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ARTICLE INFO ABSTRACT
Keywords: Accurate and actionable carbon emission accounting is critical for sustainable transformation in high-density
Spatiotemporal carbon emission model urban environments and for meeting global climate change mitigation targets. However, conventional ap-

Carbon accounting
Neighborhood decarbonization
Dense cities carbon neutrality

proaches lack both fine spatiotemporal resolution and robust ground validation. To address this gap, this study
develops a machine learning-optimized Spatiotemporal Carbon Emission Model (SCE-Model) that integrates
multi-source urban datasets to produce hourly, neighborhood-scale carbon emission maps for Nanjing Old City,
China. Model output demonstrates strong agreement with coherent differential absorption LiDAR (CDIAL) ob-
servations (R* = 0.79; £5 ppm). Key findings include: (1) Human metabolic activity constitutes the predominant
source of CO:z emissions (6.17 million kg/day), surpassing building operations (0.84 million kg/day) and
transportation (1.05 million kg/day). The two primary anthropogenic sources exhibit distinct diurnal rhythms
and spatial clustering, driving the formation of emission hotspots. (2) Urban green spaces provide a significant
carbon sink, although they offset only approximately 0.6 % of gross anthropogenic emissions. (3) Five neigh-
borhood emission typologies are identified to enable spatially targeted decarbonization strategies, including low-
emission, building-dominated, mixed high-emission, transportation-dominated, and high carbon-sink. The pro-
posed framework provides a high-resolution carbon accounting method for dense cities, offering a scientific basis
for targeted neighborhood decarbonization strategies. This work advances the scientific foundation for inte-
grating anthropogenic emissions, urban green spaces, and neighborhood typology into next-generation urban
carbon management policies, contributing to the goal of achieving urban carbon neutrality.

1. Introduction population will reside in urban areas—including 43 megacities
exceeding 10 million inhabitants—making these hyper-dense cores

Urban areas accounted for over 70 % of global CO: emissions in critical carbon hotspots requiring urgent intervention to meet net-zero
2022, with high-density cities facing intensified decarbonization pres- targets (IPCC, 2022; Mi et al., 2019). Addressing carbon goals in these
sures due to concentrated energy demand, traffic congestion, and high-density environments requires refinements in the accuracy and

limited green space (UN-Habitat, 2022). By 2050, 68 % of the global spatial granularity of urban carbon accounting.
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However, existing carbon accounting frameworks are not well-suited
for neighborhood-scale planning. Top-down methods (e.g., IPCC in-
ventories, NTL-based downscaling) often operate at coarse resolutions
(>1 km?, annual), obscuring critical neighborhood-level variations and
hourly emission spikes (Brown & MacAskill, 2025; Ye et al., 2025).
While bottom-up inventories offer finer detail, they are often
data-intensive, sector-specific, and seldom integrate non-traditional
sources like human metabolism or urban carbon sinks, nor are they
typically validated against high-resolution, spatially representative
empirical observations. (Winbourne et al., 2022; Ye et al., 2023). To
address these gaps, this study develops a machine learning-enhanced
Spatiotemporal Carbon Emission Model (SCE-Model) that integrates
multi-source urban data, including traffic flows, building energy con-
sumption, human mobility patterns, and vegetation dynamics. Coherent
Differential Absorption LiDAR (CDIAL) provides fine-grained in situ CO-
concentration measurements, which are used to validate the model. The
methodology is demonstrated in Nanjing Old City, China, enabling
hourly carbon emission estimation at the neighborhood scale with
improved spatial and temporal detail.

This research aims to address the following questions: (1) How can a
unified modeling framework validate and enable carbon emissions ac-
counting at hourly, neighborhood-scale resolution? (2) What are the
spatiotemporal patterns of carbon emissions in high-density urban
areas? (3) How can high-resolution emission data inform neighborhood
typologies and guide targeted decarbonization strategies?

This work makes several contributions to advance the state of the art.
First, the establishment of a high-resolution mapping framework. It es-
tablishes hourly carbon emission mapping at the neighborhood scale,
which is essential for understanding intricate emission dynamics and
identifying the underlying drivers that are often obscured in macro-level
analyses. Second, the introduction of a novel validation approach. To
ground the insights in empirical reality, we demonstrate the use of near-
surface CDIAL measurements to provide a high-precision, spatially
representative benchmark at the urban canopy level, complementing
existing satellite observations and point-based measurements. Finally,
the development of actionable decision support through neighborhood
typologies. By translating these data into actionable intelligence, the
study enables a shift from generalized policy to targeted action.

The remainder of this paper is organized as follows: Section 2 re-
views relevant literature on carbon accounting methods in dense urban
areas and sensor-based validation approaches; Section 3 details the
proposed framework, including four sub-models for buildings, traffic,
human metabolism, and carbon sinks, with CDIAL validation method-
ology; Section 4 reports the modeling and validation results; Section 5
discusses spatiotemporal patterns of carbon emissions, implications for
decarbonization, and limitations. Section 6 summarizes conclusions and
outlines future work.

2. Literature review
2.1. Carbon emission accounting in high-density urban areas

Urban carbon accounting forms the quantitative foundation for
decarbonization strategies in cities. Existing approaches can be broadly
categorized into top-down and bottom-up frameworks, each with
distinct trade-offs between scalability and precision. However, a
convergent limitation across both paradigms is their inadequacy in
supporting neighborhood-scale, dynamic decarbonization planning.
Top-down methods typically integrate proxy data(e.g., socio-economic
indicators, population density, built-form metrics, road networks, and
nighttime lights (NTL))with global gridded emission products (e.g.,
ODIAC, EDGAR, GRACED) and country- or region-specific inventories
(e.g., CEADs, CHRED) to downscale emissions to finer spatial units (Cai
et al., 2018; Cui et al., 2025; Dou et al., 2022; Zhao & Jiao, 2024; Zheng
et al., 2024). While cost-effective for inter-city comparisons, their
fundamental reliance on static proxies limits their capacity to capture
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intra-urban heterogeneity. For instance, NTL is a proxy for lighting ac-
tivity rather than emissions themselves. It exhibits poor sensitivity to
on-road traffic and other diffuse sources, effectively obscuring the very
neighborhood-level variations and hourly emission spikes that are crit-
ical for local intervention (Gao et al., 2023; Liu et al., 2024b).

In contrast, bottom-up methods compile emissions from fine-scale
“point” (e.g., buildings and facilities) and “line” (e.g., roads) sources
using detailed spatial datasets. Pioneering projects like Hestia in Indi-
anapolis have demonstrated the feasibility of building- and road-level
quantification (Gurney et al., 2012, 2019); subsequent applications
across high-density urban areas have utilized dynamic traffic activity,
remote sensing, built-environment data, and other spatial information to
model and map emissions at high resolution (Chen et al., 2025; Fichera
et al., 2016; Guevara et al., 2013; S. Stagakis, Feigenwinter, Vogt &
Kalberer, 2023; Wang et al., 2020). Nevertheless, the scalability of such
detailed inventories remains a primary constraint, especially in
fast-growing cities where infrastructure records are often incomplete
(Amjath-Babu et al., 2025; Montfort et al., 2025). A more profound issue
is their sectoral isolation; they frequently focus on single sectors and
seldom integrate non-traditional sources like human metabolism or the
mitigating effect of urban carbon sinks, leading to a fragmented and
incomplete urban carbon portrait (Winbourne et al., 2022). Building on
this foundation, integrated modeling approaches have emerged that
combine multi-source data to quantify cross-sectoral emissions at the
neighborhood scale(Luo et al., 2025).

