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H I G H L I G H T S

• Ground-based ΔCO2 and ΔCH4 maps reveal sharp emission hotspots that satellites often miss.
• Seasonal patterns in CO2 and CH4 reflect biogenic uptake and atmospheric oxidation.
• Local emissions peak in winter and fall, indicating strong seasonal variability.
• Observed ΔCH4/ΔCO2 ratios are consistently higher than inventory estimates.
• Satellite NO2 and HCHO enhancements co-locate with ground-based GHG hotspots, confirming key industrial sources.

A R T I C L E  I N F O

Keywords index:
Greenhouse gases
Emission inventories
remote sensing data
Urban air quality
Houston

A B S T R A C T

This study integrates in-situ and satellite observations to characterize urban greenhouse gas (GHG) emissions 
across Houston, Texas USA. Surface-based background concentrations show seasonal reductions from ~435 to 
~410 ppm for carbon dioxide (CO2) due to photosynthetic uptake, and from ~2.02 to ~1.88 ppm for methane 
(CH4) predominantly due to oxidation by the hydroxyl radical (OH). Boundary layer height corrected excess CO2 
and CH4 (ΔCO2, ΔCH4) peak in winter (~139.4 ppm, ~5.5 ppm) and drop in summer (~5.6 ppm, ~0.08 ppm), 
highlighting emission seasonality. The observed annual ΔCH4/ΔCO2 ratio (9.4 ppb ppm− 1) exceeds EDGAR and 
EPA inventory estimates by 65–70 %, and spatial mapping identifies key CH4 hotspots - such as McCarty and Blue 
Ridge landfills - with ratios larger than 40–70 ppb ppm− 1, which are severely underrepresented in emission 
inventories.

Satellite-derived enhancements from OCO-3 and TROPOMI offer broader coverage but lack sensitivity to 
surface plumes. For example, in situ bivariate plots show sharp ΔCO2 enhancements >30 ppm and ΔCH4 up to 
~0.3 ppm over industrial zones like the Ship Channel, while satellite ΔXCO2 (~5–7 ppm) and ΔXCH4 
(~0.03–0.04 ppm) show moderate enhancements over the urban core. TROPOMI NO2 (~1 × 10− 4 μmol/m2) and 
HCHO (~2.0 × 10− 4 mol/m2) enhancements further confirm co-located industrial emissions. This synthesis 
underscores the value of combining surface and satellite data for robust urban emission assessments and 
improved emission inventory evaluation.

1. Introduction

Climate change induced by increasing anthropogenic greenhouse gas 
(GHG) emissions is a major environmental issue today. Carbon dioxide 
(CO2) and methane (CH4) combined make up 98.6 % of the US GHG 
emissions for the year 2023 (https://www.epa.gov/ghgreporting/ghg 
rp-emissions-ghg). CO2 is the most abundantly emitted GHG from 

anthropogenic activities and is the primary contributor to global 
warming, accounting for approximately 70 % of the anthropogenic in
fluence (IPCC, 2007). It is naturally present in the atmosphere as part of 
the Earth’s carbon cycle, which involves the exchange of carbon among 
the atmosphere, oceans, soil, plants, and animals.

CH4, while less abundant than CO2, is a significant greenhouse gas 
due to its high global warming potential (GWP). It is responsible for 
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approximately 20 % of the anthropogenic contribution to global 
warming, making it the second most important GHG after CO2 (IPCC, 
2007). The remaining contributions to global warming come from other 
GHGs, such as nitrous oxide (N2O) and fluorinated gases. The GWP is a 
metric that quantifies the cumulative radiative forcing, considering both 
direct and indirect effects, over a specific time horizon (e.g., 100 years) 
relative to CO2 (IPCC et al., 1990). This metric underscores the signifi
cant role of CH4 in global warming, despite its lower atmospheric con
centration compared to CO2. Methane has a GWP which is 20 times 
larger than that of CO2 over a 100-year time horizon, but has a relatively 
short lifetime of approximately 11.2 years, compared to CO2, which can 
remain in the atmosphere for 1000 years (Ciais et al., 2013; East et al., 
2024). The overall effect of the shorter lifetime and large infrared ab
sorption is reflected in the GWP. The CH4 GWP also accounts for indirect 
effects, such as CH4 being a precursor to ozone, which itself is a GHG 
(EPA, 2022).

Sources of CO2 and CH4 emissions include both natural processes and 
human activities. However, the increase in atmospheric CO2 since the 
industrial revolution is primarily driven by human-related activities 
such as fossil fuel combustion and deforestation. While deforestation 
reduces the capacity of forests to act as carbon sinks, it also directly 
contributes to emissions through the burning or decomposition of 
biomass, amplifying the rise in atmospheric CO2 (IPCC, 2013). In 2020, 
CO2 accounted for about 79 % of all U.S. GHG emissions from human 
activities (EPA, 2021). Over 70 % of the global anthropogenic CO2 
emissions originate from cities as reported in an earlier report (United 
Nations, 2011), but might have even increased due to continued ur
banization. The magnitude of urban CO2 emissions can be detected by 
elevated concentrations in so-called urban CO2 domes (Idso et al., 1998; 
Kort et al., 2012; McKain et al., 2012; Pataki et al., 2003; Rice and 
Bostrom, 2011; Rigby et al., 2008). The CO2 emission into the atmo
sphere from anthropogenic sources originates mainly (75 %) from fuel 
combustion (coal, oil, gas), but also from other kinds of activities 
(cement production, flue gas burning), making altogether 20 billion 
metric tons yr− 1 (Pegov, 2008). According to Wang (2020) about 4.1 
billion metric tons of cement is manufactured globally every year, which 
accounts for 8–10 % of anthropogenic CO2 emissions globally, and is 
anticipated to continually increase in the future. During cement 
manufacturing CO2 is produced in the calcination process (Worrell et al., 
2001).

Plants interact with atmospheric CO2 through their metabolism 
process. Through photosynthesis they absorb atmospheric CO2 and 
utilize it for their growth. Through respiration plants also emit CO2. 
However, during daytime the absorption of CO2 prevails. Plants have 
different metabolism types. Plants whose photosynthetic pathway re
sults in a three-carbon compound (glyceraldehyde-3-phosphate) are 
called C3 plants (Ramachandran Nair, 2013), whereas C4 plants have a 
supplementary carboxylation reaction which results in four-carbon 
compounds (oxaloacetic acid and malic acid). The Crassulacean acid 
metabolism (CAM) is a form of photosynthesis in which plants fix carbon 
at a higher water-use efficiency compared to the ancestral C3 photo
synthesis (Messerschmid et al., 2021).

Human activities are altering the carbon cycle, both by adding more 
CO2 to the atmosphere and by influencing the ability of natural sinks, 
like forests and soils, to remove CO2 from the atmosphere and store CO2. 
Photosynthesis and transfer of CO2 from the atmosphere into vegetative 
pools through green plants as well as ocean uptake absorbs large fraction 
of the CO2 emissions. Oceanic uptake is about 2.2 Pg C/year, and 
terrestrial sinks absorbed a total of 2.7 Pg C/year during the 1990s, and 
3.2 Pg during 2000s. Thus 57 % of the 9.5 Pg C emitted was absorbed by 
natural sinks (Lal, 2013).

Atmospheric CH4 can be attributed to thermogenic, biogenic, and 
anthropogenic sources (IPCC et al., 2014). In the U.S., major anthro
pogenic contributors include natural gas and petroleum systems (32 %), 
enteric fermentation (27 %), landfills (17 %), manure management (9 
%), and coal mining (6 %) (EPA, 2021). Natural emissions arise 

primarily from wetlands, termites, and geological seeps, with wetland 
fluxes peaking under anaerobic conditions and declining during 
drought. In contrast, CO2 fluxes from wetlands reflect a dynamic balance 
between photosynthetic uptake and aerobic respiration, which can 
temporarily convert wetlands from sinks to sources (Hassett et al., 
2024). The primary atmospheric sink for CH4 is oxidation by hydroxyl 
radicals (OH), which controls its global lifetime of 11.2 years (Atkinson 
and Arey, 2004; East et al., 2024).

