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ABSTRACT
OF THE THESIS OF

Rida Hadi Bitar for Master of Science
Major: Mechanical Engineering

Title: Impacts of Meteorological Trapping on Air Quality in Greater Beirut Area by an
Iterative Gaussian Model

Urban air quality in the Greater Beirut Area (GBA) is strongly influenced by the
interaction between emission sources and meteorological dispersion conditions. This
study develops an integrated modeling framework to quantify and project air pollution
dynamics in GBA by coupling emission reconstruction, machine learning—based (ML)
meteorological forecasting, and an iterative Gaussian urban box model. Wind speed
(WS10) and planetary boundary layer height (PBLH) were derived from European
Centre for Medium-Range Weather Forecasts (ECMWF) reanalysis data for the period
2015-2025 and extended to 2050 using nonlinear regression and stochastic forecasting
techniques to preserve seasonal variability and atmospheric dynamics.

Emission inventories were reconstructed for two dominant sectors: diesel standby
generators and road transport. Generator emissions were derived through a calibrated
reverse-engineering approach based on Beirut-specific fuel consumption and operating
hours, while transport emissions were estimated using national inventory data by the
Lebanese 4 National Communication on Climate Change. Historical trends (2016-
2025) capture the structural shift induced by the 2019 electricity crisis, during which
diesel generator usage significantly increased.

Results show that Nitrogen Dioxide (NO>) is the most critical pollutant, with daily
concentrations exceeding World Health Organization (WHO) guidelines on
approximately 78% of days in 2025. Particulate Matters (PM: s) and Sulfur Dioxide
(SO2) exhibit lower but still significant exceedance frequencies, with strong dependence
on meteorological conditions. The analysis demonstrates that pollutant concentrations
vary by more than an order of magnitude due to fluctuations in PBLH highlighting the
dominant role of meteorological trapping.

Future projections (2026-2050) under three scenarios reveal a strong divergence in air
quality outcomes. Under a Business-as-Usual (BAU) scenario, exceedances remain
persistently high, while moderate mitigation leads to gradual improvements. Only a
combined electrification and renewable energy transition scenario achieves substantial
reductions, eliminating SO, and PM; s exceedances and reducing NO» exceedance days
to fewer than 10 by 2050.

The results demonstrate that air quality in Beirut responds nonlinearly to emission
reductions and that big structural changes in the energy and transport sectors are
required to achieve sustained compliance with international air quality standards.
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CHAPTER 1

INTRODUCTION

1.1. Background

Urban atmospheric quality in coastal Mediterranean towns and cities is strongly
governed by the interaction between emission sources and meteorological dispersion
dynamics. In the GBA, this interaction is particularly complex due to the city’s
distinctive geographical setting. Beirut is bounded by the Mediterranean Sea to the west
and the Mount Lebanon range to the east, forming a semi-enclosed basin-like
configuration that restricts horizontal ventilation and enhances pollutant accumulation
under stable atmospheric conditions. During many days of the year, Lebanon is
influenced by the subtropical upper-level high that promotes subsidence aloft,
strengthening temperature inversions and suppressing vertical mixing. At the same time,
the cool onshore sea-breeze and its evening reversal can reinforce near-surface stability
over the shoreline and, together with weak synoptic winds, reduce advective flushing.
The combination of subsidence-driven inversions and marine boundary-layer
stratification therefore creates frequent low Planetary Boundary Layer Height (PBLH),
which inhibits vertical mixing in the atmosphere of pollutants, leading to capping and
accumulation of traffic and diesel generators’ pollutants in the GBA.

The 10-meter wind speed (WS10) governs ventilation of pollutants across the
urban canopy, while the PBLH defines the vertical mixing depth within which
emissions are dispersed. Variations in these two parameters directly influence the
atmospheric residence time of pollutants and the intensity of exposure at ground level.

Seasonal differences, particularly between winter stability regimes and summer



convective conditions, significantly modify dispersion behavior. Consequently,
understanding and forecasting WS10 and PBLH are fundamental prerequisites for long-
term urban air quality assessment.

Over the past decade, Beirut’s emission structure has undergone substantial
transformation. Road transport remains a dominant emission sector, as highlighted in
Lebanon’s Fourth National Communication, with private passenger vehicles, light-duty
vehicles, heavy-duty freight trucks, and motorcycles contributing significantly to
greenhouse gas and local pollutant emissions [1]. The GBA receives daily vehicular
inflows through three primary transport corridors: the northern coastal entrance, the
southern coastal entrance, and the eastern inland entrance connecting to the Bekaa
region. These gateways channel substantial traffic volumes into the metropolitan area,
intensifying urban emissions [2]. The fleet composition, characterized by aging vehicles
and high reliance on conventional fuel technologies, further exacerbates atmospheric
pollution. Long-term transport growth patterns and fleet evolution projections,
particularly under evolving national mobility strategies, are therefore central to
understanding Beirut’s future emission trajectory.

In parallel, the electricity sector crisis that escalated in 2019 fundamentally
altered the urban emission landscape. The collapse of national grid reliability led to a
dramatic expansion in decentralized diesel standby generator usage across residential,
commercial, and industrial sectors. Generator operating hours increased sharply as
households and businesses compensated for grid shortages. Unlike centralized power
plants, these distributed diesel generators operate within densely populated
neighborhoods, modifying both spatial emission patterns and exposure distributions.

The proliferation of generator clusters transformed diesel combustion into a quasi-



permanent urban emission source. This structural shift necessitates rigorous
quantification of generator emissions and evaluation of their long-term implications [1].

At the same time, Lebanon’s energy transition framework, guided by the
Lebanese Center for Energy Conservation (LCEC) national renewable energy action
plans (NREAP), aims to increase renewable penetration and reduce dependence on
fossil fuel-based electricity generation [3]. Scenario-based projections toward 2050,
therefore, require integration of renewable deployment pathways, changes in generator
operating hours, and expected emission reductions. Assessing the atmospheric
implications of these transitions demands a modeling approach capable of linking
emission evolution with meteorological dispersion capacity.

In this context, this thesis integrates an iterative Gaussian urban box model of
coordinates (33.90-33.80°N, 35.50-35.60°E) and of area (LxW = 13kmx10km) as
shown in Figure 1 for the GBA with machine learning—based forecasting of
meteorological parameters derived from the European Centre for Medium-Range

Weather Forecasts (ECMWF) fifth generation atmospheric reanalysis (ERAS) dataset.
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Figure 1: GBA Box Model for Gaussian Analysis [4]
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Using ERAS data from 2015 to 2025 [4], [5], non-linear machine learning
algorithms are trained to forecast WS10 and PBLH until 2050. These forecasts preserve
seasonal variability and interannual dynamics while incorporating stochastic behavior
reflective of historical variability. The resulting meteorological projections serve as
dynamic inputs for long-term dispersion modeling and emission scenario evaluation.

Through the coupling of bottom-up emission inventory development, top-down
atmospheric constraint via the Gaussian box framework, and Regression-driven
meteorological forecasting, this study constructs an integrated urban-scale modeling
system to evaluate Beirut’s atmospheric future under evolving energy and transport

conditions.

1.2. Problem Statement

Despite the evident transformation of Beirut’s emission landscape following the
2019 electricity crisis and ongoing transport growth, there remains a lack of a coherent
modeling framework capable of quantifying diesel generator emissions, validating them
against atmospheric behavior, and projecting their long-term evolution under renewable
integration scenarios. Existing assessments often treat emission inventories and
atmospheric dispersion as separate analytical domains. Bottom-up inventories may
estimate generator emissions based on installed capacity and operating hours, yet they
rarely reconcile these estimates with atmospheric transport dynamics [6]. Conversely,
atmospheric analyses may evaluate pollutant behavior without constraining emission
magnitudes through physically grounded source modeling.

Furthermore, most urban air quality projections assume static meteorological

conditions, neglecting the dynamic nature of wind patterns and boundary layer
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variability. Given that dispersion capacity is governed by WS10 and PBLH, failing to
account for their future evolution introduces significant uncertainty in long-term
emission impact assessments. In GBA’s complex coastal-mountain setting, where
winter stagnation events and summer convective regimes differ substantially, accurate
forecasting of these meteorological parameters is essential for a realistic projection of
pollutant behavior.

The proliferation of decentralized and randomly-spread diesel generators
following the electricity crisis presents an additional layer of complexity. The sharp
increase in generator operating hours after 2019 fundamentally altered emission
intensity patterns. Without iterative calibration of emission magnitudes using
atmospheric constraints, the true scale of generator contributions may remain under- or
overestimated. Moreover, the integration of renewable energy under LCEC strategic
pathways introduces three scenarios showing the projected evolution of renewable
energy capacity each year up to 2030 [3]. A modeling framework must therefore be
capable of evaluating all three energy transition scenarios and extrapolating their
implications to 2050 to be compatible with the modeling work.

