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Abstract. Inverting point-source emissions from sparse atmospheric observations is a—eentral-challenge-beeause—different
combinations-of-difficult because emission rate, release height, wind speed, turbulenceintensity, and plume morphology can

produce-similar-measurements—This—paper—presents—compensate for one another. We present NeuPlume, a neural-physical

only-apeintestimateframework that formulates inversion as observation-guided generation and selection of complete three-dimensional

concentration fields. A Lagrangian stochastic model eonstruets-the-forward-mappingfromphysical parameters-to-coneentration

fields:-builds a scenario-specific forward library, a conditional neural field compresses the simulated fields, and a latent diffu-
sion model then-learn-thefeasible-field-priorlearns their conditional distribution. During inversion, diffusion posterior sampling

full-coneentration-field—Aerosssix-generates candidate fields on a coarse-to-fine parameter grid, and NeuPlume returns
the parameters and field that best match the observations. Across 30 synthetic cases, the mean-errorsfor-emission-rate;
effective release heightand-turbulence intensity-are 10:0%selected fields achieve a mean spatial correlation of 0.942 and a
mean emission-rate error of 13.6%. Matched stress tests show that both observation geometry and transport-model fidelity.
govern inversion guality: trajectory-concentrated sampling weakens full-field reconstruction, while unrepresented transport
alters parameter identification and, i er than-Gaussian plume-and mass-batance basetinesun

=]

or effective plume rise

also degrades field reconstruction. Applied to four UAV methane transects above a coal-mine ventilation shaft—Using-the

ha Aam OnR—iRvento A 4 he oA A NALtAriar—e mate oA

meteorologieal states—, NeuPlume yields known-U minimum-loss emission estimates of 5.27-15.85 kt yr_" and exposes
wind-speed and height-boundary sensitivities under model mismatch. NeuPlume thus provides an extensible methodology
for jointly estimating source parameters and concentration fields: additional transport regimes can be incorporated through
regime-specific simulation ensembles and neural-model retraining.
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1 Introduction

Quantifying greenhouse-gas emissions from individual point sources is-a-central-taskin-atmespheric-monitoring;-becausesueh
estimates—support-national-supports emission inventories, regulatory complianee;—and-the-verification-of-climate-mitigation
commitments-Current approaches fall-mainly into-two-classes-assessment, and verification of mitigation commitments. Gaus-
sian plume (GP) models infer-estimate emission rate by fitting analytical dispersion kernels to downwind concentration
measurements Shah et al. (2019). The-mass-batance-Mass-balance (MB) method-estimates-emissionrate-by-integrating-the
adveeﬁve—ﬂtﬁeoﬁd—meeﬁ@g&mmacross one or more cross-wind planes Conley et al. (2017) Varon et al.
(2018). Both paradig
W&unmamed aerial vehicle (UAV) platforms,—as—comprehensively

However—wde&spars&%near-ﬁeld obs

armeasurements challenge these methods

because source parameters, meteorology, observation geometry, and plume morphology remain coupled. GP methods alserely
o&f&%ﬁe%dﬂssm%ﬁ&oﬁs—memdmg%ammteady conditions, a spatlally homogeneous wind field, and Gaussian
cross-wind and vertical i

+km-of-the-soureewhereprofiles. Near-field turbulence and plume meandering produce non-Gaussian eoneentration-structures

%%mye%ﬂ—%%}aﬂekstructures Yuvaraj et al. (2026), while rapldly varying winds violate the steady-state assumpnon Jia
et al. (2025).

itremains-MB methods avoid prescribing a Gaussian plume shape but remain sensitive to incomplete plume interception,
nenuniferm-background subtraction, and the representativeness—of-the-wind speed used to convert colamn—coneentrations
concentration into flux. UAV and controlled-release experiments both-show that observation coverage, sampling-cross-seetions;

%éwdﬁﬁdﬂwwwmmyﬂgwubstamlaﬂy affect methane quantlﬁcatlon Mohammadloo
et al. (2025) Liu et al. (2024). i 19 § )

-~Wind-speed uneertaintyrepresentativeness is especiall

important because source strength and effective advective speed are coupled in steady passive-tracer transport. In an AVIRIS-4
campaign, wind-speed uncertainty contributed up to 99.4% of the total-variance in cross-sectional-flux inversion-of-methane
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experiments;-methane inversion Meier et al. (2026). Controlled-release experiments using sequential airborne imagery found
that ERAS reanalysis-winds-underestimated-the-winds underestimated effective plume transport velocity by approximately 28%

wind speed with source parameters provides a direct diagnostic of this coupling, although sparse observations may leave
several parameter combinations with similar mismatch.

and«ﬁelé«merphel@%%ee&pleekBayeman inversion prov1des mmmﬁn&w@l@@

treatment of non-uniqueness by combining

rior and an observational likelihood. Markov chain Monte Carlo Xu et al. (2025), variational data assimilation Aghdasi
et al. (2025), regional-network atmespherie-inversion Whites et al. (2019), and ensemble-based-ensemble source reconstruc-

tion De Meutter et al. (2021) have all been applied to emission-parameter-inversion—Reeent-atmospheric source estimation;
recent reviews compare these methods with optlmlzatlon -based alternatives Xie et al. (2026) Hewever,—¢lassical Bayesian

v-Their computational
cost grows with parameter dimension and state-space-complexity timiting-applicability-to-jointinversion-of-state complexity,
particularly when source terms, meteorological parameters, and cencentration—fieldsspatial concentration fields are inferred

Deep generative models mmmj@mrmlow -dimensional prior
representations from physmal simulations and in

to-this-werkeonditional-have been used for inverse reconstruction of permeability and seismic wavefields Liu et al. (2025b) Meng et al. (2(

Mwﬂl neural field (CNF) latent diffusion frameworks

andrecovered-underobservational-constraints—In-thereconstruct turbulent fields from incomplete observations Du et al. (2024); Liu et al.



95 . In atmospheric point-source setting;Zhae-et-ak+(2026)-applications, learned plume representations can preserve non-Gaussian
structure that analytical plume models omit. Zhao et al. (2026), for example, combined a U-Net encoder with inverse Gaus-

sian fitting to reduce st

100
This paper presents NeuPlume, a three-stage probabilistie-generative inversion framework for atmospheric point-source
emissions. {ﬂ+he—ﬁfet—%ageF1rst a Lagrangian stochastic model generates a library of concentration fields eevering-physically
105 indexed by source and meteorological parametersto-coneentration

ﬁeld&{ﬂ—fhefeeeﬂd—sfage—&eeﬂdt&eﬂal—neufa}ﬁe}d—{GNF—} M compresses each field into a lew-dimenstonal-latent

representation, and a denoising diffusion probabilistic model learns a-f

parameterveetor-In-the third stage, NeuPlume performs-the conditional distribution of those representations. Third, NeuPlume

runs observation-guided diffusion-posteriorsampling-(BPS-»DPS on a coarse-to-fine parameter grid-tt-generates-concentration-field
110 samplesfor-each-grid-node;analytically-, estimates the emission rate -and-weights-the-nodes-by reconstructiontoss-toform

a-diserete-approximate-posterior-over souree-parametersat each node, and returns the candidate with the lowest observation
mismatch. The main contributions of-this-paper-are:

115 estimation as generative candidate-field inversion, jointly returning a minimum-loss parameter vector and its complete
three-dimensional concentration field.