Previous studies either focused on CO2 or CH4, or they either used 
ground-based or satellite-borne data. This study performs an integrated 
analyses of urban and industrial CO2 and CH4 emissions, combining in- 
situ measurements and high-resolution satellite-based observations of 
CO2 and CH4. It aims to characterize anthropogenic, thermogenic, and 
biogenic sources in the Houston, Texas, area, a complex environment 
influenced by urban, industrial, and natural factors, but also serving as 
an almost ideal testbed for satellite remote sensing data due to its rather 
isolated location (no larger urban agglomeration within a radius of at 
least 250 km, see Fig. 1) surrounded by continental and marine envi
ronmental conditions. Unlike previous studies, this work incorporates 
both surface-based and remote sensing data to identify emission hot
spots and their correlations with other trace gases like NO2 indicative for 
different emission sources and/or chemical transformation processes. By 
integrating temporal (diurnal and seasonal) and spatial analyses, the 
study provides enhanced understanding of emission dynamics in an 
urban-industrial setting. While the combined satellite-surface based 
comparison data sets are confined to limited daytime satellite overpass 
time windows, the in-situ surface measurements extend the analysis to 
continuous temporal anatomy view over the Houston metropolitan area 
considering daytime variations. The combination of these datasets al
lows for more detailed mapping and analysis, as each of these datasets 
offer specific insights, for instance in-situ measurements reveal detailed 
diurnal variations, wheras satellites provide broad spatial coverage. 
Together, they enable more comprehensive and detailed mapping than 
using either dataset alone.

Houston stands out as one of the most complex urban environments 
in the U.S. due to its diverse and extensive emissions sources (Fig. 1). As 
the fifth-largest U.S. metropolitan area, and unlike the top three 
metropolitan areas New York, Los Angeles, and Chicago, which show a 
decrease in population, Houston shows a strong population growth 
which parallels with Dallas, the fourth largest metropolitain area in the 
U.S. (United States Census Bureau, 2025).

Houston experiences significant urban emissions, including non- 
methane hydrocarbons (NMHCs), nitrogen oxides (NOx), sulfur diox
ide (SO2), particulate matter (PM), and other pollutants originating from 
both mobile and stationary sources. Beyond these typical urban emis
sions, Houston is unique due to its vast and complex industrial land
scape, which includes one of the largest concentrations of petrochemical 
facilities in the world. This industrial sector contributes significantly to 
GHG emissions and air pollutants, with overlapping sources in both time 
and space. Previous studies have highlighted the complexity and tran
sient nature of Houston’s emissions for various compounds, such as 
volatile organic compounds (VOCs) (Leuchner and Rappenglück, 2010; 
Czader and Rappenglück, 2015; Sadeghi et al., 2022), particulate matter 
(Ahmed et al., 2021), and nitrophenols (Ahmed et al., 2023).

Methane is an yet relatively understudied component of Houston’s 
emissions. While studies such as Sanchez et al. (2018) have provided 
valuable insights into CH4 emissions from leaks in natural gas distri
bution systems in Houston residential areas Yang et al. (2019) focused 
on individual CH4 sources, including landfills and petrochemical sites. 
These efforts have been sporadic, campaign based rather than compre
hensive, longer-term measurements. They did not report enhancement 
values, due to the limitations of mobile measurements which would not 
allow for concurrent upwind vs downwind measurements. Even more 
concerning is the complete absence of systematic CO2 observations 
across the region. This critical data gap severely hinders our ability to 
quantify total carbon related GHG emissions. Without longer-term, 
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city-scale CO2 observations, efforts to validate emission inventories 
remain fundamentally incomplete. In contrast, our study provides a 
spatially continuous, longer-term assessment of CH4 and CO2 data 
concurrently taken using both ground-based networks and satellite data. 
We emphasize temporal trends, co-pollutant relationships, and bound
ary layer corrections, enabling broader emission diagnostics beyond 
isolated source plumes.

Geographically, Houston is largely surrounded by low-population- 
density areas with minimal industrial activity and urban infrastruc
ture. These surrounding regions, dominated by Texas coastal prairie 
ecosystems, including hay pastures, forests, and wetlands (Statkewicz 
et al., 2021), create a distinct contrast between urban and background 
atmospheric conditions. Additionally, the Gulf of Mexico, located south 
of Houston, presents a marine environment that further influences 
regional atmospheric dynamics. It has recently been shown that this 
coastal area can be used to describe atmospheric background conditions 
with regard non-methane hydrocarbons (Ahmed et al., 2025). This 
geographical setting makes Houston an ideal location for remote sensing 
analyses, where urban CO2 and CH4 domes can be detected, and emis
sion hotspot areas can be distinguished from background conditions 
(Fig. 1).

Space-borne greenhouse gas measurements from instruments such as 
Tropospheric Monitoring Instrument (TROPOMI) and Orbiting Carbon 
Observatory-3 (OCO-3) provide valuable regional-scale coverage but are 
constrained by overpass timing and spatial resolution. TROPOMI de
livers a single early-afternoon snapshot (~13:00 LST) with coarse native 
pixels, while OCO-3 offers targeted mapping but still depends on 
discrete overpasses, leaving large gaps in the diurnal record 
(Mastrogiacomo et al., 2025). These limitations hinder their ability to 
capture short-lived plumes, rapid emission changes, and complete daily 
variability capabilities essential for source detection and attribution in 
complex, multi-source environments (Liu et al., 2021). Given the 
complexity of emission sources and their spatial and temporal vari
ability, a more comprehensive approach to CO2 and CH4 monitoring is 
crucial to accurately quantify emissions and assess their impact on 
regional atmospheric chemistry and climate. In this paper we apply a 
complimentary approach based on in-situ measurements which provide 
continuous, hourly observations that resolve the full diurnal cycle and 
fine-scale spatial patterns, enabling the detection of emission features 
often missed by satellite retrievals.

Fig. 1. Map of the United States with the state of Texas (Top) and Zoomed in satellite view of the Houston with the monitoring site marked by a yellow star.
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2. Data sources and methods

2.1. Surface-based in-situ measurements of CH4 and CO2

Here we aim to characterize anthropogenic, thermogenic, and 
biogenic CO2 and CH4 emission sources in Houston by leveraging in-situ 
atmospheric data collection. Our analysis is based on in-situ measure
ments conducted at the roof level of the Moody Tower (MT) (29.71◦N, 
95.34◦W; 75 m above ground level) at the University of Houston (Fig. 1) 
from 01 January to December 31, 2022. This campus site has been in use 
for air quality measurements since 2006 and is well-documented (Lefer 
and Rappenglück, 2010). The Moody Tower is about 4 km southeast of 
downtown Houston. Major freeways are located 2–4 km away from MT 
and the Houston Ship Channel with its industrial facilities stretches over 
an area 10–20 km to the east of MT (Lefer and Rappenglück, 2010). The 
Picarro G2201-i cavity ring-down spectroscopy (CRDS) analyzer (Pic
arro Inc., Santa Clara, USA) was used to provide real-time measurements 
of CO2 and CH4 concentrations. Briefly, a gas sample stream is contin
uously pumped through a pressure (0.1947 ± 0.0002 atm) and tem
perature (40 ± 0.005 ◦C) controlled cavity, which has three mirrors to 
extend pathlength of traveling light wave. Light is emitted into the 
cavity by a continuous wave laser until a threshold is reached; then, the 
laser is switched off. The concentrations of CH4 and CO2 are determined 
by the decay rate (or ’ring down’) of the specific spectral absorption line, 
which is compared to the cavity-only (i.e., without the absorbing gas) 
ring-down rate. The cavity only ring down rate is continuously measured 
using a laser tuned to a wavelength where adsorption by sample gas does 
not occur (Kerstel, 2004; Kerstel and Gianfrani, 2008). The PICARRO 
G2201-i has an accuracy of <0.005 ppm for CO2 and CH4 (Skorokhod 
et al., 2016. The Picarro G2201-i was routinely calibrated using certified 
methane standards (2.02 ppm and 20.16 ppm CH4; Scott-Marrin, Inc., 
USA) and zero air. Since this analyzer quantifies both, CH4 and CO2, via 
infrared absorption of carbon-bearing molecules with a linear response 
to carbon, these CH4 standards were also used for CO2 calibration. 
Two-point calibrations showed excellent performance with slopes be
tween 0.987 and 0.993 and offsets in the one digit ppb range, with the 
instrument performance remaining within the manufacturer’s stated 
accuracy of ±200 ppb +0.05 % of the reading. Corresponding calibra
tion curves were applied to the CH4 and CO2, raw data. The precision of 
the instrument was 0.05 % based on 15 min calibration gas sampling. 
The overall uncertainty is determined by the calibration with a stated 
uncertainty of ±1 %.