Recently, machine learning (ML) models have emerged as a hybrid
pathway, using multi-source data to estimate high-resolution emissions.
These approaches demonstrate remarkable versatility, applying diverse
data sources to the carbon emission problem. For instance, (Yap et al.,
2025) developed a graph deep learning framework that integrates
building energy data and multi-modal geospatial inputs to quantify
building operating carbon emissions across five cities. Similarly, other
efforts have employed computer vision for household emissions while
applying natural language processing to map manufacturing sectors (Liu
et al., 2025; Wang et al., 2025). Beyond sector-specific studies, ML has
also been integrated into spatial simulation: (Luo et al., 2023) combined
a BP neural network with land use simulation models to predict the
spatial distribution of carbon emissions under different development
scenarios.

Despite their predictive power, these data-driven approaches often
function as “black boxes,” lacking the transparent, process-based
mechanisms of traditional inventories. This limits their interpretability
and raises concerns about generalizability across cities with different
data landscapes and urban forms ( Chen & Debnath, 2025). Overall,
existing accounting methodologies—spanning top-down, bottom-up,
and emerging ML—Ilack effective cross-sector and cross-scale integration
in space and time, constraining their policy relevance at the neighbor-
hood level.

2.2. Sensor technologies for CO2 measurement and model validation in
dense urban areas

The limitations of modeling approaches highlight the critical need
for empirical validation. However, a representativeness gap exists be-
tween what models can simulate and what available sensors can reliably
measure in complex urban settings. Table 1 provides a comparative
overview of these sensor technologies. Eddy-covariance (EC) systems
provide direct CO: flux measurements but are inherently point-based.
Their footprint (0.2-5 km?) is influenced by wind and urban rough-
ness, making them representative of a heterogeneous “source area”
rather than a specific neighborhood, and failing to capture the sharp
gradients in emission intensity characteristic of dense urban cores
(Bjorkegren & Grimmond, 2018; Christen, 2014; Stagakis et al., 2019).

Mobile sensor platforms mounted on vehicles address the resolution
issue, enabling street-level hotspot mapping (Sm et al., 2019). These
mobile systems are effective for identifying emission hotspots and
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Table 1
Comparative summary of validation sensor technologies for CO, measurement.

Technology  Spatial Temporal Key Strength Primary Limitation
Resolution  Resolution in High-Density
Urban Areas
EC system — 30 min Direct Limited
turbulent CO2 representativeness
flux and EC-assumption
measurement violations in
complex urban
roughness
Mobile 10-100 m Seconds Road-level Limited areal
Sensor hotspot coverage; source
platform mapping apportionment
ambiguity
LiDAR 120 m 1 min High temporal High cost; line-of-

and spatial sight occlusion in

resolution, dense urban
wide detection  canyons
range, 3D

mapping

capturing diurnal patterns when repeated across hours, as reported for
high-density neighborhoods in Chinese metropolises (Wu et al., 2025;
Zhu et al., 2022). However, their “line-of-sight” coverage is inherently
limited, making it challenging to achieve urban-scale coverage without
extensive, repeated campaigns. In addition, the challenge of robust
source attribution that disentangles the contribution of a specific road
from adjacent buildings under complex urban microclimates remains
unresolved.

Satellite observations (e.g., OCO-2/3, GOSAT, TANSAT) offer global
coverage but face their own set of constraints in urban applications (Hu
et al., 2024). Their coarse resolution and high sensitivity to aerosols and
clouds often blur the distinct near-surface emission signatures of indi-
vidual neighborhoods, making them unsuitable for validating models at
the block scale (Cui et al., 2025; Y. Wang et al., 2023).

In this context, Light Detection and Ranging (LiDAR) remote sensing,
particularly Coherent Differential Absorption LiDAR (CDIAL), presents a
transformative opportunity. Scanning CDIAL systems achieve spatial
and temporal resolutions of about 120 m and 1 min, and accuracies
around +5 ppm, which bridge the gap between point measurements and
coarse satellite data (Koch et al., 2004; Yu et al., 2021, 2024). Crucially,
their kilometer-scale detection range and ability to perform 3D mapping
provide a spatially representative “snapshot” of the urban CO: plume,
far exceeding the footprint of an EC tower and the linear path of a mobile
platform (Apte & Manchanda, 2024). In urban settings, co-located de-
ployments have enabled simultaneous mapping of COz and wind fields,
revealing persistent emission sources in industrial zones and dynamic
fluctuations in parks and vegetated corridors (Yue et al., 2022). Despite
this potential, the systematic integration of CDIAL measurements as a
core validation benchmark for multi-source, neighborhood-scale carbon
models remains largely overlooked in current research. Most model
validation efforts still rely on sparse ground stations or lack rigorous,
high-resolution observational constraints altogether.

In summary, a critical gap remains at the intersection of modeling
and validation. While top-down methods lack resolution and bottom-up
inventories struggle with scalability and sectoral integration, emerging
data-driven approaches often sacrifice interpretability. Concurrently,
advances in validation technologies, ranging from eddy covariance and
mobile platforms to satellite observations, continue to face fundamental
representativeness challenges in the complex, heterogeneous environ-
ment of a dense city. While emerging remote sensing techniques like
LiDAR/CDIAL offer a promising path forward by providing high-
resolution, spatially representative data, their systematic integration
as a core validation benchmark for neighborhood-scale, multi-source
carbon models remains largely unrealized.

Therefore, there is a pressing need for a unified accounting frame-
work that: (1) achieves the high spatiotemporal resolution of advanced
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bottom-up and ML methods; (2) provides comprehensive sectoral inte-
gration including anthropogenic and ecological processes; and (3) is
robustly validated against high-resolution, spatially representative
empirical data like that provided by CDIAL. This study aims to address
this integrated gap by developing and validating the SCE-Model.

3. Data and methods
3.1. Study area and data sources

3.1.1. Study area

This study focuses on the Old City of Nanjing, China, a historic urban
core encircled by Ming Dynasty city walls and a moat system (Fig. 1).
The Old City was selected as it presents a representative case of a high-
density urban area (25,400 inhabitants per km?) within a rapidly
developing Chinese metropolis. Located in the subtropical monsoon
climate zone, Nanjing experiences distinct seasonal demands for both
cooling and non-centralized heating, making its emission profile broadly
informative for numerous densely populated cities in similar climate
regimes across the globe.

