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Abstract

Mixed-use development is promoted for urban decarbonization, but
conventional metrics cannot resolve the building-level functions shaping energy
use and travel. We develop a nationwide functional atlas of approximately 200
million buildings in China by integrating sub-meter imagery, semantic
information and vector data. ODIAC-derived emissions reveal that neighborhood-
scale mixing is associated with steadily lower emissions, whereas building-scale

mixing shows a three-stage relationship. At low levels, scattered functions may
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raise emissions; at moderate levels (0.14-0.72), increasing mixing reduces
emissions; beyond this range, benefits level off or reverse. Shifting under-mixed
areas into the moderate range could conservatively mitigate about 100 Mt C yr™.
Analysis of 31 international cities reveals a similar pattern, although transition
points vary. Thus, more mixing is not always better: planners should prioritize
low-mixing areas, avoid excessive mixing where benefits have saturated, and adopt

locally tailored building-scale targets.

Introduction

Urban operational emissions, driven by building operations, mobility and other
land-based urban activities, sit at the center of the global mitigation challenge'-?. Cities
account for ~80% of final energy use and a comparable share of energy-related
greenhouse-gas emissions®*. Here “operational carbon” denotes territorial, land-based
carbon emissions from the Open-source Data Inventory for Anthropogenic CO:
(ODIAC) within urban areas, reported in carbon-mass units, rather than embodied
emissions or consumption-based carbon footprints. China provides an unusually
stringent stress test for identifying actionable pathways, because it has been the world’s
largest annual greenhouse-gas emitter since the mid-2000s while simultaneously
undergoing the most extensive urbanization project in history, adding more floor area

over the past two decades than any other country™®. Under its “dual-carbon” strategy,
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China is pivoting from rapid greenfield expansion to renovation and optimization of the
existing urban stock, compressing the timetable for near-term, stock-focused
abatement’. As expansion slows, outcomes hinge increasingly on how buildings are
used and co-located, what functions are mixed, at what intensities, and where within
the urban fabric—yet the quantitative rules that link mixed use to urban operational
carbon remain unsettled.

Accumulating evidence establishes a link between urban form and carbon
outcomes®’. Compact and mixed-use patterns generally reduce emissions by reshaping
daily mobility demand, shortening travel distances, enabling shared infrastructure, and
balancing diurnal loads, whereas fragmented or single-function layouts increase carbon
intensity'®!!. Emerging evidence further suggests that these benefits are bounded and
context-dependent, with non-linear responses and saturation thresholds'>!3,
underscoring the need for quantitative, rule-based guidance rather than heuristic
prescriptions. Taken together, these mechanisms place mixed use at the land-use—
mobility—energy nexus, yet they are seldom quantified at building resolution, because
most analyses rely on coarse-scale city-level studies or proxies such as land-use
categories and night-time lights'#!%!7. Such approaches often lack the resolution to
isolate individual buildings as the fundamental units of energy consumption and
activity'>!8, Moreover, "mixed use" is frequently measured at a single spatial resolution,
despite scale-sensitive mechanisms that can shift from substitution effects to frictions
and capacity penalties as functions interweave more finely. Systematic tests of this

critical scale dependency remain rare'®-%°,
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This gap calls for building-resolved evidence on how functional mixing translates
into operational carbon, at the spatial scale where energy use and mobility demand are
organized. Mixed use can generate proximity-driven substitution benefits, yet it can

also impose coordination frictions?! and capacity constraints?>?3

, implying that carbon
benefits may operate only within a bounded intensity range rather than increasing
monotonically. Critically, these mechanisms are scale-sensitive: neighborhood-scale
mixing reflects coarse functional balance, whereas building-scale mixing captures fine-
grained co-location and vertical interweaving of uses. We therefore test whether
functional mixing exhibits a quantifiable “decarbonization window” with identifiable

thresholds, and whether its location and strength shift systematically across scales and

urban contexts.

-dimensional visualization of the urban built environment at the 10-km cross-grid scale:
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Fig. 1. Multiscale functional labeling and scale-dependent mixing—carbon relationships. Schematic
3D visualizations created in Cities: Skylines illustrate the multiscale labeling framework and key
concepts used in this study. a. A stylized urban area with four nested spatial scales: Scale 1 (building),
Scale 2 (block/functional zone), Scale 3 (2 km x 2 km grid cell), and Scale 4 (10 km % 10 km cross-grid

context). Example blocks/functional zones (B1-B8) are shaded by relative operational-carbon intensity
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(darker tones indicate higher intensity), and route markers illustrate accessibility and cross-area
interactions. Blocks/functional zones are labeled by dominant functions: Residential (B1), Industrial (B2),
Transport (B3), Education (B4), Healthcare (B5), Administrative (B6), Public open space (B7), and
Commercial (BS). b. Example grid cells (G1-G6) with increasing degrees of functional mixing,
quantified by BFMI. e—f. Illustrative building-level mixed-use configurations highlighted in (a): (c)
dormitories within a school (education—residential), (d) ground-floor commerce with upper-floor
residences (residential-commercial), (e) housing embedded in an industrial park (residential-industrial),
and (f) shops in an airport (transport—commercial). The schematic emphasizes that the apparent carbon
benefits of mixed use can be scale-dependent and that, at broader spatial extents, functional organization
can also shape mobility-related carbon through cross-grid commuting (e.g., routes from residential units

R1-R2 to employment centers).

To answer these questions, we construct the first nationwide, building-resolved
functional atlas for China and quantify functional mixing consistently at both
neighborhood and building scales. Fig. 1 summarizes the multiscale study design and
the two-tier functional labels. We introduce a multi-scalar Building Function Mixed
Index (BFMI) to capture center—periphery structure, and use a spatial panel framework
that accounts for spillovers and other confounders. To identify policy-relevant patterns
beyond coarse correlations, we estimate the BFMI—carbon relationship in a Spatial
Durbin panel with city and ring fixed effects, recovering non-linear marginal responses
while accounting for spatial spillovers, and contrasting effects across neighborhood
versus building resolution; we further separate movement versus morphology channels
using two jobs—housing indicators (expected average commuting distance and Jensen—
Shannon divergence). This design links land-use organization to territorial urban
operational carbon through mobility constraints and non-mobility channels within a
unified spatial framework. Empirically, we reveal a tri-phasic mixing—carbon response
with a policy-relevant decarbonization window and a practical upper bound, translating

mixed use from a qualitative planning ideal into an actionable target range for stock-
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focused decarbonization. Finally, a comparative analysis of 31 global cities reproduces
the characteristic tri-phasic structure, clarifying portable, capacity-conditioned

boundary conditions for transferring building-scale mixed-use targets across contexts.