The regional concentration distributions were derived using bivar
iate polar plots, a statistical approach implemented via the openair 
package in R. Rather than generating physical imagery, this method 
infers spatial emission patterns by correlating time-resolved in-situ gas 
concentration data with wind speed and direction. By applying Gener
alized Additive Models (GAMs), the technique estimates directional 
source contributions and highlights dominant emission sectors and 
based on observed concentration enhancements under different mete
orological conditions. This diagnostic method is widely used for visu
alizing potential source regions and has been validated in numerous air 
quality studies (Balashov et al., 2020; Carslaw et al., 2006; Henry et al., 
2002; Westmoreland et al., 2007; Yu et al., 2004).

2.2. Determination of background values

The dataset was first classified into eight wind sectors based on 45◦

intervals Northeast (NE), East-Northeast (ENE), East-Southeast (ESE), 
Southeast (SE), Southwest (SW), West-Southwest (WSW), West- 
Northwest (WNW), and Northwest (NW). For each sector and month, 
the 5th percentile of CH4 and CO2 mixing ratios was calculated to 
represent background values, minimizing the influence of local emis
sions. This calculation was performed only for subsets where the number 
of available data points was >5. To obtain a representative background 
for each month, the median of these 5th percentiles for each wind sector 

was determined using the formula: 

Backgroundm,w =Median(Pm,w
5 ) Eq. 1 

where Pm,w
5 represents the 5th percentile CH4 or CO2 mixing ratio for 

each month (m) and wind sector (w), where m represents the month of 
the year (January to December), and w represents one of the eight 
predefined wind sectors (NE, ENE, ESE, SE, SW, WSW, WNW, NW).

The background allocation process first considers the month to ac
count for seasonal variations. Within each month, background mixing 
ratios are assigned hourly based on the wind direction. Each hourly wind 
direction is mapped to one of the eight predefined wind sectors, ensuring 
that the allocated background values reflect both seasonal and spatial 
variations. The background mixing ratio, as defined in equation (1), was 
used to calculate the excess CH4 or CO2 mixing ratio (ΔCh) for each hour 
(h) of 2022 as defined by the difference between the observed and 
background values: 

ΔCh =Cobserved,h − Cbackground,m,w Eq. 2 

where: 

• Cobserved,h is the observed CH4 or CO2 mixing ratio at any given hour.
• Cbackground,m,w is the background mixing ratios assigned for that hour, 

based on month and wind sector.

This method helps to localize CH4 and CO2 enhancements by 
removing the spatial and seasonal variability in background CH4 and 
CO2 in Houston which - contrary to traditional background sites which 
are representative for a larger homogeneous emission source area (e.g. 
forest, wetland) is at the interface of marine and continental air masses.

2.3. Satellite based column measurements

Satellite missions provide global measurements of the atmospheric 
CO2 and CH4, nitrogen dioxide (NO2) and formaldehyde (HCHO). 
Remote sensing data is from the Sentinel-5P TROPOMI for CH4, NO2 and 
HCHO and from OCO-3 for CO2. NO2 is co-emitted with CO2 when fossil 
fuels are combusted at high temperatures which makes it a suitable 
tracer for combustion related CO2. Similarly, the fuel combustion pro
cesses in oil refinery facilities, is associated with conversion of carbon 
into either CO or CO2 (Abdul-Wahab et al., 2002; Alam et al., 2025). 
During daytime - when TROPOMI can obtain data - most atmospheric 
HCHO is formed secondarily through the photochemical oxidation of 
CH4 and non-methane hydrocarbons (Rappenglück et al., 2010), while a 
minor fraction of HCHO can be emitted directly through fossil fuel 
combustion (co-emitted with CO2) throughout the day, but can become 
prevalent at night (Rappenglück et al., 2010; Rappenglück et al., 2013; 
Karim and Rappenglück, 2023).

We use fully processed Level 2 products for both CH4 and CO2 re
trievals, which have undergone comprehensive atmospheric, surface, 
and instrument corrections including scattering, absorption, polariza
tion, and bias adjustments before public release. The remote sensing 
satellite data was averaged for each month over the period from 01 
January to December 31, 2022. Spatially, the data was averaged across 
the grid-cell level to capture the mean distribution while preserving 
spatial variability for study site. Monthly average concentrations were 
also calculated to align with our in-situ background estimation, which 
was performed on a monthly basis to ensure methodological consistency 
(for details, see section 3.5.1).

2.3.1. CH4, NO2 and HCHO (TROPOMI)
CH4, NO2, and HCHO were retrieved from the TROPOspheric 

Monitoring Instrument (TROPOMI) onboard the Sentinel-5 Precursor 
(S5P) satellite. TROPOMI is a passive remote-sensing instrument in a 
sun-synchronous orbit at ~824 km altitude, with an overpass time of 
approximately 13:00 local solar time over Houston. It measures HCHO 
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at 328.5–359 nm, NO2 at 405–465 nm, and CH4 using absorption fea
tures near 760 nm. The nominal pixel size is ~3.5 × 5.5 km2 at nadir for 
most bands, with CH4 retrieved at a coarser resolution of ~7 × 7 km2.

For this study, CH4 (reported as the column-averaged dry-air mole 
fraction, XCH4) data were processed in Google Earth Engine (GEE) using 
the Python API within the QGIS environment. The TROPOMI Level-3 
CH4 product (COPERNICUS/S5P/OFFL/L3_CH4) was filtered over 
Houston (50 km buffer) for 2022 and analyzed on its native 7 × 7 km2 

grid without interpolation to preserve spatial resolution. Pixel-wise 5th 
percentile values represented background XCH4, while observed XCH4 
values were taken directly from daily TROPOMI measurements. Excess 
CH4 (ΔXCH4) was calculated as the difference between observed and 
background values. All layers were reprojected to a common reference 
grid and visualized in QGIS (version 3.28.3) using consistent scales and 
color palettes. Monthly mean of NO2 and HCHO fields were also derived 
for spatial analysis in QGIS (version 3.28.3).

2.3.2. CO2 (OCO-3)
OCO-3 can scan extensive contiguous areas, approximately 80 × 80 

km2, during a single overpass over emission hotspots such as cities, 
power plants, or volcanoes. This capability is achieved through its 
observational modes, Snapshot Area Map (SAM) and target mode, which 
generate high-resolution spatial maps of XCO2, the column-averaged 
dry-air mole fraction of CO2. The OCO-3 sensor provides measure
ments of XCO2 in ppm. OCO-3 crossing is roughly 13:15–13:30 local 
solar time. The along-track footprint size of OCO-3 at nadir is approxi
mately 2.2 km, while the cross-track footprint size is ≤ 1.6 km, resulting 
in a total footprint area of about 3.5 km2 (Eldering et al., 2019). For the 
present study we use XCO2 data from the GloCE v1.0: Global CO2 
Enhancement Dataset (2019–2023) compiled by Fan et al. (2025), 
available via Zenodo [https://doi.org/10.5281/zenodo.15209825]. The 
XCO2 data for the year 2022 was visualized using Google Colaboratory.