In addition, the study area encapsulates the core challenges of dense
cities worldwide: intense energy demand, chronic traffic congestion,
and intense competition for green space. Critically, it contains a
comprehensive suite of urban carbon sources and sinks within its clearly
defined historical boundary. This includes a full spectrum of building
types, a dense road network, dynamic human populations, and signifi-
cant blue-green infrastructure. The co-existence of these elements
within a single, bound area makes it an ideal natural laboratory to
develop our integrated carbon accounting framework. The predomi-
nantly flat terrain further minimizes the confounding influence of
complex topography on atmospheric dispersion and LiDAR observation,
thereby ensuring a clearer attribution of observed CO- concentrations to
urban activities.

3.1.2. Data sources

This study utilizes two main categories of data: (1) input data for the
SCE-Model and (2) LiDAR-based observational data for model
validation.

(1) Model input data

To ensure comprehensive and accurate urban carbon emission
modeling, we compiled multi-source inputs for the four sub-models from
authoritative administrative datasets, remote sensing platforms, open-
source repositories, and field surveys. Unless otherwise specified, all
data refer to the period from 1 to 30 September 2024 within the Nanjing
Old City (local time, UTC+8), ensuring temporal consistency. All data-
sets were preprocessed to ensure spatial and temporal harmonization,
with continuous predictors standardized using Z-scores where appli-
cable. Key data types and sources are summarized in Table 2.

Building upon the multi-source data, the following core indicators
were applied for each sub-model to facilitate the spatiotemporal carbon
accounting. For building operations sub-model, key inputs included the
energy intensity for different end-uses and building types, and fuel-
specific emission factor. Then, central to transportation sub-model
were the traffic flow and average speed per road segment, coupled
with speed-dependent emission factors for various vehicle classes, cali-
brated using the IVE model. Next, for human metabolic sub-model, the
principal component was the hourly dynamic population density, which
was converted to emissions using a physiological respiration emission
factor. Finally, vegetation carbon sink sub-model’s core parameters
included the carbon sequestration coefficients for different vegetation
types sourced from local greening standards, and the vegetated area
coupled with NDVI values. These parameters serve as the direct inputs to
the mathematical formulations detailed in Section 3.4.
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Fig. 1. Map of the study area: (a) Location of the Old City within Nanjing; (b) Detailed view of the Old City, bounded by the ancient city wall, showing major

landmarks and the distribution of neighborhoods, buildings, green spaces, and water bodies.

Table 2
Overview of model input data and sources.
Sub-Model Data Type Temporal Spatial Source Role in Methodology
Resolution Resolution
Building energy data Hourly Building-level Building energy simulation; field gas To calculate the hourly building energy
consumption surveys emission intensity
3D building data Static (year Building-level OpenStreetMap (OSM); real estate To extract building footprint area and
Building 2024) platforms attributes for energy modeling
operations AOI data Static (year Area-of- Amap API To identify building functions for assigning
2024) Interest activity profiles
Meteorological data hourly City-wide EnergyPlus typical meteorological year ~ Driving data for building energy simulation
(TMY)
Traffic status data Hourly Road segment Amap API To estimate hourly traffic volume and
congestion levels
. Urban road network data  Static (year Road segment OpenStreetMap (OSM) To define road segment geometry (length,
Transportation
2024) type)
Vehicle fleet composition ~ Annual (year City-level Municipal traffic statistics yearbook To determine the proportion of vehicle types
2023) for emission factors
Resident population Annual (census District-level District census data To estimate baseline population distribution
Human metabolic year)
Dynamic population Hourly 120 m grid Baidu heatmap API To downscale the population to an hourly
density resolution
Carbon sequestration Annual Species-level Local greening standards To assign sequestration rates by vegetation
Vegetation carbon coefficients type
sink Vegetation indices Monthly (year 10 m grid Sentinel-2 via Google Earth Engine To map the spatial extent and phenological
(NDVD) 2024) dynamics of green spaces

(2) CO: observational data

During the field campaign, near-surface CO2 concentration and wind

analysis. Detailed data processing and quality control procedures are
described in Supplementary material S1.

field measurements were obtained using a CDIAL system. The campaign 3.2. Framework of the SCE-Model

was conducted from 17 to 19 September 2024 atop a 50-meter building
on the Southeast University campus (see Fig. 2).

This study develops a high-resolution, dynamic carbon-emission

Table 3 summarizes the key operational parameters used during the modeling framework to identify emission hotspots and propose tar-

campaign. All model inputs and remote sensing observation data geted mitigation strategies in

high-density urban areas. Operating at

streams were spatiotemporally harmonized to enable direct comparative neighborhood-scale spatial and hourly temporal resolution, the SCE
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Fig. 2. Photograph of the observation site during the campaign, illustrating the LiDAR installation and its surrounding coverage.

(1) Multi-source data integration: Integrate heterogeneous multi-
source urban datasets (e.g., 3D building data, traffic status data,
population heatmap data, and remote sensing).

Table 3
CDIAL system operational parameters during the campaign.

Parameter Value Unit (2) Urban carbon modeling: Implement the four sub-models,

Maximum measurement range 6 km combining machine-learning methods with physics-based emis-

Spatial resolution 120 m sion models to capture nonlinear interactions.

xmploraltfs"l“m“ 1572 min (3) LiDAR-enabled model validation: Employ near-surface CDIAL
aveleng nm . . . . .

Measurement accuracy (CO2) 15 ppm CO: observations for high-resolution model validation.

(4) Strategy formulation: Apply clustering analysis to identify emis-

sion typologies and inform neighborhood-specific decarbon-
model is validated against near-surface CDIAL CO: measurements to ization strategies.
assess and improve accuracy. The framework offers comprehensive
urban carbon accounting and mapping by integrating four sub-models:
building operations, transportation, human metabolism, and vegeta-
tion carbon sinks.

To address the challenges of complex spatiotemporal carbon moni-

toring, the framework comprises four core steps (Fig. 3):

3.3. Scope and system boundary

This study focuses on direct carbon emissions (Scope 1) originating
from on-site human activities in high-density urban environments,
specifically covering the residential, commercial, and transportation
sectors (see Fig. 4). Scope 1 emissions are prioritized as they are directly
related to local activities and can be effectively influenced by urban
planning interventions.