Results

A nationwide building-resolved functional atlas reveals China’s mixed-use
structure

We first establish a nationwide, building-resolved functional atlas that enables
consistent measurement of mixed use across China’s urban system. We harmonize a
two-tier ontology aligned with China’s planning land-use taxonomy according to
Urban Land Use Classification and Planning Construction Land Standards®*, defining
eight macro functional classes at both neighborhood (contextual) and building (intrinsic)
scales, and further organizing them into 29 contextual—intrinsic combinations after
screening for separability (Supplementary Note 1, Supplementary Note 3 and
Extended Data Fig.1). To enable nationally consistent mapping, we then develop a
multimodal POI-aerial imagery—vector fusion pipeline that integrates language-based
POI semantics with sub-meter visual cues and vector context to assign two-tier
functional labels at national scale (Methods). Applying this pipeline, we annotate ~200
million urban buildings across China (Fig. 2a). Independent manual validation of the
final map using 3,024 interpreted buildings yields an overall accuracy of 90.77%
(Cohen’s k = 0.885) at the neighborhood scale and 86.97% (k = 0.862; macro-F1 =

0.861) at the building scale (Extended Data Fig. 2), providing substantially improved
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national coverage and resolution relative to prior city-scale efforts.
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Fig. 2. Spatial patterns of building functions across Chinese cities. a. grid-scale spatial distribution
of functional mix. Grid height represents total building volume, and color indicates the degree of
functional mix. b. Frequency distribution of grids by functional mix level. c. statistical breakdown of
building function categories across Chinese cities. d. Variations in functional mix relative to distance
from the city center; the top-right inset illustrates the distance calculation for Wuhan, highlighting its
polycentric structure. e. Distance-based gradients of proportions for key building functions. f.

Representative patterns of functional distributions. Left columns: General patterns of functional mix in
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four representative cities, characterizing high central diversity and low peripheral diversity. Middle
column: Spatial configuration of functions in Wuhan, dominated by residential and commercial use in
the center and industrial use in the periphery. Right columns: Zoomed-in views of the pink (education
parcels) and green (residential parcels) boxes outlined in the middle column, demonstrating the accurate
identification of mixed-use buildings, such as mixed education-residential and mixed residential—

commercial structures.

The resulting atlas reveals a highly uneven functional composition of the building
stock (Fig. 2c¢). Across built-up areas, Residential buildings dominate (62.98%),
followed by Industrial (19.19%), while Commercial, Education, Public services,
Transport, Administrative, and Medical constitute smaller but non-negligible shares.
Mixed use is common at the neighborhood scale: in Residential-labeled neighborhoods,
~11.4% of buildings exhibit intrinsic mixed use (predominantly Residential—
Commercial); in Industrial-labeled neighborhoods, ~12.4% are mixed (predominantly
Industrial-Commercial), consistent with ground-floor retail embedded within housing
blocks?® and producer services co-located with manufacturing spaces?®.

We quantify functional mixing using BFMI (normalized Shannon entropy of
building-volume shares) on 2-km grids (see multi-scale robust analysis in
Supplementary Methods 4 and Supplementary Fig. S9) and summarize it along
center—periphery distance bands. Nationally, BFMI is unimodal (see Fig. 2b, modal bin
0.53-0.54) with an interquartile range of 0.38-0.58 (IQR = 0.202), indicating that
moderate mixing is the prevailing urban condition, while very low- (BFMI < 0.3) and

very high-mixing pockets (BFMI = 0.65) form comparatively sparse tails (24.48%)
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(Fig. 2c¢). Center—periphery profiles further reveal systematic gradients in both
functional composition (Fig. 2e¢) and mixing intensity (Fig. 2d): residential shares
decline from inner cores toward mid-rings and partially recover outward, while
industrial shares show the opposite. Importantly, BFMI distance profiles differ by city
tier: Tier-I (i.e., urban built-up area > 3,000 km?) and Tier-III cities (i.e. urban built-up
area < 800 km?) show high core diversity, mid-ring trough, modest outward rebound
(minima at ~18 km and ~12 km, respectively), whereas Tier-II cities (i.e. urban built-
up area 800-3,000 km?) display a more monotonic decline (Fig. 2e). The tier-wise
heterogeneity highlights that “where mixing is scarce” is itself systemically structured

rather than idiosyncratic.

Scale divergence: neighborhood mixing understates the non-linear costs of
building-level mixing

We next quantify functional mixing-carbon relationship in a spatial panel
framework with city and ring fixed effects (Methods). A central finding is that the
mixing-carbon relationship is scale-divergent when mixing is computed from coarse
(contextual) versus fine (contextual-intrinsic) functional labels. Using China-wide
analyses, we find that neighborhood-scale mixing exhibits a largely monotonic
reduction in urban operational carbon (Fig. 3a), which is consistent with a broad
“substitution effect”, whereby balancing major urban functions (housing-jobs-services)
supports localized activity and reduces long-distance commuting demands?’. In contrast,
building-scale mixing reveals a distinctly non-linear pattern with two cost-sensitive

tails (Fig. 3b).



180

181

182

183

184

185

186

187

188

189

190

191

a Marginal Effects (Contextual functions) b  Marginal Effects (Intrinsic functions)

il China & China .
5 16 - Global Global

=z \ 20

w 14

=

2 41, 18648)

2 12 15 | (0141,

GEJ 10

=

S 10 (0.723, 7071) /

S /

Q

g °© 5

o

T 4

& 0 2
= 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

Marginal Effect Slope (kt yr™)

0.0 02 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
BFMI BFMI

Fig. 3. Scale- and context-dependent marginal effects of functional mixing reveal a decarbonization
window and an upper bound. The curves represent the average marginal effects (AMEs) evaluated at
sample averages and their corresponding derivatives (slopes). Shaded areas indicate 95% confidence
intervals (Cls) estimated via the delta method with standard errors clustered at the city level. a. The
marginal effect curve (top panel) and its slope (bottom panel) for the building contextual function. b. The
marginal effect curve (top panel) and its slope (bottom panel) for the building contextual-intrinsic

function.

