to the 35-level 176 

vertical grid used in MOPITT forward model calculations (0.2–1060 hPa); (ii) the levels from the 177 

surface to the lowest-altitude aircraft measurement are filled with the value of the in-situ 178 
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measurement at the lowest-altitude aircraft measurement; (iii) for levels above a certain pressure 179 

level Pinterp (higher altitude), model or reanalysis data are used directly; (iv) for levels between the 180 

highest-altitude aircraft measurement and the altitude of Pinterp, values are linearly interpolated. 181 

Unlike the previous MOPITT evaluation studies that used monthly model results from MOZART 182 

(Model for OZone And Related chemical Tracers) (Emmons et al., 2010) or CAM-chem 183 

(Community Atmosphere Model with chemistry) (Lamarque et al., 2012), here we use 3-hourly 184 

Copernicus Atmosphere Monitoring Service (CAMS) reanalysis of CO produced by the European 185 

Centre for Medium-Range Weather Forecasts (ECMWF). CAMS CO reanalysis has a horizontal 186 

resolution of 80 km ´ 80 km, and 60 vertical grids (from surface to 0.1 hPa). Satellite retrievals of 187 

atmospheric composition including MOPITT TIR Version 6 total column CO retrievals are 188 

assimilated in the CAMS reanalysis (Inness et al., 2019; 189 

https://confluence.ecmwf.int/pages/viewpage.action?pageId=83396018). We note that as we do 190 

not compare with these higher levels later, the use of CAMS reanalysis is expected to have a 191 

minimal impact on the lower levels we use in the comparison (e.g., the surface layer, the 800-hPa 192 

layer, and the 600-hPa layer). The final CO profile at the 35-level vertical grid is then regridded 193 

onto a coarser 10-level grid (for consistency with the actual MOPITT retrieval grid) by unweighted 194 

averaging the fine-grid VMR values in the layers immediately above the corresponding levels in 195 

the retrieval grid. We investigate the sensitivity of the results to Pinterp in Section 4.1.   196 

 (2) For a given in-situ profile, MOPITT profiles are considered co-located with the aircraft profile 197 

and are selected for comparison only if their center points are within the radius of 100 km and 198 

within 12 hours of the acquisition of the aircraft profile. Sensitivities of the results to the radius 199 

and time criteria for co-location selection are further investigated in Section 4.2. 200 

(3) For each pair of co-located MOPITT retrieved and in-situ profiles, we apply the MOPITT a 201 

priori profile and averaging kernel to the in-situ profile as in Eq. (1).  Thus, after converting from 202 

profiles of the in-situ and a priori CO concentrations to log10(VMR) profiles (𝑥-./0-#) and 𝑥&), we 203 

calculate  204 

𝑥#"&.012"3*4 = 𝑥& + 𝐴 𝑥-./0-#) − 𝑥&            (2) 205 

so that the log10(VMR)-based transformed in-situ profile (𝑥#"&.012"3*4) has the same degree of 206 

smoothing and a priori dependence as the MOPITT retrieved log10(VMR) profile (𝑥"#$). 207 
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(4) For each in-situ profile, there are likely to be multiple MOPITT retrievals that meet the above 208 

co-location criteria. If fewer than five MOPITT retrievals are co-located with an in-situ profile, 209 

the in-situ profile is not used in the following study and analysis. If an in-situ profile is co-located 210 

with five or more MOPITT retrievals (assume the number to be Nretrieval), then the following steps 211 

are used in the comparison with MOPITT: (a) the averaging kernel and a prior of each co-located 212 

MOPITT retrieval are applied to the in-situ profile (through equation 2) to obtain Nretrieval of 213 

x789:;<=8>?@. Note that applying these Nretrieval sets of MOPITT a priori profiles and averaging 214 

kernels to the same in-situ profile results in differently transformed in-situ profiles; (b) the Nretrieval 215 

of x789:;<=8>?@ are averaged in log10(VMR) space; and (c) the Nretrieval of MOPITT retrievals x87A 216 

are also averaged. 217 

 Figure 2 shows an example of profile comparisons (the original aircraft profile, aircraft 218 

profile extended with CAMS reanalysis data and regridded to 35-level grid, 𝑥-./0-#) , 𝑥& , 219 

𝑥#"&.012"3*4 , and 𝑥"#$ ) in VMR for an aircraft profile sampled on July 22, 2011 during 220 

DISCOVER-AQ in Maryland (MD). Figure 2 also demonstrates what to expect within a MOPITT 221 

retrieval pixel and vertical level. The MOPITT retrievals have a spatial resolution of about 22 km 222 

´ 22 km, and each MOPITT retrieval level corresponds to a layer immediately above that level. 223 

The standard deviation of the original aircraft CO observations in each MOPITT layer are also 224 

shown, which is due to horizontal and vertical variability in CO. Taking the 800-hPa layer as an 225 

example, the standard deviation of the original aircraft CO observations in the level is 21.4 ppb, 226 

which is larger than the difference between 𝑥#"&.012"3*4 and 𝑥"#$ at that level (12.4 ppb). We also 227 

show the relative scale of the aircraft profile (3 km ´ 5 km) and a MOPITT pixel (22 km ´ 22 km) 228 

in Figure 2. We expect the variability of CO within a MOPITT pixel to be even larger than the CO 229 

variability within the scale of 3 km ´ 5 km. The variability within a satellite pixel and the 230 

representativeness error in the satellite retrieval and aircraft profile comparisons make it 231 

challenging to compare satellite retrievals to aircraft observations. This is one of the major reasons 232 

that MOPITT has yet to be compared with aircraft observations over urban regions with in-situ 233 

observations. The representativeness error has been discussed in previous studies (Fishman et al., 234 