Phase1: Data Integration Phase2: Urban Carbon Modeling

Phase3: Model Validation Phase4: Strategie

e AWld  Scope and System Spatiotemporal Carbon AN Near-surface CO, NS T b
Boundary Emission Formula measurement 5
Building age Analysis
; ‘ Q Observation  Observation E
ikt Cr(9,t) = 1(g.t) - EF(g,) - Ag - At Site Period - ol
uilding area Al i Dl
Oibanibirect! . e LIDAR Instrument Detail , L
B G v iy
: - B#;'igi'fl'tg Sub-Models - hoho
; Building Sub-Model DETE] Prf)cessmg and @
g . Quality Control
- Population Heatmap Data®-¢ P%‘;l:llsai?yon Bottom-up modeling of Cret = Cp + K-means
: S building energy intensity ne : Clustering
) based on typical types Cr+Cy—Cy Preprocessing
Road map Trans| i Consistent
! portation i 5 -
:‘ CT Sub-Model f Spatial-temporal Resolution
Congestion Predicting traffic flow A
index and calibrating local _\ Data Normalization
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Fig. 3. The design framework of the SCE-Model.
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sinks within dense urban areas. In this context, transportation, building operations, and human metabolism are carbon sources, while vegetation absorption is the
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The system boundary encompasses four primary sources: (1) build-
ing operations, primarily from fossil fuel combustion (e.g., natural gas,
LPG, coal); (2) transportation, covering tailpipe emissions of gasoline
and diesel vehicles; (3) human metabolism, referring to CO2 generated
from population respiration; and (4) urban carbon sinks, including
vegetation photosynthesis and carbon sequestration. Such a sub-model
decomposition has been widely adopted in recent urban carbon emis-
sions modeling studies and inventories, enabling methodological con-
sistency and cross-city comparability (Christen et al., 2011; Jarvi et al.,
2019; Kellett et al., 2013; S. Stagakis, Feigenwinter, Vogt & Kalberer,
2023; Velasco, 2021; Wang et al., 2020; Ye et al., 2023).

3.4. Spatiotemporal carbon emission formula and sub-models

3.4.1. Spatiotemporal carbon emission formula

Tiered inventory methods rooted in the IPCC framework often lack
explicit spatiotemporal dynamics unless tightly coupled with activity
data and process models. To address this, we formulate emissions (or
sinks) on sectors, discrete spatial units, and time steps:

(€Y

Where r € {B, T, M, V} denotes emission sectors: building opera-
tions(B), transportation(T), human metabolism(M), and vegetation
carbon sinks(V); g is a spatial unit(block) with area A,(m?); t indexes
time steps of duration At(h); I,(g, t) is the activity intensity for sector r;
EF,(g,t) is the corresponding emission/sink factor consistent with I..
This formulation makes local variability explicit and is scalable across
urban extents and temporal resolutions.

The net carbon flux for each spatial unit g at time t are:

Cr(gv t) = Ir(g7 t)‘EFr(gv t) 'Ag'At

Cnet(gy t) = CB(gﬂ t) + CT(gv t) + CM(gﬂ t) - CV(g7 t) (2)

By convention, Cy(g,t)is defined as a positive uptake. This framework
supports hotspot mapping and policy design at neighborhood to city
scales.

3.4.2. Building operations mission sub-model
This sub-model quantifies direct CO: emissions from fossil fuel
combustion (natural gas, LPG, coal) for space heating, cooking, and

domestic hot water:

Cs(g,t) = Ziegzjli\j (t)-A;-EF;;

Where i denotes buildings located within block g A; is floor area
(m?); j denotes end-use activity; I;;(t) is energy intensity (MJ-m™h);
and EF;; is the emission factor (kg CO2-MJ™). This formulation enables
block-level differentiation by building type, function, and temporal
patterns. Alternative fuel-based form (equivalent when data permit):

Cslg 1) = Z@Z}, [Quf(t)-EFf] 4

Where Qi(t) is fuel consumption rate (MJ-h™Y; EF; is the fuel-
specific factor.

3

3.4.3. Transportation emission sub-model

This sub-model quantifies direct CO2 emissions from urban fossil-fuel
vehicles (private cars, buses, taxis, freight trucks). Key parameters
include road type, spatiotemporal traffic flow, vehicle fleet composition,
and speed-dependent emission factors. Traffic flow is estimated using a
hybrid approach integrating a physical traffic-flow model with residual
correction via machine learning to capture rush hours and congestion:

Ez(t) =) [Far(t) Loex (vx(1))]

k

5.0 =3 loe)

2€Zg

(5)

(6)

Where z indexes road segments; Z, denotes segments associated with
block g; n,(2) is number of blocks adjacent to segment z; L, is segment
length(km); k indexes vehicle classes; F, i (t) = F;(t)-P,«(t) is hourly flow
of class k (veh-h™), from total flow F,(t) and class share P,(t); v.«(t) is
average speed (km-h™'); and e (-) is the speed-dependent emission factor
(kg CO2-(veh-km)™); factors e, are calibrated using the IVE model and
local measurements.

3.4.4. Human metabolic emission sub-model
Human respiration contributes a direct, measurable CO: source that,
while modest citywide, can be non-negligible in high-density settings. At
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the neighborhood scale, emissions are computed per block and
aggregated:

Cu(g,t) = pM(g, t)-Ag-EFy @

Cu(t) =) Culg1) (8)
g

WhereM(g,t) is population density (persons-m™); A, is block area
(m?); and EF), is the respiration emission factor (kg COz-person~'-h™), set
to 0.042 kg CO2-person'-h™! based on physiological studies (Moriwaki &
Kanda, 2004; S. Stagakis, Feigenwinter, Vogt, Brunner et al., 2023;
Ueyama & Takano, 2022). Hourly population fields are derived using
census data with high-resolution population heatmaps (120 m), fol-
lowed by spatiotemporal interpolation and normalization.

3.4.5. Vegetation carbon sink sub-model

Urban vegetation is a primary CO: sink via photosynthesis and soil
carbon sequestration. Using the Normalized Difference Vegetation Index
(NDVI) from high-resolution remote sensing imagery, vegetation is
classified into trees, shrubs, and grassland. Block-level annual seques-
tration is computed as:

Cy(g, annual) = E [64-Aqeg]

q

9

_ Cy(g, annual)-NDVIy () | $mie ()
32y NDVI Ny H,

Cy(g, t) (10)

Where g denotes vegetation class; ¢, is net annual sequestration
coefficient (kg CO2-m=2yr); A, is the area of vegetation class q within
block g (m?); NDVI,,, is monthly NDVI value for block g, Ny, is number of
days in month m; ¢, is diurnal photosynthetic weight, and H,, is daily
normalization constant.

Methodological details are provided in Supplementary material S2,
which presents workflow diagrams and key parameters for the four sub-
models.

3.5. Validation method using ground-based lidar remote sensing

To validate the spatiotemporal accuracy of the SCE model, a ground-
based LiDAR remote sensing campaign was conducted using the CDIAL
system. This instrument simultaneously measures path-integrated CO-
mixing ratios and wind vectors via the optical Doppler effect, con-
structing 2D spatial maps through Plan Position Indicator (PPI)
scanning.

Calibrated, quality-controlled CO: retrievals, validated against a
cavity ring-down spectrometer (R*> > 0.9, RMSE < 6 ppm) (Yu et al.,
2024), served as the independent benchmark. Model outputs were
evaluated using two methods: (1) spatiotemporal pattern correlation
analysis, which quantitatively evaluated the agreement between stan-
dardized and background-corrected model outputs and observations
after temporal aggregation and spatial matching; and (2) a machine
learning-based inversion approach employing a Random Forest (RF)
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regression model. The RF model incorporated simulated net emissions,
key meteorological variables, and temporal predictors as input features
to predict the observed CO: mole fractions.