120 constraintsdefine a simulator-independent implementation path in which a forward model maps scenario parameters
to the concentration-field library used to train a new CNF and diffusion model.

minimum-loss parameter and field accuracy on 30 easesheld-out synthetic cases and use six representative off-grid cases
125 within the trained parameter support for controlled baseline and component comparisons.

4. We test-the-framework-en-apply the framework to public UAV methane observations above a coal-mine ventilation shaft




—and use matched stress tests to quantif
sensitivity to observation geometry and unrepresented transport mechanisms.

130 Fheframeweork-and-its-evaluation-are-presented-in-Seetions2—6—

2 Methods
2.1 NeuPlume model architecture

NeuPlume learns plume morphologies from forward simulations and

135 to guide the generation and selection of candidate concentration fields.

The framework has three stages (Fig. 1). Stage 1 uses a Lagrangian stochastic model (LSM) to generate concentration

fields —Each-field-is-simulated-at a unit emission rate Q = 1 kgs™land-indexed-by-=1(H; 1), Each field is indexed b
140 WV\(VM where H is the-effective release height, U the-reference wind speed, and I the-turbulence-intensity;together;

afi WStageZmﬁeeﬁé&eﬁa}

state-space-for-the-generative-model—A-uses Hash-INR to compress each field into a 192-dimensional latent code z, and a de-
noising diffusion probabilistic model e

145 geﬁeraﬁve—ﬁe}ddpﬁeﬁDDPM) learns p(z | 0). In Stage 3pe

al-, sparse observations guide diffusion posterior samplin
DPS) at each candidate ;. NeuPlume decodes a candidate unit-emission field, fits ) estimation—and—reconstructiontoss
weighting-by linear scaling, evaluates the observation mismatch, refines the search around the lowest-loss coarse-grid node

and returns (6, ),C) from the minimum-loss fine-grid candidate,

150

9-C(x | ) denote a unit-emission
ggg(&g%)wmnﬁeldand let H beﬂieebsefvaﬁeﬁepefateﬁﬂappmgfhe map the complete field to measurementlocations;such

the measurement locations. The observations

155 y=QH[C(x|0)]+e, ~N(0,5°T), (H
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Figure 1. Overview of the three-stage NeuPlume framework. Stage 1 +the-constructs a unit-emission field library with a Lagrangian stochastic

conditional latent distribution. Stage 3 <combines observation-guided diffusion posterior sampling combines-the-tearned-prior-with sparse

point-observations-to-invert-souree-parameters-coarse-to-fine parameter search and reeonstraet-emission-rate fitting to obtain the eomplete
three-dimensional-coneentration-fieldminimum-loss reconstruction.

NeuPlume evaluates a finite candidate set produced
by the conditional generative model and coarse-to-fine grid search, Its formal output is

p(éa Q | y@vé): argmln X ] ‘v Q ‘C (gk, Qk7Ck) (2)
- (0%,Qx,Cr)eg




170

175

180

185

190

195

where G is the generated candidate set.

2.2 Lagrangian stochastic forward simulation

and-diffaston-prierlearning—The forward simulator uses a Lagrangian stochastic model (LSM) to generate concentration fields
from source and meteorological parameters. LSMs represent turbulent dispersion with stochastic particle trajectories and must

satisfy a stationary phase-space distribution, Eulerian-equation compatibility, and the well-mixed condition Thomson (1987).
Established codes such as FLEXPART and STILT apply Lagrangian particle models to point-source dispersion, near-field
source-receptor relationships, and flux inversion Stohl et al. (2005); Lin et al. (2003). Microscale comparisons of forward-
in-time and backward-in-time LSMs further-confirm-theirsuitability-support their use for local-scale dispersion and source-
receptor sensitivity problems Li and Du (2020). Relative to the Gaussian plume formula, an LSM ean-represent-represents
near-field dispersion and moderate-turbulence non-Gaussian structures at a computational cost several orders of magnitude
below large-eddy simulation Katata et al. (2015).

The model continuously releases particles from a point source at height H above the ground. Each particle carries position

x and turbulent velocity fluctuation u’, which evolves by a Langevin-type stochastic differential equation:

’ 202
duf = =g di ([ FoE AW, i€ {2}, 3)

where 711, is the Lagrangian integral time scale, o; is the directional velocity standard deviation, and dW; denotes an in-

dependent Wiener increment. The mean wind field follows the power-law profile U(z) = Uye(2/ 2cet)*stinder—, We set

a=1/7~0.143 for neutral atmospheric stability —e-=1/7~-0343—where-and define U,er is—thereference—wind-speed

—An elastic ground boundary reverses the vertical velocity component,

and particles leaving the domain are removed. After a flushing period for statistical steadiness, we bin particle positions onto a
regular three-dimensional grid and divide by grid-cell volume to obtain the concentration field ¢(x).

Because the steady-state concentration field of an inert tracer is linear in source strength, all training simulations set a unit
emission rate Q = 1 kg s~!. Thus, the LSM, CNF, and diffusion model learn only the unit-rate concentration distribution deter-
mined by (H, Uyct, Iref ). During inversion, a candidate emission rate @ linearly scales this unit field to give the corresponding
concentration prediction.

With the unit-rate convention above, we constructed the training dataset required by the conditional neural field (Section 2.3).

The training set covers the three-dimensional conditional parameter space spanned by seuree-effective release height H ¢
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[0,50] m, reference wind speed Uyer € [1,15] ms™!, and turbulence intensity s € [0.05,0.3]. Here, H is the effective release

height represented in the training library; it is not necessarily identical to the physical outlet height when initial momentum
or buoyancy produces plume rise. These ranges cover near-surface passive point-source monitoring conditions, from calm and

weak-turbulence scenarios to strong-wind and high-turbulence cases. Atmospheric stability is neutral in all simulations. Fhis

The current LSM instance represents a passive inert tracer without initial source momentum, explicit buoyant plume rise,
wind-direction shear, convergence, or divergence. It uses flat terrain, neutral stability, and an open single-source domain.
Particles that cross the lateral, top, upwind, or downwind boundaries are removed, whereas the ground boundary is reflective.

WMMI 000 parameter combinations afe—ttmfemﬂ%%tmp}eekfrom this space. ?hs—%mﬂp}e—ﬁz&eever%

systematicatly-evatuated—For each combination, the LSM is integrated over a 520 x 200 x 100 m® computational domain
(x € [-20,500], y € [-100,100], z € [0,100] m), with time step At = 0.5 s, 250 particles emitted per step, and approximately

10° active particles at steady state. The resulting 1000 concentration fields are paired with their conditional parameter triplets

(H,Uyet, Iiet) to form the supervised training set for neural field compression.

