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Abstract. This study examines whether the same modelling strategy can be
used for hourly CO2, NOx, and SO: emission estimation at power plants, or whether the
choice of model should depend on the pollutant and deployment setting. We assembled
10,144,680 unit-hours from 583 generating units in Georgia, Kentucky, and Texas for
2022 and 2024 by combining U.S. EPA Clean Air Markets Program Data with EIA-
860 plant metadata through the EPA/EIA Power Sector Crosswalk. Emission-factor,
statistical, machine-learning, and physics-informed hybrid models were tested using
blocked-time, plant-holdout, and seasonal-holdout splits to limit temporal and unit-
level leakage. PHASE, the proposed hybrid, uses a scaled emission-factor estimate as
a physical prior and learns the remaining residual with a data-driven model while also
estimating predictive uncertainty. The results differ sharply by pollutant. For CO-, the
emission-factor baseline already explained most of the variance (R* = 0.992), whereas
its performance was much weaker for NOx (R?=0.394) and SO (R*=0.413). XGBoost
reached R? =0.999, 0.973, and 0.980 for CO2, NOx, and SO, respectively. For NOx,
removing recent historical features caused the largest deterioration in accuracy, while
removing the simple physical prior slightly improved average in-domain MAE. At the
same time, PHASE-lite reduced some large-error episodes according to the Diebold-
Mariano comparison (p < 1073), achieved 89.2% empirical coverage for a nominal 90%
interval, and retained R? = 0.965 on previously unseen plants. The evidence therefore
supports a differentiated strategy: a transparent factor model is already strong for CO-,
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while NOx and SO: require learned representations of changing operating conditions.
The hybrid is most useful when uncertainty, large-error robustness, and cross-plant
transfer matter more than the lowest average in-domain error. A future corroborative
comparison with Sentinel-5SP TROPOMI NO: observations over Kazakhstan thermal
plants is also defined.

Keywords: emission monitoring, predictive emission monitoring system,
physics-informed machine learning, uncertainty quantification, plant-level transfer,
continuous emission monitoring systems, carbon neutrality

For citation: Alseitov O., Kuchanskyi O. (2026). Physics-informed hybrid
learning for hourly power-plant emissions: a multi-pollutantbenchmark with uncertainty
and transfer // International journal of information and communication technologies.
Vol. 7. No. 27. Pp. 141-159. https://doi.org/10.54309/1JICT.2026.27.3.008. (In Eng.).

Conflict of interest: The authors declare that there is no conflict of interest.

JEKTP CTAHUHUAJIAPBIHBIH CAFATTBIK HIBIFAPBIH/IBIJIA-
PBIH ®U3UKAJIBIK 3AH/IBIJIBIKTAPIbI ECKEPETIH TMBPUATI OKbI-
TY: BEJIT'ICI3AIK IEH TACBIMAJIJAY/IbI ECKEPETIH
KOII IACTAYbBIIITHI BEHUYMAPK

0. Anvceumos, O. Kyuanckuit*
Astana IT University, Actana, Ka3zakcras.
E-mail: a.kuchanskyi@astanait.edu.kz

AdabcentoB Ourkac — JKacaHpl MHTEIUIEKT JKOHE JCPEKTEep Typalsibl FBUIBIM MEK-
te0iHiHg PhD nokropantsi, Astana I'T University, Acrana, Kazakcran
https://orcid.org/0000-0001-9161-7206;

Ky4yanckuii Onexkcanap — TEeXHHMKa FbUIBIMIAPBIHBIH JOKTOPHI, XKacaHabl MHTEIN-
JIEKT JKOHE JIEPEKTEep Typajbl FRUIBIM MeKTeOiHIH npodeccopsl, Astana IT University,
Acrana, Kazakcran

E-mail: a.kuchanskyi@astanait.edu.kz, https://orcid.org/0000-0003-1277-8031.