Model performance was quantified using the coefficient of determi-
nation (R?), mean squared error (MSE), and mean absolute error (MAE).
A Shapley Additive exPlanations (SHAP) analysis was applied to the RF
model to interpret the influence of the predictive factors.

3.6. Typology of urban carbon emission neighborhoods

The K-means clustering algorithm was applied to neighborhood-level
emission data to identify neighborhoods with similar carbon emission
characteristics. All variables were standardized using Z-score normali-
zation. The optimal number of clusters (k = 5) was determined by the
Elbow Method to balance interpretability and clustering accuracy. The
input variables (Table 4) capture multidimensional emission dynamics,
including sectoral emissions, proportional structure, carbon sink ca-
pacity, and spatial intensity. Mathematical formulations and clustering
parameters are provided in Supplementary material S3.

4. Results
4.1. Quantitative analysis of direct carbon emissions

4.1.1. Sectoral and daily patterns of carbon emissions

This section presents a quantitative analysis of direct carbon emis-
sions across the four sectors at a daily resolution. The analysis elucidates
the magnitude and spatial distribution patterns, establishing a founda-
tional understanding of the aggregate carbon budget within the study
area.

Quantitative analysis revealed stark sectoral disparities in carbon
emissions across Nanjing Old City (Figs. 5-8). Building operational
emissions averaged 0.84 million kg COy/day during the study period.
Fig. 5 presents the spatial distribution of building emissions, with pe-
ripheral neighborhoods dominating absolute emissions due to larger
built-up footprints. At the same time, high-density mixed-use zones in
the urban core showed the highest per-unit-area emission intensity.
Analysis of end-use contributions revealed that domestic hot water
accounted for the majority (71.5 %) of building emissions, with cooking
constituting the remainder (Fig. 5c). By building function, residential
structures were the primary contributor (81.3 %), significantly sur-
passing emissions from commercial and public buildings (Fig. 5d).
Notably, among residential types, buildings with ground-floor catering
uses emitted 1.2 times higher than those of purely residential buildings.
Validation against municipal statistics on residential natural gas and
LPG consumption confirmed reliability, with a deviation of 9.1 %.

Transportation emissions remained relatively stable at approxi-
mately 1.05 million kg COz/day (Fig. 6). While expressways and major
roads exhibited higher per-segment emissions due to concentrated
traffic flows along key corridors, side streets collectively dominated the
sector-wide emissions, contributing 38.7 % of the daily total. This
pattern reflects their extensive network density and persistently high

Table 4
Variables for neighborhood carbon emission typology.
Type Indicator Symbol Description
Building emissions Cp Daily carbon emissions from building operations (kg COz/day)
T, Transportation emissions Cr Daily carbon emissions from transportation (kg COz/day)
Emission indicators . . . . . ..
Human metabolism emissions Cu Daily carbon emissions from human metabolic activity (kg COz/day)
Net total emissions Cret Net total carbon emissions (kg COz/day)
. s Building emission share Sp Proportion of building emissions ( %)
Proportional indicators . . . . .
Transportation emission share Sr Proportion of transportation emissions ( %)
i b i Dail; b ion b, ion (k
Carbon sink attributes Vegetat%on ca-r b on ‘sequestratlon Cy aily ca.r on seqllles.tratlon y vegetanon‘( g COz/day)
Vegetation mitigation share Sv Proportion of emissions offset by vegetation ( %)
Spatial intensity indicator Net emission intensity Enet Net carbon emissions per unit area (kg CO2/m?/day)
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Fig. 5. Modeled building operation emissions. (a) Spatial distribution of daily total building emissions (kg CO2/ day), (b) Spatial distribution of emission intensity (kg
CO2/m?/day), (c) Fractional contributions of end-use activities to daily emissions (cooking, domestic hot water), (d) Daily emissions by building function (million kg

COz/day).

volumes of short-distance trips in high-density urban areas. Major roads
(23.3 %) and secondary roads (20.8 %) were significant secondary
sources, with emissions spatially concentrated around transportation
hubs.

Human metabolic emissions emerged as the dominant source, aver-
aging 6.17 million kg CO2/day (4+6.62 % daily variation), significantly
exceeding emissions from other sectors. This establishes a critical
baseline range for urban metabolic footprint assessment. Fig. 7a shows a
pronounced multicore, clustered pattern anchored by major commercial
and functional agglomerations. The Xinjiekou core formed the most
significant emission hotspot, with the peak neighborhood reaching 0.03
million kg CO2/day; the broader Xinjiekou cluster accounted for 27.3 %
of the Old City’s total metabolic emissions, extending north-south and
exhibiting a belt-like morphology. By functional category, hospital-
dominated neighborhoods accounted for the largest share of metabolic
emissions, followed by commercial and residential areas (Fig. 7c). In
contrast, hotel-dominated neighborhoods exhibited the highest per-
unit-area emission intensity (Fig. 7d).

In contrast, urban green spaces provided only a modest carbon sink,
with a mean sequestration of 0.04 million kg CO:/day, offsetting
approximately 0.6-0.7 % of anthropogenic emissions in Nanjing Old
City. Substantial spatial heterogeneity was observed: green spaces
within commercial, governmental, and office districts exhibited the
highest uptake, whereas hospital-, hotel-, and school-dominated areas
showed lower sequestration; residential neighborhoods were highly

variable but displayed a notably low median uptake (Fig. 8d). This
pattern indicates an inequitable distribution of carbon-sequestration
assets, with pronounced deficits in emission-intensive residential zones.

4.1.2. Hourly and spatiotemporal dynamics of emissions

Building upon the daily analysis, this section delves into the spatio-
temporal dynamics of emissions at an hourly resolution. It aims to un-
ravel each sector’s distinct diurnal fluctuation patterns and synergistic
effects, collectively shaping the temporal evolution and spatial migra-
tion of emission hotspots throughout the day.

Integrated spatiotemporal analyses reveal that emission rhythms and
spatial configurations collectively shape neighborhood-scale carbon
footprints (Figs. 9-10). Building operations exhibited pronounced
spatiotemporal coupling. On weekdays, emissions followed a dou-
ble-peaked (M-shaped) diurnal profile, with peaks at 06:00-09:00 and
18:00-20:00 and troughs around 02:00-05:00 and 15:00-16:00; on
weekends, peaks attenuated and shifted later (Fig. 9a). Spatially,
morning/evening peaks were strongest in peripheral residential belts
2-5 km from the central business district (CBD). In contrast, midday
emissions shifted into the urban core, concentrating around Xinjiekou
and Gulou (Fig. 10a).

Transportation emissions were tightly commute-synchronized.
Temporally, a robust double-peaked diurnal profile coincided with
weekday rush hours (07:00-09:00; 17:00-19:00), with weekend totals
declining by 18-22 % (Fig. 9b). Spatially, hotspots anchored along
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Fig. 6. Modeled transportation emissions. (a) Spatial distribution of daily total emissions (kg COz/day), (b) Spatial distribution of emission intensity (kg CO2/m?/
day), (c) Per-segment emission magnitude by road type (kg COz/segment), (d) Aggregate daily emissions by road type (million kg COz/day).

expressway corridors, major intersections, and transportation hubs and
persisted throughout the day, reflecting network constraints (Fig. 10b).
In the Old City, intersections along the inner ring roads, as well as the
southeastern gateway where the Shanghai-Nanjing Expressway enters
the city, sustained all-day concentrations, underscoring network
lock-in.