At very low building-scale mixing (0-0.141), introducing scattered fine-grained
functions can impose “friction costs” (e.g., circulation complexity and operational

inefficiencies®) before a coherent internal service network emerges. More critically, we
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identify a complexity threshold at BFMI = 0.723 (Fig. 3b): beyond this point, additional
fine-grained (often vertical) interweaving can trigger diminishing returns and even
rebounds, as operational inefficiencies and local congestion penalties begin to offset
proximity benefits. This scale divergence implies that planning guidance based solely
on neighborhood-scale land-use balance risks overstating the universal benefits of
mixing and missing the upper-bound constraint that emerges only when functions are
resolved at the building level. These turning points are robust to alternative functional-

taxonomy granularities (Supplementary Note 3; Supplementary Fig. S9).

A tri-phasic mixing—carbon response delineates an effective “synergy window”
and a practical upper bound

We next focus on the building-scale mixing—carbon relationship, allowing for non-
linearity and spatial spillovers. The estimated marginal response of operational carbon
to BFMI exhibits a clear tri-phasic structure (Fig. 3b): marginal effects are positive at
low mixing (BFMI < 0.141 £ 0.027; 95% CI 0.112-0.166), become significantly
negative at moderate mixing, with the derivative of the marginal-effect curve reaching
its most negative value around BFMI = 0.437 + 0.013 (95% CI 0.420-0.445), and turn
positive again at very high mixing. The abatement window is bounded by derivative-
based zero-crossings, while the steepest strengthening of the marginal-abatement
response occurs around BFMI = 0.437. Derivative-based zero-crossings define an
effective abatement range: BFMI € [0.141 + 0.027, 0.723 + 0.013] (95% CI bounds
0.112-0.166 and 0.714-0.739), within which increasing BFMI yields significantly

negative marginal effects; beyond the upper threshold, benefits saturate or reverse.

11
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Given the national BFMI distribution (median 0.491, IQR 0.202), these thresholds
imply a practical rule: the largest gains come from lifting low-mix tails into the
abatement window and stabilizing high-performing areas before the upper-bound
regime, while avoiding unchecked escalation in already high-mix cores. To translate
the response curve into policy-relevant magnitudes, we evaluate static counterfactual
alignments (see Supplementary Note 4 for details). An “ideal alignment” setting each
grid to the upper turning point of the fitted response curve before saturation (BFMI =
0.723) yields 310.4 Mt C yr! of national abatement (95% CI, 267.9-355.1 Mt C yr'%;
1,138.1 Mt CO> yr! equivalent, 95% CI, 982.3-1,302.0 Mt CO; yr'), corresponding
t0 20.9% of urban operational carbon. A “cost-effective alignment” with minimal shifts
(+0.30 for BFMI < 0.30, —0.25 for BFMI > 0.75) still yields 97.37 Mt C yr! of
abatement (95% CI, 90.74-104.17 Mt C yr'; 357.0 Mt CO: yr! equivalent, 95% CI,
332.7-382.0 Mt CO; yr!), corresponding to 6.6% of urban operational carbon, with

disproportionate contributions from Tier-III cities (Supplementary Note 4).

Channels, spillovers, and boundary conditions from global city comparisons
Composition matters beyond BFMI, and its carbon implications are strongly
mediated by inter-area interactions. Conditional on BFMI and controls, total effects
differ sharply across functions: per additional 1x10°> m* of volume, emissions increase
by +766 + 12.5tC yr' (commercial), +2,144 + 65.8tC yr! (medical), +278 + 3.3
t C yr! (industrial), and +297 + 20.1 t C yr! (transport), while residential and
education volumes are associated with reductions. Notably, positive-sector totals are

dominated by indirect (spillover) effects (about 74% for industrial and 63% for

12
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commercial), indicating that the carbon consequences of high-flux functions shape
operational carbon through cross-grid propagation rather than purely local impacts.

To isolate the mobility-related constraints linking functional organization to
system-wide circulation, we decompose jobs-housing separation into two
complementary indicators: a distance channel (expected average commuting distance,
EAD) and a morphology channel (Jensen-Shannon divergence, JSD, between
residential and employment volume distributions). Entered jointly with BFMI, both
channels are positively associated with operational carbon and are largely spillover-

driven: +609.5 t C yr! per +1 km in EAD and +248.4 t C yr! per +0.1 in JSD

(Extended Data Table 2). Heterogeneity across China’s urban hierarchy is pronounced:

EAD effects are largest in Tier-I cities, while JSD remains positive across tiers,
suggesting that movement impedance and morphological polarization contribute
differently across city types (Extended Data Table 3).

We next probe external validity by extending the analysis to 31 global cities
spanning multiple continents and city-size classes (Supplementary Methods 8 and
Supplementary Table S7). At the contextual-intrinsic, building-resolved scale, global
regressions recover a tri-phasic mixing—carbon response that is structurally consistent
with China (Fig. 3b), including a mid-range synergy window and a high-mixing upturn
with closely aligned upper-bound turning points (global BFMI = 0.703; China = 0.723).
The main divergence emerges in the low-mixing regime: the first turning point occurs
later in the global sample (=0.276) than in China (=0.141), indicating that early-stage

frictions and the onset of the synergy window are more context-sensitive than the high-

13
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mixing tail.

Discussion

Mixed use does not monotonically decarbonize cities, and its carbon implications
are bounded, scale-dependent, and visible only at building resolution. This finding

reconciles a central inconsistency in prior works’!%!7

, where coarse proxies and city-
level summaries often imply uniformly beneficial effects. At neighborhood scale,
mixing primarily captures aggregate functional balance and substitution, that is, how
housing, jobs and services are distributed across districts, so its estimated benefits tend
to look smooth and monotonic®>*’. At building scale, mixing reflects fine-grained co-
location and vertical interweaving of uses, where operational frictions and local
capacity limits can dominate®!. The pronounced divergence across resolutions therefore
indicates that “mixed use” is not a single mechanism but a family of mechanisms whose
sign and magnitude depend on the scale at which functions are measured and organized.