3. Results and discussion

3.1. Background variations of CO2 and CH4

Fig. 2 shows the 2022 time series of CO2 and CH4 mixing ratios at the 

monitoring site. Both gases exhibit frequent sharp spikes above back
ground levels, indicating short-term local enhancements, superimposed 
on a longer-term seasonal cycle with higher concentrations in winter 
and lower values in summer. Background levels for CO2 and CH4 were 
derived following the procedure outlined in the previous section.

Background variability is shaped by the origin of incoming air 
masses and their seasonal modification by emissions and atmospheric 
processing. Houston’s coastal location makes this more complex than at 
remote greenhouse-gas monitoring sites (e.g., WMO GAW; 
https://gawsis.meteoswiss.ch/GAWSIS/#/), as it sits at the interface of 
marine and continental air masses. Large-scale synoptic flows and 
land–sea breeze circulations (Caicedo et al., 2019; Day et al., 2010) lead 
to alternating marine and continental influences. Marine inflow gener
ally lowers background levels: over the ocean, CO2 is partly removed via 
dissolution, controlled by sea-surface temperature and solar radiation, 
which also regulate photosynthetic uptake (Le Quéré et al., 2018). CH4 
over the ocean is typically low; although some is produced in coastal 
sediments, most is consumed before reaching the atmosphere, except 
during ebullition events in stratified waters (Hermans et al., 2024). By 
contrast, continental air masses carry elevated CO2 and CH4 from 
anthropogenic activities, soil microbes, and vegetation. Vegetation acts 
as a strong CO2 sink through photosynthesis during the growing season, 
while respiration (Beer et al., 2010) and soil microbial processes supply 
CO2 and CH4, both enhanced under warm, moist conditions.

The seasonal drawdown of CO2 from a winter maximum (~435 ppm) 
to a summer minimum (~410 ppm) reflects photosynthetic uptake 
exceeding respiration during spring and summer (Mavrovic et al., 2023). 
In parallel, CH4 levels decline from ~2.02 ppm in winter to ~1.88 ppm 
in summer (Fig. 2). As discussed in the Introduction, CH4 lacks a 
terrestrial sink, and its only significant removal is oxidation by OH 
radicals (Atkinson and Arey, 2004). Assuming an average OH concen
tration of 5.0 × 105 molecules cm− 3 and a reaction rate constant kOH of 
6.4 × 10− 15 cm3 molecule− 1 s− 1, this OH-driven sink explains the 
observed summertime decline. The amplitude of the seasonal change is 
larger than at remote sites (East et al., 2024), likely due to Houston’s 
latitude, which favors strong OH loss in summer, and its coastal setting, 
which limits the seasonal enhancement from continental wetlands.

Overall, background CO2 and CH4 mixing ratios ranged from ~410 

Fig. 2. Observed and background CO2 (top) and CH4 (bottom) time seriess for 2022.
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ppm to ~1.85 ppm in southern, marine-influenced sectors to >435 ppm 
and 2.05 ppm in northern, continental sectors (Fig. 3). Annual back
ground averages (414.5 ppm for CO2, 1.91 ppm for CH4) closely match 
the global means for 2022 (417.9 ± 0.2 ppm CO2, 1.923 ± 0.002 ppm 
CH4; WMO, 2023).

3.2. Temporal variation of boundary layer height corrected ΔCO2 and 
ΔCH4

The diurnal variation of the boundary layer height (BLH) modulates 
the surface mixing ratios of air pollutants (Akther et al., 2023), as well as 
greenhouse gases, as it is has been shown for CO2, for instance (Newman 
et al., 2013). Removing the effect of the BLH variation removes accu
mulation or dilution processes due to vertical atmospheric mixing, 
respectively. In this scenario, ΔCO2 and ΔCH4 values would predomi
nantly reflect gas exchange processes assuming chemical and deposition 
removal processes would be negligeable, which is a reasonable 
assumption for CH4 and CO2 on diurnal time scale. To account for the 
influence of boundary layer height (BLH) on ΔCO2 and ΔCH4 concen
trations, we applied a diurnal normalization based on CH4 observations. 
Contrary to CO2, whose diurnal ambient concentrations are modulated 
by seasonal-dependant light-driven diurnal variation of biogenic activ
ity, which include emissions and absorption, background biogenic CH4 
emission sources are predominantly temperature-driven and thus have 
less impact on ambient concentrations on a diurnal scale than it is the 
case for CO2. Also, the atmospheric lifetime of about 11.2 years for CH4 

is significantly longer than the time-scale of diurnal BLH variations. In 
the absence of short-term emissions on a time-scale less than a day, e.g. 
in remote regions, the diurnal variation of CH4 concentrations would 
largely reflect the diurnal variations of the BLH (e.g. see Kavitha et al., 
2018). For an urban area we would assume the addition of fluctuating 
anthropogenic CH4 emission sources throughout the day (in contrast to 
CO2, which would also be associated with recurrent anthropogenic 
sources, such as traffic rush hours as shown by Rappenglück et al., 2013
for the Houston case). In Appendix A of the supplementary material we 
elaborate on the use of CH4 data as a proxy for BLH.

For each month, CH4 observations were grouped by hour (0–23), and 
hourly medians were calculated. This monthly approach was chosen to 
better reflect the seasonal variation in diurnal boundary layer dynamics, 
as BLHs largely depend on the strength of surface heat fluxes and these 
in turn are impacted by the variation of incoming solar energy (for some 
BLH analysis in the Houston area see Caicedo et al., 2019; Cuchiara and 
Rappenglück, 2018; Li and Rappenglueck, 2018; Wilmot et al., 2014, 
and references therein). Grouping by month yields about 30 data points 
for each hour which represents a statistical sound basis for calculating 
medians and minimizing potential outlier effects. Dividing each hourly 
median by the peak 24 hourly median yielded a normalization factor for 
each hour. This factor was then applied to the hourly ΔCH4 and ΔCO2 
values to yield ΔCH4(BLHcorr) and ΔCO2(BLHcorr) to correct for diurnal 
dynamic effects due to BLH variability according to the following 
equations: 

Fig. 3. Background bivariate plot for CO2 (top) and CH4 (below) mixing ratios calculated as arithmetic means over 2022.
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ΔCO2,BLHcorrected (t, hd)=ΔCO2(t, hd)⋅
max(median(CH4(dm)))

median(CH4(hd))
Eq. 3 

ΔCH4,BLHcorrected (t, hd)=ΔCH4(t, hd)⋅
max(median(CH4(dm)))

median(CH4(hd))
Eq. 4 

where t is any timestamp in the time series of ΔCO2 and ΔCH4, and hd is 
the timestamp 0 … 23 of the median monthly diurnal variation dm.

Fig. 4 shows pronounced seasonal variation of BLH corrected ΔCO2 
throughout 2022, with the highest enhancements early in the year from 
January through March. During this period, ΔCO2 frequently exceeded 
50 ppm, with peak values reaching up to ~139 ppm. Monthly mean 
ΔCO2 falls from ~11.6 ppm in April to a summer low of ~9.5 ppm in 
July, then rebounds to ~15.2 ppm in August. It climbs further to ~19.7 
ppm in September and reaches a maximum of ~22.3 ppm in October, 
before declining to ~17.5 ppm in November and edging up to ~18.5 
ppm in December. These seasonal patterns and the remaining month-to- 

month variability therefore reflect the rise and fall of anthropogenic CO2 
sources. To further contextualize these observational patterns, Fig. S2
illustrates the seasonal variability of near-surface CO2 in Houston. The 
top panel shows daily BLH-corrected ΔCO2 enhancements for 2022, 
which exhibit clear seasonal patterns highest in winter and early spring, 
with large day-to-day variations frequently exceeding 40 ppm, then 
declining to a minimum (5–10 ppm) in summer with dampened day-to- 
day variations before rising again in late autumn (20–30 ppm). The 
bottom panel depicts anthropogenic CO2 emissions from the year 2021 
along with their sectoral contributions, which is the most recent avail
able year from the Carbon Monitor Cities platform (https://cities.carbon 
monitor.org/; Huo et al., 2022). These emissions include residential, 
industrial, and ground transport sectors. We did not include the power 
generation sector, as major facilities like the Parish power plant lie 
outside the urban boundaries defined by the bivariate plot in Fig. 4. We 
did not include the aviation emissions neither for two reasons: still, 
during the year 2021 aviation activity continued to be on the rise to 