Simultaneously, transport-related emissions entering the GBA through its
northern, southern, and eastern gateways must be considered within a forward-looking
perspective. The evolution of vehicle categories, fleet shares, and fuel consumption
patterns will influence emission growth trajectories. Integrating these trends into a
unified projection framework is necessary to capture the combined effect of energy

instability, transport growth, and atmospheric dispersion variability.
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CHAPTER 2

Literature review

This chapter is devoted to presenting a selection of scientific articles and
references related to the problems associated with air quality and the impact of various
combustion processes on the quality of urban air in heavily populated areas. Boukather
et al. [7] assessed the collapse of Lebanon’s energy sector that has been driven by years
of mismanagement, corruption, and chronic underinvestment in Electricité du Liban
(EDL), leading to near-total grid failure after 2019. By 2022, EDL's generation had
plummeted to as little as 1-2 hours of electricity per day, leading most businesses and
homes to resort to costly, eco-damaging standby diesel generators. This shift propelled
tariffs above 0.5$/kWh, cutting electricity consumption by over 52% as more than half
the population had fallen below the poverty line and could no longer afford electricity.
Fossil-fuel imports for electricity dropped 67% between 2019 and 2022, but the fuel bill
shrank only 17% due to higher oil prices and generator inefficiencies. Widespread
generator use caused a reported 300% rise in toxic emissions in Beirut in 2021,
aggravating public-health risks and worsening air quality. Despite collapsing grid
demand, a seven-fold surge in private solar installations to ~690 MW by 2022 emerged
as customers sought cheaper, more stable power. Without urgent governance reform,
tariff restructuring, grid modernization, and investment in gas-fired and renewable
generation, the energy crisis continues to threaten economic recovery, social welfare,
and environmental health across Lebanon.

Elissar et al. [8] focused work (including an explicit GRAMM-GRAL dispersion
study of diesel-generator PM; 5 in Beirut) applies the above meteorological

understanding to quantify hotspots, worst-case nights, and stack-height mitigations.
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These generator studies demonstrate the dominant role of night planetary boundary
layer (PBLH) collapse in amplifying generator contributions, the sensitivity of near-
source exposure to stack height and exit velocity, and that simple regime-based
screening (box models parameterized by u and H) can capture first-order variation
across weather regimes when detailed emission inventories are scarce. The emerging
AUB-linked reports and independent modeling show that generator emissions are a
large and growing fraction of local toxic exposure and an important societal driver for
work linking meteorology and exposure mitigation.

Abdallah et al. [9] offer a pioneering assessment of air quality modeling over
Lebanon by the WRF/Polyphemus system during 2014, from high-resolution
simulations (5 x 5 km over Lebanon and 1 x 1 km over Beirut) in order to represent
spatial and temporal meteorology and pollutant concentration variability. Multiple
regional analyses and modeling assessments show that the Eastern Mediterranean
coastal strip of which Beirut is the urban core exhibits a persistent diurnal cycle
dominated by sea-breeze and land-breeze oscillations and shallow nocturnal boundary
layers that strongly modulate pollutant dilution. High-resolution modeling and
observational syntheses for Lebanon demonstrate that daytime convection and sea-
breeze mixing push the PBLH deeper (hundreds of meters), while after sunset the
coastal PBLH often collapses into a shallow, capped layer (tens to a few hundred
meters) that inhibits vertical dilution and allows pollutants to accumulate near the
surface. These processes create pronounced evening nighttime vulnerability to local
emissions such as from diesel generators.

Saliba et al. [10] had one of the earliest systematic endeavors to map spatial and

diurnal trends in omnipresent air-quality metrics across Beirut. The campaign employed
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a network of stationary monitoring stations selected to be characteristic of traffic
corridors, urban background, and residential areas, and investigated temporal trends
within the context of local meteorology. The key findings are intense spatial
heterogeneity with the highest oxidized nitrogen signatures (NO2/NOx proxies) at
congested traffic corridors and intersections; abrupt diurnal peaks coincident with
morning/evening rush hours, and nighttime concentration aggravation beneath low-
mixing-height conditions. The paper’s main contribution is empirical; it showed the
spatial relationship between traffic activity and NO> hotspots in Beirut and emphasized
the importance of diurnal PBL dynamics for nocturnal accumulation. For modeling
studies today, Saliba offers essential validation targets for near-road concentration
patterns and promotes demands for higher spatial-resolution emission inputs and PBLH
observations.

Waked et al. [11] employed mesoscale meteorological modeling, Weather
Research & Forecasting Model (WRF), coupled with chemistry transport modules
(Polyphemus/Polair3D) to simulate episodic and seasonal air quality in Lebanon with
explicit inclusion of traffic emissions in inventories. These analyses demonstrated that
models are able to reproduce the timing of rush-hour emission-driven urban NO> peaks
under favorable meteorological forcing, model performance is extremely sensitive to
the spatial and temporal resolution of traffic emissions, and PBLH and low-level wind
biases in WRF are a dominant source of uncertainty for surface pollutant
concentrations, particularly for nocturnal trapping and sea-breeze dynamics in
proximity to the coastline. Methodologically, Waked et al. coupled typical emission
inventories, time allocation profiles, and nested WRF domains to provide for chemistry

transport and compared with available surface stations. For an iterative Gaussian
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modeling thesis, Waked's paper highlights the need to supplement Gaussian
parameterizations with realistic, high-resolution traffic activity maps, and realistic,
time-varying mixing heights.

A 2019 review by the Council for Development and Reconstruction (CDR),
summarized in a recent policy paper on Lebanon’s transport sector, reports very high
two-way daily traffic volumes at Beirut’s three highway gateways: roughly 300,000
vehicles/day at the northern entrance, about 180,000 vehicles/day at the eastern
entrance, and around 120,000 vehicles/day at the southern entrance. These figures
(inbound + outbound) underscore the heavy vehicular demand funneled into GBA and
motivate the use of an urban box model to assess the resulting air-quality burden [2].

Borgie et al. [12] added personal exposure measurements, especially in traffic
policemen and other roadside occupational groups, combined with chemical
characterization of PM and Volatile Organic Compounds (VOCs) such as combustion
markers (black carbon, ultrafine particles) at urban background sites to fixed-site
measurements. All the studies concluded that on-street levels are much greater than at
background sites, short-term bursts of (BC) and (UP) are strongly associated with traffic
flow and vehicle fleet composition (diesel, heavy vehicles), and there is seasonal
modulation with higher winter concentrations and more extended episodes in duration.
Borgie et al. provide empirical verification of exposure gradients and potential
validation sites (roadside vs. background) and argue for the inclusion of occupational
hotspots in exposure-weighted health impact assessments.

Recent advances in air-quality assessment have shown that reduced-form
models, such as box and Gaussian-based formulations, remain highly effective tools for

diagnosing urban pollution levels when detailed emission inventories or high-resolution
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dispersion models are unavailable. Seinfeld and Pandis [13] demonstrated that mass-
balance box models provide physically consistent estimates of area-averaged
concentrations by explicitly linking emissions to meteorological dispersion parameters,
particularly wind speed and boundary-layer depth.

Similarly, Hanna et al. [14] compared Gaussian plume, box, and computational
fluid dynamics approaches and concluded that box models are well-suited for
evaluating urban-scale exposure and exceedance risk, especially when the objective is
to understand first-order sensitivity to emissions and meteorology rather than street-
level gradients. These studies provide a strong theoretical basis for applying a Gaussian
box model to the GBA, where emission data are fragmented but meteorological controls
are dominant.

The role of planetary boundary-layer dynamics in controlling air-pollution
accumulation has been extensively documented, particularly in coastal and semi-arid
regions. Stull highlighted how subsidence, nocturnal inversions, and suppressed
turbulence reduce vertical mixing and trap pollutants near the surface, leading to
elevated concentrations even under moderate emissions. In the Eastern Mediterranean,
Dayan et al. [15] showed that large-scale subsidence associated with the subtropical
high-pressure system, combined with sea-breeze circulations, produces persistent low-
ventilation regimes during summer. These conditions significantly limit dispersion and
favor the build-up of pollutants in coastal cities. Such findings are directly relevant to
Beirut, where the interaction between descending air masses aloft and cooler marine air
near the surface frequently establishes thermal inversions that constrain the effective

mixing height.
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More recently, machine-learning techniques have been introduced to enhance
air-quality prediction and scenario analysis. Di et al. [16] demonstrated that machine-
learning models can successfully estimate the probability of exceeding health-based air-
quality thresholds by learning nonlinear relationships between emissions, meteorology,
and pollutant concentrations. Zhang et al. [17] further showed that hybrid approaches
combining physical models with machine learning outperform purely data-driven
methods, particularly for long-term scenario forecasting where meteorological
variability is best represented statistically. These studies provide the conceptual
foundation for extending the Gaussian box model through an ML-based framework
capable of forecasting future exceedance probabilities under evolving emission
scenarios.

Chaaban et al. [18] provided one of the earliest integrated assessments linking
transportation-related air pollution in Lebanon to both environmental degradation and
public health consequences. The study demonstrated that the rapid growth of vehicular
traffic in the GBA, combined with limited emission control measures, resulted in
pollutant concentrations that frequently exceeded international air quality guidelines. By
synthesizing emission inventories, dispersion modeling, and epidemiological evidence,
the authors showed that fine particulate matter, carbon monoxide (CO), and nitrogen
oxides (NOx) are the primary pollutants driving adverse health outcomes, including
increased hospital admissions for respiratory and cardiovascular diseases, exacerbation
of asthma symptoms, and elevated risks of premature mortality. The study further
highlighted that exposure to particulate matter represents the most critical health
concern due to its ability to penetrate deep into the respiratory system and induce

systemic inflammatory responses. Importantly, the authors emphasized that Beirut’s
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coastal meteorological setting, characterized by weak synoptic ventilation, shallow
mixing layers, and frequent stagnation, intensifies population exposure by limiting
pollutant dispersion, thereby prolonging high-concentration episodes. These findings
underscore the public health urgency of evaluating not only average pollution levels but
also the frequency and persistence of exceedances, and they provide strong motivation
for modeling frameworks that explicitly couple emission sources with meteorological
trapping.