2.3 Conditional neural field training

Stage 2 ef—NeﬁPlum&compresses the discrete memﬁ%mmeéw%%m@%mto a

continuous, conditionable

inverstonrepresentation. For each seﬁfee-mefeefe}egrea%eeﬂdrﬂeer—éH—U—f—I—f—)G = (H,Uye, Lieg), an 1rnphcrt neural
fuﬂeﬂeﬂj‘qy(-)e%mﬁps—afﬁespaﬂa%eeefdﬁra{e—)eeﬂﬁ—functron x;6) maps x € R? to concentration. Tlﬂnﬁepfeseﬂfaﬂeﬂ

implement this conditional neural field with Hash-INR; conditional neural fields have also been used for spatial-dimension
reduction-and-continuous-fieldrepresentation-continuous representations of turbulence data Guo et al. (2026). We-implement

Hash-INR eentains-a-combines a 16-level multiresolution hash encoder and-with a condition-concatenated MEP—Spatial
multilayer perceptron. Each hash

level contains two features per entry, aﬁd—rese}&&eﬂs—spafkgeemefrtea}}y—frem—}é—te—o{%—W1th resolutions spanning 16> to 5123
voxels. Trilinear interpolation wi

thenjoined-with-the-spatial-and concatenation yield 32 spatial features. The standardized condition vector is concatenated with
these features and a sample-specific 192-dimensional latent code z. Fhis227-dimensional-veetor-enters-a-A four-hidden-layer

MEP-network with 256 ReLU units per layer and-RelU-activationsto-prediet-predicts log(1 + C')at-eachquery-point—We
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Hash-INR is jointly-optimized-over-all-N-optimized jointly over all training conditions for 300 epochs. Network weights
and per-sample-latent codes use Adam with-learning rates of 1072 and 5 x 104, respectively. The objective combines log-

space mean squared error, a linear-space penalty feﬁhtgh-eeﬂeeﬂffaﬂetﬁegmﬂ%above the 90th concentration percentile, and €2

regularization of the latent codes.

For-stability;-the-gradient-norm-is-Gradients are clipped to 1, and the learning rate is halved after a validation plateau. Key
The complete training and inversion settings are listed in Appendix A (Table Al).

After Hash-INR eenverges;each-tratning-condition-6:-training, each condition has a latent code z R 9% that—with-the
shafedﬂiefweﬂewetgl%s—that encodes its concentration field —The—se%—{z—}—is—a~}ew-d1fﬂeﬁﬁefra¥fepfeseﬂ{a&emef—fhe
DDPM learns p(z | 6) mmﬁwmwﬁmmwwwﬁmw. Inspired
by fhe%eNFﬂ:B—lateﬂEspae&dfffuﬁeﬁffameweﬂeCoNFlLD Du et al. (2024) the denoiser uses a Transformer-based-DiT

learnable-pesitional-encodings—The-denoiser-has-DiT architecture with six Transformer blocks, each-with-8-head-eight-head
self-attention, cross-attention, and a feed-forward ﬂe%wefk—w&he*panﬁe&fa&& W4 The diff&%}e&ﬁme%ep—i%

a-single-tokencontext—The-forward process-uses-a—1000-timestep-192 latent dimensions are projected into a 512-dimensional
hidden space. Diffusion timestep and condition embeddings form the context. Training uses a 1000-step linear noise schedule,
i € [107*,2 x 107?%], 100 epochswith-, batch size

64, Adam ;-with a 10~ 4 learning rate, and cosine annealing. Latent-codes-and-condition-veetors-are-z-seore-normalized-before

training;-Classifier-free guidance is trained by zeroing the condition vector iszereed-with probability pq,.pse-asingle-denoiser
learns-beth-. During generation, conditional and unconditional neise-prediction-During-inference;the-two-predictions are com-
bined with-guidaneeseale-s>1-as_

candidates at a specified 0,
complete concentration fields -whieh-for the inversion procedure in Section 2.4combines-with-observational-constraints—The




2.4 Point-source emission inversion

NeuPlume performs-inversion-in-the-eandidate-searches a finite source and meteorological parameter spaeegrid. For each
candidate 6, the conditional diffusion model generates eencentration-field-samples-a concentration field in the Hash-INR latent
270 space. The algorithm estimates the emission rate () is-estimated-analyticallyfrom the linear relationship-between-the-observed
eeﬂeeﬁffafmﬂ—&ﬂdrfh&@ggggmredlcted unit field —'Phe—feeeﬂ%ffueﬁeff}e%fheﬁeempafedﬂem%%eaﬂdtdafe

lowest-loss candidate field and parameter vector.

275 The generative backbone ef—NeﬂPJﬂme—feHeW%&teﬁdeaﬁf—}afeﬂt—%paee Wdﬁfusmn for conditional neural
fields e i i

pfmﬁaﬂd—measufemenfeeﬁﬁsteﬂeyehuﬂge%al—(—%%}‘Du etal. 2024) Liu et al. (2025a Starting from Gaussian noise 2r—~A{0:Fz

280 €4(24,t,0). Classifier-
free guidance combines conditional and unconditional predictions:
ét :e¢(zt,t,0)+s[e¢(zt,t,0) _E¢(zt,t70)]a (5)
where s is the guldance scale. The standard DDPM relation gives the predicted clean latent vector%o—t&eb%amedﬁmﬁghﬁe
285
NeuPlume uses diffusion posterior sampling (DPS) Chung et al. (2023), which introduces the gradient of the observation-mismatch
objective into the reverse process i i i i g
290
295

Q—QH—B%[TIﬁr}ﬂﬂd—efmssteﬁfa{&Q—meGNF-feeeﬂs{mefeéﬁe}dﬁ or a generated unit field c(6) sampled at M observa-
tion locationsand-seated-by-Qsgiving-, the predicted observations =&~ Hfe{fH—where-H-denotes-spatial-interpelation—at

10
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the-sensorlocations—The-observationtossis-defined-inare y = () H|[c(0)]. Candidate quality is measured with a smoothed L
Huber)-form=—observation-mismatch objective:

M 1.2
1 7€ le] <1,
Lan®.Q) = 37 355w b =4 ™
i=1

le]— 1 otherwise.

limits the influence of large residuals. The field of a passive tracer scales linearly with source strength, for-each-candidate-6;
the-emissionrate-so () is analytically-estimated-as-nitialized by the least-squares scaling factorbetweenpredicted-and-observed

search-strategy—In-the-coarse-search-stage—-the-algorithm-between the generated unit field and the observations and may be
refined during the reverse process.
The coarse stage evaluates a broad grid eovering-physically-reasenableranges-of H, U,et, and I,¢¢. Foreach-grid-node;one

NeuPlume generates a candidate field, fits (), and evaluates the observation mismatch. The node with the smallest loss defines
the center of the fine grid. The fine stage evaluates local offsets and returns the lowest-loss fine-grid candidate with its fitted

and decoded concentration field.

NeuPlume supports two eomplementary-inversion modes. In known-U mode, meteorological measurements fix the krown
wmd—speedmede—fh&reference wind speed 1 i

- SDEOD whe ble-wind-spee vation : ¢ near-the— ement-points—in-and the
biind search covers (H, I..¢). In blind mode, the em&dmeﬂa%pafafmfef%%é%ﬁlﬁf}—afejemﬂyseafehed—wmmwma}
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The primary synthetic validation uses 30 concentration fields generated with the same neutral-stability LSM procedure as the

355 training library and held out from conditional neural ficld and diffusion training, The validation conditions cover / = 10-40 m,
M;%&%%@WMMWM averaged concentration

field contains 10° evaluation points in the

520 x 200 x 100 m* domain, and 1

360

wmd—speeé{@aseé—MﬁSJ% of these points (1 000 observations) are selected by a case-specific random volumetric

mask.

