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Abstract

We present a comprehensive accounting and scenario discovery framework for sector-specific
regional greenhouse gas emissions. Three regions in Connecticut, namely Bridgeport, Hartford, and
New Haven, served as case studies. Our inventory approach combines bottom-up and top-down
approaches, relying on readily available data sources. Via scenario discovery, we explore a range of
plausible emissions outcomes in a stylized parameter space under reasonably bounded assumptions,
which results in robust decarbonization scenarios at three levels (Mild, Moderate, and Major). The
data-driven scenario narratives, accompanied by sensitivity analyses, highlight the importance of
truck mileage, grid emissions factors, residential fossil fuel use, and commercial emissions for
mitigation planning. Our results demonstrate that regional variability and multisectoral approaches
are relevant for robust mitigation. Ultimately, we expect that this framework can be readily deployed
to other regions and can serve as an exploratory screening tool to identify key areas of focus for
equitable and effective emissions mitigation planning.

1. Introduction

Given the growing climate crisis, there is an urgent need for relevant and targeted greenhouse gas (GHG)
emissions mitigation planning. To this end, GHG emissions inventories are important for understanding
emissions drivers and, consequently, developing effective mitigation strategies. The Intergovernmental Panel
on Climate Change (IPCC), launched by the United Nations, provides scientific assessments on climate change
and mitigation strategies, emphasizing the need for emissions inventories to track progress and inform policy
decisions [1-3]. In response to these efforts, several countries are actively developing comprehensive
inventories and mitigation strategies [4, 5]. An important international effort was the Paris Agreement, signed
in 2016, which aims to restrict the rise in global average temperature to well below 2 °C above pre-industrial
levels [6]. Yet, today, this agreement has been severely challenged as nations grapple with the complex realities
and the deep uncertainties of economic and socio-political implications of mitigation [7].

Nationwide [8—10] and statewide (or provincial) [ 1 1-14] GHG emissions inventories have been well estab-
lished. Yet, metropolitan and municipal inventories are arguably more crucial for identifying targeted mitiga-
tion strategies [ 15, 16]. Such strategies can be targeted to address specific community needs while promoting
stakeholder and public participation in climate action efforts [ 17—19]. In a notable study, inventories for 100
US metropolitan areas were developed using a unified accounting framework, shedding light on emissions
trends across different urban landscapes for the years 2002 and 2014 [20]. Another large-scale effort inventor-
ied emissions for nearly 300 prefecture-level cities in China, usinga 2005 benchmark [21]. Similar efforts in
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Europe include inventories in Portugal [22], Sweden and Italy [23], each focusing on a single region. Other
efforts identifying primary emissions contributors in a given region include Anji County in China [24], Bang-
kok [25], San Francisco [26], and the San Luis Valley of Colorado [27].

Traditional scenario planning has historically been used to explore plausible emissions futures by develop-
ing narratives based on key driving forces [28, 29]. However, this traditional top-down approach depends lar-
gely on fixed, limited and extreme assumptions, which often fail to capture the full complexity of the system.
Scenario discovery (SD) was then developed to address these limitations using an approach that enables robust
decision-making under deep uncertainty [30-33]. In SD, states representing possible joint outcomes of uncer-
tain parameters are generated using computational experimental design approaches and then evaluated under
possible strategies [34]. The resulting ensemble of futures is then mined to obtain relevant scenarios based on
specified performance metrics [35, 36]. Ultimately, SD finds data-driven robust clusters of future outcomes
that can then be used to define narratives of interest and aid decisinon-making. We note that scenario discovery
is distinct from the scenario-based forecasting approach which uses statistical models (such as, multiple regres-
sion analysis and autoregressive integrated moving average) to predict future emissions trends based on exo-
genous variables or external factors such as energy use and climatic variables [37—41]. More specifically,
scenario discovery focuses on discovering robust clusters of future outcomes given specified performance tar-
gets (which may or may not include forecasting), as it minimizes the chance of overlooking important combi-
nations of factors [42—44]. Meanwhile, traditional scenario-based forecasting emphasizes computing or
predicting target variables based on a pre-determined scenario narrative.

SD has been successfully applied for robust decision-making in applications such as water resource plan-
ning [31], energy supply [45], and climate adaptation [46—48]. Despite these efforts, no study has yet investi-
gated robust regional mitigation approaches based on emissions inventories under deep uncertainty. Most
existing urban emissions inventories are based on deterministic models that assume static activity and fixed
emission factors [49]. In contrast, the scenario discovery approach can capture systematic variability and offer
insights for robust emissions mitigation planning. There is also a dearth of research focused on identifying key
drivers of regional multisector greenhouse gas emissions and discovering climate change mitigation scenarios
using scenario discovery.