Fig. 4. Time series (top) and bivariate plot (below) for BLH corrected ΔCO2 calculated as arithmetic means over 2022.
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levels before the drastic COVID-19 reductions and also, its contribution – 
mainly confined to the airport activities – did not exceed 5 % of the 
combined residential, industrial, and ground transport sectors at any 
time. According to the Air Alliance Houston Climate Action Plan (2022), 
CO2 emissions from point sources in Houston include petrochemicals, 
petroleum product suppliers, and refineries (together ~38 %), power 
plants ~28.2 %, chemical industry 24.9 %, and other stationary sources 
(industrial gas suppliers, waste facilities, minor sectors) collectively 
<10 %. The industrial and ground transport sectors exhibit some sea
sonal variations with higher (for the industry) and lower (for the ground 
transport) emissions in wintertime, whereas both would show rather 
consistent levels of similar magnitude in other seasons. The residential 
sector displays some pronounced seasonal variation with consistently 
low levels during the summer until early fall, whereas in other times 
emissions significantly increase and show strong day-to-day variations 
which clearly dominate the time series of the combined emission sectors 
(upper panel of Fig. S2). These strongly varying amplitudes are also 
distinguishable in the observation of the BLH-corrected ΔCO2 en
hancements, which would indicate the prevalence of the same emission, 
i.e. residential emissions. The fractional breakdown reveals that 

industry contributes around 40–50 % of Houston’s daily CO2 emissions. 
The contribution from ground transport varies from 30 to 40 %, with 
largest contribution during the summer. In contrast, residential emission 
shares rise sharply in winter up to ~30 % due to increased heating de
mand and would fall to 10 % in summertime. These patterns in Hous
ton’s emissions and near-surface ΔCO2 are consistent with the sectoral 
contributions and seasonal trends observed by Huo et al. (2022) across 
other major cities, emphasizing that industrial activity and increased 
residential heating during winter are primary drivers of urban CO2 
seasonality. The inclusion of Huo et al.’s (2022) sector-resolved emis
sion estimates in Fig. S2 provides context for interpreting our 2022 
in-situ ΔCO2 observations, using the most recent sectoral breakdown for 
Houston Climate Action Plan (2022). This comparison highlights the 
strength of our BLH-corrected approach, which captures the full diurnal 
cycle and resolves both spatial temporal variations, unlike satellite 
products such as TROPOMI that are limited to a single early-afternoon 
overpass (~13:00 LST). This makes our method more effective for 
detecting and attributing seasonal patterns.

Fig. 5 exhibits a broadly similar seasonal cycle for BLH-corrected 
ΔCH4, though shaped by different processes. Hourly mean BLH- 

Fig. 5. Time series (top) and bivariate plot (below) for BLH corrected ΔCH4 calculated as arithmetic means over 2022.
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corrected ΔCH4 peaks mainly in late winter to early spring (Februar
y–March) and again in early autumn (September–October), with hourly 
maxima reaching up to ~5.6 ppm. As spring transitions to summer, 
ΔCH4 declines from ~0.11 ppm in April to a minimum of ~0.09 ppm in 
July, then rebounds to ~0.16 ppm in August. Concentrations continue to 
rise through autumn, reaching ~0.25 ppm in September and ~0.26 ppm 
in October, before tapering to ~0.20 ppm in November and December. 
Unlike CO2, for which daily urban emission inventories for specific 
emission sectors have been developed (Huo et al., 2022), we are not 
aware of comparable CH4 inventories for Houston. However, existing 
estimates suggest emissions are overwhelmingly dominated by the 
waste sector (78 %), with additional contributions from refineries and 
other industrial sources (Air Alliance Houston, 2022). Because landfill 
related CH4 originates primarily from microbial processes operating 
year-round, emissions are relatively steady and not strongly seasonal. 
Instead, much of the observed variability arises from episodic “tran
sient” events such as leaks, venting, and flaring. This sectoral profile 
helps explain why BLH corrected ΔCH4 exhibits more modest seasonal 
variations than BLH corrected ΔCO2, despite the expectation that higher 
summertime microbial activity could modestly elevate landfill 
emissions.

3.3. Spatial variations of BLH corrected ΔCO2 and ΔCH4

The BLH corrected bivariate ΔCO2 and ΔCH4 maps (Figs. 4 and 5) 
reveal the spatial distribution of ΔCO2 and ΔCH4 concentrations across 
the Houston area, highlighting distinct emission processes. ΔCO2 
dominated emissions originate primarily from combustion-related ac
tivities, such as fossil fuel burning in traffic, industrial facilities, and 
power plants, where carbon containing species are ultimately oxidized 
to CO2. In contrast, ΔCH4 dominated emissions are associated with 
fugitive or anaerobic processes, including landfills, wetlands, and 
wastewater treatment plants, where organic matter decomposes under 
oxygen-limited conditions, produce CH4 as a primary byproduct 
(Kuwayama et al., 2019). Additionally, co-emission processes such as oil 
and gas operations or landfill sites can release both gases simultaneously 
at different strengths. This distinction between oxidized (CO2) and 
reduced (CH4) carbon sources provides the framework for interpreting 
different spatial emission patterns.

The spatial distribution of ΔCO2 across the Houston (Fig. 4) reveals 
three dominant enhancement zones corresponding to key anthropogenic 
emission sectors. The hotspot located in the eastern portion of the 
domain, encompassing areas such as Galena Park, Channelview, Deer 
Park, Pasadena, and Baytown. This region aligns with the Houston Ship 
Channel, a major industrial corridor characterized by dense clusters of 
petrochemical facilities, oil refineries, and energy infrastructure. The 
elevated ΔCO2 in this area, exceeding 20 ppm in places, is primarily 
attributed to continuous combustion processes, flaring, industrial fuel 
use and transport-related emissions. A second hotspot is over downtown 
Houston, reflecting emissions from high-density urban activity 
including traffic, building energy consumption, and commercial com
bustion. To the west and southwest, enhanced ΔCO2 levels extend 
through Bellaire, Missouri City, and Sugar Land, by commuter traffic 
and transport-related emissions along major roadways such as TX-69 
and Beltway 8. Outside these core zones, ΔCO2 values decline toward 
the periphery of the domain, where lower population density and fewer 
emission sources.

The spatial distribution of ΔCH4 reveals two dominant hotspots 
(Fig. 5). The strongest CH4 enhancement is observed over the McCarty 
Road Landfill, with ΔCH4 values peaking around 0.3–0.4 ppm - 
approximately two to three times higher than the surrounding urban 
areas, which show enhancements in the range of 0.1–0.15 ppm. The 
McCarty Road Landfill ranked 10th out of 201 based on waste accu
mulations in Texas (MIT Climate, 2025). A secondary CH4 hotspot is 
observed to the southwest over Sugar Land, Texas - an area historically 
characterized by sugarcane plantations along the Brazos River 

floodplain. Today, Sugar Land is a rapidly expanding suburban region 
that still contains extensive wetlands and shallow lakes, which likely 
contribute to localized biogenic methane emissions (https://fwsprimar 
y.wim.usgs.gov/wetlands/apps/wetlands-mapper/). Potential addi
tional emission sources may include natural gas leaks. Sanchez et al. 
(2018) found clusters of elevated CH4 levels impacted by biogenic and 
thermogenic CH4 located in the central, west and soutwest regions of 
Houston, albeit with some significant spatial heterogeneity. While 
Sanchez et al. (2018) report campaign-based localized measurements, 
Fig. 5 reflects conditions averaged over the entire year and may likely 
reflect a merge of these sources. ΔCH4 levels outside the urban core 
continuously drop below 0.01 ppm and become indistinguishable from 
background conditions.