12
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Six representative validation cases span low and high release heights, wind speeds, and turbulence intensities within the
validation design; their emission rates range from 0.75 to 1.25 kegs~! (Table B2). The amssrea»%afe—:&ﬁ*ed%@—k@—kg

—1

experiment{(Seetion—2?)-baseline and component comparisons use the same 1% random-volume mask for each case. This
geometry differs from plume-crossing transects and defines the interpretation of the GP and MB comparisons.

The ' ' UAV trajectories and methane measurements used
in_the observation-geometry stress test and field experiment come from the publicly available AirCore-UAV data for flights
#11, #12, #14, and #15 above shaft V of the Pniéwek coal mine {shaft-V)-in-the Upper-Silesian-Coat-Basin, Potand—We
seltected-four AirCore-UAV-flights-above shaft-V-(in Poland Andersen et al. (2023). For the observation-geometry stress test,
each simple-transport truth field is sampled with four equal-budget protocols. The random-volume protocol selects 1000 of

the 10° evaluation points. The complete, partial, and off-center protocols transform trajectories from flight #11 or #12, #14,
and #15

itwith-the GPS-trajeetoryassigning-into the synthetic domain and select the 1000 evaluation points nearest each trajectory.
The partial protocol retains one crosswind portion of its source trajectory; the off-center protocol applies a 60 m crosswind
shift and domain truncation. These compound protocols test three realistic trajectory patterns rather than individual geometric
factors.

The transport-mismatch stress test uses the same six off-grid parameter settings, 1% random-yolume obseryation masks,
and inversion protocol. New truth fields are generated with the simple transport model, a strong-shear model with power-law.
exponent o = (.30, and an effective-plume-rise model with prescribed vertical mean velocity w(z) = 0.6ex
for z > 0. All fields are inverted with the CNE and diffusion models trained on the simple transport fields. The parameter
settings remain within the trained support, whereas the strong-shear and plume-rise fields contain transport mechanisms absent
from the training library.

The field experiment applies NeuPlume to the methane measurements from these four flights. Ground:station wind speed
W&cmmmwm methane observation to
hethe corresponding flight location. From the same study,

13
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descriptive external references are the same-shaft hourly emission inventory-£13.3-=4-1- ke yr=Linventory (13.3 4 4.1 kt yr ™)
and the published-inverse-campaign-level integrated Gaussian (IG)-phume-fitting resab(9-5+35-ktyr—1- 9.5+ 3.5 kt yr 1,
n = 13) and mass-balance (MB}-integrationresaht«9-8+5-0-kt-yr=', 9.8 £ 5.0 kt yr~!, n = 14) from-thesame-campaign

NeuPlume is compared with two-baseline-methods-GP and MB baselines using the same observation-data-observations and

meteorological inputs. Fhe-GP-medelassumes-ananalytical-steady-state-plumesolutionand-inverts-Qr-Hand-U-by-mintmizing

the-GP _minimizes residual sum of squares

estimation—The MB-method isrun-only-in-knownmodes, MB interpolates observations onto a cross-wind section and integrates
concentration flux using the specified wind speed, so it is evaluated only in known-U modebeeause it requires-wind-speed-to
caleulate-adveetive-flux-through-the-eross-seetion. NeuPlume also supperts-both-modes;-and-tsknown-uses blind and known-U
vartant-modes; the latter fixes wind speed during diffusion-posteriorsampling—Thus;-candidate generation and grid search.

For synthetic cases, parameter accuracy is evaluated using the absolute relative error of the selected H, U, and I.
Full-field reconstruction is evaluated using normalized root-mean-square error (RMSE divided by the eomparison-coversboth
atty-data-driven-inversion-and-inversion-constrained-by-a-given-wind-speed-root-mean-square truth concentration), Pearson
spatial correlation, concentration-weighted centerline displacement, and horizontal and vertical width bias. The same metrics
are also computed after excluding the 1% observation mask. Stress-test degradation is defined as the tested value minus the
matched baseline for parameter errors and normalized RMSE, and as the baseline minus the tested value for spatial correlation;
positive values therefore denote worse performance for every displayed metric. For field cases, ground-truth parameter errors
are unavailable. We report the minimum-loss NeuPlume estimates and their descriptive differences from the inventory center
and range and from the published IG and MB references.

4 Results

4.1 Synthetic data validation

14
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o desion includes o near-calm fow-source release 1Cane 1o high-source high-wind-speed refease (Case /. 23.13%
for wind speed U, 5.74% for turbulence intensity I, and strong-turbulence-conditions(Cases2-13.59% for emission rate ¢
(Table B1). The corresponding medians were 0.75%, 16.96%, 5.41%; and 10.72%, respectively.

The selected three-dimensional fields had a mean spatial correlation of 0.942 and a mean normalized RMSE of 0.345
against the LSM truth. Their concentration-weighted centerlines were displaced by 0.78 m on average. The reconstructed

crosswind and vertical widths were narrower than the truth by 1.20 and 6);—testing-how-thelearnedfieldprioreconstrains

>

naramiatar notager g I R ndar-d arant ool oia NepnP me a9 ata-fne £} 1ua RO

souree-parameters-and-achieves-a-six-ease-meanrelative-error-of10:0-0.76 m on average. Metrics computed only at the 99%
unobserved points were nearly identical: the mean spatial correlation was 0.942, normalized RMSE was 0.345, and centerline

displacement was 0.78 m. Figure 2 relates each estimate directly to its truth value and shows the joint full-field agreement and

width biases.

Figure 3 provides the corresponding three-dimensional comparison for all six preselected representative cases. Across these
cases, spatial correlation ranges from 0.918 to 0.981 and centerline displacement ranges from 0.18 to 1.68 m. The complete
30-case summary and the physical conditions of the six cases are reported in Appendix B.

4.1.1 Parameter aceuraeySix-case benchmark results

of-The six representative cases support the GP and MB comparisons, Gaussian-plume control, and coarse-to-fine analysis
Table 1). Across these cases, NeuPlume’s mean absolute relative errors are 12.5% for QQis25-0-

The-parameters-also-differ-in-identifiabity:2.5% for His-the-meststable-parameter-across-the-, 25.6% for U, and 7.3% for

The fine stage selects a lower minimum loss in every case. Across the six cases:with-arelative-errorrange-of-0:3—4-8-, mean
minimum loss decreases from 0.172 to 0.142; the case-wise decrease ranges from 0.001 to 0.080. Appendix Fig. B1 reports
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Figure 2. Synthetic validation across 30 held-out cases. (a) Each point is one synthetic case. Estimated values are plotted against the true H

U, I, and (); dashed diagonal lines denote exact recovery and inset labels give mean absolute relative errors. (b) Joint full-field normalized

