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Abstract: Global warming is a prominent concern receiving attention. Temperature fluctuations,
even within close geographical positions, result from diverse elements affecting heat absorption and
reflection. Urban areas tend to experience higher average temperatures than rural areas because
of increased human activities, this phenomenon is known as the urban heat island effect. Various
air quality assessment techniques indicate that methane emissions are higher in urban regions
compared to rural areas due to increased usage of natural gas for heating, cooking, and electricity
generation, as well as the higher concentration of landfills, wastewater treatment plants vehicular
traffic, and livestock farms. This study mainly focuses on methane emission as a parameter of
local warming. Investigations reveal location-specific irregular trends in temperature, studying
the link between relative methane concentration and temperature. The research, conducted over
a five-year period, investigates the intricate relationships between methane levels, humidity, and
temperature fluctuations and this detailed analysis offers a valuable perspective into the complexities
of urban climates.

Keywords: urban heat island effect; relative humidity; irregular trend; methane emission; temperature
fluctuation

1. Introduction

Rapid urbanization is the process of increasing urban population and urban land area.
Urban sprawl is a major driver of climate change. Urban areas are known to be warmer
than their suburban and rural counterparts. This phenomenon is called the urban heat island
effect [1]. The Urban Heat Island effect corresponding to the elevation of land surface temper-
atures profoundly alters urban ecological systems, as a chain of ecological and environmental
consequences across various urban aspects has been triggered by this effect [2].

Relative humidity depends on topography to some extent, for example, relative
humidity is markedly higher in valley bottoms and basins with low air movement [3].
Mold and mildew growth, wood rot, corrosion, and damage to materials and structures can
be caused by excessive relative humidity. Low humidity can cause crop stress, droughts,
and heat waves.

Temperature fluctuation between neighboring zones is mainly influenced by land use.
To release 1 unit of energy, less carbon dioxide is released from methane compared to coal
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or oil. Natural gas is primarily composed of methane which is a potent greenhouse gas.
Compared to carbon dioxide, methane has a greater capacity to trap heat [4].

The atmospheric tracer method is an integrated methodology by which methane
emissions from natural gas infrastructure and metropolitan areas can be efficiently located
and measured [5]. The implementation of the Global Warming Potential Star methodology
provides a more realistic estimate in comparison to the traditional global warming potential
100-year method in the case of assessing the climate warming contribution of methane
emissions from livestock production [6]. There is a nexus between anthropogenic heat
flux and urban heat islands [7]. Existing research has focused on methane’s role in the
atmosphere as a major contributor to global warming.

To assess medium-term changes in land surface temperatures, we utilized MODIS
8-day Land Surface Temperature data. Both datasets are accessible through Google Earth
Engine (GEE), a cloud-based platform designed for geospatial analysis. GEE offers a
diverse catalog of multi-source data and extensive computational capabilities, making it a
valuable tool for exporting and analyzing data related to various societal and environmental
issues [8]. The objective of the research is to provide rationales that variation of methane
emission in different locations, has an apparent connection with contrast of temperature
within closely spaced areas of Alleghany County and its surrounding areas, incorporating
the linkage of relative humidity and disparity at day and night.

2. Methods
2.1. Data

This study mainly uses secondary data from satellites which are available on the
internet. Data on relative humidity was provided in the CSV file for the same time, date,
and location along with the temperature data. The data were sizable and unorganized. The
file contained data on temperature and relative humidity for almost 87 locations from the
time period December 2016 to December 2021. Within this period, temperature and relative
humidity were recorded 15 min apart. With the help of data analysis tools, the massive
data was cleaned and structured. The average monthly temperature was obtained for day
and night separately.

2.2. Study Period and Study Area Selection

Though the provided file contained data for all 12 months, the data were discontinuous,
therefore contrast between locations was analyzed for the hottest month, July, only. As
the dataset was fragmented and the available data were focused on Allegheny County. So,
Allegheny County, Pennsylvania was chosen as the study area.

2.3. Anomaly Detection

Anomaly detection is a crucial task in data mining that deals with identifying data points
that deviate significantly from the rest of the data points. One of the methods for detecting
anomalies is using trendlines. Trendlines are used to identify patterns in data and can be used
to detect anomalies by comparing the actual data points with the predicted values [9].