© O. Anbceuros, O. Kyuanckuit

AnHoTanus. byn 3eprreyne anextp cranuusapeiaaarsl CO2, NOx sxoHe SO:
IIBIFAPBIHABUIAPBIH CaFaT CalblH Oarajay YIIiH Oip MOAEBACY TOCLTI KETKUTIKTI Me,
QJIe MOJIeNBI JTacTayIIbl 3aT MeH KOJJaHy JKarJaiibiHa Kapail TaHaay KaKeT Ie Je-
reH cypak Kapacteipsiiaasl. AKI Kopiiaran opransl Kopray areHtTirinig Clean Air
Markets Program Data nepekrepi EIA-860 metanepexrepimen EPA/EIA Power Sector
Crosswalk apkputer Gipikripimin, 2022 xone 2024 sxpuinapaarsl Jxopmkus, Ken-
TYKKU *oHe Texac mrarrapblHblH 583 reHepaTopiblK KOHAbIpFeIChIHAH 10 144 680
KOH/IBIPFBI-CAaFATThIK OCHYMApK JKacajabl. DMUCCHS KOI(PQPUIINCHTIHE HETi3elNTeH,
CTaTUCTHUKAJIBIK, MAIIUHAIBIK OKBITY XOHE (DM3MKAJIBIK 3aHIBUIBIKTapAbl €CKEepPETiH
THOPUATI MOJIEBICP YaKbITTHIK )KOHE KOHIBIPFHI IEHIeHiIH/IET1 IEPEKTEeP/IiH aFbIIl Ke-
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TyiH a3aiity ymriH blocked-time, plant-holdout sxone seasonal-holdout cxemanapsiven
tekcepinnai. ¥coaprad PHASE Ttocimi macmrabranran smuccus kodddunuentin
(U3HKAIBIK alPUOpP PETiHAC Al alaHbII, KaJFaH aybITKY/bI JePEKTepPTe HEeTi31ereH
MOZIEeITh apKBUIBI YHPEeHEI1 )koHe Ooimkam Oenricizairin 6aranaiiasl. HoTmxkenep nacra-
YIIBI 3aTKa Kapaii aifkeiH epekmrenesi. CO: yuiiH smuccus Ko3pPHUIMEHT] e3repicTin
6aceiM Oemirin Tycinaipai (R? = 0,992), an NOx (R? = 0,394) xone SO: (R? =0,413)
YIIiH OHBIH Ionfiri endyip temen 6omasl. XGBoost CO2, NOx sxone SO: OoiibHIIA
tuiciame R? = 0,999, 0,973 sxone 0,980 kepcerti. NOX yIIIiH COHFBI YaKBITTBIK TApUX
OenrijepiH aibll TacTay MANIIKKE €H YIIKEH 3HsH KeNTIipIi, all KapanaibiM (PU3UKAIIBIK
aTPUOP/IBI AJTBII TacTay JOMeEH imrinaeri oprama MAE-Hi aznam skakcapTTsl. COHBIMEH
6ipre PHASE-lite Diebold-Mariano canbIcThIpybl O0ibIHIIA ipi KaTenepain Oip Oeti-
rig azaitTel (p < 107?), HomuHanIBIK 90% apanbik yurid 89,2% 3MIUpUKaIBIK KAMTY
Oepmi sxoHe OypwIH KepMmereH cranmmsuiapaa R? = 0,965 cakramger. Congpikran CO:
YIIiH TYCiHAIpMETi (aKTOPIBIK MOJEIb KETKUTIKTI KymTi, a1 NOx nen SO: y1iiH e3-
repMedi maijanany xKaraaiaapelH YHPEHETIH Mojaembaep Kaxet. [ mbpua oprama jo-
MEHIMIUTIK KaTeHi OapbIHINa a3aiTyaH repi Oenrici3mik, ipi Kareaepre OpHBIKTBUIBIK
KOHE CTAHLMSUIIAP apachlHJIa TachIMajiay MaHBI3IbI OOJFaH KaFaaiaa maiaaibipak.
KazakcranHbIH XbLUTY 3JIeKTp cTaHmusuiaps yiriH Sentinel-5SP TROPOMI NO: 6akbI-
JayaapbIMeH OOJalIaK CaIBICTRIPMAIIBI TEKCEPY XaTTaMachl J1a OeNTUIeH/I.