Human metabolic emissions closely tracked population activity.
They exhibited a smooth, wave-like diurnal cycle with a sustained
daytime plateau from late morning to early evening (11:00-18:00),
coinciding with maxima in commercial and outdoor activities (Fig. 9c).
Hotspots migrated diurnally along the core-corridor system: during
peak-activity periods, emissions concentrated in the Xinjiekou and
Fuzimiao cores and along adjoining arterial commercial corridors;
during off-peak periods, core intensities declined and outward spread
was limited (Fig. 10c). Despite this migration, high-emission blocks
showed pronounced persistence: the Xinjiekou core functioned as an
all-day anchor, with peak-hour metabolic emissions within the district
exceeding 1.5 x 10% kg CO: h!, evidencing the combined effect of
commercial intensity and human presence.

Vegetation carbon sinks operate at counterpoints to anthropogenic
fluxes. Temporally, the vegetation sink showed a single-peak noon
maximum during peak photosynthesis and shifted to a slight net
biogenic release at night due to plant respiration (Fig. 9d). Spatially,
sink capacity was significantly inequitable: it concentrated in expansive
green infrastructure (e.g., Xuanwu Lake Park, Qinhuai River

Greenways), whereas central and southern high-density residential
districts exhibited minimal offset capability—often below 5 % of park
sequestration (Fig. 10d).

4.1.3. Neighborhood emission typologies

Building on the previously derived spatiotemporal emission profiles,
we applied k-means clustering to categorize the 546 neighborhoods of
Nanjing Old City into five distinct carbon emission typologies (Fig. 11):
low-emission, building-dominated, mixed high-emission, trans-
portation-dominated, and high carbon-sink neighborhoods.

Low-emission neighborhoods constitute approximately 45.0 % of
neighborhoods. This typology is defined by low emissions across all
categories—including building emissions (252.6 kg COz/day), trans-
portation emissions (1258.1 kg CO:/day), and total net emissions
(1510.7 kg CO2/day)—and exhibits a moderate emission intensity
(0.078 kg COz/m?/day). Geographically, they cluster in low-density
residential and institutional zones (Fig. 11a).

Building-Dominated Neighborhoods accounted for 38.5 % of neigh-
borhoods. Characterized by high building emissions (1377.1 kg COz/
day) that contribute 55.3 % of their total, these areas exhibit moderate
net emissions (2478.6 kg COz/day) but low spatial intensity (0.059 kg
CO2/m?/day), typical of residential-commercial mixed-use districts
(Fig. 11b).

Mixed High-Emission Neighborhoods (10.8 % of total) are hotspots
where high building (2085.2 kg CO:/day) and exceptionally high
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Fig. 7. Modeled human metabolic emissions. (a) Spatial distribution of daily total emissions (kg COz/day), (b) Spatial distribution of emission intensity (kg CO2/m?/
day), (c) Daily emissions by neighborhood primary function (kg CO2/day), (d) Emission intensity by neighborhood primary function (kg CO2/m?/day).

transportation emissions (4857.1 kg COz/day) converge with minimal
sink capacity. Transportation dominates (71 % of anthropogenic emis-
sions), driving their net emissions to the highest observed (6942.3 kg
COz/day). They are primarily located along primary arterial roads and
commercial and public service zones (Fig. 11c).

Transportation-Dominated Neighborhoods, though rare (4.6 %), are
the most intense per-unit-area emitters (0.397 kg CO2/m?/day)—1.38
times higher than that of Mixed High-Emission Neighborhoods. Emis-
sions in these zones are overwhelmingly from transportation (89.6 %),
pinpointing critical infrastructure bottlenecks like major highways and
interchanges as supreme urban carbon hotspots (Fig. 11d).

High Carbon-Sink Neighborhoods are the rarest (1.1 %) but ecolog-
ically vital. Comprising parks and natural landscapes, they act as net
carbon sinks (—95.8 kg CO2z/day), offsetting 26.4 % of their theoretical
emissions and providing a crucial ecosystem service to the broader
urban area (Fig. 11e).

4.2. LiDAR-enabled high-resolution model validation

Fig. 12a maps the near-surface CO: concentrations in four azimuthal
sectors surrounding the CDIAL observation site. For validation, we
compared standardized simulated net emissions (SNE) against the
CDIAL-derived observations (CO:z) across multiple hours and urban

10

blocks. Both time series were standardized to a mean of zero and a
standard deviation of one (z-score) over the analysis period to enable
direct comparison of their temporal dynamics.

The standardized time series exhibited close agreement (Fig. 12b),
with observed concentrations closely tracking the simulated emissions,
particularly at night, in the early morning, and in the afternoon.
Notably, over 68 % of the CDIAL observations fell within the +1 stan-
dard deviation envelope of the simulated series, providing strong sta-
tistical support for the model’s reliability at the neighborhood scale.

To further quantify the relationship, a random forest (RF) model was
trained using SNE and meteorological covariates to predict the observed
CO: at the block-hour scale. The model demonstrated strong predictive
power (R? = 0.79; n = 821) with low error rates (MAE = 7.38 ppmy;
RMSE = 10.35 ppm). SHAP analysis (Fig. 13) identified SNE as the
dominant predictor of observed concentrations, with wind speed and
observation height also being significant contributing factors.

It is important to note that while CDIAL provides high-precision
concentration measurements, validation in dense urban settings re-
mains challenging due to complexities in vertical mixing and boundary-
layer dynamics (Gurney et al., 2021; Lian et al., 2023; Mueller et al.,
2021), which can introduce uncertainty. Our SHAP analysis (Fig. 13)
provides contextual insight into these effects, indicating that meteoro-
logical factors proxying for vertical mixing (e.g., wind speed) were
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Fig. 10. Weekday spatial dynamics by source/sink. (a) Building operations, (b) Transportation, (¢) Human metabolism, (d) Vegetation carbon sink.

secondary factors in influence in addition to the simulated emissions
themselves. Despite these challenges, the SCE-Model’s high predictive
accuracy, consistent temporal patterns, and interpretable driver hier-
archy indicate its robustness in capturing neighborhood-scale carbon
emission dynamics.
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5. Discussion

5.1. Spatiotemporal patterns of carbon emissions in high-density urban
areas

Quantitative results from the SCE-Model reveal pronounced spatio-
temporal heterogeneity in carbon emissions across Nanjing Old City. A
key finding is the dominance of human metabolic CO2, contributing 76.6
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Fig. 11. Spatial distribution and characteristic radar plots of the five neighborhood carbon emission typologies derived from k-means clustering: (a) Low-emission,
(b) Building-dominated, (c) Mixed high-emission, (d) Transportation-dominated, (e) High carbon-sink.