Taken together, the reviewed literature highlights that urban air pollution is
governed by the combined effects of emissions growth and meteorological dispersion,
with boundary-layer dynamics playing a decisive role in coastal environments such as
Beirut. While previous studies in Lebanon have documented pollutant levels and source
contributions, there remains a gap in integrated frameworks that explicitly link
meteorological trapping, emission evolution, and health-relevant exceedance metrics.
The present thesis addresses this gap by coupling a Gaussian box model with
reanalysis-based meteorology and emission forecasts to quantify present and future air-

quality risks over GBA.
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CHAPTER 3

METHODOLOGY

This thesis develops an integrated, city-scale framework to quantify and project
air-pollution dynamics over the GBA by coupling emissions reconstruction,
meteorology-driven dispersion modeling, and future scenario analysis. The
methodological core consists of an iterative Gaussian urban box model that converts
emissions and dispersion conditions into daily mean concentrations of PM> s, NOx, and
SOz, driven by reanalysis meteorological fields, and extended to 2050 using machine-
learning forecasts of key dispersion variables. The framework is designed to be
physically interpretable and computationally efficient, allowing sensitivity analysis and
scenario-based projection under evolving energy and transport conditions.

Meteorological forcing is derived from the ERAS reanalysis produced by the
(ECMWEF). ERAS provides temporally consistent fields that resolve daily variability in
near-surface winds and boundary-layer structure [5]. In the Gaussian box formulation
adopted in this work, two variables govern dispersion capacity: the WS10 and the
PBLH. These daily meteorological inputs of the timeframe (2015-2025) are processed
programmatically in Python to produce daily series suitable for both dispersion
modeling and machine-learning training till year 2050.

To ensure that long-term dispersion is not treated as climatologically fixed, the
thesis integrates machine-learning forecasting of 10-meter wind speed (WS10) and
planetary boundary layer height (PBLH) from 2026 to 2050 based on the ERAS daily
record from 2015 to 2025. The forecasting method reformulates the meteorological time
series as a supervised learning problem in which future daily values are predicted from

recent lagged history and seasonal structure. Autoregressive lag features capture
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persistence and synoptic memory, while seasonal structure is represented through a
climatological baseline and anomaly modeling. For wind speed, daily WS10 is
computed from the ERAS5 ul0 and v10 components and modeled using a nonlinear
ensemble regressor, then extended recursively to 2050. For PBLH, the thesis uses a
hybrid deterministic—stochastic approach in which a machine-learning model predicts
the expected anomaly relative to a monthly climatology, and realistic daily variability is
preserved by resampling residuals conditioned on month, thereby maintaining
physically plausible seasonal differences in variability. The output of the forecasting
system, therefore, includes both point forecasts and uncertainty envelopes (e.g., 10th—
90th percentile bands) derived from multiple stochastic realizations, which are
propagated into the dispersion analysis.

The GBA is modelled, in accordance with the Box-Gaussian dispersion model,
as a rectangular control volume of length L (aligned with the mean wind), width W, and
a time-varying mixing height H (planetary boundary-layer) as shown in Figure 2.
Pollutant concentration is assumed horizontally uniform within the box at any instant,
with a value C(t) (,ug/m3). Sources within the box are represented as an aerial emission
flux g (ug/m>. s); Inflow air enters the upwind face with concentration Cy,; outflow
leaves the downwind face with a concentration C. Under these standard assumptions
(constant wind across the height H; no leakage through the top or the two faces parallel
to the wind; no chemistry or deposition for primary pollutants on time scales of interest,
the pollutant mass balance reads:

d
- (CLWH) = (¢, LW) + uHW Cpy — pHW C [19] (1)

ol \-:-/ -
area source  advective inflow  advective outflow
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Figure 2: Gaussian Dispersion Box Model [19]

Dividing by the box volume LWH gives the governing ordinary differential equation for
the box-average concentration:

dC  qs pn
E = ES - Z (Cout — Cin) (2)
The term g4 /H is the source tendency (emissions diluted into the mixed-layer

depth), and /L is the advective ventilation rate, whose inverse 7,4y = L/u is the
. . . . . dc .
residence time of an air parcel traversing the box. Setting e 0, and knowing that the

wind direction in Beirut is westerly dominant from the Mediterranean Sea, so the inflow
concentration can be assumed as clean wind Cj,, = 0. This will yield the steady-state
concentration:

qsL

uH (3)

Css =

Emissions are treated as the sum of two dominant anthropogenic pillars in

Beirut: diesel standby generators and road transport.
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The diesel generator emissions pillar is reconstructed using a dual bottom-up
and top-down methodology for GBA designed to reflect the post-2019 electricity crisis
and the documented increase in generator operating hours. Bottom-up estimation is
derived from generator population, rated capacities, load factors, and evolving daily
operating hours, coupled with fuel consumption rates in Beirut [6]. This component is
designed to capture the physical activity drivers of emissions and their evolution as the
EDL conditions change. In parallel, a top-down constraint is applied through reverse
engineering within the Gaussian box framework: generator emission magnitudes are
adjusted to reconcile modeled concentration behavior with observed electrical crisis,
leading to a substantial increase in the operational hours of the generators per day,
thereby reducing the underdetermination typical of informal generator networks.

The adoption of combined bottom-up and top-down approaches for diesel
generator fuel consumption estimation is consistent with peer-reviewed emission
inventory practice in Beirut [6], where diesel generator fuel consumption is specifically
discussed as requiring two complementary approaches due to data limitations and
informal operations. This dual structure enables the thesis to quantify generator
emissions more robustly than a single-method inventory and to explicitly reflect the
crisis-driven shift in operating behavior.

Pollutant-specific emission rates are computed for PM» 5, NOx, and SO, with
diesel generator fuel consumption acting as a key activity driver and pollutant formation
tied to fuel properties and engine characteristics. The thesis leverages established
inventory insights that diesel generator emissions and road transport emissions have
been treated as major sources in Lebanon, namely PMa 5, NOx, and SO emissions.

Generator SO; emissions are treated as strongly linked to sulfur content in diesel and
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fuel consumption, while NOx and PM: s are treated as dependent on engine load and
technology, with uncertainty captured through sensitivity ranges and scenario variation.
The evolving operating hours after 2019 are explicitly parameterized to reflect the crisis
period as a structural break in generator activity, rather than assuming stationary
operation across the historical record.

Further emission trajectories up to the year 2050 are evaluated through three
renewable-energy integration scenarios aligned with the national energy strategy and
LCEC planning logic: the Green Revolution scenario, the Realistic transition scenario,
and the Stagnation scenario, as shown in Table 1 [3].

Table 1: Total Yearly Generated RE Share from Electricity Consumed under the 2030
Renewable Energy Target Scenarios [3]

Year Green Realistic Stagnation
Revolution
2025 24.00% 17.0% 15.00%
2026 29.00% 22.0% 20.00%
2027 32.00% 28.0% 21.00%
2028 45.00% 29.0% 21.00%
2029 51.00% 30.0% 21.00%
2030 54.00% 40.0% 23.00%

The scenario structure is designed to translate renewable energy penetration into
reductions in diesel generator operating hours and associated fuel consumption, thereby
producing time-dependent emission pathways for PMa s, NOx, and SO». This
framework is grounded in Lebanon’s renewable energy planning strategies, particularly

the LCEC roadmap, which emphasize renewable deployment as a primary mechanism
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for mitigating the national electricity crisis and reducing dependence on fossil fuel-
based backup generation.

To ensure physical and socio-economic realism, the three scenarios are
explicitly linked to local electricity supply conditions and generator usage patterns
within the GBA. Under the Green Revolution scenario, rapid and effective integration
of renewable energy technologies, including distributed solar photovoltaic systems and
grid-scale solutions, leads to a substantial improvement in electricity availability. This
results in a progressive reduction in diesel generator operating hours, particularly during
daytime periods, thereby significantly decreasing fuel consumption and pollutant
emissions. This scenario reflects a successful policy implementation pathway in which
infrastructure investments, regulatory reforms, and financial incentives enable a
transition toward a more sustainable and reliable energy system.

In contrast, the Realistic scenario assumes moderate progress in renewable
energy deployment, constrained by financial, institutional, and infrastructural
limitations that characterize the Lebanese energy sector. While renewable capacity
increases over time, it does not fully compensate for deficiencies in the grid supply. As
a result, diesel generators remain an essential component of electricity provision,
particularly during peak demand periods and intermittent supply gaps. Generator
operating hours decrease gradually rather than abruptly, leading to a slower decline in
emissions over time.

The Stagnation scenario represents a continuation of current crisis conditions, in
which structural barriers hinder renewable energy expansion and grid reliability remains
limited. Under this scenario, diesel generators continue to operate extensively across

Beirut, with high daily operating hours persisting throughout the projection period. This
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reflects a scenario of prolonged dependence on decentralized fossil fuel-based
electricity generation, resulting in sustained or only marginally reduced pollutant
emissions.

By linking renewable energy scenarios to localized generator usage behavior
and electricity supply conditions, the modeling framework ensures that projected
emission pathways are not only policy-driven but also consistent with the operational
realities of the urban energy system. This approach allows for a more realistic
assessment of how energy transition trajectories may influence air pollution levels in
Beirut when coupled with atmospheric dispersion conditions.