RMSE and spatial correlation, for which the upper-left direction indicates lower error and stronger spatial agreement; dashed crosshairs and

the diamond mark the two sample means. (¢) Crosswind and vertical width biases; negative values indicate a narrower reconstruction. Points
are cases, boxes show medians and interquartile ranges, and diamonds mark means. Quantitative field metrics use all 100000 evaluation
points.
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Figure 3. Coarse-to-fine-grid-search-toss—surfaces-Three-dimensional plume comparisons for the six synthetie-test-representative casesin-.
The first two columns compare the %&%mﬂﬁmﬁmmmmw&n&wwwmmw&m
U). Case 2 (mid /U, low 1), and Case 3 (mid H/U, high I). The
aligned-withlast two columns show the W%(WWMMM&%<WMM ), indieatingastable
unimodalobjeetivein-Case 3 (low H, low U), and Case 6 (central H/U/T). Nested isosurfaces show the investigated-rangethree-dimensional
concentration field, with maximum-concentration projections on the ground and rear planes. Color and opacity denote '/ max(Clryen).

within each case; values below 0.02 are omitted for visibility. Stars mark the source location at the case-specific effective release height,

diamonds mark the concentration-weighted centroid of the displayed volume bins, and lines show their displacement. The display uses

52 x 30 x 20 bins reconstructed from all 100,000 evaluation points.
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465

470

475

the case-wise changes and the coarse and local fine parameter spaces for the largest- and smallest-improvement cases. Table 1
reports the corresponding parameter accuracy.

Table 1. Inversion results for the six synthetie-test-representative cases. Values are absolute relative errors (%) against true values. Pashes
mark-parameters not reperted-by-NeuPlume, GP, and MB use the baselinesame 1000 random-yolume observations.

408 Mean 10:0 14 6:1 2482 —345 —912

NeuPlume GP blind GP known U  MB known U
Case Q H U 1 Q U Q H Q
Case 1 98 49 143 126 62.6 54.4 51.9 0.4 146.4
Case 2 170 04 549 1.7 43.4 54.8 143.1 354 529.6
Case 3 6.2 02 150 7.6 81.3 88.5 30.8 7.5 299.2
Case 4 15.1 04 8.9 53 198.7 16.6 87.0 14.2 207.3
Case 5 251 6.0 473 140 5594 4409 2349 493 450.1
Case 6 1.8 2.8 134 2.7 58619 482 2783 1.6 343.3
Mean 125 25 25.6 7.3 11345 1172 137.6 18.1 329.3
Median 124 1.6 14.7 6.4 140.0 546 1151 108 321.3

4.1.2 Baseline comparison

ations:-INeuPlume, GP regression Shah

mean-relative-are applied to the same observations from the six representative cases. Under this random volumetric geometr
mean () error of2482-

i i i is 1 134.5% for blind GP, 137.6% for known-U mede),-GPstill- preduees-amean
lative-O 345
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480

corresponding medians are 140.0%, 115.1%, 321.3%, and 12.4% (Table 1). The comparison tests how methods designed for
analytical plume fitting or cross-sectional flux integration transfer to sparse volumetric observations.

4.1.3 Gaussian plume control experiment

The Gat

Gaussian-plume
485 control uses the same source parameters as the six syn%heﬂeeases—geﬁem&swfheﬁeda&ne resentative cases and generates

observations with an analytical G

a-Gaussian-plume model (Table C1). In known-U mode, GP
recovers all six cases -with Q and H errors e}es&te%efefe}(}—
imates-below 0.001%. In blind mode, its mean @) on-Gaussian-data;with

490  smresEeeeee sl

%MMWQ -—U ambiguity when both parameters are inferred from the Gaussian-plume equation,
The known-U result confirms that the GP implementation recovers parameters when its field assumption matches the data
generator,

495 4.1.4 Observation geometry and transport-model mismatch

The geometry and transport stress tests use the six representative conditions within the trained parameter support. Figure F1

shows the case-wise transport-mismatch changes, Fig. G1 shows the transformed UAV_sampling geometries, and Fig. G2
shows their case-wise degradation relative to random-volume sampling,

With 1000 random-volume observations per case, the mean errors in H, U, and-I-Compared-with-known-ti-errors i, and

500 @ are 2.46%, 25.63%; 1.31%. and 12.51%, respectively; mean full-field normalized RMSE is 0.322 and spatial correlation

is 0.957. The complete, partial, and off-center trajectory protocols use the same point budget. Their mean normalized RMSE

values are 0.744, 0.563, and 0.611, while mean spatial correlations are 0.622, 0.803, and 0.817. Mean [ error exceeds 23%

for all three trajectory protocols. The ordering varies by metric: the complete trajectory has the largest mean f error and

normalized RMSE, the partial trajectory has the largest mean U and () errors, and the off-center trajectory has the largest mean
505 [error.

Under strong shear, mean H remain-simitarbut-and U errors increase from 2.46% and 25.63% to 3.44% and 27.41%.
whereas mean / and () errors decrease slightly to 7.20% and 9.40%. Mean full-field normalized RMSE changes from 0.322

to 0.308 and spatial correlation from 0.957 to 0.953. Effective plume rise produces a different response: mean H and U error
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inereases;with-a—six-case-mean-of13-2-errors increase to 22.72% and 35.12%, mean I and () errors are 8.78% and 11.83%
510 normalized RMSE increases to 0.518, and spatial correlation decreases to 0.821.

4.2 Real-dataeasestudyMatched component comparison

We compare full NeuPlume with two references using the same six representative cases, 1 000 random-volume observations
er case, and loss definition (Fig. 4). The CNF library search removes diffusion and evaluates learned latent fields directl

on the same coarse-to-fine parameter grid. Relative to this reference, full NeuPlume reduces the mean errors in H, U, I, and

515 from 3.21%, 49.36% and 18.54% to 2.46%, 25.63%, 7.31%, and 12.51%, respectively. Mean normalized RMSE

decreases from 0.438 to 0.322, and spatial correlation increases from 0.910 t0 0.957. These matched results show that diffusion
improves parameter selection and full-field reconstruction relative to direct CNF library search under the tested protocol.
Direct LSM search evaluates the 1 000-member physical library against the off-grid representative truth fields and provides
a finite-library lookup reference. It attains a mean normalized RMSE of 0.178 and a mean spatial correlation of 0.981. Its
arameter errors (H: 1.62%, U: 17.79%, 1: 11.41%,

in this same-simulator lookup.

520 remainin Q: 22.91%) quantify discretization and parameter ambiguit

4.3 Real-data case stud

525

afeﬂﬂveﬁedﬂﬁ%we%etmqgs—léﬂew&-We evaluate the Pnidwek V flights in known-U mede—ﬁ*e%wmd»%peeek%eﬂa&ee—leeateé
he-and blind modes. The

530
Mﬂd—mpﬁt—aeeufaey—aﬂd—pafameteﬂdeimﬁ&bfhfy rovides the primary descriptive reference. Campaign-level IG (9.5 £ 3.5 kt yr—
and MB (9.8 £ 5.0 kt yr~*) estimates provide additional references Andersen et al. (2023). Table 2 summarizes—theresults;

attonsand Fig. 5 report NeuPlume’s selected minimum-loss

estimates.