To address these gaps, we make the following contributions in this paper. Significantly, we integrate an
inventory estimation approach with a data-driven scenario discovery to obtain actionable decarbonization sce-
narios. This integration of detailed inventory estimates under deep uncertainty for robust mitigation scenarios
isa firstin the literature. Our integrated framework also facilitates mitigation planning at multiple dec-
arbonization levels, as we demonstrate with three targets. Furthermore, we explicitly account for uncertainty in
activities and influencing factors across multiple sectors. We demonstrate the outcomes of our framework
using three regional case studies in the US state of Connecticut. The variability in the results further highlight
the importance of regional-level decision-making for more effective emissions mitigation.

2. Methodology

First, we developed a detailed and replicable mixed accounting approach to estimate regional GHG inventories,
combining bottom-up estimation based on activity data, in addition to the top-down method of downscaling
state-level emissions using appropriate indicators. Second, we also conducted a quality assessment of the
inventory to validate our inventory results. We further developed an interactive dashboard to promote
engagement and planning *. Third, we applied a scenario discovery approach to obtain data-driven scenarios
that shed light on actionable scenarios that lead to robust emissions reduction outcomes. The flowchart of our
research approach is shown in figure 1. As an aid to the reader, all acronyms and symbols used in this paper are
described in table 1.

2.1. Study areas

Three planning regions in the northeastern US state of Connecticut, namely Bridgeport, Hartford, and New
Haven, served as the case study areas. The Bridgeport region comprises the Bridgeport-Stamford-Norwalk
metropolitan statistical area (MSA) and the towns of Bridgewater and New Milford. The Hartford region
comprises the Hartford-east Hartford-Middletown MSA and the towns of Colchester, Lyme, and Old Lyme.
Finally, the New Haven region is the New Haven-Milford MSA. Maps of the planning regions are shown in
figure 2. Population, housing, and gross domestic product (GDP) are summarized in Supplementary
Information (SI) table 7. (Heat maps of population, forestry and agricultural area distributions are shown in SI
figure 2.)

4 .. . . .
Greenhouse gas emissions interactive dashboard: ctghginventory.narslab.org
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Figure 1. Flowchart describing the regional GHG emissions inventory and scenario discovery framework.

2.2. Data sources

We accounted for emissions from seven sectors: Mobile Combustion, Electricity Consumption, Solid Waste,
Stationary Combustion (comprising Residential, Commercial, and Industrial subsectors), Agriculture, Waste-
water Treatment, and Forestry, which sequesters carbon dioxide [50, 51]. Emissions from Electricity
Consumption are considered as indirect emissions while the rest of the sectors are direct emissions. Direct
emissions are released from activities that occur within the location of attribution, while indirect emissions are
those generated in a different location to enable activities in the place of attribution [52, 53].

We gathered relevant activity and indicator data, as well as available emissions estimates, from various
sources (summarized in table 2). We obtained daily vehicle miles traveled (VMT) for each of the relevant coun-
ties from the Connecticut Department of Transportation (CTDOT) [54], and vehicle-type distributions from
the Federal Transit Administration [55]. Vehicle fuel economy data were obtained from the EPA’s Local Gov-
ernment Greenhouse Gas Inventory Tool (LGGIT) [56]. County-level electricity consumption data were
obtained from EnergizeCT [57]. Industrial emissions and Solid Waste emissions, including those from solid
waste combustion and landfill methane emissions, were directly acquired from the EPA Facility Level Informa-
tion on GreenHouse gases Tool (FLIGHT) database [58](Further details are provided in SI tables 1 and 2). Data
collected for the Residential subsector included household fuel consumption distributions from the American
Community Surveys (ACS) [60] and statewide fuel consumption from the Energy Information Association
(EIA) [59]. Commercial building footprints were obtained via OSMnx, a Python package [61]. Agricultureland
area, wastewater facility counts, and forestry data were obtained from the United States Department of Agri-
culture (USDA) [63], EPA National Pollutant Discharge Elimination System (NPDES) permit dataset [64], and
the Connecticut Land Cover database [65], respectively.

We considered 2021 as the reporting (base) year of the inventory, as it had full coverage among
all the sectors. (Base year activity data are shown in SI table 6.) Corresponding GHG-specific emissions
factors (EFs) for each activity obtained from United States EPA Emissions Hub [66] are summarized in SI
table 8.
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Table 1. List of mathematical symbols and their meanings, with symbols for emissions estimation and scenario discovery separated by a
horizontal line.