The transport sector constitutes a major contributor to urban air pollution in the
GBA, primarily due to the high reliance on private vehicles, aging fleet characteristics,
and the absence of large-scale public transport systems. In this study, transport
emissions are treated as one of the two dominant anthropogenic emission sources,
alongside diesel standby generators, and are modeled using a structured activity-based
framework consistent with international emission inventory methodologies.

The estimation of transport emissions follows the general formulation adopted in
the Intergovernmental Panel on Climate Change (IPCC) guidelines and the EMEP/EEA
air pollutant emission inventory guidebook, where emissions are expressed as a function
of activity data (AD) and emission factors (EF) [20], [21]. In its general form, this
relationship is given by:

E =AD-EF (4)
where EF represents pollutant emissions, AD denotes transport activity (such as

fuel consumption or vehicle usage), and EF corresponds to the pollutant-specific
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emission factor. This formulation allows emissions to be directly linked to physical
drivers of transport demand and fuel combustion processes.

To capture the structural complexity of the transport sector and to ensure
compatibility with national modeling frameworks, the methodology adopts the
Activity—Structure—Intensity—Fuel (ASIF) formulation [1], [21]. Within this
framework, total emissions are expressed as:

E=A-S-1-F (5)
where A represents total transport activity, S denotes the distribution of transport
modes and vehicle categories, I corresponds to the energy intensity per unit of activity,
and F represents the emission factor per unit of energy. This formulation enables the
decomposition of emissions into components reflecting mobility demand, fleet
composition, technological performance, and fuel characteristics, and is consistent with
the modeling logic used in national transport mitigation analyses.

The activity component of the transport sector is primarily driven by vehicle
fleet size, usage patterns, and fuel consumption, while the structural component reflects
the dominance of passenger cars relative to other vehicle categories such as light-duty
and heavy-duty vehicles. Emission intensity is influenced by engine technology, vehicle
age, and maintenance conditions, while emission factors depend on fuel properties and
combustion characteristics. These elements collectively determine the magnitude and
evolution of pollutant emissions over time.

In the absence of fully disaggregated urban-scale transport data for Beirut,
national-level emission estimates are spatially downscaled to the GBA using a
proportional allocation approach. This approach assumes that Beirut accounts for a

significant share of national transport activity due to its high population density,
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economic centrality, and concentration of daily commuting flows [1], [22]. The
resulting emissions are therefore treated as representative of the urban transport system
and provide a consistent basis for integration within the atmospheric dispersion model.

The methodology distinguishes between historical reconstruction and future
projection phases. The historical period is used to establish a consistent emission
baseline that reflects the evolution of transport activity, including both growth trends
and structural disruptions. This baseline is derived from national inventory data and
ensures that the model reproduces realistic emission magnitudes prior to being used for
forecasting [22].

For future projections, transport emissions are evaluated under three scenario-
based assumptions, Business as Usual, Electrification, and Modal Shift, that reflect
different pathways of technological and structural evolution. These scenarios
incorporate changes in vehicle efficiency, electrification, and mobility patterns,
allowing the model to capture the potential impact of policy interventions and long-term
energy transitions [21]. The resulting emission trajectories are then used as inputs to the
GBA Box Gaussian dispersion model, ensuring that changes in transport activity are
consistently translated into variations in urban pollutant concentrations.

By adopting an activity-based emission framework and aligning with
internationally recognized methodologies, the transport sector modeling approach
provides a physically interpretable and policy-relevant representation of emission
dynamics in the GBA. This ensures consistency with the diesel generator methodology
and allows both sectors to be integrated within a unified urban air quality modeling

framework.

28



Finally, the full modeling chain is executed dynamically across historical and
future periods. For the historical period, ERA5-derived WS10 and PBLH drive daily
dispersion, while emissions are reconstructed using a bottom-up generator and transport
activity estimates constrained through an iterative process implemented on the Gaussian
model. For the future period up to 2050, the projected meteorological dispersion
variables WS10 and PBLH are combined with scenario-driven emissions trajectories for
diesel generators and transport evolution pathways, generating a suite of concentration
projections for PM» 5, NOx, and SO; under policy-consistent renewable integration
scenarios. This integrated methodology provides an interpretable and reproducible basis
for evaluating how Beirut’s air quality may evolve under the combined influence of
crisis-driven emission restructuring, long-term renewable transition pathways, and

evolving meteorological dispersion capacity.
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CHAPTER 4

MODEL DEVELOPMENT, CALIBRATION, AND
SCENARIO-BASED PROJECTION

4.1. Wind Speed Forecast

Daily near-surface wind data were obtained from the ERAS dataset for the GBA
region (33.8-33.9°N, 35.5-35.6°E) covering the period from 1 January 2015 to 31
December 2025 [5]. The ERAS dataset provides the zonal (1) and meridional (v4)
wind components at 10 meters above ground level. The zonal component horizontal
wind velocity (u;¢) along the east—west axis, with positive values indicating wind
blowing toward the east and negative values indicating wind toward the west. Similarly,
the meridional component v;yrepresents wind velocity along the north—south axis,
where positive values correspond to northward flow and negative values correspond to
southward flow. To derive scalar wind speed magnitude from these horizontal vector

components (WS10) , the Euclidean norm was computed as:

ws10, = /ufo_t + vy, (6)

where WS510, represents the daily mean wind speed in meters per second. When
multiple grid cells were included within the spatial subset, spatial averaging was applied
to obtain a representative daily wind speed for the study domain. The final processed
dataset consisted of a continuous eleven-year daily time-series suitable for statistical

learning and atmospheric dispersion applications.
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4.1.1. Wind Speed Regression Machine Learning

To apply machine learning forecasting, the wind speed time series was
reformulated as a supervised nonlinear regression problem. For each day t, the model
was trained to predict wind speed for day t + 1 using information available from
preceding days. A 30-day autoregressive structure was implemented such that wind
speed values from the previous thirty days were used as predictors. Formally, the
predictive structure may be expressed as:

WS10,1 = f(WS10,WS10,_1, ..., WS10;_50, S;) (7)
where f(-) denotes the nonlinear mapping learned by the Random Forest
algorithm and S; represents seasonal predictors. This autoregressive framework allows
the model to capture atmospheric persistence, short-term memory, and nonlinear
temporal dependencies associated with synoptic-scale weather systems. The selected lag
window provides sufficient temporal context to represent multi-day variability while
maintaining model stability and computational efficiency.

The sine and cosine transformations were introduced to represent the seasonal
position of each day within the year in a continuous cyclical form. Since wind speed
and boundary layer behavior vary seasonally, the model needs information about
whether a given day occurs in winter, spring, summer, or autumn. However, using the
day of year directly as a numerical variable from 1 to 365 would create an artificial
discontinuity: day 365 and day 1 are meteorologically adjacent, but numerically they
appear far apart. To avoid this problem, the day of year was transformed into two

periodic variables:

2n-D0n)

365.25 ®)

S = sin(
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2m - DOYt>

365.25 ©)

St = cos(

where DOY; denotes the day of the year for day t. Together, these two variables plotted
in Figure 3 map each day onto a circular annual cycle. This allows the Random Forest
Regressor to recognize that the end and beginning of the year are continuous, while still
distinguishing different seasonal phases throughout the year. The sine component and
cosine component provide complementary information about the timing of the day
within the annual cycle, allowing the model to learn smooth seasonal changes in wind
behavior rather than treating the calendar year as a linear sequence. Consequently, the
final feature space used for WS10 and PBLH prediction consisted of thirty lagged wind
speed values, which capture short-term atmospheric persistence, and two sinusoidal

seasonal predictors, which capture annual periodicity.

1.00 1 —— s1(t) = sin(2n-DOY/365.25)
52(t) = cos(2n-DOY/365.25)
0.75 /
0.50
0.25
5
= 0.00
S
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Figure 3: S1(t) and S2(t) allow the model to interpret time as a periodic variable
capturing seasonal variability in wind speed.
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A Random Forest Regressor was selected as the predictive model. Random
Forest is an ensemble-based nonlinear regression technique that aggregates predictions
from multiple decision trees to enhance robustness and generalization. The ensemble

prediction is computed as the average of individual tree outputs:
1 N
WST0, = NZ T, (x,) (10)
i=1

where T;(x;) denotes the prediction from tree i, and N is the total number of trees in the
ensemble. The model was configured with 600 decision trees and a maximum tree depth
of 18 to balance bias and variance while preventing overfitting.

Model training was conducted using a chronological split to preserve temporal
structure. The training period covered the years 2015-2022, while the interval 2023—
2025 was reserved for validation. Performance was assessed using Mean Absolute Error
(MAE). The trained model successfully reproduced the seasonal wind cycle, including
enhanced winter variability, as well as daily fluctuations and intermittent high-wind
events. Validation results confirmed that the model captured both periodic and short-
term atmospheric dynamics, as shown in Figure 4.
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Figure 4: 10m Ground Wind Speed Observed V.S Predicted based on the Trained
Model
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4.1.2. Wind Speed Machine Learning Model in 2026-2050 Forecast

Long-term projections for the period 2026—-2050 were generated using recursive
multi-step forecasting. In this framework, the model predicts wind speed for day ¢ + 1,
and the predicted value is appended to the time series to serve as input for forecasting
day t + 2. This process is repeated iteratively until the full forecast horizon is reached.
The recursive formulation can be expressed as:

WST0¢4i = f(WST0p k-1, WST0p4k—2, - » Stakc) (11)
where previously predicted values are used as inputs for subsequent steps. Recursive
forecasting preserves autoregressive memory structure but may gradually reduce
variance over long horizons. The long-term daily (2026-2050) WS10 forecast is result is

shown in Figure 5.