2011; Follette-Cook et al., 2015; Judd et al., 2019). Follette-Cook et al. (2015) quantified spatial 235 

and temporal variability of column integrated air pollutants, including CO, during DISCOVER-236 

AQ MD from modeling perspective (using the Weather Research and Forecasting model coupled 237 
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with Chemistry – WRF-Chem). They found that during the July 2011 DISCOVER-AQ campaign, 238 

the mean CO difference at the distance of 20-24 km is ~30 ppb (derived from the aircraft 239 

observations) and ~40 ppb (derived from co-located WRF-Chem output), based on structure 240 

function analyses. In this study, we demonstrate this challenge with an example in Figure 2. We 241 

also show a sensitivity analysis in Section 4 to provide perspectives on how the spatial and 242 

temporal representativeness may change the results. Further quantification of the variability within 243 

MOPITT pixels would be very challenging (partially due to limited coverage of the observational 244 

data), and we will elaborate more on this issue in Section 5. 245 

 246 

3. MOPITT comparisons with aircraft profiles over urban and non-urban regions 247 

In this section, the results for MOPITT comparisons with aircraft profiles are provided for 248 

only daytime retrievals (i.e., solar zenith angle < 80° in the retrieval), because (1) MOPITT 249 

retrievals generally contain more CO profile information in daytime, which is reflected in AKs 250 

and Degrees of Freedom for Signal (DFS) in Figure 3, and (2) most aircraft profiles are sampled 251 

during daytime. In Section 4.3, we discuss the sensitivity to the inclusion of MOPITT nighttime 252 

retrievals in MOPITT comparisons with aircraft profiles. In addition, many aircraft profiles, 253 

especially those from DISCOVER-AQ, lack observations above 600 hPa. Even though we 254 

extended the aircraft profiles vertically with reanalysis data (as discussed in Section 2.3), this still 255 

prevents the use of these profiles for validating MOPITT retrievals at upper levels against in-situ 256 

observations. In this paper, we only focus on comparing MOPITT retrievals below the altitude of 257 

600 hPa to aircraft profiles. Nevertheless, since the CO retrievals below 600 hPa are still weakly 258 

impacted by CO fields in the upper levels (as shown by the AKs in Figure 3), in Section 4.1 we 259 

perform sensitivity tests on how augmenting the aircraft profiles with reanalysis fields affects the 260 

comparison results. 261 

3.1 Overall statistics 262 

The overall comparison results are presented in Table 2. Following Deeter et al. (2017), 263 

retrieval biases and standard deviation (SD) are calculated based on mean 𝑥"#$ and 𝑥#"&.012"3*4 264 

for each in-situ profile, and converted from log10(VMR) to percent. The correlation coefficient (r) 265 

is quantified based on 𝑥"#$ − 𝑥&  and the corresponding 𝑥#"&.012"3*4 − 𝑥&  to avoid 266 
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correlations which mainly result from the variability of the a priori. 𝑥"#$, 𝑥#"&.012"3*4, and 𝑥& are 267 

in log10(VMR) space in order to apply the AKs, which are computed for 𝑥"#$ in log10(VMR). These 268 

comparisons for MOPITT Version 8 TIR-only (V8T) and Version 8 TIR-NIR (V8J) are shown in 269 

Figures 4 (for all profiles) and 5 (for urban profiles). Overall biases for V8J products (averaged 270 

over all campaigns in Table 1) vary from -0.7% to 0.0%, which are lower than biases for V8T 271 

(from 2.0% to 3.5%). Overall biases for V8J products are also smaller than biases for V7J (from -272 

0.5% to -5.4%). For V8J and V7J, biases over urban regions vary from -0.8% to -2% and from -273 

1.4% to -8.9%, respectively, which are generally larger than biases over non-urban regions (-274 

0.3%~1.1% and -3.3%~0.1%). Correlation coefficients over non-urban regions are higher than 275 

those over urban regions for all six products (V7T, V8T, V7N, V8N, V7J, V8J) at all three levels 276 

in Table 2 (the surface layer, the 800-hPa layer, and the 600-hPa layer). We also notice that for 277 

TIR-NIR and TIR-only products, V8 have higher correlation coefficients with in-situ 278 

measurements than V7 over non-urban regions, whereas over urban regions, V8 products have 279 

lower correlation coefficients than V7 (except for the 600-hPa layer). Overall, MOPITT products 280 

(especially V8J) perform reasonably well over both urban and non-urban regions. Performance 281 

over non-urban regions is better than that over urban regions in terms of higher correlation 282 

coefficients and smaller biases for V8J and V7J. 283 

3.2 Discussions on individual campaigns  284 

We also evaluate MOPITT V8J retrievals during individual field campaigns with results in 285 

Figure 6. The corresponding results for MOPITT V8T are summarized in Figure S2. The patterns 286 

of biases are very similar for MOPITT V8J and V8T. Thus, in this sub-section, we focus on V8J 287 

unless stated otherwise. Overall, except comparisons with A-FORCE and ARIAs, biases over 288 

urban regions and non-urban regions do not have a significant difference. Neither do biases 289 

determined for campaigns over the US and East Asia differ significantly, either.  290 

When compared to DISCOVER-AQ CA, MOPITT CO values are generally higher than 291 

in-situ profiles at the 600-hPa layer (i.e., the 100 hPa uniform layer immediately above 600 hPa) 292 

but not at the surface layer (i.e., the uniform layer immediately above the surface). This is likely 293 

related to the fact that the DISCOVER-AQ CA aircraft profiles are mostly below 600 hPa, and 294 

hence CO values of these in-situ profiles at 600 hPa and above are filled with CAMS reanalysis 295 

data. In addition, DISCOVER-AQ CA was conducted in the winter when boundary layer height is 296 
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at lower altitudes, which could also explain the difference, in particular since most of the other 297 

campaigns are during times with greater vertical mixing. The lack of aircraft observations at 600 298 

hPa and above also has a smaller impact on the biases at the 800-hPa layer through applying AK 299 