Tyiiinai ce3nep: mbIFapbIHABUIAD MOHUTOPHHT, HIBIFAPBIHABLIAP/IBI OOHKAM-
JIBIK. MOHUTOPHHITEY KYHeci, (PM3MKaJIbIK 3aHAbUIBIKTap/Abl €CKEPETiH MAalIHHAJIBIK
OKBITY, OCJNTICI3IIKTI CaHABIK Oarasay, 3JICKTp CTaHIUsIaphl ICHIeHiH/Ie TaChIMaIay,
IIBIFAPBIHABLIAPBI Y3IIKCI3 MOHUTOPHUHITEY XKYHenepi, KomMipTeri OedTapanThIFbl
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OpuATI OKBITY: OENTICI3/IK MEH TaChIMaJIay/Ibl €CKePETIH KOIUIACTAYBIIITH OEHIMAPK
// XanpIKapajblK aKIMaparThIK KOHE KOMMYHHKAIMSIIBIK TEXHOJIOTHSIIAp *KypHAbL. T.
7.No 27. b. 141-159. https://doi.org/10.54309/1JICT.2026.27.3.008. (A¥bu1. TiiL.).
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AnHoTauusi. B paGore mpoBepsieTcs, MOXKHO JIM HCIOJIB30BaTh OJUH U TOT
e TMoX0 AJid moyacoBoi oueHku BbioOpocoB CO2, NOx u SOz Ha 3/1eKTpoCcTaHIM-
X WIA BbIOOP MOJIENH JIOJKEH 3aBUCETh OT 3arpsI3HSIOLIETO BEIEeCTBA U CLEHapus
npumeHenus. berumapk oobsémom 10 144 680 arperaro-yacoB miist 583 reHepupyto-
X yctanoBok B J[xopmkun, Kentykku u Texace 3a 2022 u 2024 roast copmupo-
BaH nyTéM oObenuHeHus U.S. EPA Clean Air Markets Program Data ¢ metaganHbiMu
EIA-860 uepe3 EPA/EIA Power Sector Crosswalk. Moaenu Ha ocHoBe ko3¢ duim-
€HTOB BBIOPOCOB, CTATUCTUYECKUE METOJbI, MAIIMHHOE O0yueHne W (PU3NIECKH HH-
(dopmMupoBaHHbIE THOPUIBI OLICHUBAIUCH Ha pa3dueHusix blocked-time, plant-holdout
u seasonal-holdout, orpannunBarOImIUX BpEMEHHYIO YTEUKY JIaHHBIX U IE€pecedyeHue
YCTAaHOBOK MEXTy oOyueHueM u tectupoBanueM. [Ipemnoxennsii PHASE wncnons-
3yeT MacIITa0MpPOBAaHHYIO OLIEHKY IO KO3(QQUIIMEHTY BHIOPOCOB Kak (U3NYECKUN
anpuop, a OCTaBllIeecs OTKIIOHEHHE 00ydYaeT MO JAHHBIM U JIOMOJIHSET OLICHKOIN He-
onpenenéHHOCTU. Pe3ynbTaThl CyleCTBEHHO Pa3InyaroTcs M0 3arpsA3HSIONIMM Bellle-
ctBaM. [liig CO: paxTopHast MoJienb yke OObSICHSIET OCHOBHYIO 4YacTh Bapuauuu (R? =
0,992), Torna xak muist NOx (R?=0,394) u SO:2 (R =0,413) €€ TOUHOCTh 3HAYUTEIIHHO
ke, XGBoost noctur R? = 0,999, 0,973 u 0,980 mist CO2, NOx u SOz cooTBeT-
ctBeHHO. [{nst NOx Haubompliee yxy/IueHre BOZHUKAIO IPU UCKIIIOYEHUH HelaBHEN
BPEMEHHON UCTOPUH, a yaJIEHHE MPOCTOro (GU3NYECKOrO anpruopa HEMHOIO CHUYKAJI0
cpenioro BHyTpugoMeHHyro MAE. Ilpu stom PHASE-lite ymensbian yactb Kpyr-
HBIX omuO0K 1o Tecty Jnbomma-Mapuano (p < 107?), obecnieunBan 89,2% smnupu-
YECKOTO TMOKPHITHS 711 HOMUHaIBbHOTO 90%-r0 MHTEepBana u coxpansin R? = 0,965
Ha paHee HEe BCTPEUYABIIMXCS yCTaHOBKaX. [loiydeHHBIC pe3ynbTaThl yKa3bIBalOT Ha
HeoOxoaumocTh auddepennupoBanHoro noaxona: At CO: npo3pauHas (akropHas
MOJIETIb YK€ SIBJIICTCSI CUIIBHBIM pelieHuem, Torna kak NOx u SO: tpebyroT oOy4dae-
MOTO IPEJCTaBICHUS U3MEHSIOUIUXCS peXUMOB padoThl. ['mbpua Hanbosee nojaezeH
TaMm, IJIe BaKHBI HEOTPEIEIEHHOCTh, YCTOWYMBOCTh K KPYITHBIM OIIMOKaM U TIEpEHOC
MEXY AIEKTPOCTAHIIUSAMH, 2 HE MUHUMAIIbHAS CPENHSS BHYTPHIOMEHHAs OIINOKA.
Taxoke onpenenéH npoTokoi Oyayero conocTapieHus ¢ HabmoaeHussMu Sentinel-5P
TROPOMI NO: nan TenoBsiMu dekTpocTanusimMu Kazaxcrana.