WS10 Forecast (2026-2050)
Daily + Monthly Mean

—— Daily forecast
e Monthly mean
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2028 2032 2036 2040 2044 2048 2052

Figure 5: 10m Ground Wind Speed Forecast (daily + monthly mean) (2026-2050)

To prevent excessive smoothing and maintain realistic variability, predictive
uncertainty was quantified using the dispersion among individual decision tree outputs.
For each forecasted day, the distribution of tree-level predictions T;(x;) was evaluated,

and the 10™ and 90™ percentiles were extracted to represent uncertainty bounds:
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WS10p10,c = Qo.10{Ti(xp)} (12)

W510p90,t = Qo.oolTi(x)} (13)
where Q denotes the percentile operator applied to the ensemble of tree predictions.
This ensemble-based uncertainty framework provides a probabilistic interpretation of

future wind variability and preserves seasonal amplification during winter months, as

shown as the 10-90% band in Figure 6.
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71 1 —— Observed daily
| Forecast daily
10-90% band

== Observed monthly mean
--- Forecast start

w

10m Wind Speed (m/s)

~N

I“l‘whll"” i urlhl ; }I'HI “”Jllh ) |

r'l i i p‘

2024-01 2024-07 2025-01 2025-07 2026-01 2026-07 2027-01 2027-07 2028-01
Date

Figure 6: Observed 10m Ground Wind Speed & Near-Term Forecast with the 10th and
90th percentiles bands

The resulting forecast exhibits a persistent seasonal cycle, realistic day-to-day
variability, and enhanced winter wind activity consistent with Mediterranean
climatology. Because the training dataset spans approximately a decade, the model
primarily captures recent climatological variability and persistence rather than
externally forced long-term climate change trends. Therefore, the projections should be
interpreted as statistically consistent forward extensions of the 2015-2025 atmospheric
regime rather than physically forced climate change scenarios. These wind speed
projections serve as key inputs to the iterative Gaussian urban box model for pollutant

dispersion assessment under future emission scenarios.
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4.2. Planetary Boundary Layer Height Forecast

Daily planetary boundary layer height (PBLH, or mixing height) data were obtained
from the ERAS reanalysis dataset for the GBA region (33.8-33.9°N, 35.5-35.6°E) for
the period extending from 1 January 2015 to 31 December 2025 [5]. ERAS provides
boundary layer height diagnostics representing the depth of the turbulent mixed layer,
which governs vertical pollutant dispersion capacity. When multiple grid cells were
present within the spatial subset, spatial averaging was applied to derive a
representative daily PBLH value for the study area. The final dataset consisted of a

continuous eleven-year daily time series expressed in meters.

4.2.1. Planetary Boundary Layer Regression Machine Learning

Unlike wind speed, planetary boundary layer height exhibits a pronounced
deterministic seasonal cycle, characterized by deeper convective mixing during summer
and shallower stable layers during winter. To isolate short-term variability from this
strong annual structure, a climatology—anomaly decomposition was implemented.

The monthly climatological mean boundary layer height was computed as:
1 &
PBLH,, = —Z PBLH; (14)
Nm i—1 '
i=

Where: m denotes calendar month and N,,, represents the total number of days
belonging to the month m during the 2015-2025 baseline period. This climatology
captures the average seasonal behavior of the boundary layer.

To forecast future variability, the anomaly time series was reformulated as a

supervised nonlinear regression problem. A 30-day autoregressive structure was
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adopted such that the anomaly on day t + 1 is predicted using the anomalies from the
preceding thirty days:
PBLH'.,,; = f(PBLH},PBLH,_,, ..., PBLH|_,,) (15)

where f () denotes the nonlinear mapping learned by the Random Forest
Regressor. This autoregressive formulation enables the model to capture atmospheric
persistence, stability transitions, and multi-day synoptic effects influencing boundary
layer development.
The Random Forest algorithm was configured with 600 decision trees and a maximum
tree depth of 18, consistent with the wind speed forecasting framework. Training was
conducted using a chronological split (2015-2022 training, 2023—-2025 validation),
ensuring preservation of temporal causality Figure 7.

Model performance was evaluated using Mean Absolute Error (MAE) on

anomaly predictions, confirming the model’s ability to reproduce observed variability

patterns.
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Figure 7: PBLH Observed V.S Predicted based on the Trained Model
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4.2.2. Planetary Boundary Layer Machine Learning Long-Term (2026-2050)

Forecast

Long-term projections from 2026 to 2050 were generated using recursive multi-
step forecasting. For each forecasted day, the predicted anomaly is appended to the lag
structure and used to predict the subsequent day, iteratively extending the forecast
horizon as shown in Figure 8.

The deterministic anomaly forecast is reconstructed into physical boundary layer
height by reintroducing the monthly climatological baseline:

PBLH, = PBLH,, + PBLH', (16)

PBLH Forecast (2026-2050): Daily + Monthly Mean
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Figure 8: Planetary Boundary Layer (PBLH) Forecast (daily + monthly mean) (2026-
2050)

While recursive deterministic forecasts reproduce seasonal structure, they tend
to progressively dampen variance over long horizons. To preserve realistic day-to-day
variability and maintain seasonally dependent fluctuation amplitudes, a stochastic
residual bootstrap mechanism was incorporated.

Historical residuals are defined as:

¢, = PBLH] — PBLH', (17)
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were grouped by calendar month to preserve seasonally varying variability
characteristics. During forecasting, a residual &, was randomly sampled from the
historical residual distribution corresponding to the month m and added to the
deterministic anomaly prediction:
PBLH', = PBLH', + ¢,, (18)
The final stochastic boundary layer height forecast becomes:
PBLH, = PBLH,, + PBLH', (19)
Multiple stochastic simulations were generated to represent plausible
realizations of future atmospheric variability. From the ensemble of simulations, the
mean forecast trajectory and percentile-based uncertainty bounds (10™ and 90™
percentiles) were extracted, providing a probabilistic characterization of future vertical
dispersion capacity.
Uncertainty bounds were derived from the empirical distribution of ensemble

forecasts. The 10th and 90th percentiles were computed as:
PBLHy10, = Q0,10 {PBLH} (20)
PBLHyo0, = Qo.90 {PBLH"} (21)

where Q,4{-} denotes the empirical quantile operator applied across the ensemble of

stochastic simulations for a given day. These percentile bounds represent the range of
variability consistent with historical atmospheric behavior and provide a probabilistic

characterization of future dispersion capacity. The 10th and 90th percentile bands are
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shown clearly in the near-term forecasting Figure 9.

PBLH: Observed Daily with Monthly Mean + Near-Term Forecast (Daily)
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Figure 9: Observed PBLH & Near-Term Forecast with the 10th and 90th percentiles
bands

The resulting PBLH projections exhibit a persistent seasonal cycle characterized
by shallow winter mixing depths and enhanced summer convective development,
combined with realistic synoptic-scale variability. Because the training dataset spans
approximately one decade, the model captures recent climatological variability and
atmospheric persistence rather than externally forced climate change trends.
Accordingly, the projections should be interpreted as statistically consistent extensions
of the 2015-2025 atmospheric regime, serving as dynamic meteorological inputs to the
iterative Gaussian urban box model for pollutant dispersion assessment under evolving

emission scenarios.

4.3. Standby Diesel Generators Reconstruction and Scenario-Based Forecasting

for the GBA

The reconstruction of diesel standby generator emissions for the GBA was
developed through a calibrated reverse-engineering methodology anchored to Beirut-

specific fuel consumption data and subsequently extended to 2050 through renewable
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energy—constrained electricity share modeling. The objective was to reproduce the
historical escalation of emissions during the electricity crisis and to quantify the

structural decline induced by renewable penetration and grid recovery scenarios.

4.3.1. Reference Calibration for Standby Diesel Generators in GBA

The baseline calibration was derived from the GBA reference condition
corresponding to the pre-crisis operating regime, where generators operated on average
three hours per day. Under this condition, total diesel consumption was estimated at 747
metric tons per day [6]. This value serves as the fuel anchor for the entire time series.

The implied aggregate hourly fuel rate is calculated as:

Fref
Frae = iif (22)

747
Foe = = = 249 MT/day per generator-hour

For any year t, daily fuel consumption is therefore expressed as:
Fp = Frae X Hy (23)
where H; represents the annual generator operating hours in year t.
This formulation constitutes the reverse-engineering step: rather than estimating
generator numbers directly, fuel use is inferred from a calibrated per-hour consumption

rate scaled by crisis-induced operating hours.

4.3.1.1 GBA Standby Diesel Generators Emission Factors Derivation

Annual pollutant emissions, based on the 3-hour condition, were embedded in

the calibrated Beirut baseline dataset. These reference emissions were converted to
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hourly annualized emission rates to preserve consistency between fuel and emissions.

shown in Table 2.

The hourly emission scaling factor for pollutant "i" is given by:
E i,ref
EFf = % (24)
' Href

Annual emissions in any year "t tare then obtained through proportional
scaling:

Table 2: The Calibrated Reference Emission Factors Used in the Model

Pollutant Reference Emission at 3 hrs/day Hourly Scaling Factor EF;
(Gglyear) [6] (Gg/year per hour)
NOx 10.95 3.65
SO:2 0.547 0.1823
PM2s 0.354 0.118

This linear scaling explains the proportional increase observed in the historical
emission plots between 2016 and 2023, where the escalation in operating hours directly
produced the skyrocketing of NOx, SO», and PM> 5 emissions in Gg/year, as shown in
the Figure 10Figure 11Figure 12

The crisis period was modeled as a structural break in generator activity rather
than as a continuation of pre-2019 trends. Generator operating hours were reconstructed

annually to reflect progressive substitution of grid electricity by standby generation.
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Operating hours increased sharply from 3 h/day before the crisis to peak values
reaching 15 h/day during the most severe EDL supply collapse.