(see Figure 3).  300 

During the A-FORCE campaign, only 2 in-situ profiles out of 45 were sampled over urban 301 

regions. The locations of the two profiles are close to each other and they are both sampled on/near 302 

the coast of South Korea (Figure 1). MOPITT has large negative biases (-30%~-40%) when 303 

compared to these two profiles. The averaged 𝑥-./0-#),	𝑥&,	𝑥#"&.012"3*4, and 𝑥"#$ over non-urban 304 

regions during A-FORCE and the 𝑥-./0-#) ,	𝑥& ,	𝑥#"&.012"3*4 , and 𝑥"#$  of the two profiles over 305 

urban regions are shown in Figure S3. Compared to the averaged 𝑥-./0-#) over non-urban regions, 306 

the 𝑥-./0-#) for the two profiles over the urban regions have large enhancements near the surface 307 

and between 600~800 hPa. Even though the 𝑥&  and 𝑥"#$  for the two profiles have higher CO 308 

concentrations (~400 ppb at the surface layer) than the averaged 𝑥&  and 𝑥"#$  (~200 ppb at the 309 

surface layer), they are still lower than the 𝑥#"&.012"3*4.  310 

As for KORUS-AQ, MOPITT also has a negative bias (though smaller) when compared to 311 

the profiles over urban regions. Most of these KORUS-AQ profiles were located near the two 312 

profiles from A-FORCE but farther from the coast. The negative bias is not seen over non-urban 313 

regions during KORUS-AQ at the surface layer.  314 

When compared to the in-situ profiles from ARIAs, MOPITT has a large positive bias, 315 

especially over urban regions (20%~30%). During ARIAs, in-situ profiles over urban regions have 316 

lower CO values (~200 ppb at the surface layer) than those in-situ profiles over non-urban regions 317 

(~ 400 ppb at the surface layer; Figure S4). We note there are only a small number of in-situ 318 

profiles over urban regions in East Asia used in this study, compared to what is provided by 319 

DISCOVER-AQ in the US. The large negative biases against A-FORCE and large positive biases 320 

against ARIAs point to the need for more in-situ observations over East Asia. 321 

3.3 MOPITT comparisons with aircraft profiles at high CO concentrations 322 

Urban regions are often associated with high CO concentrations. But this is not always the 323 

case (e.g., Figure S4). Here we separate the in-situ profiles at the surface layer, the 800-hPa layer, 324 

and the 600-hPa layer into lower 50% CO values and higher 50% CO values based on CO values 325 
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at each level to demonstrate the impact of CO concentrations on the MOPITT product validation 326 

(Figure 7). For V8J, MOPITT has smaller biases at higher 50% CO concentrations for all three 327 

levels, whereas for V8T, MOPITT has larger biases at the surface layer and the 600-hPa layer at 328 

higher 50% CO concentrations. For the higher 50% of measured mixing ratios both V8J and V8T 329 

have larger SDs and lower correlation coefficients at the surface layer, the 800-hPa layer, and the 330 

600-hPa layer, suggesting that the agreement between MOPITT and the in-situ profiles at higher 331 

CO concentrations is not as good as that at lower CO concentrations. In contrast, Deeter et al. 332 

(2016) found that the retrieval biases do not visibly increase at the upper range of CO 333 

concentrations when compared to aircraft measurements over the Amazon basin. The vertical error 334 

bars in Figure 7 (caused by the multiple co-located MOPITT profiles with one in-situ profile) 335 

represent the variability (standard deviation) of the MOPITT data used to calculate each of the 336 

plotted mean values. For an in-situ profile, the variability of the MOPITT data located within its 337 

radius of 100 km and within 12 hours is larger when the in-situ profile has higher CO values, 338 

indicated by larger error bars at higher 50% CO concentrations. At higher 50% CO concentrations, 339 

the averaged retrieval uncertainties for the 600-hPa, 800-hPa, and surface layers, are 28%, 28%, 340 

and 29%, respectively. This is smaller than the averaged retrieval uncertainties at lower 50% CO 341 

concentrations (28%, 29%, and 30% for the 600-hPa, 800-hPa, and surface layers, respectively). 342 

We therefore conclude that the larger apparent biases at high CO concentrations are related to 343 

greater CO variability and representativeness error of the in-situ profile within the co-location 344 

radius used for analyzing the MOPITT data, rather than indicating larger retrieval uncertainties. 345 

Theoretically, MOPITT retrievals perform better with higher CO concentrations. The larger biases 346 

at high CO concentrations in Figure 7 implies that the relatively greater CO variability may 347 

overcome the impact of high CO concentrations. Addressing representativeness error and spatial 348 

variability in the comparisons between satellite and in-situ profiles is challenging, and will be 349 

discussed further in Section 5. 350 

We will discuss the sensitivity of radius and time difference for the selection of co-located 351 

data in Section 4. The difference in the variability at different CO concentrations was not found in 352 

Deeter et al. (2016). It could be partially due to the fact that the aircraft profiles over the Amazon 353 

basin used in Deeter et al. (2016) were sampled under more geographically homogeneous 354 

conditions, whereas the profiles used in this study are from different campaigns, and high CO 355 
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concentrations over and near urban regions might be associated with more complex and 356 

inhomogeneous conditions. 357 

 358 

4. Sensitivities to assumptions made for aircraft-satellite comparisons 359 

 In Section 3, we compared profiles over urban and non-urban regions separately to 360 