% of total anthropogenic emissions—significantly higher than levels
reported in Vancouver (8 %; Christen et al., 2011; Kellett et al., 2013),
central London (14 %; Bjorkegren & Grimmond, 2018), and Toulouse
(10 %; Goret et al., 2019), where building energy and transport typically
dominate. This aligns more closely with estimates from Tokyo (38 %;
Moriwaki & Kanda, 2004) and Helsinki city center (39 %; Jarvi et al.,
2019). Several factors explain this disparity: firstly, Nanjing Old City’s
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extreme population density—captured via real-time modeling including
residents, workers, and tourists—amplifies metabolic contributions,
unlike studies relying solely on residential data. Secondly, because our
study period excludes the heating season, estimated building emissions
are lower; in contrast, space heating dominates in colder climates like
Basel (60 %; S. Stagakis, Feigenwinter, Vogt & Kalberer, 2023). Thirdly,
current high electric vehicle penetration in the study area lowers
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transport emissions compared to fossil-fuel-dependent cities such as
Heraklion (69 %; Stagakis et al., 2019) and London (70 %; Bjorkegren &
Grimmond, 2018). These results underscore how extreme density
transforms human respiration into a major carbon source. Although not
directly mitigatable, the spatial clustering of metabolic emissions
around commercial hubs can guide public service siting, enabling in-
direct reductions through travel-demand management and spatial
optimization (Cai et al., 2022; Wang et al., 2024).

Beyond sectoral composition, diurnal patterns further illuminate
urban metabolic rhythms. Building operations exhibited a distinct M-
shaped profile, consistent with patterns of synchronized domestic ac-
tivity observed in studies such as the Hestia project in Indianapolis
(Gurney et al., 2012). Transportation emissions were tightly coupled
with morning and evening rush hours—a well-documented phenome-
non globally, also observed in Beijing (Li et al., 2019; Ye et al., 2023).
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Our high-resolution temporal data further reveal a significant weekend
effect, with traffic emissions decreasing by 18-22 %, underscoring the
persistent role of commuting behavior. In contrast, metabolic emissions
maintained a daytime plateau, closely tracking pedestrian activity dy-
namics. These temporal patterns were mirrored in distinct spatial
structures. Spatially, emissions exhibited strong clustering: total build-
ing emissions were area-driven in peripheral zones, while emission in-
tensity peaked in the dense urban core. Transportation hotspots
consistently concentrated at inner-ring road nodes and major gateway
corridors, and metabolic fluxes formed multi-center clusters anchored
around key commercial areas.

Interactions between diurnal source rhythms and urban spatial
structure produce pronounced composite peaks, especially on weekdays.
The overlap of morning building start-up loads with inbound
commuting yields a strong 07:00-09:00 peak; a second peak at
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17:00-19:00 arises when ongoing building operations coincide with
outbound traffic. Similar synergies near transport-commercial hubs
have been reported (B. Liu et al., 2024; Zhao et al., 2023). Peak sharp-
ness aligns with microenvironmental controls of high-density urban
morphology (building thermodynamics, urban heat island, urban CO:
dome, street-canyon effects) (Idso et al., 2002; lungman et al., 2024; Liu
et al., 2023; Tian et al., 2024). These spatiotemporal dynamics were
validated by CDIAL measurements, which provided continuous,
spatially representative observations that reduce source-attribution
ambiguity and complement existing monitoring networks.

Finally, urban vegetation provided only a minimal carbon sink, off-
setting a mere 0.6 % of gross emissions, which is consistent with the
limited sequestration (<0.5-7 %) documented in other dense cities
(Christen et al., 2011; Havu et al., 2024; S. Stagakis, Feigenwinter, Vogt
& Kalberer, 2023; Ye et al., 2023; Ye et al., 2025). This marginal effect,
coupled with a spatiotemporal mismatch with emission hotspots, un-
derscores that current urban green spaces cannot meaningfully offset
neighborhood-scale peaks without strategic expansion. Nevertheless,
concentrated green infrastructure(e.g., Xuanwu Lake Park in Nanjing)
can indirectly mitigate emissions by reducing local energy demand
through microclimatic regulation (P. Wang et al., 2023), highlighting a
broader role for targeted greening in climate-adaptive planning (Bai
et al., 2025; Javadpoor et al., 2024).

5.2. Implications for neighborhood-scale decarbonization

The five neighborhood typologies identified (Section 4.1.3) reveal
fundamentally distinct carbon emission structures and drivers, under-
scoring the limitations of citywide one-size-fits-all policies. Instead,
decarbonization strategies must be spatially tailored to align with each
typology’s functional characteristics, emission hotspots, and inherent
mitigation potentials. As synthesized in Table 5, targeted, evidence-
based interventions are proposed and organized around three inter-
connected dimensions: spatial planning, technological innovation, and
management mechanisms.

For the low-emission neighborhoods, which maintain balanced,
minimal emissions across all sectors, the priority is to preserve their low-
carbon status while preventing future growth. These areas serve as
natural laboratories for replicable practices: distributed renewable
microgrids paired with IoT energy monitoring can sustain baseline ef-
ficiency (De Loma-Osorio et al., 2024; Duan et al., 2024; Huylo et al.,

Table 5

Targeted decarbonization strategies for neighborhood emission typologies.
Typology Core Challenge Strategies
Low-emission Maintaining low- o Spatial: Community renewable

carbon profiles;
Avoiding rebound

microgrids
Tech: IoT energy monitoring +

effects residential electrification
e Mgmt.: Carbon-credit schemes
Building-dominated =~ High fossil dependency e Spatial: Rooftop PV + shading
(gas); o Tech: Smart building controls
Pronounced diurnal e Mgmt.: Heat pump subsidies +
peaks tiered gas pricing
Mixed high- Spatiotemporal peak e Spatial: Transit-priority streets
emission synergy; + superblocks
Inadequate carbon o Tech: Fleet electrification
sinks e Mgmt.: Low-emission zones +
optimized freight routing
Transportation- Morning peak e Spatial: Dedicated bus/cycling
dominated dominance; lanes
Road intersection e Tech: CCUS
hotspots e Mgmt.: Dynamic congestion
pricing
High carbon-sink Sink-residence spatial e Spatial: Blue-green corridor
mismatch expansion

Tech: Smart irrigation systems
Mgmt.: Ecological protection
redlines
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2025). At the same time, carbon-credit systems incentivize sustainable
public service usage without compromising livability (Barrett et al.,
2024). By safeguarding their existing low-emission momentum, these
neighborhoods can act as anchors for citywide decarbonization.

Building-dominated neighborhoods are defined by fossil fuel-
dependent residential and commercial emissions, requiring targeted
retrofits to reduce reliance on non-renewable energy. Rooftop solar
integration and enhanced building insulation directly address their
primary emission source, while innovative control systems can mitigate
usage spikes (Shi et al., 2025; Trencher & van der Heijden, 2019; Zhang
et al., 2025). Subsidies for low-carbon heating technologies (e.g., heat
pumps) should prioritize these zones, using their moderate emission
levels to deliver cost-effective decarbonization.