The time-dependent emissions for 2016-2025 were therefore entirely driven by
the time evolution of H,, producing the observed rapid rise in NOx from approximately
11 Gg/year to above 65 Gg/year and proportional increases in SO; reaching almost

4Gg/year,and PM; 5 at 2.5 Gg/year as verified in the Figure 10Figure 11Figure 12.
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Figure 10: Actual Diesel Generators NOx Emissions in GBA (2016-2025).
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Actual Beirut Diesel Generator SO2 Emissions (2016-2025)
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Figure 11: Actual Diesel Generators SO2 Emissions in GBA (2016-2025).
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Figure 12: Actual Diesel Generators PM2.5 Emissions in GBA (2016-2025).

4.3.2. Renewable-Constrained Forecasting Framework (2025-2050)

The long-term evolution of diesel standby generator emissions beyond 2025 was

constrained using renewable electricity penetration trajectories derived from the official
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reports of the LCEC [3]. The LCEC holds NREAP providing nationally endorsed
renewable electricity share projections under three distinct scenarios up to the year
2030. These include a high-ambition pathway, a realistic policy pathway, and a
conservative or stagnation pathway. Because the thesis objective extends to 2050, these
official trajectories were extrapolated beyond 2030 in a manner consistent with their
structural growth behavior and aligned with long-term decarbonization modeling
practices.

Let Sgg ¢ denote the renewable share generated in percentage % of total
electricity consumed in year t. For years t < 2030. The renewable shares were directly
adopted from the official LCEC NREAP scenario values [3]. For years t > 2030,
renewable shares percentages deployment scenarios were extrapolated using a bounded
growth formulation preserving scenario-specific momentum while ensuring physical
plausibility and asymptotic saturation.

The extrapolation was implemented using a logistic-type constrained growth

function of the form:

Smax
S = 26
REL ™ + exp(—k(t - to)) (26)

where:
e Smax represents the scenario-dependent saturation level of RE generated share
percentage of total electricity consumed,
e k is the growth rate parameter calibrated to match the slope observed between
2025 and 2030 in the official LCEC projections,
ety is the inflection year.
For example, the saturation level Sy,,x of Green Revolution pathway was

allowed to approach values above 90% by 2050, reflecting aggressive renewable
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integration consistent with deep decarbonization trajectories. For the Realistic pathway,
the renewable share was extrapolated, reaching approximately 75% by 2050 to reflect
grid integration constraints and system flexibility limits. For the Stagnation pathway,
the extrapolation followed a slower linear-logistic hybrid growth reaching
approximately 53% by 2050.

For implementation within the spreadsheet framework, the extrapolated values
beyond 2030 were generated using incremental annual growth rates consistent with the

2025-2030 slope observed in the LCEC scenarios:

S )
ASps = RE,2030 - RE,2025 27)

and then progressively reduced after 2035 to reflect diminishing marginal
penetration as system saturation increases. This ensures that the post-2030 trajectory
remains structurally compatible with official policy momentum rather than representing
an arbitrary extension, as shown clearly in Figure 13.
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Figure 13: Three LCEC Scenarios of RE Share Forecast Extrapolation (2025-2050).
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4.3.3. Standby Generator Emissions Evolution under National Scenarios (2025-2050)

The integration of renewable electricity directly constrains diesel generator
operation through an electricity supply balance identity. Total electricity demand in any
year t is assumed to be met by three components:

e (rid electricity supplied by EDL,

e Renewable electricity,

e Diesel standby generation.
Let Sgpr ¢ denote the grid electricity share, derived from average daily grid supply
hours:

Hepre
SEDLt = o4 (28)

The generator electricity share is then defined residually as:
Scene = max(0, 1= Sgpye — Skee) (29)
This formulation ensures that renewable integration reduces generator
dependence structurally rather than proportionally. As renewable share increases, the
residual generator share declines automatically.
Generator operating hours are therefore derived as:
Hy =24 X Sgene (30)
This equation represents the mathematical mechanism through which renewable
energy deployment suppresses diesel generator operation.
Once generator operating hours are determined from the residual share identity,
daily fuel consumption follows from the calibrated fuel-rate relationship:

Ft =FrateXHt (31)
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Annual pollutant emissions are then computed as:

Ei.=EF xXH, (32)
where E F/'is the calibrated hourly emission scaling factor derived from the Beirut
reference condition.

Because the emission formulation depends only on H;, and H; depends directly
on Sgg ¢, renewable penetration becomes the dominant structural control on long-term
emission decline.

Under the Green Revolution extrapolation scenario, renewable penetration
approaches system dominance by mid-century, causing the generator residual share to
approach zero, and with complete EDL recovery of 24 hours, leading to near-
elimination of generator-related NOx, SO2, and PM 5 emissions.

Under the Realistic scenario, renewable growth slows after 2040 and stabilizes
near 75% with partial recovery of the EDL reaching 15 hours of daily electrical
coverage, resulting in a non-zero but progressively declining generator contribution.

Under the Stagnation pathway, limited renewable penetration with poor EDL

coverage under 9 hours maintaining a persistent generator residual share, slowing but
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not eliminating emissions by 2050.
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Figure 14: GBA Standby Diesel Generators NOx Trend (2025-2050) under the three RE
integration scenarios
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Figure 15: GBA Standby Diesel Generators SO2 Trend (2025-2050) under the three RE
integration scenarios
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RE integration scenarios

Thus, the long-term standby diesel generators emission trajectories presented in

the forecast Figure 14, Figure 15, and Figure 16

Emissions (Gg/year)
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scenario extrapolations shown in Figure 13 coupled through the residual electricity

balance identity.

4.4. Transport Emissions Reconstruction and Scenario-Based Forecasting for the

GBA

The transport sector emission framework developed in this thesis follows a
structured methodology analogous to that adopted for diesel standby generators,
consisting of a historical reconstruction phase, a calibration phase using official national
inventory data, and a long-term projection phase extending to 2050 under three
mitigation scenarios. The objective of this approach is to derive Beirut-specific
transport emission trajectories that remain fully consistent with Lebanon’s official
greenhouse gas inventory practice and with the national mitigation logic established by
the Ministry of Environment (MOE) [21]. The methodological basis is rooted in the
national transport inventory reports, which state that road transport emissions in
Lebanon are estimated using the Intergovernmental Panel on Climate Change (IPCC)
methodology and, specifically for road vehicles, are based on a the joint collaboration
between the European Monitoring and Evaluation Programme and the European
Environment Agency (EMEP/EEA) air pollutant emission inventory Tier 2 approach
[20], [22]. The national reports also indicate that road transport is the dominant
domestic transport mode and that its emissions include both direct greenhouse gases and

indirect pollutants such as NOx, PM2 s, and SO» [1].
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4.4.1. Reference Calibration and for Transport Sector in GBA

The starting point of the historical reconstruction is the national transport
inventory for 2019, reported in Lebanon’s Fourth National Communication. That report
provides a detailed snapshot of the 2019 vehicle fleet, indirect greenhouse gas
emissions from transport by vehicle category, and the relative contributions of cars,
light-duty trucks, heavy-duty trucks and buses, and motorcycles [1]. The 2019 national
transport activity table reports a total vehicle fleet of 2,111,877 vehicles and provides
fuel consumption disaggregated by vehicle class, including passenger cars with and
without three-way catalysts, light-duty vehicles with and without catalysts, heavy-duty
vehicles, and motorcycles [1]. It also shows that transport emissions are dominated by
passenger cars, with substantial contributions from heavy-duty vehicles and light-duty
vehicles. For the purposes of this thesis, the 2019 inventory is treated as the principal
calibration year because it represents the most complete pre-crisis national dataset and
provides consistent information on vehicle activity, fuel use, fleet structure, and
pollutant emissions.

To adapt the national inventory to the GBA, a spatial allocation factor was
applied. In the absence of fully disaggregated urban-scale fuel consumption and vehicle
activity statistics for Beirut alone, Beirut emissions were estimated as a fixed share of
national emissions:

Egeirutt = B X ELebanon,t (33)
where Egeiryt ¢ 1 the annual transport emission in Beirut in year t, Epepanon ¢ 1S the
corresponding national transport emission, and f is the Beirut allocation factor. In this
work, f = 0.35 was adopted as a proxy representing Beirut’s dominant share of

national commuting demand, economic activity, and concentrated vehicle movements.
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This assumption is consistent with the concentration of population, economic activity,
and commuting flows within the metropolitan area, and allows the derivation of a
localized emission baseline compatible with urban-scale dispersion modeling.

The emission structure is described using the Activity—Structure—Intensity—Fuel (ASIF)
formulation. This formulation ensures consistency with national modeling approaches

and provides a physically interpretable basis for emission evolution [1], [21].