Category Symbol Description
Sector A Agriculture
£ Electricity consumption
F Forestry
M Mobile combustion
S Stationary combustion
S, Residential subsector
S, Commercial subsector
S; Industrial subsector
W Solid waste
T Wastewater treatment
Parameter A Total area (of building footprint, forestry, fertilizer land)
ac Amount of carbon dioxide sequestrated per unit of carbon (3.67)
My Fuel economy (miles per gallon) for vehicle type v
Yy Global warming potential for greenhouse gas g
N, Number of sectors
rc Carbon sequestration factor (2.23 metric tons of carbon per hectare)
1% Vehicle miles traveled (VMT) for vehicle type vin region R
€4 Effectiveness of fertilizer ¢
7R Regional proportions of building footprint, fertilizer, and wastewater facilities relative to state totals
Nens Percentage of nitrogen lost in fertilizer ¢ due to evaporation
N Percentage of nitrogen in fertilizer ¢
Psg GHG emissions factor for sector sand gas g
Indicators ¢ Fertilizer type (manure, organic, synthetic)
f Fuel type (natural gas: nat; propane: pro; heating oil: oil)
R Regional level
N Statewide level
s Sector
v Vehicle type (passenger car: car; bus: bus; truck: tru; motorcycle: mot)
Variables Gfg GHG emissions g from fuel combustion in sector s in region R
Gy Total GHG emissions in baseline state
G, Total GHG emissions in state n (future)
AG, Relative change in emissions with respect to the baseline emissions G
Nis Number of households using a specific fuel type
Ny Number of wastewater treatment facilities
R Quantity of given activity in region R for sector s
QS Quantity of given activity at state level for sector s
Scenario Discovery By Box from patient rule induction method
LR A subset of input parameters defining box k
x, € RP Vector of uncertain parameters in state n
zR Percentage change in emissions relative to the baseline
Pk Density of box k
Th Categorical indicators for decarbonization targets
IR Subset of states in region R within target range 7
or Coverage of box k

2.3. Emissions calculation

We estimated regional greenhouse gas emissions using a physical equation combining bottom-up approaches
(Mobile Combustion, Electricity Consumption, and Residential subsector), a top-down approach of downscaling
statewide estimates (Commercial subsector, Agriculture, Forestry and Wastewater Treatment sectors) and direct
use of available regional estimates (Solid Waste and Industrial subsector). These three components are
summarized in the subsections below, while further details on sector-specific emissions calculations are
provided in appendix Appendix B.

2.3.1. Bottom-up approach
For a given activity (e.g. miles driven by a certain vehicle type, or amount of electricity consumed), the relevant
emissions factors (EFs) were multiplied to obtain the greenhouse gas emissions estimate:

4
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Figure 2. Map of town boundaries and planning region areas in Connecticut.
Table 2. GHG emissions sectors, input data, and sources.
Sector Inputs Year Source
Mobile Combustion Vehicle miles traveled (VMT) 1966-2022 CTDOT [54]
Statewide vehicle type distribution 2021 FHWA, DOT [55]
Vehicle fuel efficiency 2021 LGGIT [56]
Electricity Consumption Electricity consumption 2016-2022 EnergizeCT [57]
Solid Waste Landfill emissions 2010-2022 FLIGHT [58]
Waste combustion emissions 2010-2022 FLIGHT [58]
Stationary Combustion Household heating fuel consumption 2021 EIA [59]
Number of households using each heating fuel 2010-2021 ACS[60]
Commercial building footprint 2021 OSMnx, Python [61]
Statewide commercial emissions 1990-2021 DEEP [62]
Industrial facility emissions 2010-2022 FLIGHT [58]
Agriculture Land area of fertilizer type 2017 USDA [63]
Nitrogen content and lose 2021 LGGIT [56]
Statewide agricultural emissions 1990-2021 DEEP [62]
Wastewater Treatment Number of wastewater treatment facilities 2021 CT NPDES Permits [64]
Statewide wastewater emissions 1990-2021 DEEP [62]
Forestry Forestland area 2015 2015 Land Cover [65]
Carbon sequestration factor 2021 LGGIT [56]
R __ R
Gs,g - ps,g 58 (1)

where Gfg are the direct emissions g from fuel combustion in sector s and region R, p is the GHG-specific
emissions factor—the amount of a given greenhouse gas emitted per unit of a certain activity— and Qfg is the
quantitative measure of the activity. Three types of GHG are considered in our inventory: carbon dioxide
(CO,), methane (CH,), and nitrous oxide (N,O). These gases are converted to carbon dioxide equivalents
(CO,e) based on their respective global warming potentials (1)) obtained from IPCC [67] (see SI section 1.2 for
detail). We then obtained greenhouse gas emissions G;" for sector s and region R (in MMTCO,e) as:

Gl =", GY )
g

2.3.2. Top-down approach

For sectors where low-level activity data were not available, we downscaled statewide emissions using the
proportion of arelevant indicator in the region relative to the state (e.g. fertilizer-treated land, number of
wastewater treatment facilities) to obtain regional emissions GX as follows:
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Table 3. Parameter changes across explored states relative to baseline activity values, showing upper and lower percentage bounds).