2.4. Simulation by ArcMap

The sorted dataset was imported to ArcGIS. The spatial analysis was completed
with the help of Arc Maps. Stretched values on the color ramp were used to overlay
methane concentration data on ArcMap. The gradient maps are visual representations of
temperature, relative humidity, and methane emission variations within adjacent regions.
The color symbology was used to indicate temperature and relative humidity ranges [10].

2.5. Collection of Methane Emission Data

Leveraging the capabilities of Google Earth Engine, Synthetic Aperture Radar imagery
helps to combine the benefits and coverage of free Sentinel 2 imagery, the parallel processing
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power of GEE cloud, and the accuracy of deep learning algorithms to develop models for
slick behavior under diverse climatic and hydrodynamic conditions [11].

Sentinel-5P Precursor Offline Methane dataset has been used which provides offline
high-resolution imagery of methane concentrations. Using the Google Earth engine, a
raster image was prepared for the study area. After exporting it into ArcMap, 10.8 random
100 points were created and the temperature (◦C) and methane concentration values of
the same latitude and longitude were extracted and stored in a file. The Fifth Generation
European Reanalysis (ERA5)-Land Monthly Aggregated dataset, provided by the European
Centre for Medium-Range Weather Forecasts (ECMWF), offers a consistent perspective
on the evolution of land variables over several decades. It provides enhanced resolution
compared to ERA5. The asset which was used in this study was a monthly aggregate of
ECMWF and ERA5 Land hourly assets which includes both flow and non-flow bands.
Using this dataset we calculated the mean temperature of 2018–2022 and finally exported
the data into ArcMap 10.8. Finally, we extracted the land surface temperature value for
100 points. The relation between the two variables, surface temperature, and corresponding
methane emission was visualized through a scatterplot.

3. Results and Discussion
3.1. Data Analysis

The temperature, relative humidity, and daily methane emission were compared with
the help of maps, and significant fluctuation was noticed in the nearby vicinity.

3.2. Excessively High or Low Temperature in Certain Locations during Daytime

By analyzing data from five years, the temperature was highest in Mckees Rock
(33.47 ◦C) and lowest in 27 Coursin Road (25.2 ◦C). Beside that, the surface temperature
was massively high in Sewickly_1, Market Square, and Uptown. From the map, we can
observe that the day temperature was low in Brighton Heights, Aspinwall, Morris St EAW,
1500 Grant Street, and Goodman Street.

3.3. Excessively High or Low Temperature during Night

Observing the data from five years, night temperature was never below 19.72 ◦C or
higher than 24.62 ◦C. So, it can be said that night temperature has been at a tolerable level
within Alleghany County.

3.4. Excessively High or Low Relative Humidity during Day

During the daytime relative humidity was found to be lowest in Mckees Rock (47.08%)
and highest at 27 Coursin Road (76.46). Other than that, comparatively low relative
humidity can be observed at Sewickley_1, Uptown, and Market Square. On the other hand,
relative humidity is higher in Brighton Heights, Aspinwall, 210_ allas, Morris St EAW, and
Grant Street.

3.5. Excessively High or Low Relative Humidity during Night

During the night we can see that relative humidity was at a high level at Aspinwall,
27 Coursin Road, Morris St EAW, and Coal Valley Road. It is highest at 27 Coursin Road
(86.68%). On the other hand, relative humidity at night was lowest in 210 Dallas (68.24%).
Besides that, relative humidity was low at Mckees Rock, Market Square, Beth Shalom,
and Walnut Street. For time period 2017–2021 the average temperature during day time,
average night temperature, day time average relative humidity and night time average
relative humidity are shown respectively in Figures 1–4.
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3.6. Relation of Relative Humidity with Temperature

The plots are drawn to indicate average temperature and relative humidity data for
five years’ timespan. Separate plots are drawn for day and night. Though there is no
definite relation between temperature and relative humidity, for most of the locations high
relative humidity corresponds to low temperature. On the contrary, low relative humidity
corresponds to high temperature. This is why the trendline for relative humidity has gone
downwards and the trendline for temperature has gone upwards. Spatial variability such
as geologic position, land use topographic condition, and terrain exposure such as solar
exposure, wind exposure, terrain roughness, slope exposure, and hydrologic exposure are
probable factors that influence the absolute and relative humidity, and those factors are also
related to temperature. The outliers of the trendlines are 27 Coursin Raod with high daytime
relative humidity and 4935 Hatfield Street, Market Square, and Mckees Rocks with very
low daytime relative humidity. Excessive temperature has been observed in Alison Barth
which is 32.6 ◦C Market Square which is 33.45 ◦C and in Mckees Rocks which is 33.47 ◦C.
Some other anomalies detected in the trendline are 27 Coursin_Road (86.68%) and Aspinwall
(86.05%) which show higher relative humidity than other points and Beth Shalom (65.61%)
which displays excessively low relative humidity at night. For timespan 2017–2021, relation
of average relative humidity with average day temperature and relation of average relative
humidity with average night temperature are depicted in Figures 5 and 6.
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3.7. Methane Emission