At the contextual-intrinsic, building-resolved scale, mixing follows a tri-phasic
(friction—synergy—saturation)  response that delineates a  policy-relevant
decarbonization window and a practical upper bound. The low-mixing regime is the
most context-sensitive: incremental diversity is not yet reliably decarbonizing and may
even coincide with higher emissions, consistent with early frictions before local
complementarities are established. At moderate mixing, proximity benefits dominate,

yielding robust emission reductions, a ‘synergy window’, suggesting that coherent co-

location can reduce network-wide circulation demands and improve shared-system

14
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utilization?!. At extreme mixing, benefits saturate or can reverse, indicating an upper-
bound regime in which capacity saturation and congestion externalities offset proximity
gains in high-throughput cores'. This bounded response converts mixed use from a
directional heuristic (“more is better”) into an operational design problem: raise under-
mixed areas into the synergy window, but treat already hyper-mixed centers as capacity-
managed systems rather than candidates for further intensification.

The effectiveness of mixing is system-level. Its impacts can propagate through
spatial spillovers, are conditioned by jobs—housing separation, and vary with urban
context!¥233 Operational carbon is therefore shaped not only by the local functional
composition of a place but also by inter-area interactions, implying that parcel-level
prescriptions may not scale without accounting for network effects**. Consistent with
this, separating jobs—housing imbalance into a distance component and a
morphological-polarization component suggests that mixing is most likely to
decarbonize when it reduces system-wide circulation demand, rather than merely
increasing local diversity in situ®>. Our cross-city comparison supports both generality
and limits: China and the global sample share a mid-range synergy window and a
broadly similar high-mixing upturn, while the low-mixing regime differs in the timing
and steepness of the first turning point. China therefore does not overturn a broader
urban regularity; instead, it makes the upper-bound regime most visible under stringent,
high-throughput conditions. The portable implication is to treat mixed use as a bounded,
capacity-aware target range, rather than maximizing mixing indiscriminately>°.

Our interpretation is subject to several limitations that motivate further work. First,

15
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although independent manual validation indicates high map accuracy, residual category
ambiguity can propagate into BFMI and the exact locations of inferred turning points.
Uncertainty-aware labeling would further strengthen threshold robustness. Second,
BFMI is computed on 2-km grids and cannot represent within-grid connectivity or
temporal rhythms. Grid-size sensitivity analyses indicate that 2 km provides a stable
compromise  between diversity capture and micro-fragmentation noise
(Supplementary Fig. S9; Supplementary Table S5), suggesting the upper-bound
regime is unlikely to be a discretization artifact, while mobility and infrastructure data
are needed to test the underlying mechanisms. Third, EAD and JSD capture
complementary dimensions of jobs—housing separation but do not explicitly model
mode choice or diurnal scheduling, which could refine channel attribution and
heterogeneity. Finally, counterfactual abatement estimates are static and should be
interpreted as indicative potentials; embedding implementation costs and behavioral
adjustments in future scenario analyses would translate the identified target range into
more actionable pathways. Together, these results establish a scale-aware, bounded
mixing—carbon relationship that reveals a transferable decarbonization window and a
density-conditioned upper bound, converting mixed-use planning from a qualitative

ideal into a capacity-aware operational rule for urban decarbonization.

Methods

Study design and spatial units.

We quantify how functional organization shapes ODIAC-derived urban
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operational carbon across a nested hierarchy: from individual buildings to
neighborhood contexts, 2 km x 2 km grids (see Robustness of the grid size in
Supplementary Methods 4), and the city-wide urban system. The nested spatial units
and the two-tier labeling logic are schematized in Fig. 1la. Building-scale
characterization is enabled by sub-meter (0.5 m) remote-sensing imagery, allowing
functions to be resolved at the level of individual structures and then consistently
aggregated to neighborhood contexts and grids for computing BFMI, covariates, and
grid-matched emissions. City-wide patterns and cross-grid interactions are evaluated
over the entire urban grid system within each city’s urban boundary, combining center—
periphery profiling (distance-to-center bands) with spillover estimation through a
spatial-weights structure defined across all grids; the same measurement framework is
applied to 31 global cities to test boundary conditions. The baseline China analysis
started from all 2 km x 2 km built-up grid cells with valid building-function
measurements and retained 91,111 regression-valid grid cells after matching BFMI,
ODIAC-derived urban operational carbon, covariates, city identifiers and center-

distance rings.

Data harmonization and two-tier functional labels

Crowd-sourced AOIs and POIs provide semantic cues but cannot be directly
overlaid to label every building nationwide due to strong cross-city and within-city
coverage bias’’, pervasive sparsity’®, and inconsistent quality/taxonomies across
platforms®®. We therefore harmonize multi-source geodata to a unified schema

(Supplementary Methods 1) and propose a two-tier functional representation that
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separates the neighborhood-context setting from the intrinsic (building) use, explicitly
accommodating mixed and fuzzy functional boundaries. Using rule-based decision
logic that integrates AOI geometry, POl proximity, and priority-based conflict
resolution (see Supplementary Methods 2 for details), we extract a curated set of ~30
million high-confidence labeled buildings as supervision anchors, which enables
scalable inference for the full national building stock (~200 million) in the subsequent
model.

City centers are treated as stable anchors for ring construction. Centers are
identified from statutory planning designations and corroborated by multi-source
spatial evidence (e.g., lights and road topology), with detailed examples reported in

Supplementary Note 2.

BHENet for nationwide functional inference

To obtain consistent contextual and intrinsic labels at national scale, we develop
BHENet (Fig. 4), a multimodal fusion model that combines (1) POI text semantics, (i1)
sub-meter (0.5 m) remote-sensing imagery, and (iii) vector context (roads and building
footprints). For each target building, POIs within a 500 m radius of the centroid are
encoded into text embeddings; an image patch centered on the building provides visual
features; and vector layers capture accessibility and morphology. Features are fused
using attention-based modules, followed by a two-head classifier that predicts
contextual and intrinsic functions. Training, optimization, and hyperparameters are
documented in the code repository and Supplementary Methods 3. To independently

assess the final mapping accuracy, we used a manually interpreted validation set of
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366 3,024 buildings based on high-resolution imagery, street-view or map evidence, and
367 POI context. We computed overall accuracy, Cohen’s «, precision, recall and F1 for

368  both the neighborhood scale and the building scale.

k.