Baseline activity value Range
Label = Parameter
Lower Upper
Bridgeport ~ Hartford ~NewHaven  Units bound bound
X1 Passenger car vehicle miles 2.90 4.25 2.81 billion miles -1 0.2
traveled
X2 Trucks vehicle miles traveled 4.00 5.86 3.87 billion miles —1 0.2
X3 Passenger car fuel efficiency 24.1 24.1 24.1 mpg 0 1.5
X4 Grid emissions factors 543.85 543.85 543.85 Ib/MWh -1 0.2
Xps Residential fuel oil consumption 83.10 115.90 74.62 million gallons -1 0.2
X6 Residential propane 13.43 19.33 9.98 million gallons -1 0.2
consumption
X7 Residential natural gas 10447.55 14203.39 9988.50 million cf —1 0.2
consumption
Xng Commercial Emissions 0.73 1.60 0.96 MMTCO,e -1 0.2
X0 Industrial Emissions 0.11 0.35 0.34 MMTCO,e -1 0.2
GR = 78GS 3)

where 7X represents the proportion of an indicator (such as building footprint, agricultural fertilizer amount,
or wastewater facility) at the regional level relative to that at the state level, while G are the statewide sector-
specific emissions.

2.3.3. Direct estimates
For the Solid Waste sector and Industrial subsector, GHG estimates (Gﬁ; and G f;f_, respectively) were obtained
directly from existing datasets, requiring no further estimation.

2.3.4. Total baseline emissions
The total baseline emissions is given by the physical equation summing up contributions from all sectors. Thus,

R

Pm, ,vVv

Go' =2 | 2| Tamcoy | + pecQE ; PsefQ | T GL+GE +GL+GE+GR+GE (@
4 v v

In the above equation, g € , v € {car, tru, bus, mot} indicates vehicle type (passenger car, truck, bus, and
motorcycle, respectively), p, v 18 the GHG-specific and vehicle-specific mobile combustion emissions factor

(EF) and VX the VMT for vehicle type vin region R. Pg,q is the GHG-specific EF for electricity generation while
QX is the electricity consumed in region R. G £ and G 5 are the regional GHG emissions for the commercial and
industrial subsectors. The last four terms in the equation (G}, G%, G}, GF)are the regional GHG emissions

for the commercial and industrial subsectors, and for agriculture, solid waste, wastewater and forestry sectors,
respectively.

2.4. Scenario discovery

We sampled nearly 2 million states (equally likely combinations of uncertain parameters). In each region, we
then evaluated all states using the physical equation shown in the previous section, resulting in a collection of
futures. The performance metric of interest was the percentage change in emissions in that state relative to the
baseline. We defined 3 performance target levels (Mild, Moderate and Major) and then implemented a
clustering algorithm to find robust scenarios, the analyses of which provided insights into relevant activity
parameters to guide mitigation planning efforts.

2.4.1. State generation

We identified nine activity parameters as uncertain (see table 3). These parameters were implemented as factors
indicating percentage change in the corresponding activities. We then used the Latin Hypercube sampling
method to obtain plausible joint outcomes across these 9 parameter ranges. Each of these outcomes is referred
toasastate x, € RP, where D =9. The set of states is given as:

S = {x1, %,...,X,} (5)

Thus, we generated |S|= 1,953,125 (59) states for each of the 3 regions.

6
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2.4.2. Evaluation of futures

We then evaluated each state x,, using the physical emissions calculation described in the previous section,
resulting in corresponding emissions futures z,X. For each sector, we multiplied the relevant activity parameter
by its corresponding uncertainty x,,4 (in terms of proportion). We define GX as the emissions computed via the
physical equation for state n:

R
_ _ pMCg vVv
GR _ (1 =+ x]I(vfcar) =+ xﬂgvftru) 4 xﬂgve{bus,mot})) >8>
n Xg: XV: nl n n [1 +x”]13(’v:car)]n]‘1)(g:COZ)

+ (1 + %) g QF + 21+ 2,70 4+ x 7P 4 x 7m0y 5 0 Qf]
f

+ (14 x) G5 + (1 + x9)G5 + Gi + GF + Gy + Gf (6)

Thus baseline emissions, G(fe, are obtained when x,,; =0 V d. The change in the total emissions for each state n is
then defined as

AGR = GR — G{ (7)
We can then write the equation for AGF as:
v
[1 + xr]gv: car)] nil/(g: CO,»)

AGH =Y [E [@%V- T
g v

+ xn4p&gQ§ + Z[(x%f:ml) + xr]}éf:})ro) + x%f:nat))ps,,g,fQ 5] + Ggfan + Géxn9 (8)
f

Ultimately, we define each region-specific future outcome z as the percentage change in the emissions

computed in state n relative to that of the baseline. Thus:
AG,
zy = BAG, = == x 100%. )
Go

We investigated three performance ranges in terms of percentage emissions reduction: [ — 30%, — 50%],
[ —50%, — 70%], and [ — 70%, — 90%], corresponding to Mild, Moderate and Major decarbonization, respec-
tively. Specifically, for each future, we assigned a categorical indicator 7, according to which threshold range
the outcome falls into:

1, ifz} € [~30%, —50%],
= {[2pt]2,  ifz} € [—50%, —70%], (10)
[2pt]3,  ifzX € [—70%, —90%],

For each region, the subset Z¥ identifies the states x,, that result in futures within the specified performance
threshold category 7,

IR={xlm )}, me(l,2,3) (11)