From Figure 7, it can be observed that methane emission is comparatively less in
Franklin Park, Pine and McCandless, and West Alleghany, whereas methane concentration
is high at Pittsburgh, Baldwin Whitehall, and Brentwood Borough SD. As for the rest of the
areas in Alleghany County, methane emission is at a moderate level.

Eng. Proc. 2023, 56, x FOR PEER REVIEW 6 of 8 
 

 

 
Figure 6. Relation of Relative Humidity With Temperature During Night. 

3.7. Methane Emission 
From Figure 7, it can be observed that methane emission is comparatively less in 

Franklin Park, Pine and McCandless, and West Alleghany, whereas methane concentra-
tion is high at Pittsburgh, Baldwin Whitehall, and Brentwood Borough SD. As for the rest 
of the areas in Alleghany County, methane emission is at a moderate level. 

 

Figure 7. Methane Emission(ppb) Per Day in Different Locations of Alleghany County. 

3.8. Relation of Temperature with Methane Emission 
The scatterplot displays a connection between two variables, the yearly average tem-

perature and daily methane emission (in ppb) of the same place. The Pearson correlation 
coefficient is used to show the strength and direction of the linear relationship of these 
two variables. The correlation of yearly temperature with methane emission is displayed 
in Figure 8. 

Figure 7. Methane Emission(ppb) Per Day in Different Locations of Alleghany County.

3.8. Relation of Temperature with Methane Emission

The scatterplot displays a connection between two variables, the yearly average
temperature and daily methane emission (in ppb) of the same place. The Pearson correlation
coefficient is used to show the strength and direction of the linear relationship of these
two variables. The correlation of yearly temperature with methane emission is displayed
in Figure 8.
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The influence of heat cannot be solely attributed to sunlight levels as there are other
significant factors to be considered. The Pearson correlation coefficient was found to be 0.76,
which indicates a strong positive linear relationship. The Pearson correlation shown in this
research is based on empirical data. The remote sensing data used in this correlation study
are worth producing desired outcomes. The positive sign of the correlation coefficient
indicates that as the average methane emission per day increases, the yearly average
temperature is likely to increase as well.

4. Conclusions

This study mainly covered the indications that, even in geographically proximate
regions where sunlight intensity is almost the same, temperature can vary up to 4 ◦C or
5 ◦C and the relative humidity can differ as much as 17%. This sharp contrast is exhibited
within contiguous zones due to several variables among which methane concentration is
likely to be a significant factor according to the analysis that this research shows. Methane
has 28 times the global warming potential of carbon dioxide over a 100-year timeline and
at the same time, it is 84 times more potent on a 20-year timescale [12]. Methane’s molar
heat capacity at constant pressure (Cp,m) is approximately 35.8 J/mol K. On the other
hand, the molar heat capacity of methane at constant volume (Cv,m) is approximately
27.4 J/mol K [13]. The gradient maps along with the trendlines provide grounds for a
connection between relative humidity and methane concentration with temperature, as
the relative humidity shows the opposite trend with temperature and methane shows a
positive correlation. Hence, there are strong grounds for disparity of temperature within
different locations in our study area. Further assessment of data provided by Google
Earth Engine was helpful in deriving concise deductions to rely on. To extract data from
Google Earth Engine, complex algorithms were applied and as a result, the obtained
deduction from the analysis of these data were reliable. Our findings might have significant
implications for understanding and mitigating the effects of climate change as methane is a
powerful greenhouse gas that traps heat in the atmosphere. Notably, regions with elevated
temperatures tend to display a higher vapor-holding capacity in the air, resulting in lower
humidity levels compared to the saturation point. A higher degree of relative humidity
may have negative effects on human health, comfort, productivity, and ecosystems. Other
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air quality parameters, surface features and meteorological factors must also be considered
alongside relative humidity and methane to fully identify the causes of local warming.
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