Anderson et al. (2021) used the ratio of ΔCH4 and ΔCO2 to describe 
emission conditions for the city of Philadelphia based on Emissions 
Database for Global Atmospheric Research (EDGAR) and Environmental 
Protection Agency (EPA) emission inventories. Following their 
approach, we extracted and summed the total CH4 and CO2 fluxes over 
the Houston metropolitan region (28.5–31.0◦ N, − 96.25 to − 94.5◦ E) 
from the EDGAR v8.1 (2022), EPA GHGI v2 (2020) and EPA 2020, 
gridded datasets, respectively, and calculated inventory-based emission 
ratios as the ratio of the summed CH4 and CO2 mass fluxes (kg/s). In 
contrast, our bivariate spatial plots were constructed using arithmetic 
mean ΔCH4 and ΔCO2 values to capture the average spatial signal, 
which is a different methodology from the flux-sum approach used in the 
inventory comparison. Table 1 presents a compilation of CO2 and CH4 
emission metrics for the Houston domain. Our in situ BLH-corrected 
ΔCH4/ΔCO2 ratio for the full year 2022 yields a median value of 9.4 
ppb ppm− 1, which is approximately 25 % higher than the corresponding 
measurement-based ratio reported by Anderson et al. (2021) for Phila
delphia. Notably, their analysis was limited to a one-month wintertime 
campaign, whereas our result reflects a full-year dataset. When 
comparing inventory-based values, Anderson et al. reported 2.0 (for 
their latest EPA 2020, inventory) and 2.3 (for their latest EDGAR v4.3.1 
inventory from 2012) for ΔCH4/ΔCO2 ratios, which translated into 
underestimations by factors 3.9 and 3.3, respectively, when compared to 
observations In our case, the EDGAR v8.1 (2022) inventory-derived 
ratio for Houston is 5.7 ppb ppm− 1, and the EPA-based ratio using 
2017 CO2 and 2020 EPA CH4 inventory is 5.5 ppb ppm− 1. These values 
are by a factor of 2.5–2.9 higher than reported for Philadelphia by 
Anderson et al., and might indicate improvements in the inventory, but 
still fall short by more than 65–70 % when compared to the measure
ments. Interestingly inventory estimates for CH4 mass fluxes were 0.51 
kg s− 1 (EPA 2020) and 0.6 kg s− 1 (EDGAR 4.31., 2012) for Philadelphia 
(Anderson et al., 2021), while our values for Houston ranges from 10.2 
kg s− 1 (EPA, 2020) to 7.1 kg s− 1 (EDGAR v8.1, 2022), which is 12–20 
times higher than the values for Philadelphia. Houston and Philadelphia 
are slightly different in population—Houston has about 20 % more 
people than Philadelphia according to recent Census estimates 

Table 1 
Comparison of CH4 and CO2 mass fluxes and corresponding BLH corrected 
ΔCH4/ΔCO2 enhancement ratios for Houston, derived from EDGAR v8.1 2022
and EPA (2020. 2017) inventories, and our 2022 online measurements at UH 
Moody Tower (UH, 2022).

Observations (UH, 
2022)

ΔCH4 (ppb) ΔCO2 (ppm) ΔCH4/ΔCO2 

(ppb/ppm)

median (arithmetic 
mean)

111.9 (182) 11.9 (16.1) 9.4 (11.3)

Inventory CH4 Mass Flux 
(kg/s)

CO2 Mass Flux 
(kg/s)

ΔCH4/ΔCO2 

(ppb/ppm)
EDGARa 7.1 3402.3 5.7
EPA 10.2b 5227.2+ 5.5

+)EPA, 2017 inventory.
a EDGAR 2022 inventory.
b EPA 2020 inventory.
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(Population Division. March 2025). But they differ in their density with 
Houston being approximately 3.5 times less dense than Philadelphia 
(Population Division, 2025) which is an indicator for urban sprawl and a 
proxy for traffic volume, and economic development from 2012 until 
2022 (57 % increase of the gross domestic product (GDP) in Houston vs 
42 % increase GDP in Philadelphia from 2012 until 2022) with a pre
ponderance on petrochemical industry in Houston compared with 
Philadelphia (U.S. Bureau of Economic Analysis, 2024). The limited 
agreement between top-down (ratio-based) and bottom-up (flux-based) 
inventories suggests that certain non-combustion sources such as land
fills, anaerobic emissions, and pipeline leaks are not be fully captured in 
CH4 centric emission inventories.

A very recent study by Mastrogiacomo et al. (2025) report 
ΔCH4/ΔCO2 ratios from satellite derived data for various U.S. cities. The 
data includes Phoenix (5.83 ppb ppm− 1), San Jose (6.87 ppb ppm− 1), 
Los Angeles (6.86 ppb ppm− 1), Minneapolis (8.35 ppb ppm− 1), Seattle 
(9.21 ppb ppm− 1), New Orleans (15.03 ppb ppm− 1), and Austin (27.55 
ppb ppm− 1). They note the analysis was limited to cities with reliable 
boundary shapefiles and adequate TROPOMI coverage, with retrieval 
quality in some coastal locations degraded by land–water pixel mixing 
and fewer valid observations over water, which may be the reason why 
the Houston area was not included in their analysis. Our analysis adds 
the Houston case to this compilation and puts Houston in the middle 
range. This result demonstrates that our approach compares reasonably 
well with the satellite derived data, but has the advantage that it is based 
on temporally highly resolved day- and nighttime data and has the po
tential to resolve short-term deviations which could be used to explain 
the high values found for New Orleans and Austin, for instance.

Fig. 6 presents the bivariate distribution of BLH corrected ΔCH4/ 
ΔCO2 ratios across the Houston domain, revealing pronounced spatial 
contrasts that highlight the relative contribution of major landfill 
sources. Only the three landfill facilities McCarty, Blue Ridge, and 
Coastal Plains display markedly elevated ratios, reaching values be
tween approximately 40 and 70 ppb ppm− 1. These high-ratio regions 
clearly delineate sectors dominated by fugitive methane emissions 
associated with anaerobic landfill processes. In contrast, the remainder 
of the Houston area exhibits substantially lower ratios, generally below 
10 ppb ppm− 1, reflecting well-mixed background or combustion- 
dominated air masses.

The overall areal average in Fig. 6 is close to 10 ppb ppm− 1, which 
aligns closely with the arithmetic mean of 11.3 ppb ppm− 1 reported in 

Table 1. While Table 1 provides an aggregate value for the full dataset, 
Fig. 6 offers a sector-resolved view by partitioning the same data into 
discrete wind-direction and wind-speed bins. This bin-wise averaging 
approach enables the visualization of directional hotspots that would 
otherwise be obscured in domain-wide statistics. As a result, Fig. 6
effectively isolates emission plumes corresponding to key landfill sectors 
particularly the southwestern and southeastern quadrants encompassing 
Blue Ridge and Coastal Plains, where mean ratios rise to ~40 ppb 
ppm− 1, and the eastern sector containing McCarty, where mean ratios 
exceed 70 ppb ppm− 1.

Such a representation provides a more nuanced understanding of 
spatial source heterogeneity: it demonstrates that elevated ΔCH4/ΔCO2 
ratios in Houston are not widespread but concentrated around specific 
landfill facilities. These localized enhancements underscore the strong 
influence of fugitive landfill emissions on the overall urban CH4 budget 
and reinforce the interpretation that the highest ΔCH4/ΔCO2 ratios 
correspond to anaerobic rather than combustion-related sources.

Fig. 7 displays the gridded EDGAR CO2 and CH4 inventory map for 
Houston for the year 2022. EDGAR v8 largely reproduces the downtown 
CO2 dome as seen in our BLH-corrected ΔCO2 (Fig. 4 vs. Fig. 7), albeit 
with some dispersed CO2 hotspots surrounding the urban core, there is a 
mismatch and underestimation of localized fugitive sources: while the 
McCarty landfill appears prominently in our bivariate spatial plots 
(Figs. 4 and 6) it is virtually absent in EDGAR’s spatial inventory plot 
(Fig. 7). Both the EDGAR and EPA inventories underestimate the BLH 
corrected ΔCH4/ΔCO2 ratio when compared to in situ observations by 
approximately 65 % and 70 % respectively, as shown in Table 1.