Mixed high-emission neighborhoods face intertwined challenges
from elevated transportation and building emissions, compounded by
limited carbon sink capacity. Interventions here must adopt an inte-
grated spatial approach: transit-priority street redesigns and electric
fleet deployment can disrupt peak-hour emission synergies (Geels et al.,
2017; Yang et al., 2021). At the same time, low-emission zones—mod-
eled after successful implementations in European cities
(Borowska-Stefanska et al., 2024, 2025; Moral-Carcedo, 2022; Poulhes
& Proulhac, 2021)—can curtail traffic-related emissions. Complemen-
tary urban greening measures offset local heat islands and enhance
on-site sequestration, addressing the dual drivers of their high emissions
(Jia et al., 2025; Priya & Senthil, 2025).

Though small in proportion, transportation-dominated neighbor-
hoods exhibit extreme emission intensity due to concentrated vehicle
activity. Spatially, dedicated bus lanes, cycling networks, and pedestrian
zones physically reduce private vehicle dependency (Linton et al.,
2022); managerially, dynamic congestion pricing targets peak-hour
hotspots (Li et al., 2025); and in terms of technology, integrating arti-
ficial carbon sink facilities (e.g., CCUS) can locally offset a portion of
residual emissions (Rodriguez Mendez et al., 2024; Shang & Lv, 2023).

High carbon-sink neighborhoods play a disproportionate role in
urban carbon sequestration, requiring protection and enhancement of
their ecological function. Expanding blue-green corridors connects
fragmented green spaces within high-density urban environments,
amplifying their sequestration potential and aligning sinks with nearby
emission sources (Jiang et al., 2023; Song & Wang, 2025). Intelligent
irrigation systems maximize vegetation efficiency, while strict ecolog-
ical redlines prevent urban encroachment. As observed in high-density
urban environments globally, these measures preserve their unique ca-
pacity to offset emissions, with co-benefits for microclimate regulation
(Kumar et al., 2024; Pincetl et al., 2014; Winbourne et al., 2022).

5.3. Limitations and future studies

While the SCE-model provides significant advancements in spatial
and temporal granularity, it is essential to acknowledge uncertainties
rooted in data, methods, scope, and validation. From a data perspective,
because high-resolution traffic probe data are difficult to access, we infer
segment-level flows from traffic status indicators using a machine-
learning model; however, the available status data are dominated by
uncongested periods and may underestimate peak emissions. Although
the framework is extensible to the whole year, this analysis is limited to
September. It represents emission factors and building schedules with
averages, which do not capture seasonal variability and may miss
atypical patterns (e.g., holidays, heatwaves, special events).

Several simplifications regarding methods and model structure may
affect local accuracy. Uniform building parameters do not reflect within-
type heterogeneity in physical characteristics and occupant behavior,
potentially biasing estimates in older or highly occupied buildings. At
the neighborhood scale, summing sectoral sources does not fully account
for interactions among sources or local meteorology, which can
decouple emissions from near-surface CO-.

In terms of scope, the analysis focuses on direct (Scope 1) emissions
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from residential, commercial, and transport activities in the high-
density study area. Grid electricity generation, industrial point sour-
ces, and freight outside primary corridors are excluded. Excluding Scope
2 and 3 underestimates neighborhood carbon footprints but is justified
by direct governance relevance.

Regarding validation, near-surface CDIAL is highly precise (+5
ppm), yet in dense urban canyons, its representativeness is curtailed by
vertical mixing, building-induced line-of-sight occlusion, and aerosol
scattering/absorption. Despite these limitations, the model reproduces
diurnal patterns and explains over 79 % of the variance in observed
concentrations, supporting its use for fine-scale characterization.

Future studies should focus on: (1) integrating city real-time data
streams—Ilinking IoT/smart-meter building energy, dynamic traffic
probes and transit feeds, and city operations (events, construction,
incidents)—to capture emission peaks and micro-scale variability and
enable near-real-time updates; (2) testing and calibrating the frame-
work across additional dense cities with diverse morphologies and cli-
mates, and optimizing it using multi-year, multi-season datasets to
improve robustness and transferability; (3) expanding the system
boundary beyond Scope 1 to explicitly include Scope 2 (indirect elec-
tricity) and, where feasible, targeted Scope 3 components for a more
complete neighborhood carbon footprint; and (4) building a long-term
intra-urban observing network that fuses building-based LiDAR with
satellite overpasses, eddy-covariance flux towers, and mobile measure-
ments to enhance calibration, reduce positional bias, and strengthen
spatiotemporal representativeness for sustained urban monitoring.

6. Conclusion

This study develops a novel LiDAR-validated spatiotemporal carbon
modeling framework (SCE-Model) to address the critical need for high-
resolution emission quantification in dense urban neighborhoods, a
prerequisite for effective climate change mitigation. By integrating
diverse urban datasets (building operations, traffic, human mobility,
vegetation dynamics) with near-surface CDIAL measurements (R* =
0.79), the framework enables hourly, block-level emission mapping,
filling a key gap in actionable urban carbon monitoring.

Applied to Nanjing Old City, this approach reveals three founda-
tional insights into urban carbon dynamics: First, human metabolic ac-
tivity dominates local emissions, a factor previously underappreciated in
dense urban cores. Second, as primary anthropogenic sources, trans-
portation and building emissions exhibit distinct diurnal rhythms and
spatial clustering, driving emission hotspots. Third, though concen-
trated in parks and greenways, urban vegetation sinks provide only
modest offsets to these dominant anthropogenic emissions, highlighting
a critical sink-source imbalance.

Building on these insights, the framework identifies five distinct
neighborhood emission typologies, directly demonstrating the ineffec-
tiveness of citywide “one-size-fits-all” decarbonization policies. Instead,
targeted strategies are necessitated by typology-specific characteristics:
retrofitting gas-dependent buildings in building-dominated areas;
implementing transit-priority streets and low-emission zones in mixed
high-emission zones; deploying dedicated bus lanes and congestion
pricing in transportation hotspots; and protecting/expanding blue-green
corridors in high carbon-sink neighborhoods. As a replicable and vali-
dated tool, the SCE-Model provides a transformative approach for high-
resolution urban carbon accounting. It strengthens the foundation for
evidence-based decarbonization planning and targeted climate action in
dense cities globally, offering a scalable pathway to support their tran-
sition towards carbon neutrality.

Despite these contributions, this study has several limitations, pri-
marily concerning data granularity, model scope, and seasonal repre-
sentation. Addressing these limitations presents key avenues for future
research. These include the integration of real-time IoT data streams,
expansion of the system boundary to encompass Scope 2 and 3 emis-
sions, validation across a wider range of cities and seasons, and the
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development of a multi-platform urban carbon observing network. By
pursuing these directions, the resolution, accuracy, and generalizability
of urban carbon accounting can be further enhanced.
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