535 thh%&Known U estimates for flights #11 and #i%shewﬁ&&w&hﬁ}fﬁeteﬁ%eevefage—NeﬁPmmeeaﬁmfeﬁemﬁstefHa{e
e;-14 are 2.14 and 2.55 kt yr~
above the inventory center and fall within its reported 9.2—-17.4 kt yr—! range. Flights #4+gwes—@—8%3f4—9ﬂet—w——aﬁd

540 3.26 and 3.93 kt yr—! below the lower end of that range.
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Mean performance across six matched cases

H error (%)

U error (%)

| error (%)

Full NeuPlume | =25 - @256 — @73
CNF library search 3.2 494 @221
Direct LSM search | = @t-6— —@17.8 —Pth
0.0 25 5.0 75 0 50 100 0 20 40 60
Q error (%) Normalized RMSE Spatial correlation
Full NeuPlume| ——@+2:5— —@-0:322 —@)0:957
CNF library search 0185 o438 - @®o910
Direct LSM search - O229 - ©o178 e @)-0:981
0 20 40 60 02 0.4 06 0.90 0.95 1.00
b ) ) )
Paired Full NeuPlume - CNF library search differences
Case 1 +4.7 4.4 -8.5 +8.9 -0.078 +0.044
Case 3 05 6.1 +3.9 +1.2 +0.012 0.000
Case 5 +2.5 +0.0 +9.7 -29.6 -0.007 +0.019
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Figure 4. Matched accuracy comparison for the six representative cases.

wind speed U, turbulence intensity I, and emission rate , together with mean full-field normalized RMSE and spatial correlation; horizonta

search. Cell labels report the raw Full NeuPlume minus CNF library search difference in the units of each metric. Colour direction is oriented

so that blue denotes better Full NeuPlume performance and orange denotes better CNF libra

separately within each metric. Lower values indicate better performance for the four parameter errors and normalized RMSE; higher values

indicate better spatial correlation. Direct LSM search is a finite-library lookup reference whose 1 000 candidates do not contain the six truth
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Full better

Equal

CNF better

a) Mean absolute relative errors for effective release height H,

intervals span the minimum to maximum across the six cases. (b) Case-wise paired differences between Full NeuPlume and CNF libr:

-search performance, with intensity scaled
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Figure 5. Real-data inversion results—for the Pnidwek V eoal-mine-ventilation shaft. (a) «y-plane—and—-{(b)=z-plane—views—shoew-UAV

ebservations—sampling geometry for flights#tHeach flight. The upper strips locate the observations in the downwind—crosswind plane;
stars mark the shaft. The lower panels show the crosswind-height sampling curtains, #+2--#34--with grey lines tracing the flight paths
and #+5;-color denotes-meastred-denoting methane enhancement. Labels report the number of observations and sampled downwind range.
(eb) Knewn-NeuPlume known-U pesterior-emission—rate-minimum-loss ) estimates (€points)and-eredible-intervals. The main-external
comparator-is—the-same-shaft heurly-inventory %MW%WWMIG y-and mass-balanee(MB

Blind inversion selects lower wind speeds for flights #1 1)-and248—335-m+, #12);-with-362-and214-eobservations;respeetively:




555

560

565

570

Table 2. Real-data—inverston—resutts_Minimum-loss NeuPlume estimates for the Pnidwek V wventitation—shaftflights. Fhe-main—external

=05+ 35ktyr—and MB—=9-8+ 5.0 kt+—Known-U Msed—feﬂj&gs/\m@vs\gge/g\gg/}he mﬁmm%ﬁm%&eempaﬁ%eﬁ—%hﬁd
meteorological-station value; blind inversion jeintly-estimates-selects ) and U ia 4 4 ara
degeneracyjointly.

Known-U: @ Blind: @ BI
Flight Nobs Uneteo (ms™") Knowntr@togthktyr—) (kv ) =~ Blindr@rootktyrHkiyr’)) Blindbdortms—(
#11 362 7.0 8:33+4-671544 BA0 N2 517 257 6830
#12 214 7.0 F27+342594 3:68+1623.49 D55 HTH2S
#14 108 6.0 HA4+3.75-15.85 8:6++23.812.84 R ey P}
#15 130 6.0 410+116527 13-97+5:8713.26 13-60-+6-71-14.0

and correspondingly lower @) values. Flight #15 shews-that-wind-input-aceuracy-strongly-affects-inversion—Known-selects

U =14.0ms~!, more than twice the station value, and @ = 13.26 kt yr~*. Across all four flights, the selected U gives

Supplementary-Table-S3)solution.
4.4 Unecertainty-quantification

Known-U inversion selects effective heights of 52.2, 43.8, 3.3, and 9.2 m for flights #11, #12, #14, and #15, respectively. The
corresponding blind-mode heights are 61.4, 47.9, 2.2, and 10.6 m.
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575

nominaHevel-wind-speed-The GP and MB baselines produce substantially larger or smaller point estimates under these sparse
580 trajectories (Table D1). GP blind estimates span 251792 kt yr~! and GP known-U i i -

oz, OVE

Coverageforwind-speed-estimates span 31-49 kt yr—!, while MB estimates span 0.009-0.055 kt yr—'. NeuPlume known-U

585

ion
590
595
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610

615

620

625

630

635

By-contrastthe-high-release-height30-case validation shows that NeuPlume preserves plume location and large-scale spatial
organization more reliably than cross-sectional spread. Strong positional agreement together with negative mean width bias
identifies cross-sectional spread as the systematic field-reconstruction error. In the six representative cases, high-wind-speed

4 . A =14 | N

NeuPlume also yields lower mean emission-rate error than GP and MB

under random volumetric sampling. This comparison establishes NeuPlume’s advantage for emission-rate estimation under the
tested sparse three-dimensional observation geometry.

5.1 AblatienstadyMeasurement geometry, wind representativeness, and identifiabilit

erid-eanreach-AH=10-mwhichis-eoarse-selected emission rate. Because the CNF represents unit-emission fields, the fitted
source strength scales with effective transport speed. Across all four flights, the blind solutions move U and () in the same

25
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645




675

680

685

690

695

700

test shows that point count alone does not determine performance. Concentrating the matched point budget near transformed
UAV trajectories degrades parameter and full-field recovery on average relative to random-volume sampling (Figs. G1-G2).
Each trajectory protocol represents a compound sampling pattern, but their common contrast with the matched random-volume
protocol supports a clear measurement objective: sample multiple downwind positions, obtain crosswind and vertical contrast,
and record wind over the plume-transport scale. UAV_studies likewise identify plume coverage, platform configuration, and

wind sampling as major determinants of emission accuracy Liu et al. (2024); Mohammadloo et al. (2025);

3

6 Discussion

5.1 Physical scope and boundary effects

resent implementation and
validation cover passive, low-height, neutral releases over flat terrain. The current forward model uses open boundaries. Within
this parameterization, H is an effective release height that can absorb unrepresented vertical transport. Flights #14-everlaps-the

heights near or above the 50 m training-grid ceiling after continuous refinement, marking the edge of the trained height support.
The present observations do not resolve which omitted transport process produces these boundary solutions.

27
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705 tests show why field agreement and parameter identification must be assessed separately. Strong shear changes the selected
simple-model parameters without a corresponding mean loss of full-field similarity, whereas effective plume rise degrades both
parameter and field recovery. In the plume-rise test, [ -and-E-ttreturns-peint-estimates-absorbs part of the missing vertical
transport and functions as an effective height rather than a full-pestertorand-ttrelies-on-dense-cross-sectional-coneentration

a han mite me a o A aordinelbv—itelaree-add m R [ d ad ce N COVE 4 noe

710

i i i —physical outlet elevation.