MOPITT V8T, V8N, V8J, V7T, V7N, and V7J. In this section, we compare only the MOPITT 361 

V8J product to all the in-situ profiles (both over urban and non-urban regions) described in Table 362 

1 to test the sensitivity of results to the assumptions made during the comparisons. 363 

4.1 Sensitivity to the in-situ profile extension 364 

As discussed in Section 2.3, the in-situ profiles must be vertically extrapolated or extended 365 

to compare with MOPITT products due to aircraft altitude limits.  Thus, model or reanalysis data 366 

must be merged with the in-situ data to generate a complete CO profile for comparisons with 367 

MOPITT satellite retrievals. The use of model or reanalysis data may introduce uncertainties in 368 

the comparison results as they are not measured directly. The parameter Pinterp controls the impact 369 

of the model-based profile extension on the shape and value of in-situ profiles (see Figure S5). 370 

Here we test the sensitivity of validation results to various Pinterp values (100 hPa, 200 hPa, 300 371 

hPa, 400 hPa, 500 hPa) to demonstrate the potential impact of the profile extension. Note that the 372 

model-based profile extension and the value of Pinterp impacts the validation results through 373 

changing the augmented observational profile, which is different from the other sensitivity tests in 374 

this study that change the selection of MOPITT data. The agreements between the values of 375 

MOPITT and in-situ profiles at the surface layer are insensitive to the selection of Pinterp (Figure 376 

8). The overall agreements between the values of MOPITT and in-situ profiles at the 800-hPa layer 377 

are also not sensitive to Pinterp, except for the results against DISCOVER-AQ CA which have 378 

slightly larger biases when Pinterp is 200 hPa or 100 hPa since the DISCOVER-AQ CA aircraft 379 

profiles at 600 hPa and above are mostly extended using reanalysis data. Therefore, the 380 

comparisons with DISCOVER-AQ CA are more likely to be affected by Pinterp compared to other 381 

campaigns which typically obtained higher maximum aircraft altitudes. At the 600-hPa layer, the 382 

agreements between the values of MOPITT and in-situ profiles are affected more by Pinterp 383 

compared to the those at the surface layer and the 800-hPa layer for comparisons with all the 384 

campaigns. The overall validation results using 100 hPa as Pinterp have larger biases than using 385 
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other values of Pinterp. At 400-hPa layer and 200-hPa layer, the comparisons are even more sensitive 386 

to Pinterp for all the campaigns (Figure S6). The CAMS 3-hourly reanalysis data are constrained by 387 

observations, but its usage may still introduce the uncertainties in the validation results especially 388 

at upper pressure levels (e.g., 200 hPa and 400 hPa). Previous MOPITT evaluation results may be 389 

subject to larger uncertainties by using CAM-chem monthly CO fields that are not constrained by 390 

observations (e.g., Deeter et al., 2012, 2016). 391 

4.2 Sensitivity to the radius and allowed maximum time difference as criteria for co-location  392 

The criteria for co-location in this study (within a radius of 100 km and within 12 hours of 393 

the acquisition of the aircraft profile) generally follow previous MOPITT validation studies (e.g., 394 

Deeter et al., 2016, 2019) and are chosen empirically. They are selected based on a trade-off 395 

between uncertainties generated from CO spatial and/or temporal variability, and the number of 396 

included MOPITT retrievals that impacts the statistical robustness. Here we test the sensitivity of 397 

the results to the two criteria for co-location. The boxplot of biases calculated with different radii 398 

(200 km, 100 km, 50 km, and 25 km) at the surface layer, the 800-hPa layer, and the 600-hPa layer 399 

are shown in Figure 9. Overall, the biases calculated with radius of 200 km, 100 km and 50 km are 400 

similar, whereas the biases calculated with the radius of 25 km are different from others. The 401 

comparisons of MOPITT to in-situ profiles results using the radius of 25 km generally have larger 402 

biases and SD, due to including fewer MOPITT retrievals. In some cases, there are no matched 403 

MOPITT retrievals within the radius of 25 km of the aircraft profile (e.g., DISCOVER-AQ CA 404 

and ARIAs). In addition, representativeness errors would be expected to go up if there are only a 405 

few retrievals over a more polluted and perhaps heterogeneous area. We note that the usage of the 406 

largest radius (200 km) in this paper does not appear to degrade the overall results, even though 407 

representativeness errors generated from CO spatial and/or temporal variability are expected to 408 

increase. However, the use of the smallest radius (25 km) degrades the overall results by reducing 409 

the number of included MOPITT retrievals. 410 

The boxplot of biases calculated with four sets of allowed maximum time difference (12 411 

hours, 6 hours, 3 hours, and 1 hours) are shown in Figure 10. The overall results are not sensitive 412 

to the selection of allowed maximum time difference. One exception is the comparisons to the 413 

SEAC4RS campaign at the 600-hPa layer, due to a smaller number of MOPITT retrievals in the 414 

shorter time window. We note that when comparing to the ARIAs campaign, using 1h as the 415 
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allowed maximum time difference decreases the biases at the surface layer, the 800-hPa layer, and 416 

the 600-hPa layer, compared to the cases using longer allowed maximum time difference (i.e., 3h, 417 

6h, and 12h). This implies that the temporal variability is relatively large in the region. And the 418 

improvement observed for ARIAs for the shortest time also points to the possibility that short term 419 

emission sources might be responsible for the large biases there. On the other hand, when the 420 

allowed maximum time difference equals 1 hour, there are only 6 aircraft profiles that have 421 

matched MOPITT retrievals.  422 

4.3 Sensitivity to the inclusion of MOPITT nighttime retrievals 423 

 Previous MOPITT validation studies have only included MOPITT daytime observations. 424 