2.4.3. Patient rule induction method

We applied the Patient Rule Induction Method (PRIM), a rule-based statistical algorithm [68], to identify
clusters (or boxes) of futures corresponding to the intended target ZX. For each region, PRIM generates a
collection of multidimensional boxes BX = {Bf, BX,... }, where each box B is defined by a range of limiting
constraints on a region-specific subset of input parameters L C {1,...,D}, where D is the length of the
uncertainty vector:

BE = {x)af, < xpa < bR, de LY. (12)

Boxes are iteratively generated starting from those with the highest coverage (and lowest density) to those with
the highest density possible [32, 35, 68]. Coverage 2 is defined as the ratio of the total number of outcomes of
interest in the box B{¥ to the total number of outcomes of interest across the entire sample space X :

ZxﬂeB,f I(x, € I%)
R b
ane CAESNAD)

Successive boxes are then obtained by iteratively reducing the limits L in the dimension that maximizes density
[68]. In this context, density pf is defined as the ratio of the total number of the outcomes of interests in a box

of =

(13)

B,fz to the number of cases in that box. Thus,



I0P Publishing

Environ. Res. Commun. 8 (2026) 031008

B Letters

(A)

Bridgeport Region

2.97
(40.1%)

1.72
(23.2%)

2.33
(31.4%)

; 4.36 1.79 4.01 ]
Hartford Region (40.1%) (16.5%) (37.0%) L
. 2.88 1.31 2.66
New Haven Region (41.3%) (18.9%) (38.1%)
-2 -1 0 1 2 3 4 5 6 7 8 9 10

GHG Emissions (MMTCO,e)

(B)

Connecticut
Bridgeport Region (3?5.%10/0) (213'.‘;?4,) (321'.124.)
Hartford Region (39.9%) (16.7%) (37.0%) |
New Haven Region (431'.313%) (1}3'.33@ (3%.}34)
-7 -6 =5 —4 =3 -2 =1 0 1 2 3 4 5 6 & 8 9 10 11 12

GHG Emissions Per Capita (MTCO,e)

Bl Solid waste
B Wastewater treatment

I Mobile combustion
I Electricity consumption
I Stationary combustion

[ Agriculture
B Forestry

Figure 3. Emissions plots: (A) Total GHG emissions across all sectors, (B) Emissions per capita. (The carbon sequestration is not
included in the total carbon emissions calculation; only the net carbon emissions are considered.).

R
R Zx,,eB,f I(x, € I7)

p =
¢ aneBkR 1

(14)

The optimal box is then selected to maximize density, coverage and interpretability (i.e. the ideal box would
be restricted by the fewest possible number of uncertain dimensions in order to provide a useful narrative).
Such a box then yields a high-interest data-driven scenario narrative [31]—analyses of which can guide future
mitigation planning. We also term the discovered scenarios as robust, given that they span futures that balance
the success tradeoff between coverage and density.

3. Results

3.1. Baseline greenhouse gas emissions

Percentage emissions contributions by sector are shown along with those of the entire state of Connecticut in
figure 3(B). In general, Mobile Combustion had the highest percentage contribution relative to the total
emissions in the three regions and the state (40%—-43%). However, the relative contributions of Electricity
Consumption at the regional level (23%, 17%, and 19% in Bridgeport, Hartford, and New Haven, respectively)
were much higher compared to the state-level contribution of 9% from the same sector. The reverse is observed
in Stationary Combustion, where the regional contributions are 32%, 37%, and 38% (in Bridgeport, Hartford,
and New Haven, respectively), which are lower than the statewide share of 41%. Sequestered carbon dioxide
from Forestry accounts for approximately —10%, —18%, and —9% of the total emissions in the Bridgeport,
Hartford, and New Haven regions, respectively. (A detailed breakdown of forest area by type is illustrated in SI
figure 1).

Opverall, regional per-capita emissions, accounting for sequestered carbon emissions from Forestry, were
6.8,7.2,and 7.4 MTCO,e for Bridgeport, Hartford, and New Haven, respectively. In contrast, per-capita emis-
sions for the entire state amounted to 3.4 MTCO,e, indicating greater intensity in these regions. However, we
observe lower regional per-capita emissions in the Mobile Combustion, Stationary Combustion and Solid Waste
sectors compared to the statewide values. The reverse is the case for Electricity Consumption.

Further, we find that fossil fuel combustion in either Mobile Combustion or Stationary Combustion accoun-
ted for the greatest emissions in all regions, as shown in figure 4. Among all the activities, diesel-based trucks
contributed the highest emissions (25% of total emissions) across all three regions. After truck emissions, resi-
dential buildings have the second highest emissions among all activities. These comprise the combustion of

8
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Figure 4. Total emissions in each region broken down by activities.
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Figure 5. PRIM trade-off curves are shown for three decarbonization scenarios across different regions, with selected scenarios in
each region outlined in red.

natural gas, heating oil, and propane for heating and cooking. Among the mobile sources, the next highest was
automobile passenger cars, with buses contributing the lowest amount of emissions among other vehicles.