715

found-in1:001- UAV-flights that-55-Open-boundary diagnostics in Table E1 show that most particle exits occur through the

720 downwind boundary and quantify the smaller side and top losses. Measurements and forward domains for weak-wind or
high-turbulence regimes require sufficient crosswind and vertical extent to capture the broader plume. The current LSM also
excludes flow regimes in which material exits and later re-enters through recirculation or building wakes.

725

boundarylayers-also-change-the-The forward-library design defines a direct extension path for additional regimes. Stable and
730 unstable boundary layers require stability-conditioned simulations because they alter wind shear, vertical exchange, turbulent-
istribution—dri 5 i i istributions, and the LSM drift needed to satisfy the well-mixed

velocity

condition
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735

ire-Newman and Klein (2014); Cassiani et al. (2014). Time-v
releases require a temporally resolved library and field representation, for which sequential Bayesian source-term estimation

740

reference Xu et al. (2025).
5.2 Ceomputational-eost-Method positioning and sealabilityvalidation

745

750

755

760
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775

780

785

790

795

800

ytSCa a a

~targets near-field settings where a

simulation-trained representation can describe non-Gaussian structure;-cases-that-requirejoint-estimation-of-multiple-seuree

arameters must be searched jointly. GP and MB remain efficient choices when their plume and sampling assumptions
hold Shah et al. (2019); Krings et al. (2013); Conley et al. (2017). The field comparison here is therefore descriptive: without a

flight-specific certified emission rate, the spread among NeuPlume, GP, and MB estimates cannot establish absolute accuracy. A

controlled-release ev

. Such validation should span wind regimes and observation geometries while retaining the minimum-loss selection rule used

here.

6 Conclusions

30

each flight would provide the decisive test of NeuPlume’s absolute emission-rate accuracy under field conditions -Morales et al. (2022); Vol



805

810

s—parameters and
complete three-dimensional concentration fields from sparse observations by searching a generative representation of LSM

815 simulations. Across 30

t s a d t P O ah agepenasS-onrocarpara afna—Ssy

820

spatial-ebservational-eonstraints-held-out synthetic cases, fields retained plume-scale spatial organization (mean spatial correlation
0.942), and emission-rate error averaged 13.6%; reconstructed plumes remained systematically narrow. In six matched cases
diffusion improved parameter and field metrics over direct CNF library search, and NeuPlume reduced emission-rate error

relative to GP and MB under random-volume sampling.
825 i HH

tests identified observation geometry and forward-model fidelity as distinct controls. UAV-like trajectories weakened field
reconstruction at the same observation budget. Under transport mismatch, shear shifted parameters while preserving mean
830 field similarity, whereas effective plume rise degraded parameter and field recovery. The Pnidwek inversions exposed a
positive wind-speed—emission-rate coupling: higher selected wind speeds required larger emission-rate estimates to reproduce
the observed concentration enhancements, whereas lower selected wind speeds produced lower estimates. NeuPlume thus
provides an extensible framework for jointly estimating source parameters and concentration fields. The empiricat-results

835
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such-as-multiplesourees-ortime-varyingemissions—framework was validated here for passive, low-height, neutral releases over

flat terrain; additional transport regimes can be incorporated through regime-specific simulation ensembles and neural-model

retraining.
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Appendix A: Coemparisen-between-Hash-INR-Training and SHREN-arehiteeturesinyersion hyperparameters

845

instability-was-driven-by-the samplingschemeTable Al lists the neural representation, diffusion training, candidate-generation
coarse-to-fine search, and emission-rate refinement settings used in the reported experiments. The real-data experiments use
850 the same DPS settings, search [,.¢ on a discrete grid, and set ngpe = 3.

855
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Table A1l. Training less—e

achieved-by-the-SIREN-variantsNeuPlume framework.

S and 'Id'i]ﬁﬁ’ eS¢ Fﬁ]a ﬂqg) bes"ime
ss-inversion hyperparameters of 8:67;-below-the bestloss

t=}

Component  Parameter Value
Hash-INR
Hash levels 16
Features per level 2
Spatial resolutions 163-5123
Hidden layers 4
Hidden units 256
Latent dimension 192
Training epochs 300
Network learning rate 1073
Latent-code learning rate 5x 1074
Conditional diffusion model
Transformer blocks 6
Attention heads 8
Hidden dimension 512
Diffusion steps 1000
Training epochs 100
Batch size 64
Learning rate 1074

Noise schedule

Coarse grid search

H grid
Uref grid
T armd

34

Linear, 3 € [10%,2 x 107 ?]

2,5, 10, 15, 20, 30, 40, 50 m
0.8-15.0 ms™* (11 levels)

NDOS_ DO 2 (~raareae_nnade valiiac)
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870

Appendix B: Detailed synthetic validation

he-Table B1 gives the complete

30-case parameter and field summary. Table B2 lists the physical conditions of the six preselected representative cases used
for method comparisons and controlled stress tests. Figure B1 reports the coarse-to-fine grid-search-defines-diserete-parameter

- PP
R

Table B1. Hyperparameters-of- Performance across the three-stage-DPS-inversion-workflow30-case synthetic validation set. Parameter rows
report absolute relative error. Field rows compare the selected concentration field with the LSM truth. Width bias is reconstruction minus
truth, so negative values indicate a narrower reconstructed plume.

Metric Mean Median Range  Unobserved-point mean
H error (%) 2.390 0.752 0.075-10.032 n/a

U error (%) 23.128  16.962 0.296-67.262 n/a

I error (%) 5.742 5.414 0.196-14.597 n/a

Q error (%) 13.590 10.716 1.819-35.923 n/a

Spatial correlation 0.942 0.954 0.859-0.981 0.942

Normalized RMSE 0.345 0.320 0.216-0.543  0.345

Centerline displacement (m) 0.782 0.680 0.144-1.954 0.783

Crosswind width bias (m) -1.202  -0904 —2.530-—-0.133 -1.202

Vertical width bias (m) -0.764  -0.532 —2.191-0.024  -0.765
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Table B2. Physical conditions for the six representative cases.

Parameter Case
Samples-per-poirt{coarse)-heightCase 1
Adrer-offsets-Case 2

Noise schedule Case 3

Parameterfearning rate-Case 4
StageI-emission-rate-optimization klearning rate-Case 5
#-mixing-weight-Case 6

Vatue Parameter-space description
5+6="Low H, low U_

8FCentral H/U/I

Appendix C: Coemputational-eost
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a Local refinement lowers the selected mismatch
O Coarse @ Fine

Case 1: Low H, high U o O 271%
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b Local refinement in parameter space log10(l0ss) - .
-05 00 05
Coarse grid Local fine grid
501 0000 @ © [ []
401 0000 @ © [ J [ ] o ([ J o
30{ 000 © © © Case 3
’ Mid H/U, high |
200 000O® @ O () 42.3% reduction
000 6 o (] o o (] [ J
101 000 @ © [ J [ ] (] [ ) [ ]
Release | $8888 8 8 8 8 8 8
height s e0e0® ®@ ®© © © ® o o
H (m)
401 0000 @ © o [ ] o [} o
301 0000 © O Case 6
Central H/U/I
201 c00® @ © < o 0.8% reduction
0o 6 o o
101 6000 @ © [ J ([ [ J o o
|msss 8 8 8 s 8 8| | | | |
4 8 12 8.0 8.5 9.0 9.5 10.0

Wind speed U (m s-1)

Figure B1. Coarse-to-fine optimization of the observation-mismatch objective. (a) Selected minimum losses for all six representative cases.
ordered by relative reduction. The fine search lowers the selected loss in every case, with reductions from 0.8% to 42.3%. Descriptive labels

has 88 coarse and 75 fine nodes.
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875 Appendix C: Gaussian-plume control

Table C1 reports the Gaussian-plume control for the six representative source conditions. The analytical Gaussian-plume model
enerated the observations used in this control.