Over land, MOPITT retrievals for daytime and nighttime overpasses are characterized by 425 

significantly different averaging kernels (Figure 3), and may be subject to different types of 426 

retrieval error (Deeter et al., 2007). CO has a long enough lifetime (approximately a month; 427 

Gamnitzer et al., 2006) in the free troposphere that nighttime observations could be potentially 428 

comparable, in general, to the daytime flights for remote sites. However, for urban regions where 429 

the spatiotemporal variability of the emissions and evolution of the planetary boundary layer drives 430 

large changes in the measured CO, comparisons of MOPITT nighttime observations to aircraft 431 

profiles sampled during daytime may introduce representative uncertainties, especially for areas 432 

that are subject to strong nocturnal inversions and the surface CO can be enhanced. It is difficult 433 

to disentangle the effects of the MOPITT daytime/nighttime performance and the uncertainty from 434 

the temporal representativeness, based on the comparison of the MOPITT daytime/nighttime 435 

retrievals with daytime aircraft profiles. Therefore, we only include the results in Figure S7 and 436 

briefly describe the results here without drawing any further conclusions. Overall, MOPITT 437 

nighttime retrievals have larger biases than daytime retrievals, which could be expected since most 438 

of the aircraft profiles are sampled during daytime. Flight campaigns with nighttime observations 439 

are needed to validate MOPITT nighttime retrievals. 440 

4.4 Sensitivity to the signal-to-noise ratio (SNR) filters 441 

 The MOPITT Level 3 data are generated from Level 2 data, and are available as gridded 442 

(1°´1°) daily-mean and monthly-mean files. Pixel filtering and signal-to-noise ratio (SNR) 443 

thresholds for Channel 5 and 6 Average radiances are used when averaging Level 2 data into Level 444 

3 data, and this increases overall mean DFS values (details can be found in the MOPITT Version 445 
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8 Product User's Guide, 2018). Taking MOPITT V8J daytime product as an example, the Level 3 446 

data product excludes all observations from Pixel 3 (one of the four elements of MOPITT's linear 447 

detector array that has highly variable Channel 7 SNR values), or observations where both the 448 

Channel 5 Average radiances SNR < 1000 and the Channel 6 Average radiances SNR < 400. In 449 

Figure 11, we test the impact of applying the aforementioned SNR filters on the agreement between 450 

MOPITT and in-situ profiles. Note that we are not suggesting the comparisons between MOPITT 451 

Level 3 product and aircraft measurements. Because the MOPITT Level 3 product is gridded data 452 

and represent the average value in a 1°´1° grid. Comparing the grid average value to an aircraft 453 

profile within it may be subject to large representativeness errors. Here we only show the 454 

sensitivity of agreement between MOPITT Level 2 data and aircraft profiles to the application 455 

SNR filter. We find that applying the SNR filters does not significantly change the overall 456 

agreement between MOPITT retrievals and the in-situ profiles used in this study. This is mostly 457 

because applying the SNR filters reduces the number of MOPITT retrievals included in the 458 

comparisons. This effect is particularly important if there are not many MOPITT retrievals to begin 459 

with (such as our comparisons with in-situ profiles in this study). Even though applying SNR filter 460 

when generating Level 3 data does not significantly change the agreement with the in-situ profiles 461 

used in this study, by excluding low-SNR observations from the Level 3 cell-averaged values 462 

raises overall mean DFS values (MOPITT Version 8 Product User's Guide, 2018). In addition, the 463 

Level 3 product typically are less affected by random retrieval errors (e.g., due to instrument noise 464 

or geophysical noise).  465 

 466 

5. Discussion and conclusions 467 

MOPITT products are widely used for monitoring and analyzing CO over urban regions. 468 

However, systematic validation against observations over urban regions has been lacking. In this 469 

study, we compared MOPITT products over urban regions to aircraft measurements from 470 

DISCOVER-AQ, SEAC4RS, ARIAs, A-FORCE, and KORUS-AQ campaigns. The DISCOVER-471 

AQ campaign was designed primarily with satellite validation in mind, and the campaign over MD, 472 

CA, TX, and CO together contributes 64.8% (232 out of 358) of the aircraft profiles and 91.0% 473 

(121 out of 133) of the aircraft profiles over the urban regions in this study (Table 1). Therefore, 474 

the DISCOVER-AQ campaign largely contributes to the results and the statistics in this study. We 475 
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found that MOPITT mean biases are well within the 10% required accuracy (Drummond and Mand, 476 

1996) for both urban and non-urban regions (mean biases for V8J and V8T vary from -0.7% to 477 

0.0%, and from 2.0% to 3.5% for different levels). The performance over non-urban regions is 478 

better than that over urban regions in terms of correlation coefficients for the 6 products in Table 479 

2, and biases of V8J and V7J. However, the in-situ profiles over East Asia used in this study are 480 

limited, especially over urban regions (only 11 profiles). The large biases against aircraft profiles 481 

from the A-FORCE and ARIAs campaigns point to the need for more in-situ observations over 482 

East Asia. We also studied the impact of CO concentrations on the agreement between MOPITT 483 

products and in-situ profiles by dividing the aircraft profiles of CO into two groups of high CO 484 

(upper 50%) and low CO (lower 50%). We found that MOPITT retrievals at high CO 485 

concentrations have higher biases and lower correlations compared with low CO concentrations, 486 

although CO variability may tend to exaggerate retrieval biases in heavily-polluted scenes. The 487 

statistics are often very similar between different versions and products over urban and non-urban 488 

regions, and in general, MOPITT agrees reasonably well with the in-situ profiles in both cases. 489 