KuroueBble ci1oBa: MOHUTOPUHI BBIOPOCOB, CHCTEMa IPOTHO3HOTO MOHH-
TOpUHIa BBIOPOCOB, (pu3nueckd HMH(GOPMUPOBAHHOE MAIIMHHOE OOyueHue, KOJH-
YECTBEHHAs! OLICHKA HEONPEeAeNIEHHOCTH, IEPEHOC HA YPOBHE 3JIE€KTPOCTAHIUHI, CUCTE-
MBI HETIPEPHIBHOI'O MOHUTOPUHTA BHIOPOCOB, YIJIEPOAHAs HEUTPAILHOCTD

Jas uurupoBanms: AnbcentoB O., Kydanckuii O. (2026). ®usnyecku uH-
(dopmupoBaHHOE rHOpUAHOE 00YUEHHE JIsl I0YaCOBOTO IPOrHO3UPOBAHMSI BHIOPOCOB
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SIIEKTPOCTAHIINN: MHOTOKOMITOHEHTHBI OEHUMAapK C OIIEHKOW HEONpeAeNEHHOCTH U
NePEeHOCUMOCTBIO Moziesiel // MexXayHapoJHbIH Ky pHaI HHPOPMAIIMOHHBIX U KOMMY-
HUKaIMoHHbIX TexHonoruit. T. 7. No. 27. Ctp. 141-159. https://doi.org/10.54309/
JICT.2026.27.3.008. (Ha anrum.).

Kondaukt uHTEpecoB: aBTOPHI 3asBISIOT 00 OTCYTCTBUHM KOH(IMKTA WHTE-
pecoB.

Introduction.

Hourly emission data are needed for regulatory control, emissions accounting,
and operational assessment, but obtaining a complete continuous record is not always
straightforward. Continuous emission monitoring systems (CEMS) provide the
reference measurements by combining stack-gas concentration and flow information,
yet their coverage differs between power systems and even installed instruments may
have gaps caused by calibration, maintenance, or faults. Predictive emission monitoring
systems (PEMS) address a different part of the problem: instead of measuring the
stack directly, they estimate the hourly emission rate from operating variables that
are routinely recorded by the plant, including load, heat input, steam load, operating
regime, and unit characteristics. This makes PEMS relevant both as a complementary
soft sensor and as a way to reconstruct periods for which direct observations are
unavailable.