3.2. High-interest data-driven decarbonization scenarios

For each of the three decarbonization targets and in each of the three regions, we selected the optimal robust
scenarios from the tradeoff curves generated by PRIM (see figure 5). In the Mild and Moderate ranges, we
identified pareto-optimal scenarios at about 60% density and coverage across all 3 regions. In the Major cases,
however, it was impossible to achieve a density beyond 20%, which points to the difficulty of achieving this level
of decarbonization, as the number of relevant futures is fewer. Attaining these scenarios would thus require
more effort and focus. Figure 6 shows the distribution of emissions for each decarbonization scenario across the
three regions. Figure 7 illustrates how the features of uncertainty parameters restrict each of the selected
scenarios. Narrower ranges indicate greater influence on the constrained scenario space. Four features
consistently show as significant: truck VMT, electricity grid emissions factors, commercial emissions, and
residential fuel oil consumption.

3.3. Sensitivity of emissions change to the activity parameters

We analyze the sensitivity of the changes in emissions to activity data, as shown in figure 8. The analysis reveals
the relative impact of various activity parameters on total greenhouse gas emissions across the three regions.
Truck VMT has the largest impact, with 10% change in truck travel distances, leading to 3% change in total
emissions across all three regions. The grid emissions factor, indicating electricity generation impact, also plays
amajor role, which suggests that the shifts in grid decarbonization (e.g.renewable energy adoption) could lead
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to emissions reduction. Other transport-related factors are car VMT and car MPG, which highlight the
important contribution from mobile sectors. Meanwhile, reducing commercial emissions plays a more
influential role in Hartford and New Haven than Bridgeport region. Industrial emissions and emissions from
residential propane usage are less dominant but still relevant.

4. Discussion

4.1. Regional emissions inventory yield patterns that enable mitigation planning

The emissions inventories for the three planning regions shows spatial variations in both total and per-capita
GHG emissions. Hartford, as the hub for transportation, the finance center, and the industry-intensive area
[69], has the highest total emissions and per-capita emissions among the three, especially in the transportation
sector due to high travel demand and a greater number of vehicle miles traveled. These observations highlight
the importance of region-specific inventories, as they may yield patterns that enable more effective near-term
emissions mitigation planning. By considering contributions at a more granular level (as shown in figure 4), we
can also identify relevant activities that can be targeted for emissions reduction. Mitigation strategies should be
prioritized in the areas of trucks and automobiles emissions, as they contributes to the highest amount of
emissions due to heavy reliance on fossil fuels for freight and personal mobility. Stationary combustion
emissions, including residential emissions across all three regions and commercial in the Hartford region,
should also be prioritized as key targets for mitigation. Measures such as vehicle and building electrification,
fuel efficiency improvements, and adoption of green heating and cooling technologies in buildings, are
required.

4.2. Robust scenarios are informed by multi-sectoral approaches

Across all three decarbonization targets examined, we find that activities across multiple sectors are significant
in defining scenario narratives. This demonstrates that multi-sectoral approaches may be crucial for mitigation
planning. In Mild decarbonization scenarios, electricity grid emissions factors and truck VMT are the primary
indicators of emissions reduction across all three regions, as shown in figure 7. In contrast, commercial
emissions are only significant in the Hartford region. For Moderate decarbonization, both truck VMT and the
grid emissions factor continue to play an important role across all regions, with Hartford and Bridgeport
requiring reductions of more than 50% to meet targets. Additionally, Hartford should focus on commercial
emissions and residential fuel consumption for mitigation, while Bridgeport should focus on residential fuel oil
consumption. In both Bridgeport and New Haven, reductions of over 50% in truck VMT and grid emissions
factor are required. The Commercial subsector also contributes significantly to emissions in New Haven.
Further, transitioning to electric and renewable energy sources for facilities and vehicles will be most effective in
mitigating emissions in this region.

4.3. Truck mileage and grid emissions factors are most critical to regional emissions

The sensitivity results corroborate our findings from the scenario discovery process regarding the two
significant factors—truck VMT and grid emissions factor. In the Hartford and New Haven planning regions,
the commercial sector also contributes a significant portion of total emissions. Low-carbon freight technologies
such as shifting to battery electric vehicle and hydrogen fuel cell vehicles [70], use of biofuels [71], and
optimizing fleet charging in locations with the lowest grid emission factors [72] can lead to benefits in freight
sector emissions mitigation. Further, coordination of building electrification with regional grid decarboniza-
tion and the high penetration of renewable are essential for grid and building decarbonization [73, 74].