There is not, therefore, any reason to recommend the continued use of MOPITT versions earlier 490 

than V8 based on urban or non-urban region considerations. In general, MOPITT V8 is 491 

recommended (Deeter et al., 2019) as it uses a new parameterized radiance bias correction method 492 

to minimize retrieval biases, and has updated spectroscopic data for water vapor and nitrogen. 493 

 In addition, the assumptions and data filters made during aircraft-satellite comparisons may 494 

impact the validation results. We tested the sensitivities of the results to assumptions and data 495 

filters, including the model-based extension to the in-situ profile, radius and allowed maximum 496 

time difference as criteria for the selection of co-located data, the inclusion of nighttime MOPITT 497 

data, and the SNR filters. The agreements between the values of MOPITT and in-situ profiles at 498 

the surface layer are insensitive to the model-based profile extension, whereas the results at upper 499 

levels (e.g., 400 hPa and 200 hPa) are more sensitive to the profile extension, as there are very 500 

limited aircraft observations. The results are insensitive to the allowed maximum time difference 501 

as a co-location criteria, and are generally insensitive to the radius for co-location except for the 502 

case with a radius of 25 km, where only a small number of MOPITT retrievals are included in the 503 

comparisons. Overall, daytime MOPITT products overall have smaller biases than nighttime 504 

MOPITT products. However, conclusions regarding the performance of MOPITT daytime and 505 

nighttime retrievals cannot be drawn due to the fact that most of the aircraft profiles are sampled 506 
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during daytime. As we mentioned earlier, MOPITT daytime and nighttime retrievals may be 507 

subject to different retrieval errors. In addition, previous studies suggest pollutants themselves may 508 

have different characteristics during daytime and nighttime (e.g., Yan et al., 2018). Therefore, 509 

validation of MOPITT nighttime retrievals, with a sufficient number of nighttime airborne profiles, 510 

is needed in order to study nighttime CO characteristics and trends. Applying SNR filters does not 511 

necessarily change the overall agreement between MOPITT retrievals and in-situ profiles used in 512 

this study significantly, and this may be partially caused by the smaller number of MOPITT 513 

retrievals in the comparisons after the SNR filters. We note that comparisons to ARIAs are 514 

exceptional in a few sensitivity tests due to rather a limited number of aircraft measurements. 515 

Given the large biases against aircraft profiles from the ARIAs campaign, more in-situ 516 

observations over East Asia especially China are needed in order to validate MOPITT products in 517 

the region. 518 

Validation and evaluation of satellite retrievals with aircraft observations are very 519 

challenging, and assumptions have to be made for the comparisons. As discussed in Section 2, the 520 

CO spatial variability within MOPITT retrieval pixels and the representativeness error of aircraft 521 

profiles when compared to MOPITT retrievals may introduce uncertainties in the validation 522 

results. This issue is difficult to address and quantify due to the limited spatial coverage of dense 523 

aircraft observations. One possible way is to study NO2 data retrieved from the Geostationary 524 

Trace Gas and Aerosol Sensor Optimization (GeoTASO) at very high resolution (250 m ´ 250 m), 525 

to provide an upper estimate on CO variability. Besides, the variability of Tropospheric Monitoring 526 

Instrument (TROPOMI) CO retrievals (resolution: 7 km´7 km; Landgraf et al., 2016) might also 527 

provide information on MOPITT sub-pixel variability. Further research on trace gas spatial 528 

variability within satellite retrieval pixels, and quantification of the representativeness error 529 

incurred by comparing individual aircraft profiles to satellite products is needed, and will be the 530 

subject of a follow-up study. 531 

 532 

Data availability 533 

 MOPITT products are available at https://www2.acom.ucar.edu/mopitt (Last access date: 534 

January 14th, 2020). MOPITT Version 8 Product User's Guide is available online at 535 

https://www2.acom.ucar.edu/sites/default/files/mopitt/v8_users_guide_201812.pdf (Last access 536 
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date: January 15th, 2020). DISCOVER-AQ data can be accessed at https://www-537 

air.larc.nasa.gov/missions/discover-aq/discover-aq.html (Last access date: January 14th, 2020). 538 

SEAC4RS data can be accessed at https://www-air.larc.nasa.gov/missions/seac4rs/ (Last access 539 

date: January 14th, 2020). KORUS-AQ and ARIAs data can be accessed at https://www-540 

air.larc.nasa.gov/missions/korus-aq/index.html (Last access date: January 14th, 2020). A-FORCE 541 

data are available upon request (Yutaka Kondo: kondo.yutaka@nipr.ac.jp). MODIS Land Cover 542 

Type Global product (MCD12C1 v006) is available at https://earthdata.nasa.gov/ (Last access date: 543 

January 14th, 2020).  544 
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Table 1. In-situ datasets of CO used for MOPITT products validation in this study. 840 
 841 
 842 
 843 

The CO scale used for SEAC4RS, and DISCOVER-AQ MD, TX, and CA is WMO-CO-X2004, while the CO scale 844 
used for ARIAs and KORUS-AQ  is WMO-CO-X2014A.  845 

  Period Region 
Number 

of 
profiles 

Number of 
profiles 

over urban 
Technique Uncertainty Reference 

DISCOVER-
AQ MD Jul, 2011 

Baltimore-
Washington, 

D.C., US 
80 36 NASA 

DACOM 

Precision < 1% or 
0.1 ppbv;   

Accuracy 2% 

https://www-
air.larc.nasa.gov/ 

missions/discover-aq/ 

DISCOVER-
AQ CA 

Jan-Feb, 
2013 California, US 35 12 NASA 

DACOM 

DISCOVER-
AQ TX Sep, 2013 Texas, US 61 37 NASA 

DACOM 

DISCOVER-
AQ CO 

Jul-Aug, 
2014 Colorado, US 56 36 NASA 

DACOM 

SEAC4RS Aug-Sep, 
2013 US 15 1 NASA 

DACOM 

Precision < 1% or 
0.1 ppbv;   