The difficulty of that estimation is not the same for every pollutant. Emission-
factor methods link pollutant mass to fuel throughput and are especially natural for
CO: because the amount emitted is closely tied to the carbon content and quantity of
fuel consumed. The same simplification is much less convincing for NOx and SO..
Hourly NOx formation changes with flame temperature, excess air, residence time,
fuel properties, load transitions, and post-combustion controls; SO- also depends on
fuel sulfur and the operation of desulfurization equipment. A model that performs well
for CO: can therefore fail for NOx or SO: even when all three targets are observed at
the same plant.

Earlier PEMS studies have used artificial neural networks, support-vector
methods, ensembles, recurrent models, and physics-informed approaches to estimate
boiler emissions from plant operating data (Zhou et al., 2004; Lv et al., 2013; Tan et
al., 2019; Adams et al., 2020; Zhu et al., 2024). For structured industrial variables,
random forests and gradient boosting are attractive because they capture nonlinear
interactions without imposing a fixed functional form (Breiman, 2001; Chen et al.,
2016). Sequence models address a different requirement: long short-term memory
networks and temporal convolutional networks can represent delayed responses
and temporal dependence (Hochreiter et al., 1997; Bai et al., 2018), while attention-
based models can combine static attributes, time-varying covariates, and historical
observations within one forecasting architecture (Lim et al., 2021). These methods
provide strong predictive tools, but they do not by themselves answer when a physical
baseline still adds value.

Physics-informed machine learning introduces physical knowledge through
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model structure, residual formulations, physically motivated features, or modified
objectives (Karniadakis et al., 2021). In the present setting, a physical estimate can
serve as an interpretable first approximation and the learned component can model
the part that changes with combustion state, control operation, and plant-specific
behaviour. This division is useful only if the prior captures a meaningful part of the
target process. When the prior is too coarse, forcing the learner to correct it may add no
benefit and can even increase error. For that reason, we treat the physical component
as a hypothesis to be tested rather than as an assumption that a hybrid must outperform
a black-box model.

Pointaccuracy is only one requirement for an emission soft sensor. An operational
user also needs to know when a prediction is uncertain. Existing approaches include
deep ensembles (Lakshminarayanan et al., 2017), quantile regression (Koenker et al.,
1978), and conformal methods (Vovk et al., 2005). Their common purpose is to attach
an uncertainty range to the point prediction. In emission monitoring, such intervals are
useful because they distinguish a confident estimate from a period in which the model
should be treated cautiously, particularly during unusual operating conditions or when
a prediction is being used to fill a measurement gap.

The published evidence nevertheless leaves several practical questions open.
Many studies report results for a single unit, a short operating period, or one pollutant,
making it difficult to separate model capability from the properties of a particular
dataset. Random record-level train/test splits are another concern because neighbouring
hourly measurements from the same unit are strongly related; putting such observations
on both sides of the split can make test performance appear better than it will be in
deployment. Statistical comparisons between competing model families are also
uncommon, and only a limited number of studies test models on generating units that
were completely absent from training. That last setting is particularly important when
labelled data are scarce at the target plant.

A second unresolved issue is the role of the physical prior once a flexible learner
has access to a large labelled dataset. The prior may improve interpretability, regularize
predictions, or help under distribution shift, but it may also become redundant when the
data already describe the operating space well. The relevant comparison is therefore
broader than average test error alone. It should include pollutant type, operating
regime, transfer to unseen equipment, extreme-error behaviour, missing-input
robustness, uncertainty calibration, and formal significance testing. This is especially
important when two models have similar average scores but behave differently during
operationally important episodes (Diebold et al., 1995).

Against this background, the study asks a specific question: under leakage-
controlled temporal and cross-plant evaluation, when should hourly power-plant
emissions be estimated with a physical factor, a purely data-driven model, or a physics-
informed hybrid? We address this question through the following objectives:

1. Build a large-scale benchmark for hourly CO., NOx, and SO- estimation by

linking public CEMS operating records with plant-level technical metadata
while preventing temporal and unit-level leakage.
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2. Compare emission-factor, statistical, tree-based, sequence-learning, and
physics-informed hybrid models under blocked-time, plant-holdout, and
seasonal-holdout evaluation.