3.4. Integrating ground-based and satellite observations for emission 
source characterization

3.4.1. Calculation of satellite-based ΔXCO2 and ΔXCH4
In order to integrate satellite borne data to our ground-based 

bivariate plots we used the GloCE v1.0 dataset’s background- 
subtracted values for CO2 (OCO-3) directly, as these already represent 
ΔXCO2. For XCH4 we calculate ΔXCH4 from the satellite data as follows:

To determine satellite-based methane enhancements over the Moody 
Tower (MT) area, a 35 km radius buffer was defined around the MT. 
TROPOMI Level-3 XCH4 data from 2022 were used to derive both 
background and excess concentrations on a pixel-wise basis. The back
ground CH4 for each grid cell was defined as the 5th percentile of all 

Fig. 6. Bivariate plot of BLH corrected ΔCH4/ΔCO2 calculated as arithmetic means over 2022.
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XCH4 values within the dataset, representing the lower bound of the 
distribution and capturing background atmospheric conditions. The 
observed XCH4 was taken as the median of all available XCH4 values per 
pixel, minimizing the influence of outliers and short-term variability. 
The excess CH4 was then computed as the difference between the 
observed and background concentrations, highlighting localized 
methane enhancements: 

XCH4,background(i)=P5
(
XCH4,observed(i, t)

)
Eq. 5 

where P5 denotes the 5th percentile of all observations over time t for 
pixel i.

The methane enhancement (ΔXCH4) for each pixel was then 
computed as: 

ΔXCH4(i)=median
(
XCH4,observed(i)

)
− XCH4,background(i) Eq. 6 

For comparison, in-situ CH4 and CO2 data from the MT were 
aggregated into a 13:00 LST bivariate polar plot, corresponding to the 
satellite overpass time. The in-situ and satellite datasets were aligned 
both spatially and temporally to the greatest extent possible; however, 
the ground-based measurements include all meteorological conditions, 
whereas satellite retrievals are restricted during cloudy periods. As a 
result, the TROPOMI XCH4 record contains data gaps caused by cloud 
screening, retrieval filtering, and periods of satellite downtime. Specif
ically, no XCH4 data were available between July 26 and August 31, 
2022, due to an outage in the TROPOMI data provision system. In the 
following two chapters we compare the satellite XCH4 and XCO2 data 
with our ground-based data set first and then integrate satellite NO2 and 
HCHO data as proxies for reactive nitrogen and VOC and their associated 

emission sources. As satellite measurements are confined to their over
pass times we only consider bivariate plot data which aligns with the 
corresponding overpass time to ensure consistency in temporal 
sampling.

3.4.2. CH4: Satellite vs. surface-based bivariate plots
As illustrated in Fig. 8, the top panel presents background CH4 values 

from both the surface and satellite data. Notably, the satellite data shows 
some data gaps, especially close to the Bay of Galveston coast and to the 
North. These are usually surrounded by red pixels, which at times show 
some anomously steep gradients to adjacent pixels. These are most likely 
artifacts due to retrieval limitations which might occur in bright or 
humid coastal regions (land–sea mixing, sun-glint/surface-reflectance 
and cloud/aerosol effects), as pointed out by Mastrogiacomo et al. 
(2025). This may clearly affect the satellite data over the Houston area. 
We will not consider these areas. According to the bivariate plot, the 
lowest background CH4 values (~1.85 ppm) are observed in the 
southern and southeastern sectors, suggesting cleaner maritime air mass 
impact. In contrast, slightly elevated background levels (~2.00–2.05 
ppm) appear in the north and northeast, due to continental air masses 
with elevated concentrations of CH4 resulting from widespread 
land-based sources, including anthropogenic activities and microbial 
processes in soils. The TROPOMI satellite-derived background XCH4 
map (Fig. 8) shows values of around ~1.90 ppm (greenish shade), with 
cyan shades indicating lower XCH4 (1.88 p.m.) north and northeast of 
the MT within the eastern part of the urban core. The lowest values 
(~1.875 ppm) occur toward the southwest, with an additional low patch 
to the west. While the satellite XCH4 field shows a general gradient from 
lower values in the surrounding suburban areas to higher concentrations 

Fig. 7. EDGAR CO2 and CH4 flux (top) and EPA CH4 emission over Houston (below) for 2022 (Note: the McCarty landfill site marked by a red asterisk).
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toward the urban core, our in-situ data reveal more pronounced differ
ences between marine and continental background air masses. Inter
estingly, the Ship Channel region exhibits relatively low background 
values, which may represent part of this transitional gradient, but this 
cannot be fully evaluated due to the adjacent red pixels pointing towards 
satellite retrieval artifacts. The red CH4 enhancement north of MT in the 
surface map aligns with the cyan – green band (~1.88–1.90 ppm) seen 
in the TROPOMI XCH4 data. Both datasets show lower CH4 values to
ward the southeast, with the green areas in the surface map ligning up 
with the blueish region (~1.85 ppm) in the XCH4 map. Although the 
absolute magnitudes differ, the relative pattern of elevated CH4 
compared with the adjacent southern sector is clearly consistent.

The bottom panel of Fig. 8 illustrates a comparison between surface- 
based BLH-corrected ΔCH4 and TROPOMI satellite CH4 excess for 2022 
at 13:00 LST. It reveals both alignment and divergence in source attri
bution. The surface BLH-corrected ΔCH4 map resolves compact, high- 
amplitude plumes over sources (e.g., landfill and industrial facilities), 
unlike the TROPOMI ΔXCH4 data, which fails to identify these CH4 
enhancements. The surface-based plot reveals strong BLH-corrected CH4 
enhancements up to ~0.1 ppm across eastern and northeastern Houston 
coinciding with the McCarty landfill, major industrial and petrochem
ical corridors along the Ship Channel, Pasadena, and Channelview, 
while southern sector exhibits the lowest BLH-corrected ΔCH4 

(~0.04–0.05 ppm), with similarly low values likely extending to the 
west and northwest of the urban core. In contrast, the TROPOMI ΔXCH4 
field exhibits only modest enhancements, with much of the Houston 
domain showing greenish to bluish regions (≤0.032 ppm). However, it 
clearly identifies a maximum ΔXCH4 of ≈0.052 ppm centered over the 
Ship Channel. The surface-based BLH-corrected ΔCH4 map also iden
tifies the significantly enhanced ΔCH4 over the Ship Channel area, but in 
addition reveals strong enhancements over the urban core and the 
McCarty landfill with peaks up to ~0.10 ppm. In essence, while both, the 
bivariate plot and the satellite data, clearly identifies the CH4 en
hancements over the Ship Channel, the satellite fails to capture CH4 
enhancements over the urban core and does not resolve the distinct 
McCarty source observed in surface data.

3.4.3. CO2: satellite vs. surface-based bivariate plots
The surface-based bivariate BLH corrected ΔCO2 plot (Fig. 9) reveals 

strong localized enhancements exceeding 12 ppm over the northwestern 
and southeastern sectors of Houston, particularly near Jersey Village, 
Channelview, Pasadena, and La Porte. These hotspots correspond to 
regions of intense industrial and combustion activity, likely influenced 
by the Ship Channel and nearby urban traffic emissions. The enhance
ment patterns, derived from in situ measurements around 13:00 LST, 
indicate the accumulation of CO2 under relatively stable boundary-layer 

Fig. 8. Bivariate plots of background CH4 and TROPOMI XCH4 (top) and BLH corrected ΔCH4 and ΔXCH4 (bottom) at 13:00 LST for 2022. The red asterisk marks the 
monitoring site, and the red dot marks the McCarty Landfill.
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conditions. In contrast, the satellite-derived ΔXCO2 map (Fig. 9) shows 
more spatially diffuse enhancements (~5–7 ppm), concentrated mainly 
over central and eastern Houston, including the Pasadena–Baytown–La 
Porte corridor. The broader spatial footprint in the satellite retrieval 
reflects its vertically integrated column averaging, which inherently 
smooths fine-scale surface gradients and reduces sensitivity to near- 
surface emission plumes. The EPA 2017 gridded CO2 inventory 
(Fig. 7) further supports this contrast, it highlights emission corridors 
along highways and the Ship Channel but lacks the spatial granularity to 
resolve fine-scale hotspots observed in the bivariate plot. Together, 
these comparisons emphasize the added value of surface-based ΔCO2 
observations for identifying concentrated emission zones often under
represented in both satellite and inventory datasets.