Accuracy 2% 
Toon et al. (2016) 

A-FORCE 

Mar-Apr, 
2009; Feb-
Mar, 2013; 

Jun-Jul, 
2013 

Japan, South 
Korea, Pacific 

Ocean 
45 2 

AL5002, 
Aero-Laser 

GmbH 

Precision ~0.5%; 
Accuracy 2% 

Oshima et al. (2012); 
Kondo et al. (2016) 

KORUS-AQ May-Jun, 
2016 South Korea 47 6 NASA 

DACOM 

Precision < 1% or 
0.1 ppbv;   

Accuracy 2% 
Al-Saadi et al. (2015) 

ARIAs May-Jun, 
2016 

Hebei, East 
China 19 3 Picarro 

G2401-m 
Precision of ±4 

ppbv Wang et al. (2018) 
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Table 2. Summarized validation results for V7 and V8 TIR-only (V7T and V8T), NIR-only (V7N 846 
and V8N) and TIR-NIR (V7J and V8J) products based on in-situ profiles from DISCOVER-AQ, 847 
SEAC4RS, A-FORCE, KORUS-AQ, and ARIAs. 848 
 849 
 850 

 851 
  852 

    Surface layer 800-hPa layer 600-hPa layer 
    All Urban Non-urban All Urban Non-urban All Urban Non-urban 

V7T 
Bias (%) 0.1 -1.7 1.1 0.8 -0.6 1.7 4.0 3.9 4.0 
SD (%) 9.5 8.6 9.8 11.0 9.0 11.9 11.4 9.0 12.7 

r 0.71 0.67 0.72 0.66 0.65 0.66 0.63 0.58 0.64 

V8T 
Bias (%) 2.0 0.9 2.7 2.2 1.4 2.7 3.5 3.5 3.5 
SD (%) 9.3 9.6 9.0 10.7 9.7 11.2 11.7 10.0 12.6 

r 0.70 0.58 0.75 0.66 0.58 0.69 0.63 0.54 0.66 

V7N 
Bias (%) -2.0 -2.8 -1.5 -1.6 -2.1 -1.1 -1.6 -1.9 -1.3 
SD (%) 6.7 6.4 6.9 5.7 5.2 6.0 4.3 4.2 4.4 

r 0.62 0.54 0.67 0.56 0.45 0.61 0.61 0.48 0.68 

V8N 
Bias (%) 1.4 0.4 2.2 1.6 0.9 2.1 1.2 0.8 1.5 
SD (%) 6.9 6.7 6.9 6.0 5.8 6.1 4.6 4.7 4.5 

r 0.60 0.52 0.67 0.54 0.40 0.62 0.59 0.42 0.68 

V7J 
Bias (%) -5.4 -8.9 -3.3 -3.9 -6.5 -2.4 -0.5 -1.4 0.1 
SD (%) 13.5 12.1 13.9 14.2 12.4 15.0 13.6 11.0 14.8 

r 0.68 0.63 0.70 0.64 0.58 0.66 0.60 0.52 0.62 

V8J 
Bias (%) 0.0 -2.0 1.1 -0.7 -1.6 -0.1 -0.5 -0.8 -0.3 

SD (%) 12.7 13.7 12.0 12.9 12.5 13.1 12.8 10.9 13.8 

r 0.69 0.53 0.76 0.69 0.57 0.73 0.65 0.53 0.67 
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 853 
  854 

 855 
Figure 1. Spatial distributions of aircraft profiles from the DISCOVER-AQ, SEAC4RS, ARIAs, 856 
A-FORCE, and KORUS-AQ campaigns. Urban and built-up land cover (from MCD12C1 v006) 857 
are shown by gray shade in the boxes. Biases of MOPITT V8J comparing to the aircraft profile at 858 
the surface layer are shown by the color of the profile. 859 
  860 
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 861 
 862 
 863 
Figure 2. Example of profile comparisons for an aircraft profile sampled on July 22, 2011 during 864 
DISCOVER-AQ MD. The black solid line represents the original aircraft profile and the stars 865 
represent the original aircraft observations, the black dotted line is the aircraft profile extended 866 
with CAMS reanalysis data, and regridded to 35-level grid. The in-situ profile regridded at 10-867 
level grid (𝑥-./0-#)), the MOPITT a priori profile (𝑥&), the in-situ profile transformed with the 868 
MOPITT a priori and AK (𝑥#"&.012"3*4), and the MOPITT retrieved profile (𝑥"#$) are shown in 869 
colored lines with dots. The purple bars centered at the 𝑥-./0-#) at each MOPITT retrieval level 870 
show the standard deviations of the original aircraft observations in the MOPITT layer. Note that 871 
each MOPITT retrieval level corresponds to a uniform layer immediately above that level. 872 
Superimposed gray box shows the horizontal scale of the profile (each aircraft observation is 873 
represented by a red dot) and a MOPITT pixel (gray box). 874 
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 875 
 876 
Figure 3. Mean retrieval averaging kernels for the MOPITT V8J, V8T, and V8N for the 877 
corresponding in-situ profiles from the DISCOVER-AQ, SEAC4RS, ARIAs, KORUS-AQ, and A-878 
FORCE at daytime (solid lines) and nighttime (dashed lines). 879 
 880 
  881 
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 882 
 883 
 884 