4.4.2. Historical Reconstruction of Transport Emissions (2016-2025)

Once the 2019 national baseline was spatially downscaled to Beirut, the
historical period from 2016 to 2025 was reconstructed in two stages. The first stage
consisted of reconstructing the pre-crisis years 20162018 using the direction and slope
of national transport emission trends prior to 2019. Lebanon’s transport inventories
show a long-term increase in transport emissions over the historical period before the
financial collapse, driven by vehicle fleet growth, increasing activity, and high private
car dependence. The MOE’s transport inventory and mitigation report shows a
sustained increase in road transport emissions over 1994-2011 and describes this
growth as mainly driven by the increase of fleet volume, with passenger cars being the
dominant contributor [1]. Likewise, the 2024 report confirms that transport-related
emissions were part of the energy sector growth pattern observed before the post-2019
crisis [22]. Based on this documented upward trend, the 2016-2018 Beirut transport
emissions were reconstructed by back casting from the calibrated 2019 value using
pollutant-specific growth assumptions that preserve continuity with the national trend.

The second historical stage covered the period 2020-2025 and explicitly

accounts for the economic and fuel crisis. After 2019, Lebanon experienced a major
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contraction in emissions associated with the economic collapse, the COVID-19 period,
and the reduction in fuel imports and consumption [22]. It states that total national
greenhouse gas emissions in 2022 were 32% lower than in 2019, and that the energy
sector, including transport, declined sharply because of reduced economic activity and
lower fuel use [22]. The same report provides updated 2022 transport sector activity
data, including fuel consumed per vehicle category and a comparison between 2019 and
2022 vehicle-kilometers traveled, thereby enabling the crisis effect on transport to be
represented quantitatively [22]. In the present work, the 2020-2025 Beirut transport
emissions, namely NOx, PMa s, and SO, were therefore reconstructed by applying a
crisis adjustment to the 2019-calibrated baseline, followed by a partial recovery path
toward 2025. This reconstruction of transport sector’s emissions, NOx, SO2, and PM> s,
in GBA preserved consistency with the national trend of decline after the crisis, suitable
for the Gaussian emissions box model as shown in Figure 17, Figure 18, and Figure 19
respectively.
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Figure 17: Actual Transportation Sector NOx Emissions in GBA (2016-2025)
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Actual Beirut Transportation SO2 Emissions (2016-2025)
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Figure 18: Actual Transportation Sector SO2 Emissions in GBA (2016-2025)
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Figure 19: Actual Transportation Sector PM2 s Emissions in GBA (2016-2025)

4.4.2. Transport Sector Emissions Evolution under National Scenarios (2026-2050)

The future evolution of transport emissions is evaluated under three scenarios

reflecting different levels of technological adoption and structural transformation. These
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scenarios are derived from the mitigation pathways described in the MOE transport
strategy and are implemented through modifications of activity growth and emission
intensity [21].

After reconstructing the historical 2016—2025 series, the model was projected
forward from 2025 to 2050 under three scenarios for the three pollutants NOx, SO, and
PM; 5 as shown in Figure 20, Figure 21, and Figure 22 respectively.

These scenarios were designed to remain faithful to the structure of the national
mitigation analysis while being adapted to the pollutant-focused objectives of the thesis.
The first scenario corresponds to Business as Usual (BAU). Under this pathway,
transport activity continues to evolve according to historical demand growth and
structural dependence on private vehicles. No major shift in fleet structure or large-scale
mitigation is assumed beyond the continuation of observed trends. The emission
trajectory therefore follows a growth function of the form:

AD, = ADzgp5 x (1 + g)(t=2023) (34)
EBAU = AD, x EF, (35)
where g is the assumed annual growth rate and E'F, is the base-year emission factor.
This reflects the baseline scenario logic of the national mitigation study, where
increasing stock, activity, and energy use continue under unchanged structural
conditions.

The second scenario, Electrification, represents a moderate mitigation pathway
and is conceptually linked to the MOE’s mitigation option 2 based on fuel-efficient and
hybrid vehicles. The 2015 transport report defines mitigation option 2 as the progressive
increase in the share of small fuel-efficient vehicles combined with the introduction of

hybrid electric vehicles, whose share rises progressively among newly registered
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vehicles [21]. In the present work, this mitigation logic is translated into a progressive
reduction in transport emission intensity over time. The scenario is represented as:

EA = AD; X EFy X (1 — a) (36)
where a,is a time-dependent reduction factor representing cumulative fleet efficiency
improvements and partial electrification. Under this scenario, activity continues to
grow, but emissions grow more slowly and may stabilize as cleaner technologies
progressively penetrate the fleet especially for long-term forecasting.

The third scenario, Modal Shift, represents a stronger transition pathway and is
based on the national mitigation logic 3 of structural changes in mobility, especially
modal shift toward mass transportation. The 2015 national report identifies a scenario
based on increasing the passenger-kilometer share of mass transport in the GBA,
thereby reducing the dominance of private vehicle travel [21]. In the present work, this
is implemented as a stronger reduction during a short period forecast in effective
emission intensity and a partial decoupling of emissions from activity growth:

EB = AD, X S; X I} X F, (37)
where S; represents the improved modal structure and I represents reduced energy
intensity and cleaner technology. In practical terms, this scenario yields a declining or

strongly moderated emission pathway to 2050, especially for short-term period results.
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Figure 20: GBA Transportation Sector NOx Emission Forecast (2025-2050) under the
Three Different National Scenarios
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Figure 21: GBA Transportation Sector SO2 Emission Forecast (2025-2050) under the
Three Different National Scenarios
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Forecast Beirut Transportation PM2.5 Emissions (2025-2050)
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Figure 22: GBA Transportation Sector PM> s Emission Forecast (2025-2050) under the
Three Different National Scenarios

Accordingly, the transport sector methodology adopted in this thesis consists of
a coherent chain of steps. First, a national baseline was selected and spatially
downscaled to Beirut using a transparent 35% proxy. Second, the historical period
2016-2025 was reconstructed using pre-crisis national trends, crisis-related contraction.
Third, future emissions from 2026 to 2050 were projected using three scenarios derived
from the MOE mitigation framework: Business as Usual, Modal Shift, and
Electrification. Finally, the resulting pollutant trajectories for NOx, SO, and PM> s were
used as time-varying emission inputs to the Gaussian box model. This methodology
ensures that the historical and future GBA transport emissions are empirically anchored,
mathematically explicit, and fully compatible with the policy and inventory frameworks

used at the national level.
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CHAPTER 5

RESULTS AND DISCUSSION

5.1. Meteorological Impact on Pollutant Concentrations in 2025

The application of the Gaussian box model for the year 2025 provides a detailed
representation of the interaction between emission intensity and meteorological
dispersion, namely PBLH in the GBA. The results indicate that pollutant concentrations
exhibit significant temporal variability, driven primarily by fluctuations in PBLH.
Despite the almost constant 2025 annual emission rates for the transport sector and
standby diesel generators, daily concentrations vary over an order of magnitude,
highlighting the dominant role of atmospheric dispersion from thermal inversions in

controlling short-term air quality.
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Figure 23: Daily PBLH Variation in 2025

Nitrogen dioxide, NO2, concentrations were derived from total NOx emissions
using a fixed NO2/NOx ratio of 0.13 [23], [24], representing typical urban conditions.
The resulting average NO> concentrations in 2025 as shown in Figure 24 is

approximately 57 pg/m?, with values ranging from 4 pg/m?> to 190 pg/m?>. These high
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concentrations lead to a substantial number of exceedances of the WHO daily guideline
value of 25 pg/m? [25], with 284 days exceeding the threshold, corresponding to
approximately 78% of the year. This indicates that NO> represents the most critical
pollutant in the urban environment and the main reason for the brown smog over
Beirut’s horizon, primarily driven by transport emissions and the heavy reliance on
diesel fuel standby generators compensating the EDL inconsistency, in addition to the
shallow PBLH during transition seasons reaching as low as 150m in both March and

November, as shown in Figure 23.
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Figure 24: Daily NO2 Concentration in 2025 with varying Meteorological Conditions

Sulfur dioxide (SOz) concentrations shown in Figure 25 exhibit a lower overall
exceedance frequency, with a mean value of approximately 22.6 pg/m* and a maximum
of approximately 75 pg/m®. The WHO daily guideline value of 40 pg/m? is exceeded on
46 days, corresponding to approximately 12.6% of the year. These exceedance events

are primarily associated with high diesel generator activity combined with unfavorable
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dispersion conditions specifically during transitional seasons.
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Figure 25: Daily SO, Concentration in 2025 with varying Meteorological Conditions

Particulate matter (PM: 5) concentrations shown in Figure 26 have a mean value
of approximately 11.6 pg/m®, with a maximum reaching nearly 39 pg/m®. While the
average concentration remains below the daily WHO guideline of 15 pg/m?® [25],
exceedances occur on 109 days, corresponding to approximately 30% of the year. These
exceedances are associated with periods of reduced atmospheric mixing, particularly
during shallow PBLH especially in both spring and autumn seasons. The results
indicate that PM> 5 represents both a chronic exposure risk and an episodic pollution
problem linked to meteorological conditions.
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Figure 26: Daily PM; 5 Concentration in 2025 with varying Meteorological Conditions
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The combined analysis demonstrates that, while emission levels determine the
baseline concentration of pollutants, the occurrence of extreme pollution events is
strongly governed by meteorological conditions. Periods characterized by low wind
speeds and shallow boundary layer heights because of the subtropical high-pressure
ridge significantly amplify pollutant concentrations especially during autumn and spring
seasons where the system intensifies during this period, leading to exceedances even
when emissions remain almost constant daily during the year as assumed. This
highlights the importance of considering both emission control and atmospheric
dispersion capacity forecasting in urban air quality management.