Table C1. Gaussian-plume control on analytical GP synthetic data. Values are absolute relative errors, Known-U errors below 0.001% show
arameter recovery when the plume model and wind input match the data generator.

Case GP known-U Q error (%) GP known-U H error (%) GP blind inversion () error (%)  GP blind inversion U error (%)

Case 1 <0.001 <0.001 43.49 43.49
Case 2 <0.001 <0.001 145.04 145.04
Case 3 <0.001 <0.001 137.83 137.83
Case 4 <0.001 <0.001 66.93 66.93
Case 5 <0.001 <0.001 228.09 228.09
Case 6 <0.001 <0.001 136.44 136.44
Mean <0.001 <0.001 126.30 126.30
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Appendix D: Field-data baseline estimates

Table D1 reports the flight-level GP and MB estimates used to bound the field-data comparison in Sect. 4.3.

Table D1. Computational-cost-breakde

V flights. The same-campaign published IG estimate is 9.5 £ 3.5 kt r L

Flight

GP blind
Q (kt yr™1)

GP known U MB known U
Q (kt yr™h)

Q (kt yr™h)

#11
#12
#14
#15

831
31
1792
25

46
41
49
32

0.009
0.013
0.055
0.040
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880 Appendix E: Boundary-loss diagnostics
The LSM open-boundary accounting provides the physical-domain diagnostic discussed in Sect. 5.1.

Table E1. Boundary-loss diagnostics for the six representative cases using the LSM configuration specified in Sect. 2.2 and a unit emission

rate.
Offtine-treining fone-time) Particle exit fraction 0.920 0913
+Retained particle fraction ESMrdata-generation-0,080_ ~50-CPU-H0.0°
2-Side/top share of exits. Hash-implieit-neural-representation (CNF)-training 0,032 ~H6-GPU-h1.4 X
3-Downwind share of exits Diffusion-medel-training-0,968 ~4-GPU-h-0.89
Online-deployment-{per-case} 4Sideftop share of emitted particles Inversion-(eoarse-to-fine-seareh)-0.029 ~3-GPU-h-1.3 x 1
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Appendix F: Transport-model mismatch

Figure F1 reports the case-wise changes produced by strong shear and effective plume rise relative to the matched simple-transport

baseline.
a
Strong shear Effective plume rise Change from
baseline
+0.5
Normalized RMSE -0.05 -0.04 +0.03 -0.00 -0.01 -0.01 +0.03 +0.05 +0.09 +0.16
Correlation loss -0.00 +0.00 +0.02 +0.01 -0.00 -0.00 +0.03 +0.04 +0.04 +0.21 - +0.05 0
1 2 3 4 5 6 1 2 3 4 5 6 05
b
Strong shear Effective plume rise
H error +2.0 -0.1 +2.0 +0.5 +2.0 -0.4 +9.5 +13.1 +7.9 +4.7 - SEalil ] Change in absolute
relative error (pp)
+40
U error +17.6 +12.1 +8.4 +0.0 +6.3 +13.2 -13.5 +6.1 -4.2 +6.3
| error -7.3 +0.9 5.7 +10.1 -3.8 +5,3) -9.2 +15.2 +0.2 -2.1 +0.6 +4.1 70
Q error -3.3 -11.7 -2.4 -3.6 +3.9 -1.7 -6.7 -0.9 +0.5 -9.4 +8.9 +3.4 -40
1 2 3 4 5 6 1 2 3 4 5 6

Figure F1. Controlled transport-mismatch stress tests across six representative conditions within the trained parameter support. Rows show

changes in normalized RMSE, correlation loss, and the absolute relative errors of H, U, I, and (J; columns identify Cases 1-6 for each

mismatch condition. Changes are relative to each case’s simple-transport baseline under the same 1% random-volume observation mask.

Positive values denote worse performance, with correlation loss defined as baseline minus tested spatial correlation. Cell labels report

untruncated changes; parameter-error colors are truncated at 40 percentage points to preserve contrast.
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885 Appendix G: Observation-geometry stress test

Figure G1 defines the three transformed UAV sampling protocols, and Fig. G2 reports their case-wise changes relative to
matched random-volume sampling.
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Figure G1. Complete, partial, and off-center transformed UAV sampling trajectories used in the controlled observation-geometry stress test.

The upper strips locate the trajectories in the downwind—crosswind plane; stars mark the source and annotations identify the source flights

and sampled downwind ranges. The lower panels show the crosswind—height sampling curtains. Color denotes flight height. Each protocol

uses a different source flight and transformation and therefore represents a compound sampling geometry.
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Change from

Complete Partial Off-center base“ﬂe
Normalized RMSE - +0.05 - +0.26 -0.00 +0.40 - +0.00 +0.07 +0.32 +0.13 +0.05 - +0.01 +0.58 +0.26 +0.09 -0.02
Correlation loss - +0.02 +0.08 -0.01 +0.22 - +0.00 +0.01 +0.13 +0.05 +0.01  +0.46 +0.00 +0.28 +0.08 +0.01 -0.01 0
1 2 3 4 5 6 1 2 3 4 5 6 1 2 3 4 5 6
-1
b
Complete Partial Off-center

Change in absolute

H error -+1.5 - +20 -05 +6.7 - 0.3 +59 +37 +80 +2.1 - +1.9 497 +1.9 +40 -2.2 re'a“"eem;(PP)
Uerror +0.0 67 -11.9 -+1e.4 1.6 88 67 +02 -- +00 22 -135 +12.3-+1s.4 6.3
lemor +0.5 +209 +1.8 --- 124 #1179 +53 -- +120  +4.1 +184 +185 -- +9.9 0

Qerror -6.0 +5.0 -0.7 -0.5 1.9 +6.3 +58 -1.5 +0.6 +19.8 +3.0 +0.0 -12 -54 -0.8 +13.3 +2.1

.
1 2 3 4 5 & 1 2 3 4 5 6 1 2 3 4 5 8 -40

Figure G2. Case-wise degradation under three transformed UAV sampling protocols across six representative conditions. Rows show changes
in normalized RMSE, correlation loss, and the absolute relative errors of H, U, I, and ; columns identify Cases 1-6 for each protocol.
Changes are relative to each case’s matched 1.000-point random-volume baseline. Positive values denote worse performance, with correlation
loss defined as baseline minus tested spatial correlation. Cell labels report untruncated changes; parameter-etror colors are truncated at
=£40 percentage points to preserve contrast. Each protocol combines a different source flight and transformation and therefore represents a
compound geometry.
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