3.4.4. NO2 and Co-location with ΔCH4 and ΔCO2
The TROPOMI NO2 map (Fig. 10) reveals peak tropospheric columns 

(~1 × 10− 4 μmol m− 2) over Houston’s downtown–East End corridor, 
particularly in Pasadena and the Ship Channel, consistent with dense 
vehicular traffic and combustion-related emissions from petrochemical 

operations. These industrial sources include flaring and combustion at 
refineries and chemical plants. The Ship Channel area also contributes to 
NO2 through marine diesel combustion, a major source of nitrogen ox
ides in port cities (Ramacher et al., 2020). This NO2 hotspot spatially 
coincides with elevated BLH-corrected ΔCH4 (~0.08–0.09 ppm) from 
the in-situ measurements, especially over the same corridor and landfill 
plumes to the northeast, indicating partial overlap in CH4 and NO2 
emission signatures (Fig. 8). Importantly, the BLH-corrected ΔCO2 map 
(Fig. 4) reveals a similar enhancement pattern over the Houston Ship 
Channel, with excess values exceeding 12 ppm, attributed to sustained 
industrial combustion, flaring, and transport activity. When comparing 
TROPOMI satellite data with our surface-based ΔCH4 bivariate plot, we 
find a strong spatial alignment between ΔCH4 and TROPOMI NO2 en
hancements over the Houston Ship Channel, highlighting this corridor 
as a key combustion-related emission zone. In contrast, the TROPOMI 
XCH4 data fail to resolve the sharp ΔCH4 peaks observed over Houston’s 
major industrial and landfill areas, instead displaying a broad, diffuse 
enhancement northeast of the city with limited correspondence to 
known emission sources. Liu et al. (2021) similarly reported that while 

Fig. 9. Bivariate plot of BLH-corrected ΔCO2 and OCO-3 XCO2 at 13:00 LST for 2022, using data from the GloCE v1.0 Global CO2 Enhancement Dataset (2019–2023) 
by Fan et al. (2025).

Fig. 10. NO2 TROPOMI Satellite data at 13:00 LST for 2022.

I. Karim and B. Rappenglück                                                                                                                                                                                                                 Atmospheric Environment 366 (2026) 121713 

13 



TROPOMI retrievals effectively captured regional-scale CH4 enhance
ments across Texas attributable to oil and gas production zones, live
stock operations, and wetlands the signal became spatially diluted when 
examined at finer urban scales such as Houston. Their maps indicated 
scattered enhancements in the southern part of the city, which diverge 
from our in situ observations, and like in this study, major localized 
emitters such as landfills were not adequately resolved. This discrepancy 
underscores the limitations of current satellite CH4 retrievals in 
capturing urban-industrial plumes, owing to coarse pixel resolution, a 
single daily overpass (~13:00 LST), and potential spatial offsets intro
duced by recurrent meteorological processes (e.g., land–sea breeze cir
culations) that influence boundary layer mixing during overpass time. 
Additionally, isolated high-value grid cells along domain edges likely 
represent retrieval artifacts from partial pixel coverage or land–water 
contamination and were excluded from interpretation. Despite these 
limitations, the co-occurrence of NO2, ΔCH4, and ΔCO2 enhancements 
clearly identifies the Houston Ship Channel as a dominant multi-source 
greenhouse gas hotspot, highlighting the complementary strength of 
combining satellite and surface observations for robust source 
attribution.

3.4.5. HCHO: Photochemical and VOC emissions
The satellite-derived HCHO columns (Fig. 11) exhibit broad, diffuse 

enhancements across the northwest, northeast and further to the east 
sectors of Houston, with peak values reaching ~2.0 × 10− 4 mol/m2. The 
areas north of Houston have widespread forested areas, mostly 
composed of coniferous trees, while the southern areas are covered by 
coastal prairie vegetation. These elevated HCHO levels to the north 
reflect HCHO produced in photochemical degradation processes of 
biogenic VOC emissions, which can be nicely captured by TROPOMI’s 
overpass at 13:00 local solar time, when biogenic emissions tend to 
reach daytime maximum. The enhanced HCHO levels to the east of 
Houston are associated with substantial anthropogenic contributions 
from industrial operations and combustion processes along the Houston 
Ship Channel, which can be both or primary and secondary origin (e.g. 
Rappenglück et al., 2010; Johansson et al., 2014b). Notably, this eastern 
corridor is also a key ΔCH4 hotspot, with surface-based measurements 
showing peak values of ~0.3 ppm, particularly over the McCarty landfill 
and Ship Channel industrial area. Similarly, ΔCO2 values in this region 
exceed 30 ppm, highlighting the area as a major hub of sustained fossil 
fuel combustion and flaring.

4. Conclusion

This study applies a methodology that bridges in-situ measurements 
with satellite observations to analyse CO2 and CH4 emission hotspots, 
alongside co-emitted tracers, in the Houston, Texas, area. This inte
grated approach improves understanding of GHG emissions in an 
urban–industrial environment influenced by both coastal and conti
nental air masses.

Seasonal variations in background CO2 and CH4 reflect distinct 
biogeochemical processes. CO2 declines from ~435 ppm in winter to 
~410 ppm in summer due to photosynthetic uptake, while CH4 de
creases from ~2.02 to ~1.88 ppm mainly via OH oxidation. Background 
levels differ regionally, with marine-influenced sectors (~410 ppm CO2, 
~1.85 ppm CH4) contrasting with continental sectors (>435 ppm CO2, 
>2.05 ppm CH4).

BLH-corrected ΔCO2 and ΔCH4 exhibit clear seasonal variability in 
local anthropogenic emissions. BLH-corrected ΔCO2 shows the strongest 
enhancements from January to March, often exceeding 50 ppm and 
peaking at ~139 ppm. It decreases to a summer minimum of ~9.5 ppm 
in July, then rises again through autumn, reaching ~22 ppm in October 
before slightly declining to ~18 ppm by December. BLH-corrected ΔCH4 
peaks in late winter to early spring (February–March) and early autumn 
(September–October), with maxima up to ~5.6 ppm. It declines from 
~0.11 ppm in April to a summer low of ~0.09 ppm in July, then rises 
again, reaching ~0.26 ppm in October before tapering to ~0.20 ppm by 
December. The 2022 mean ΔCH4/ΔCO2 ratio (9.4 ppb ppm− 1) is about 
25 % higher than Philadelphia’s winter in-situ value and ~65–70 % 
above EDGAR v8.1 and EPA estimates for Houston. Compared with 
recent satellite-derived ΔCH4/ΔCO2 ratios, Houston’s citywide value 
falls within the mid-range of U.S. urban centers, reflecting good cross- 
dataset consistency. Bivariate ΔCH4/ΔCO2 mapping further highlights 
major hotspots over the McCarty, Blue Ridge, and Coastal Plains land
fills (>40–70 ppb ppm− 1), which remain largely underrepresented in 
current inventories. In-situ measurements also detect sharp enhance
ments (~0.4 ppm CH4; >25 ppm CO2) at sites like the Ship Channel and 
McCarty landfill. Co-located satellite NO2 peaks (~1 × 10− 4 μmol m− 2) 
and HCHO enhancements (~2.0 × 10− 4 mol m− 2) confirm the Ship 
Channel as a multi-source hotspot. Our BLH-corrected in-situ approach 
overcomes these limitations by providing continuous, high-temporal- 
resolution observations that capture rapid emission events and full 
diurnal variability, enabling more accurate detection and attribution of 
fine-scale sources that single early-afternoon satellite overpasses miss. It 
also allows the detections of plumes in the satellite sub-pixel domain.

Fig. 11. HCHO TROPOMI Satellite data at 13:00 LST for 2022.
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