3. Measure how the ranking of modelling approaches changes between fuel-
bound CO: and the more combustion- and control-dependent NOx and SO2
targets.

4. Use controlled ablations to isolate the contribution of the physical prior,
current operating variables, historical features, static plant attributes, and
operating-regime indicators.

5. Evaluate uncertainty calibration, large-error behaviour, and transfer to
generating units that have limited or no labelled local data.

6. Determine where the proposed hybrid adds practical value relative to a
strong black-box model and state the conditions under which it should not
be preferred.

The resulting benchmark contains 583 generating units and about 10.1 million
valid unit-hours from public U.S. sources. On this benchmark we evaluate PHASE,
a residual physics-informed framework in which a scaled emission-factor estimate
provides the initial physical component and a learned model predicts the remaining
residual. PHASE-lite implements the residual learner with gradient-boosted trees and
adds quantile-based uncertainty estimation. All comparisons use blocked-time, plant-
holdout, or seasonal-holdout splits rather than random record-level splitting, so the
reported scores reflect later time periods, unseen equipment, or held-out seasons rather
than neighbouring records from the same episode.

The study contributes five elements. First, it provides a large multi-pollutant
benchmark with leakage-controlled splits. Second, it evaluates the PHASE residual
formulation in gradient-boosted and neural forms with uncertainty estimation. Third,
it compares physical, statistical, machine-learning, and hybrid models separately
for CO2, NOx, and SO: rather than assuming one ranking for all pollutants. Fourth,
the evaluation includes feature ablations, missing-channel robustness, uncertainty
calibration, statistical tests, and transfer to unseen plants. Fifth, it specifies a future
Sentinel-5SP TROPOMI NO: corroboration protocol for Kazakhstan thermal plants
while explicitly treating satellite retrievals as contextual evidence rather than supervised
stack-level labels.

Data and Problem Formulation

Data sources and integration

We obtained hourly unit-level emissions and operating records from the U.S.
Environmental Protection Agency Clean Air Markets Program Data (CAMPD), which
contains emissions, operating, compliance, and facility information reported under
federal power-sector monitoring programmes (U.S. EPA, 2026a). The study uses the
bulk hourly files for generating units in Georgia, Kentucky, and Texas for the calendar
years 2022 and 2024.

For each unit-hour, CAMPD provides operating time, gross electrical load,
steam load, heat input, and reported pollutant mass. We retained gross load in megawatts
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and heat input in million British thermal units (mmBtu), while the pollutant quantities
were converted to common metric rates: CO: from short tons to metric tonnes per
hour and NOx and SO: from pounds to kilograms per hour. When a record represented
less than a full operating hour, we divided the reported pollutant mass by the recorded
operating-time fraction so that the target remained an hourly rate.

Plant and generator characteristics came from the 2024 release of Form EIA-
860, Annual Electric Generator Report (U.S. EIA, 2025). The variables used in the
experiments include nameplate capacity, primary energy source, commissioning
year, plant and generator identifiers, and geographic coordinates. We also used the
environmental association tables to derive indicators for NOx-control technologies,
including selective catalytic and selective non-catalytic reduction, and for SO: control
through flue-gas desulfurization. When a control attribute was available only at plant
level, it was kept as a plant-level indicator rather than treated as a measured unit-level
operating state.

Because CAMPD combustion sources and EIA-860 electricity generators use
different identifier schemes, the two sources cannot be joined reliably on a single raw
identifier. We therefore used the EPA-EIA Power Sector Data Crosswalk to map EPA
source identifiers to EIA plant and generator identifiers (U.S. EPA, 2026b). Records
were removed when a reliable crosswalk match was unavailable or when variables
required by the corresponding experiment were missing. After this integration and the
quality-control steps described below, the benchmark contained 583 generating units
and 10,144,680 unit-hours.