“a Textual branch ™ A
; Classification
1. XXX 5 LLaMA (LLM) module
o =
=t 2. XXXAKX © . ;
= N | H—— Building
g i> = C é j> ® E> 1 contextual
= e &/é? i C' function
2
@
b Visualbranch | { ¢ Featurs fusion module 2=
o 2 N 3] o
2 SAM image ' . i & Bt:l!d\ng
QL d | O [ intrinsic
3 > eneeser 5 §§E> =8 function
s 4 223" 23
& 8 72 [B*
< P,
& ] G& BT

369

370  Fig. 4. The BHENet architecture for POI-aerial-vector fusion. The framework integrates multi-
371 modal data to classify building functions through four main components. a. Textual branch. Points of
372 interest (POIs) within a 500 m search radius are retrieved; the two nearest POIs for each category are
373 retained and tokenized to generate text embeddings using the large language model LLaMA®. b. Visual
374 branch. A 0.2kmx0.2km aerial imagery patch centered on the target building is normalized and encoded
375 using the SAM image encoder*!. ¢. Feature fusion module. This module performs spatial alignment and
376 integrates vision—language features. An auxiliary branch embeds road networks and building footprints,
377 which are subsequently fused with the multi-modal features. d. Classification head. The final module

378  predicts the building contextual or intrinsic function.

379  Mixing and jobs—housing metrics
380 Functional mixing is quantified on 2-km grids using the Building Function Mixed

381  Index (BFMI), defined as the normalized Shannon entropy of building-volume shares

19



382

383

384

385

386

387

388

389

390

391

392

393

394

395

396

397

398

399

400

401

402

403

by function. Building volume is computed as footprint area x height and aggregated by
function within each grid cell. Let V; be the total volume of function iand p, =
Vi) 3N, V. Then,
N
BFMI = — ) pilogop /logaN

where N denotes number of function categories. Sector-level BFMI is the arithmetic
mean of cell values within each annular sector. We compute BFMI under both
contextual and intrinsic labels to test scale divergence between neighborhood mixing
and building mixing (Supplementary Methods 4).

To characterize mobility-related mechanisms within daily activity spaces, we
compute two complementary jobs—housing separation indicators for each grid cell
using a 10 km moving window. Let R, and J, denote residential (“housing”, refers
to residential) and employment (“jobs”, including industrial, commercial, education,
administrative, transport, public services, and medical) building volumes within the
local window S; of focal grid i, and let Pz and P; be the corresponding locally
normalized distributions. Local Expected average commuting distance (EAD) captures

the distance channel as:

1

EAD; = " diy - pa(k) - py (0 - — € [0,1]

d
keS; LeS; max

where d; is the distance between grid centroids and dp,,x = 10km. Jensen—
Shannon divergence (JSD) captures morphological polarization between housing and
jobs within the window as
1 1 1
JSD; = 5 D (P; I M;) + EDKL(Qi Il M;), where M; = 5 (P + Q1)

2

bounded in [0’1]. EAD isolates the separation-by-distance channel, whereas JSD
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captures spatial mismatch in the shape of distributions even when mean distance is
similar. Additional details and robustness checks for EAD and JSD are provided in

Supplementary Methods 5.

Outcome variable

Our dependent variable is annual, grid-level urban operational carbon derived
from ODIAC***. We use “urban operational carbon” as a shorthand for ODIAC-
derived territorial, land-based carbon emissions associated with fossil-fuel combustion
and related industrial-process sources within the urban built-up mask. Specifically, we
used the 2020 monthly layers from the ODIAC2024 1 km GeoTIFF land product.
ODIAC2024 denotes the product release version, whereas 2020 denotes the emission
year used in this study. The ODIAC land product includes emissions from fossil-fuel
combustion, cement production and gas flaring, while international aviation and marine
bunker emissions are excluded from the 1 km land rasters. Because the original
GeoTIFF values are reported as metric tons of carbon per cell per month, we summed
the 12 monthly layers for 2020 and aggregated the annual totals to the 2 km x 2 km
analysis grid using area-weighted zonal summation within the urban built-up mask.
Emissions are therefore expressed as t C yr' per grid cell. Accordingly, the outcome
should be interpreted as territorial urban operational carbon, rather than sector-specific
transportation emissions, building-only operating emissions or demand-based
electricity emissions. See Supplementary Table S8 for data sources and preprocessing

details.
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Spatial econometric identification and counterfactuals

We estimate the BFMI-carbon relationship using a Spatial Durbin Model (SDM)
with city fixed effects and ring fixed effects, capturing systematic center-periphery
gradients while allowing spillovers through a spatial weight matrix W. To recover non-
linearity and saturation, BFMI enters the model through an orthogonal polynomial basis
(with spline-based alternatives used as robustness checks). We control for confounding
using a parsimonious set of covariates capturing (i) functional scale and composition
(function-specific building volumes), (ii) mobility structure (EAD and JSD), (iii)
infrastructure and accessibility (road length/density), and (iv) background
socioeconomic and physical conditions (population density, night-time lights, and
terrain controls). Full variable definitions, units, and construction details are provided
in Extended Data Table 1-2 and Supplementary Methods 6. We report marginal-
effect curves (e.g., average marginal effects) and their derivatives to identify regime
shifts (thresholds), with uncertainty quantified via delta-method confidence intervals
and city-clustered standard errors.

We then evaluate static counterfactual abatement potentials by shifting each grid
cell’s BFMI toward an empirically identified target range (an “ideal” alignment and a
“cost-effective” piecewise alignment). Emission changes are computed by integrating
the estimated marginal-effect curve along the BFMI shift and aggregating grid-level
changes to city and national totals; corresponding uncertainty bounds follow the same

inference framework (Supplementary Methods 6 and 7).
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Data availability

An interactive web portal, including map-based visualization of the building-
function atlas, BFMI layers and independent manual validation results, is available at
https://zhzhyd.github.io/china-mixed-use-building-map/. The portal allows users to
inspect nationwide building-function layers and manually interpreted validation
samples used to assess final-map accuracy. The building-resolved functional atlas for
China will be made available through Zenodo wupon publication at
https://zenodo.org/records/20466219. The repository will provide regional GeoPackage
archives containing building geometries and essential functional attributes, together
with checksum and manifest files for data verification. Input datasets are from a
combination of open and licensed sources. OSM AOIs and vector layers are available
under the OpenStreetMap license. Building footprints and gridded building height used
to compute building volume are available from the cited sources in Methods.
Administrative boundaries were obtained from an official national standard-map
service. VIIRS night-time light composites, population and terrain covariates are
publicly available and are fully itemized in Supplementary Table S8. POIs from Gaode
Map were accessed via the provider’s open platform/API and are subject to the
provider’s terms of use; redistribution may be restricted. High-resolution aerial imagery
from Google Earth was used for feature extraction and visualization under its user
license and is not redistributed; the processing workflow is provided to enable re-access
by other researchers subject to the same terms. For the global comparative analysis, city

lists and all city-specific data sources (building data, function signals and emissions
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layers) are described in Supplementary Table S8; these data are subject to their

respective third-party licenses and access conditions.