4.4. Limitations of the study

We note that the futures examined in this scenario discovery experiment do not incorporate forecasts. We also
note that cross-sector interactions among uncertain parameters are not considered. Thus, while we cannot
explain outcomes or provide pathways, we can still examine implications of plausible outcomes and understand
the combinations of activities leading to such. Finally, we do not distinguish the various classes of uncertainty in
each of the parameters examined, but this is a viable path for future work. Further avenues of research include
the incorporation of dynamic considerations, in addition to relevant exogenous variables, structural system
transformation, and endogenous sectoral feedback, to render this framework useful for identifying robust
mitigation strategies and for longer-term decision-making use cases.
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5. Conclusion

We developed a comprehensive framework for estimating regional GHG inventories, treating 2021 as the
reference year. We also created a dashboard for cross-region comparisons and conducted quality assurance
tests to evaluate data integrity. Via our data-driven scenario discovery framework which explores a stylized
partitioned parameter space, we find that truck mileage, grid emissions factors, residential fuel oil
consumption, and commercial emissions are important features in emissions mitigation narratives.
Furthermore, these robust scenarios narratives demonstrate the importance of multisectoral approaches for
mitigation. The results also suggest that major emissions reduction (70%—90%) demands synchronized efforts
across transportation, buildings and the grid.

Opverall, this study reveals significant regional variability in emissions patterns and dynamics, highlighting
the need for region-specific mitigation strategies. Our inventory approach and scenario discovery framework
can be readily deployed across other regions in the US, and also globally, given the existence of similar datasets.
It can also be adapted for real-time or annual monitoring purposes. Thus, we expect that our framework can
serve as a valuable starting point for identifying and investigating equitable mitigation scenarios.
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Appendix A. Quality assurance

To ensure the accuracy and reliability of the estimated greenhouse gas (GHG) emissions for each sector, we
implemented a comprehensive quality assurance (QA) process. This involved a comprehensive assessment of
the discrepancies between local greenhouse gas emissions estimates and those generated through Quality
Control (QC) processes [75]. We considered two key metrics: signed bias and variance:

1 Nsec EL _ EQ
s S x 100% (A1)

Bias = —Y ————=
I\]sec s=1 NLZ&TESQ
Nee 5Q
sec E _ E
p= LBk (A2)
I\]sec s=1 Es
2
. 1 Nsec EQ _ E
Variance = S|=——— — p| x 100% (A3)
sec s—1 E,

where N, is the total number of sectors, E is the local emissions estimate from the inventory, E is the QC
emissions estimate and y is the mean percentage error. The resources used for local estimates and QC estimates
are provided in S table 9. Figure A1 shows the summary of signed biases and variances between local estimates
and QC estimates, respectively (Further details are provided in SI table 10). The local and QC estimates for
different sectors are summarized in table 11 of SI.

In Mobile Combustion Miles Per Year (MPY), biases are relatively low, with Bridgeport showing the largest at
—10%. This is due to differences in how VMT is estimated, as local estimates were derived from regional data
provided by CTDOT, whereas QC estimates use population-based scaling. Mobile Combustion Miles Per Gallon
(MPG) shows minimal bias across all areas (less than 1%). Electricity Consumption in the commercial and
industrial subsectors presents a high bias, particularly in Hartford (—46%), due to population-adjusted scaling
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Figure A1. Summary of signed biases and variances.

from county-wide data. Conversely, Solid Waste shows minimal discrepancies, as both estimates rely on similar
data sources (FLIGHT). Significant biases arise in Stationary Combustion, with Bridgeport showing the highest
at —39%, due to different data scaling methods. The highest bias is observed in Agriculture (—72% for Bridge-
port), attributed to differences in how land area and emissions data were scaled. Wastewater Treatment shows
minimal bias in New Haven but high bias (81%) in Hartford due to differences in scaling methodologies.
Finally, Forestry shows large discrepancies (up to —67%) due to the contrasting bottom-up and top-down
approaches. Across sectors, bias and variance tend to increase when comparing top-down QC estimates to
bottom-up local estimates. Furthermore, biases can result from utilizing varied data sources for QC and local
estimates, or because downscaling statewide data may not always ensure comparability with county-wide data
gathered through a bottom-up approach.

Appendix B. Sector-specific emissions

B.1. Mobile combustion
Mobile Combustion emissions were calculated from estimates of vehicles miles traveled (VMT), vehicle type
distributions (see SI table 3 for details), vehicle type-specific fuel economies (see SI table 4) and emissions
factors (see SI table 8). The vehicle types include automobile, bus, truck, and motorcycle while the categories in
the fuel economy data are passenger car, light truck, heavy-duty vehicle, and motorcycle. To address the
naming mismatch in vehicle type categories between the two datasets-vehicle type distribution and vehicle fuel
economy, we standardized the groups by assuming that all automobiles correspond to gasoline-powered
passenger cars, all trucks correspond to gasoline-powered light trucks, and all buses correspond to diesel-
powered heavy-duty vehicles. We also assumed that motorcycles consume gasoline. In the absence of regional-
level vehicle type distribution, we assumed the statewide distribution for each region.