 885 
Figure 4. MOPITT V8J and V8T validation results over both urban and non-urban regions at 600-886 
hPa layer, 800-hPa layer, and the surface layer in terms of ∆logGH(VMR). ∆logGH(VMR) is defined 887 
as 𝑥"#$ - 𝑥&  for MOPITT profiles and 𝑥#"&.012"3*4 - 𝑥&  for the in-situ profiles. The use of 888 
∆logGH(VMR) allows us to remove the impact of the a priori in the comparisons. The variability 889 
of the MOPITT data used to calculate each of the plotted mean values are represented by the 890 
vertical error bars. The dashed lines are one-to-one ratio lines. 891 
 892 
 893 
 894 
 895 

896 
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 897 
 898 
Figure 5. MOPITT V8J and V8T validation results against aircraft profiles over urban regions at 899 
the 600-hPa layer, the 800-hPa layer, and the surface layer in terms of ∆log	(VMR). The dashed 900 
lines are one-to-one ratio lines. See the caption of Figure 4. 901 
 902 
  903 
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 904 
 905 

 906 
Figure 6. Boxplot (with medians represented by middle bars, interquartile ranges between 25th 907 
and 75th percentiles represented by boxes, and the most extreme data points not considered outliers 908 
represented by whiskers) for biases (%) for the profiles over both urban and non-urban regions 909 
(yellow), profiles over urban regions (green), and profiles over non-urban regions (red) at 600-hPa 910 
layer (panel a), 800-hPa layer (panel b), and the surface layer (panel c). An outlier is a value that 911 
is more than 1.5 times the interquartile range away from the top or bottom of the box. 912 
 913 
 914 
 915 
 916 
 917 
 918 
 919 
 920 
 921 
 922 
 923 
  924 
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 925 
 926 
 927 
Figure 7. MOPITT V8J and V8T validation results at 600-hPa layer, 800-hPa layer, and the 928 
surface layer against the lower 50% in-situ profiles of CO and higher 50% in-situ profiles of CO. 929 
The variability of the MOPITT data used to calculate each of the plotted mean values are 930 
represented by the vertical error bars. Each panel shows the least-squares best-fit lines for the lower 931 
50% CO concentrations (dotted line) and the higher 50% CO concentrations (dashed line). 932 
 933 
 934 
  935 
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 936 
 937 
 938 
Figure 8. Sensitivity to Pinterp. Biases (%) using 100 hPa (blue), 200 hPa (gray), 300 hPa (yellow), 939 
400 hPa (green), and 500 hPa (red) as Pinterp at 600-hPa layer (panel a), 800-hPa layer (panel b), 940 
and the surface layer (panel c) are shown by boxplot (with medians represented by middle bars, 941 
interquartile ranges between 25th and 75th percentiles represented by boxes, and the most extreme 942 
data points not considered outliers represented by whiskers). The biases are calculated against all 943 
(both urban and non-urban) in-situ profiles listed in Table 1. The “200 hPa” values (gray) in are 944 
the same as yellow values (for all data) in Figure 6. See the caption of Figure 6 for the definition 945 
of outliers. 946 
 947 
 948 
 949 
  950 
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 951 
 952 
Figure 9. Sensitivity to the radius as criteria for co-location. Biases (%) using 200 km (blue), 100 953 
km (gray), 50 km (green), and 25 km (pink) as the radius for co-location at 600-hPa layer (panel 954 
a), 800-hPa layer (panel b), and the surface layer (panel c) are shown by boxplot (with medians 955 
represented by middle bars, interquartile ranges between 25th and 75th percentiles represented by 956 
boxes, and the most extreme data points not considered outliers represented by whiskers). The 957 
numbers in panel c correspond to the number of in-situ profiles qualified for validation within the 958 
given radius. The biases are calculated against all (both urban and non-urban) in-situ profiles listed 959 
in Table 1. The “100 km” values (gray) are the same as yellow values (for all data) in Figure 6. 960 
See the caption of Figure 6 for the definition of outliers. 961 
 962 
 963 
 964 
 965 
  966 
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 967 
 968 
Figure 10. Sensitivity to the allowed maximum time difference as criteria for co-location. Biases 969 
(%) using 12 hour (gray), 6 hour (blue), 3 hour (green), and 1 hour (pink) as the allowed maximum 970 
time difference for co-location at 600-hPa layer (panel a), 800-hPa layer (panel b), and the surface 971 
layer (panel c) are shown by boxplot (with medians represented by middle bars, interquartile 972 
ranges between 25th and 75th percentiles represented by boxes, and the most extreme data points 973 
not considered outliers represented by whiskers). The numbers in panel c correspond to the number 974 
of in-situ profiles qualified for validation within the given allowed maximum time difference. The 975 
biases are calculated against all (both urban and non-urban) in-situ profiles listed in Table 1. the 976 
“12 h” values (gray) are the same as yellow values (for all data) in Figure 6. See the caption of 977 
Figure 6 for the definition of outliers. 978 
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Figure 11. Sensitivity to the signal-to-noise ratio (SNR) filters. Biases (%) for MOPITT retrievals 990 
without SNR filters (gray), and MOPITT retrievals with SNR filters (green) at 600-hPa layer 991 
(panel a), 800-hPa layer (panel b), and the surface layer (panel c) are shown by boxplot (with 992 
medians represented by middle bars, interquartile ranges between 25th and 75th percentiles 993 
represented by boxes, and the most extreme data points not considered outliers represented by 994 
whiskers). The numbers in panel c correspond to the number of in-situ profiles qualified for 995 
validation without or with SNR filters. The biases are calculated against all (both urban and non-996 
urban) in-situ profiles listed in Table 1. the “without SNR filter” values in are the same as yellow 997 
values (for all data) in Figure 6. See the caption of Figure 6 for the definition of outliers. 998 
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