Code availability

The custom code used for data processing, BHENet model implementation, model

training and inference, BFMI calculation, and spatial econometric analysis is available

from the corresponding author upon reasonable request.
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Extended Data Figure Legends

Extended Data Fig. 1: Taxonomic harmonization and statistical robustness of the
building-scale functional mixing index. a, Sankey diagram illustrating the
hierarchical mapping logic of the functional atlas. The taxonomy flows from the coarse-
grained neighborhood context (left; 8 classes aligned with national land-use standards),
to the fine-grained context—intrinsic combinations (middle; 29 types capturing specific
mixed-use patterns), and finally aggregates into the robust analytical schema (right; 12
classes). Node colors represent the primary functional categories, and flow widths are
proportional to total building volume. To ensure statistical stability, 18 sparse tail
combinations are merged into the 'Other' category (1.184% of total volume). b,
Distribution of the normalized BFMI (12-class analytical schema) across valid grid
cells (n = 102,838). The distribution is unimodal (Median = 0.491, IQR = 0.202), with
bar colors indicating the mean distance to the city center (Spectral scale), revealing a
spatial gradient where mixing intensity correlates with urban centrality. ¢, Comparative
probability density functions (KDE) for the three taxonomic schemas. The systematic
leftward shift of the 29-class distribution (purple) relative to the 12-class baseline (blue)
quantifies the sparsity bias (or denominator inflation): the normalization denominator
(log229 =~ 4.858) increases significantly due to rare categories absent in most grids,

artificially suppressing index values. d, Hexbin density scatter plot correlating the 12-
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class and 29-class indices (color intensity represents grid count on a logio scale).
Despite the magnitude attenuation (regression slope = 0.742), the exceptionally strong
linear correlation (Pearson’s > 0.999) confirms that the aggregation strategy preserves
the fundamental rank order and structural patterns of urban functional organization used
in the main analysis. e, Comparison of fitted BFMI—carbon response curves for the 12-
class and 29-class schemas, demonstrating that the functional form and turning points
of the urban operational carbon response remain structurally consistent despite the

scalar shift in BFMI values.

Extended Data Fig. 2 | Independent manual validation of the building-function
atlas. a, Bubble confusion matrix for the building-scale classification, comparing
manually interpreted reference labels and model-predicted labels across the 29 retained
context—intrinsic building-function categories (N = 3,024). The horizontal axis denotes
manual reference labels, with class-level recall shown in parentheses, and the vertical
axis denotes model-predicted labels, with class-level precision shown in parentheses.
Bubble size and colour intensity represent the number of validation samples in each
reference—prediction pair, shown on a log-transformed count scale. b, Summary
validation metrics for the final mapped product at the neighborhood scale (8-class
contextual dimension) and building scale (29-class context—intrinsic label system).
Metrics include overall accuracy (OA), Cohen’s x, macro-precision, macro-recall and
macro-F1. ¢, Province-level validation consistency for the building-scale classification.
Each point represents one provincial-level region; point size indicates the number of

manually interpreted validation samples, and dashed lines mark the national overall
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accuracy and Cohen’s «k estimated from the full building-scale validation set. Province-
level estimates are shown to characterize spatial consistency of the validation results

and should be interpreted with sample-size support.
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Extended Data Fig. 1 | Taxonomic harmonization and statistical robustness of the building-scale functional mixing index.

a, Sankey diagram illustrating the hierarchical mapping logic of the functional atlas. The taxonomy flows from the coarse-grained neighborhood context
(left; 8 classes aligned with national land-use standards), to the fine-grained context-intrinsic combinations (middle; 29 types capturing specific
mixed-use patterns), and finally aggregates into the robust analytical schema (right; 12 classes). Node colors represent the primary functional categories,
and flow widths are proportional to total building volume. To ensure statistical stability, 18 sparse tail combinations are merged into the 'Other’ category
(1.184% of total volume). b, Distribution of the normalized BFMI (12-class analytical schema) across valid grid cells (n = 102,838). The distribution is
unimodal (Median = 0.491, IQR = 0.202), with bar colors indicating the mean distance to the city center (Spectral scale), revealing a spatial gradient where
mixing intensity correlates with urban centrality. ¢, Comparative probability density functions (KDE) for the three taxonomic schemas. The systematic
leftward shift of the 29-class distribution (purple) relative to the 12-class baseline (blue) quantifies the sparsity bias (or denominator inflation): the
normalization denominator (log229 = 4.858) increases significantly due to rare categories absent in most grids, artificially suppressing index values. d,
Hexbin density scatter plot correlating the 12-class and 29-class indices (color intensity represents grid count on a log+e scale). Despite the magnitude
attenuation (regression slope = 0.742), the exceptionally strong linear correlation (Pearson’s r> 0.999) confirms that the aggregation strategy preserves the
fundamental rank order and structural patterns of urban functional organization used in the main analysis. e, Comparison of fitted BFMI-carbon response
curves for the 12-class and 29-class schemas, demonstrating that the functional form and turning points of the urban operational carbon response remain
structurally consistent despite the scalar shift in BFMI values.
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Extended Data Fig. 2 | Independent manual validation of the building-function atlas.
a, Bubble confusion matrix for the building-scale classification, comparing manually interpreted reference labels and model-predicted labels across the
29 retained context—intrinsic building-function categories (N = 3,024). The horizontal axis denotes manual reference labels, with class-level recall shown
in parentheses, and the vertical axis denotes model-predicted labels, with class-level precision shown in parentheses. Bubble size and colour intensity
represent the number of validation samples in each reference—prediction pair, shown on a log-transformed count scale. b, Summary validation metrics
for the final mapped product at the neighborhood scale (8-class contextual dimension) and building scale (29-class context—intrinsic label system).
Metrics include overall accuracy (OA), Cohen’s K, macro-precision, macro-recall and macro-F1. ¢, Province-level validation consistency for the building-
scale classification. Each point represents one provincial-level region; point size indicates the number of manually interpreted validation samples, and
dashed lines mark the national overall accuracy and Cohen’s k estimated from the full building-scale validation set. Province-level estimates are shown
to characterize spatial consistency of the validation results and should be interpreted with sample-size support.
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Extended Data Table 1: Variable definitions, construction protocols, and model

specifications.