The CO, EFs are based on gallons of fuel, while those for CH, and N,O are based directly on VMT. Thus,
mobile combustion emissions Gy o for greenhouse gas gare given by:

VR .
Z pMC’g"’Tv’ ifg = CO,
Gucg = 1" (B1)
Z pMC,g,vvf’ lfg € {CH 4> NZO}

vey

where 7, is fuel economy (miles/gallon) and pysc ., are the fuel-specific EFs for each greenhouse gas g.
B.2. Electricity consumption

Electricity Consumption emissions, Gég, were calculated from kilowatt-hour usage Q 5R (from residential,
industrial, and commercial locations):

Gég = pe Q8 (B2)

where are gri san 1s the amount of electricity consume inregion R.
here p , are grid EFsand Q£ is th felectricity d (MWh) in region R
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B.3. Stationary—Residential
For the Residential subsector, we calculated the quantity consumed QfR of each fuel f (natural gas, propane,

heating oil) in region R by scaling down the statewide consumption Q; with the ratio of households utilizing a
specific fuel type N;ff in a given region to the total number of households consuming the same fuel at the state
level N £t

Ni;
Q= —Qf (B3)
f Niif f
We then computed the emissions G gfng as:
Gss = 2 PoesQ (B4)
feF

where pg - are the EFs for each heating fuel (kg per gallon).

B.4. Stationary—Commercial
We computed regional Commercial emissions G 5, o by scaling down statewide commercial building emissions

ch based on the proportion of the commercial building footprint in each region A § relative to the state total
Ag{. Thus,

As
G§ = —£G§ (B5)
A3

B.5. Agriculture

Only fertilizer-based emissions were considered in Agriculture sector [56]. Assuming that agricultural
emissions G4 in each region are directly proportional to the effective area of land under fertilizer treatment, we
estimated G} as:

Gh= =00 G5 (B6)

where ¢ 4 is the effectiveness of fertilizer ¢ € {manure, organic, synthetic}, A § is the area of land treated by

fertilizer ¢ in region R, Ag is the statewide land area treated by fertilizer ¢ and G are the statewide agricultural
emissions. The fertilizer effectiveness €4 is the proportion of nitrogen loss in one type of fertilizer relative to that
across all types [56]:

- NeN¢,6
g = —
Z@nd)nﬁ(b

where 1), is the percentage of nitrogen and 7, 4 is the percentage of nitrogen lost due to volatilization in fertilizer
@ (see Sl table 5 for details on nitrogen content and loss in those three different types of fertilizers).

(B7)

B.6. Wastewater treatment
Wastewater Treatment emissions Gx were calculated by downscaling statewide wastewater emissions based on
the proportion of facilities in each region relative to the state total. Thus:

R
R _ N7

G e (B8)
T N’]S- T

where NX and N3 are the numbers of wastewater treatment facilities in region R and across the state S,
respectively.

B.7. Forestry
We estimated sequestered emissions Gf; from Forestry as follows:

Gf = —1.Afac (B9)

where r,is the carbon sequestration factor, A Cf is the forested area (hectare) at the regional level and acis the
amount of carbon dioxide sequestered per unit of carbon.
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Appendix C. Interactive dashboard development

We developed an interactive dashboard” to visualize and analyze GHG emissions data for the case study areas
[76]. The dashboard serves as a comprehensive resource for stakeholders to explore emissions across the 7
sectors considered. The dashboard uses Apache Superset, which allows for cross-filtering and efficient data
retrieval [77].

C.1.Dashboard provides insights that support policy-making decisions.

Our inventory dashboard can serve as a tool providing local governments and organizations with actionable
data to inform GHG emissions reduction efforts. Figure C1 is an example view of the dashboard, which presents
an overview of GHG emissions across different sectors and regions, allowing users to compare emissions per
capita and understand the distribution of emissions by sector. The dashboard can also support social science
research related to science communication, including public engagement, surveys, information dissemination,
and behavioral responses to scientific information. Ultimately, the dashboard framework, as it is accessible and
user-friendly, can help inform the public about climate change and mitigation strategies.

Filters le

Geographical Area
wsa

Summary of emissions by sector

% 288

Emission reduction policies

- Summary of emissios by subsector

e

Emissions per capita

APPLY FLTERS

Figure C1. Screenshots of the interactive dashboard.

Appendix D. Emissions percentage change

The histogram of the emissions reduction outcomes in all futures is shown in figure D 1. Summary statistics of
the histograms are provided in table D1.

> https://ctghginventory.narslab.org/

15


https://ctghginventory.narslab.org/

10P Publishing Environ. Res. Commun. 8 (2026) 031008 B Letters

[ Bridgeport
[ Hartford

50000 1 New Haven

40000 A

30000 1

Counts

20000 1

10000 1

-60 -40
Emissions Percentage Change (%)

Figure D1. Histogram of emissions percentage change in three MSAs, based on activity data generated using Latin Hypercube
sampling.

Table D1. Summary statistics of the histogram of emissions percentage change
for Bridgeport, Hartford, and New Haven.

Region Mean Median Min Max Std Dev
Bridgeport —34.41 —34.44 —88.27 20.89 15.13
Hartford —26.93 —26.95 —83.70 31.44 15.64
New Haven —36.74 —36.76 —90.93 18.62 14.79
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