5.2. Days Exceeding WHO Standards in GBA (2016-2050)

The temporal evolution of exceedance days for NO2, SO2, and PM; s provides a
comprehensive assessment of air quality dynamics in the GBA under both historical
conditions and future emission scenarios. The results of Figure 27, Figure 28, and
Figure 29 revealed a clear transition from relatively low pollution levels prior to 2019 to

significantly degraded air quality following the onset of the electricity crisis.
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Figure 27: Annual Historic and Predicted NO2 Emissions Exceeding Days from WHO
standards
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Evolution of SO2 WHO Exceedance Days in Beirut (2016-2050)
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Figure 28: Annual Historic and Predicted SO2 Emissions Exceeding Days from WHO

standards (2016-2050)

Evolution of PM2.5 WHO Exceedance Days in Beirut (2016-2050)

) ‘ ‘ ‘ ‘ ‘ ‘ ‘
0- T T T T T T T
> o 2 » © 3 ©
< 4
i ~ el ol & ~ >

140 4

120 4

100 4

801

60 1

NumDer of Exceedance Days

== Historical

mm Business as Usual + Stagnation
B Modal Shift + Realistic

Scenarios

B Electrification + Green Revelution

o \:] o 92 o D o
A K. o o P o S
~ » D © » 2 L & &

©
5
2 2

Figure 29: Annual Historic and Predicted PM2.5 Emissions Exceeding Days from

WHO standards (2016-2050)

During the historical period, exceedance days from WHO standards for all
pollutants remained limited until 2019, reflecting moderate emission levels associated
with the transport activities and relatively stable energy supply conditions. However, a

sharp increase in exceedances is observed from year 2020 onward, coinciding with the
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expansion of diesel generator usage due to the complete collapse of EDL feed hours.
The drop in transport emissions in 2021 due to COVID-19 lockdown didn’t make much
difference. SO2 exceedance days in Figure 28 increased from zero prior to 2019 to a
peak of 69 days in 2022, while PM 5 exceedances in Figure 29 rose from negligible
levels to 144 days over the same period. NO; exhibited the most severe response, as
shown in Figure 27, with exceedance days increasing from approximately 160 days in
2016 to nearly 300 days in 2022. This behavior highlights the strong impact of the
electricity crisis on urban air quality through increased reliance on diesel combustion.

Following the 2022 peaks, partial stabilization is observed, with exceedance
days decreasing slightly but remaining at elevated levels through 2025. This indicates
that while there is some recovery in the energy sector, especially in EDL feed hours and
with post-lockdown transportation sector recovery, emission levels remain sufficiently
high to sustain frequent pollution episodes, particularly for NO».

Future projections reveal a strong divergence in air quality outcomes across the
three LCEC scenarios. Under the BAU and stagnation scenarios for both transportation
and RE-Deployment, exceedance days remain persistently high throughout the
projection period. SOz exceedances in Figure 28 drop after 2030 due to the increase of
the renewable energy shares on the grid versus the diesel generator operating hours
reaching almost 13 exceeding days in 2050. PMz s exceedances shown in Figure 29 drop
to around 33 days per year. NO; exceedances in Figure 27 show minimal improvement,
remaining around 250 days annually even by 2050. This indicates that incremental
changes in emissions are insufficient, even with the enhanced renewable energy
involvement on the grid, to significantly improve air quality under continued reliance

on conventional energy and transport systems.
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Under the intermediate mitigation scenario, realistic RE-Deployment scenario
and the modal shift transportation scenario, a gradual reduction in exceedance days is
observed. SO2 and PM 5 in Figure 28 and Figure 29 respectively, exceedances decrease
steadily and approach negligible levels by the mid-2030s, reflecting the sensitivity of
these pollutants to reductions in fuel combustion emissions. However, NO2 in Figure 27
exceedances remain substantial, with more than 100 exceedance days still occurring by
2050. This highlights the persistent influence of transport emissions and the limitations

of partial mitigation strategies.

The most significant improvement is observed under the aggressive scenario, the
electrification of transportation sector and green revolution RE-Deployment scenario. In
this case, exceedance days for SO2 and PM2 s in Figure 28 and Figure 29 respectively are
eliminated entirely by the early 2030s, while NO; in Figure 27 exceedances decrease
dramatically from over 280 days in 2025 to fewer than 10 days by 2050. This reflects
the combined effect of reduced diesel generator usage by substantially integrating
renewable energy sources as per the Green Revolution strategy and substantial
improvements in transport emission intensity.

Overall, the results demonstrate that urban air quality in GBA is highly sensitive
to emission reductions, but its response to mitigation is strongly conditioned by
meteorological dispersion capacity. The GBA is frequently affected by shallow
planetary boundary layer heights and weak ventilation conditions, driven in part by
persistent subtropical high-pressure influence, subsidence, and coastal stability effects.
Since these meteorological trapping conditions are not directly controllable through

local policy, they amplify the importance of reducing emissions at the source. Moderate
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emission reductions lead to gradual improvements, but under unfavorable dispersion
conditions, they may still allow frequent exceedance events. Therefore, only large-scale
structural transitions in both the energy and transport sectors can produce substantial
and sustained reductions in exceedance frequency. These findings emphasize that
achieving compliance with WHO air quality standards in Beirut requires integrated
emission-control policies that account for the city’s persistent meteorological

vulnerability
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CHAPTER 6

CONCLUSION AND FUTURE WORK

6.1. Conclusion

This study developed an integrated modeling framework to assess the impact of
meteorological trapping on urban air quality in the GBA by coupling emission
reconstruction, machine learning—based meteorological forecasting, and an iterative
Gaussian box dispersion model. The approach enabled a consistent evaluation of both
historical air quality dynamics and long-term projections under multiple energy and
transport scenarios.

The results demonstrate that air pollution in Beirut is governed by the combined
influence of emission intensity and atmospheric dispersion capacity. The analysis of
daily concentrations for the year 2025 revealed that, even under constant annual
emissions, pollutant levels exhibit strong temporal variability driven by fluctuations in
wind speed and planetary boundary layer height. Periods characterized by low wind
speeds and shallow mixing layers lead to significant pollutant accumulation, confirming
the dominant role of meteorological trapping in shaping short-term air quality
conditions.

Among the pollutants analyzed, NO; emerged as the most critical pollutant, with
exceedances of the WHO daily guideline occurring during approximately 78% of the
year. This reflects the combined impact of transport emissions and diesel generator
combustion, as well as the persistence of unfavorable dispersion conditions from low
wind speed WS10 and shallow planetary boundary layer height PBLH. Particulate

matter (PM: 5) and sulfur dioxide (SO») exhibited lower but still significant exceedance
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frequencies, indicating both chronic exposure risks and episodic pollution events linked
to meteorological variability.

The historical analysis from 2016 to 2025 highlights a clear structural shift in
Beirut’s emission profile following the 2019 electricity crisis. The rapid increase in
diesel generator usage led to a substantial rise in pollutant emissions and exceedance
days, particularly for SO, and PM; 5, while NO> levels intensified further due to the
combined influence of transport and combustion sources. Although partial stabilization
occurred after 2022, pollution levels remained elevated, indicating a persistent high-
emission regime.

Scenario-based projections from 2026 to 2050 reveal a strong divergence in
future air quality outcomes. Under the Business-as-Usual scenario, exceedance days
remain persistently high across all pollutants, demonstrating that incremental
improvements in emissions are insufficient to achieve meaningful air quality gains. The
intermediate mitigation scenario leads to gradual reductions in SO and PMz s
exceedances, but fails to significantly reduce NO; pollution, highlighting the continued
dominance of transport emissions.

In contrast, the electrification and green transition scenario results in a
substantial improvement in air quality, with complete elimination of SOz and PM3 s
exceedances and a drastic reduction in NO; exceedances by 2050. This outcome
underscores the importance of large-scale structural transformations in both the energy
and transport sectors.

Overall, the findings of this study demonstrate that urban air quality in Beirut
responds nonlinearly to emission reductions. While moderate mitigation efforts yield

gradual improvements, only deep structural changes in energy supply and mobility
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systems can achieve sustained compliance with international air quality standards. The
results emphasize the critical need for integrated policy interventions targeting both
diesel generator dependency and transport emissions to effectively improve urban
environmental conditions.

6.2. Future Work

While the present study provides a comprehensive framework for assessing air
quality dynamics in the GBA, several extensions can further enhance the robustness and
applicability of the model.

Future work may focus on incorporating spatial variability within the urban
domain by extending the Gaussian box model toward multi-box or hybrid approaches
capable of capturing intra-urban concentration gradients. This would allow improved
representation of near-road exposure and localized emission hotspots.

The integration of atmospheric chemistry processes represents another important
advancement. In the current formulation, pollutants are treated as primary species
without chemical transformation. Incorporating photochemical reactions, particularly
for nitrogen oxides and secondary particulate matter formation, would provide a more
complete representation of urban atmospheric processes.

Further refinement of emission inventories is also recommended, particularly for
the transport sector, where detailed data on vehicle fleet composition, activity patterns,
and fuel characteristics at the urban scale remain limited. The inclusion of real-time
traffic data and high-resolution activity patterns would improve emission accuracy and

model validation.
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On the meteorological side, future studies may explore the integration of climate
change projections to assess the potential impact of long-term shifts in atmospheric
circulation, temperature, and boundary-layer dynamics on urban air quality.

Finally, the framework developed in this study can be extended to evaluate
health impacts by coupling concentration outputs with exposure-response functions.
This would enable quantification of public health risks associated with different

emission scenarios and provide stronger support for policy decision-making.
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