Category

Variable

Description and Construction Logic

Unit

Data Source

Model Role

Outcome

Urban
operational

carbon

Annual grid-level urban operational
carbon derived from ODIAC. It
represents ODIAC-derived territorial,
land-based carbon emissions within the
urban built-up mask. The 2020 monthly
ODIAC2024 1 km GeoTIFF land layers
were summed to annual carbon mass and
aggregated to 2 km x 2 km grids using

area-weighted zonal summation.

tCyr!

ODIAC2024,
2020 monthly

layers

Dependent
Variable (y)

Core

Regressor

BFMI

Building Function Mixed
Index. Normalized Shannon entropy of
volume-weighted functional shares.
Computed using the 12-class analytical
schema (building-scale) or 8-class
contextual schema (neighborhood-scale).
Entered as orthogonal polynomial basis
(cubic Legendre) to capture non-

linearities.

Index [0, 1]

BHENet
Functional

Atlas

Main

Regressor (X)

Jobs—

Housing

EAD

Expected Average Commuting Distance.
Localized metric capturing the expected
physical separation between housing and
employment within a 10 km moving
window centered on the grid cell.
Distances are normalized by the 10 km
moving-window radius for model
estimation; main-text effects are rescaled

to a +1 km change.

Normalized
distance

index [0, 1]

Functional
Atlas (incl.

Geometry)

Control (Z)

JSD

Jensen—Shannon Divergence. Localized
metric capturing the morphological
dissimilarity between residential and
employment distributions within the same
10 km moving window. Represents
spatial polarization independent of

distance.

Index [0, 1]

Functional

Atlas

Control (Z)

Functional

Volume

VO]R

Residential Volume. Total volume of
buildings classified as Residential at the

contextual (neighborhood) scale.

10* m?

Functional

Atlas

Control (Z)

VOl]

Industrial Volume. Total volume of

buildings classified as Industrial at the

10* m?

Functional

Atlas

Control (2)
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Category Variable Description and Construction Logic Unit Data Source Model Role
contextual scale.
Commercial Volume. Total volume of
Functional
Vol buildings classified as Commercial at the 10* m? Control (Z)
Atlas
contextual scale.
Education Volume. Total volume of
Functional
Volg buildings classified as Education at the 10* m® Control (Z)
Atlas
contextual scale.
Administrative Volume. Total volume of
Functional
Vol buildings classified as Administrative at 10* m® Control (Z)
Atlas
the contextual scale.
Medical Volume. Total volume of
Functional
Vol buildings classified as Medical at the 10* m? Control (Z)
Atlas
contextual scale.
Transport Volume. Total volume of
Functional
Vol buildings classified as Transport at the 10* m? Control (Z)
Atlas
contextual scale.
Public Open Space Volume. Total volume
Functional
Volp of buildings classified as Public Open 10* m? Control (Z)
Atlas
Space at the contextual scale.
Road Network Density. Total length of all
road segments within the grid cell, OpenStreetMap
Road;., km Control (2)
capturing transport infrastructure (OSM)
intensity.
Population Density. Grid-level residential
Physical & population count, derived from the high- 7th Census
POppen per km? Control (2)
Activity resolution 7th National Census gridded Grid
dataset using ensemble learning.
Night-Time Light Intensity. Mean
radiance of stable night-time lights, nW VIIRS
NTL Control (2)
proxying overall socio-economic activity cm 2 sr! (VNP46A4)
and urbanization level.
Elevation. Mean elevation above sea level
Copernicus
Elev within the grid, controlling for terrain- m Control (2)
DEM
induced transport energy penalties.
Slope. Mean terrain slope, capturing
Derived from
Topography Slope ruggedness constraints on mobility and Degree (°) Control (2)
DEM
development.
Local Relief. Standard deviation of
Derived from
Relief elevation within the grid, representing m Control (2)
DEM
topographic complexity.
City Fixed Effects. Dummy variables for
Fixed Administrative Fixed Effect
Citypg each city to absorb time-invariant, city- Binary (0/1)
Effects Boundaries (Otciy)

specific unobservables (e.g., energy mix,
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Category Variable Description and Construction Logic Unit Data Source Model Role

industrial base).

Ring Fixed Effects. Dummy variables for

concentric distance bands (5 km intervals) City Center Fixed Effect
Ringrz Binary (0/1)
from the city center(s), absorbing Identification (Oying)

systematic center—periphery gradients.

Note:

Data Sources: Functional volumes and BFMI are derived from the BHENet-generated national

building atlas (Supplementary Methods 1-3). For full details on external datasets (ODIAC, 7th

Census Grid, VIIRS, Copernicus DEM), including versioning, licensing, and citations, please refer

to the Data Dictionary in Supplementary Table S8.

Construction Details: Continuous covariates were standardized during model estimation to improve

numerical stability. For interpretation, the marginal effects reported in Extended Data Tables 2—3

are expressed in the physical or index units listed here after rescaling, except for the BFMI Legendre

basis and the normalized EAD index in Extended Data Table 2. Model Role: y, dependent variable;

X, explanatory variable of interest (including spatial lags WX); Z, control covariates (including

spatial lags WZ); Fixed Effects, dummy variables absorbing unobserved heterogeneity. EAD/JSD:

Calculated using a 10 km moving window radius to capture localized jobs—housing balance (see

Supplementary Methods 5).
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Extended Data Table 2: Spatial Durbin Model estimates of direct, indirect and

total marginal effects.

Variable

Direct Effect

Indirect Effect (Spillover)

Total Effect

Core Regressor

BFMI (Legendre P;)

-986.0 (157.1) ™

44,0125 (415.2)™

-4,998.5 (420.5)

BFMI (Legendre P>)

48.8 (137.0)

3,848.7 (349.6) ™

3,897.5 (355.1) "

BFMI (Legendre Ps)

735.1 (153.8)""

53142 (437.6)™

6,049.3 (450.9) """

Jobs—Housing Metrics

EAD

-801.5 (463.2)"

6,896.7 (564.0)™

6,095.2 (305.7) "

JSD

-306.6 (839.6)

2,790.8 (893.3)"

2,484.1 (258.4)™

Controls: Functional Volume

Vol (Residential)

-0.78 (0.20) ™

-6.93 (0.32) ™

-7.71 (0.27)™

Vol, (Industrial)

7.21(0.22)™

20.62 (0.38) ™

27.83 (0.33)™

Volc (Commercial)

28.11 (0.64) ™

48.50 (1.38) ™

76.62 (1.25)™

Vol (Education)

3.28(0.59) ™

-14.87 (1.27)™

-11.59 (1.23)™

Volp (Public Open Space)

8.76 (1.03)™

-2.20 (1.80)

6.57 (1.59) "

Vol (Medical) 63.51 2.26)™ 150.92 (6.47) " 214.43 (6.58) ™
Vol, (Administrative) 13.51 2.15)"" -5.59 (4.71) 7.92 (4.59)"
Vol (Transport) 6.13 (0.99) " 23.53 (2.12)™" 29.66 (2.06)

Controls: Physical & Activity

Road,., -15.58 (4.22)™" -8.28 (5.64) 23.86 4.01)™
POPDes 0.47 (0.02) ™" 1.14 (0.04) """ 1.62 (0.03) ™
NTL 25.59 (0.36)"" 34.77 (0.50) ™ 60.36 (0.33) "

Controls: Topography

Elev -6.66 (1.67)" 5.82 (1.67)™ -0.84 (0.12)™
Slope 130.2 (18.2)"™ -355.2 (20.8) ™ -225.0 (10.3)™
Relief 702.7 (134.8)"™" 448.5 (147.4)™ 1,151.2 (59.4)™
Model Diagnostics

Observations (N) 91,111

Pseudo R, 0.7833

Spatial p 0.103%%*%*

Log-Likelihood -940,816.7

Note: Estimates are derived from the baseline Spatial Durbin Model (SDM) utilizing the 12-class

volume-weighted BFMI on a 2 km x 2 km grid system across China; the final analytical sample

comprises N = 91,111 grid cells, following the exclusion of cells with missing covariates, zero

population, or no spatial neighbors (isolates) required for spatial lag construction. The dependent

variable is annual grid-level urban operational carbon derived from ODIAC, reported in carbon-

38



mass units (t C yr! per grid cell). The model includes city fixed effects and ring fixed effects to
control for time-invariant and center—periphery unobserved heterogeneity. Core Regressor: BFMI
enters the model as an orthogonal cubic Legendre polynomial basis (Pi, P, P3) to capture non-linear
responses; reported coefficients correspond to these transformed basis functions rather than the raw
index. Effects: Coefficients are decomposed into Direct (local feedback), Indirect (spatial spillover),
and Total marginal effects. Unless otherwise stated, effects are reported as changes in urban
operational carbon (t C yr™) per unit increase in each variable as defined in Extended Data Table
1. Model Diagnostics: The spatial autoregressive coefficient p is estimated at 0.103 (P < 0.01),
indicating significant positive spatial dependence in emissions, validating the spatial specification.
The Log-Likelihood is -940,816.7, consistent with the large sample size. Units: Functional volumes
are measured in 10* m?; road network length in km; population density in people km™?; NTL in nW
cm? st'; elevation/relief in m; slope in degrees. EAD coefficients in this table correspond to the
normalized 10 km moving-window distance index; main-text EAD effects are rescaled to a +1 km
change. Inference: Standard errors (in parentheses) are clustered at the city level to account for
within-city correlation. Significance levels: P < 0.1, **P < 0.05, P < 0.01. See Extended Data

Table 1 for detailed variable definitions.
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Extended Data Table 3: Heterogeneity of jobs—housing separation effects on

operational carbon across city tiers.

City Stratification | Sample Size (N) EAD Total Effect (t C yr ! per +1 km) | JSD Total Effect (t C yr! per +0.1 unit)
Tier 1 Cities 9,714 2,116.6 £ 465.87[1,203.7, 3,029.5] 1,320.9 +£271.3"" [789.1, 1,852.7]
Tier 2 Cities 20,149 -9.0 £ 115.9™[-236.0, 218.1] 329.8 +82.2"" [168.7, 490.9]

Tier 3 Cities 61,248 567.2 £41.07"[486.8, 647.5] 227.1+£36.5"" [155.6, 298.6]

Note: Values represent the total marginal effect on annual grid-level urban operational carbon,
reported in tonnes of carbon per year (t C yr '), derived from the Spatial Durbin Model stratified by
city tier. Data are presented as Estimate = Standard Error [95% Confidence Interval]. Sample
Definitions: Tier 1: Urban built-up area > 3,000 km? (e.g., Beijing, Shanghai); Tier 2: Built-up area
800-3,000 km?; Tier 3: Built-up area < 800 km?. Regressors: EAD Total Effect indicates the change
in urban operational carbon associated with a 1 km increase in local Expected Average Commuting
Distance. JSD Total Effect indicates the change in urban operational carbon associated with a 0.1
unit increase in Jensen-Shannon Divergence (morphological mismatch). Significance: ** P < 0.01,
" P<0.05," P<0.10, ™ Not Significant (P > 0.10). Interpretation: The impact of spatial separation
varies by urban scale. In Tier 1 cities, both movement impedance (EAD) and morphological
polarization (JSD) are associated with stronger carbon penalties, reflecting acute congestion and
structural imbalance. In Tier 2 cities, the EAD effect is statistically insignificant, likely reflecting
high internal heterogeneity (e.g., polycentric manufacturing hubs vs. monocentric capitals) where
distance does not linearly translate to carbon flux, whereas morphological mismatch (JSD) remains

a significant driver. Tier 3 cities show moderate but highly consistent penalties across both channels.
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