Data quality control

Quality control was applied before feature construction and before any train/
validation/test split. CAMPD hours marked as calibration periods or substituted-data
periods were excluded because their reported values do not represent fully observed
continuous-monitoring measurements. We also removed invalid timestamps, duplicate
unit-hour records, missing targets, negative pollutant masses, and operating values that
violated the predefined physical plausibility checks. Performing these filters before
modelling prevents the learner from being rewarded for reproducing substituted values
or invalid operating states.

Offline observations were handled separately from operating-hour prediction.
Hours with zero operating time or confirmed offline status were excluded from
supervised training and scoring, so ‘offline’ was not used as an operating-regime class.
The remaining valid hours were categorized, where applicable, as start-up, shutdown,
ramping, low-load, or baseload. This choice avoids an artificial accuracy gain from
large numbers of trivial zero-emission records when the intended task is to estimate
emissions during operation.

Some process variables that would be useful for combustion diagnostics are
not consistently present in the CAMPD bulk hourly files. In particular, stack oxygen
concentration and flue-gas temperature were not available with the coverage required
for the benchmark and were therefore excluded. The final feature space relies on
routinely available channels such as gross load, heat input, steam load, their temporal
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changes and historical summaries, together with static plant and generator metadata.
Missing inputs were never imputed using information from the validation or test
partitions.

Prediction problem

We formulate the task as hourly nowcasting, or soft-sensor estimation. For a
generating unit at hour t, the model predicts the CO., NOx, or SO: mass rate using
variables observed during that hour, historical information available no later than t, and
static unit attributes. Current inputs include gross load, heat input, steam load, ramp
rate, operating-regime indicators, and calendar variables. Historical inputs include
lagged values and rolling summaries, while the static block contains capacity, primary
fuel, commissioning year, location, and available NOx- and SO:-control indicators.
Every lagged or rolling feature is constructed within a unit and uses only present or
past information; no future observation enters feature generation.

The prediction targets are hourly pollutant mass rates: metric tonnes per hour for
CO: and kilograms per hour for NOx and SO-. Partial operating hours are normalized
by the corresponding operating-time fraction, as described above. This formulation
matches a PEMS use case in which plant operating signals are used to reconstruct or
independently estimate the emission rate for the same hour. It also makes the physical
and learned approaches directly comparable because both receive information that is
available at the time of estimation.

The strongest feature configuration includes current operating variables,
historical operating features, and, when available, lagged measured emissions. That
last feature group changes the deployment interpretation. A model that uses recent
measured emissions can check a live CEMS and reconstruct short gaps, but it is not
fully independent of the monitoring system that supplies those lags.

We therefore distinguish CEMS-assisted and CEMS-independent settings
throughout the analysis. Results from configurations that include lagged measured
emissions should be read as evidence for cross-checking and short-gap reconstruction,
not as performance of an autonomous replacement during a prolonged CEMS outage.

Leakage-controlled evaluation design

We did not use random record-level splitting. Consecutive observations from
the same generating unit are temporally dependent, and a random split can place
neighbouring hours from one operating episode in both training and testing. Instead,
feature engineering, scaling, emission-factor calibration, hyperparameter selection,
and uncertainty calibration were fitted only on training and validation data, and
three complementary test schemes were used. The blocked-time split evaluates later
observations from units seen during development. The plant-holdout split removes
complete generating units from training and validation and assigns all of their hours
to the test set, providing a direct test of cross-unit transfer. The seasonal-holdout split
separates training and test observations by season to probe changes in demand, ambient
conditions, schedules, and plant behaviour. Calibration, substituted-data, offline, and
otherwise rejected records were removed before any of these partitions were created.
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Materials and methods.

Model formulation and implementation

PHASE starts from a pollutant-specific physical estimate and learns only the
part of the observed emission rate that remains unexplained. The physical term is an
emission-factor estimate based on heat input and fuel information. Its scale is calibrated
on the training partition, after which the residual learner is fitted to the difference
between the measured emission and that scaled estimate. Validation and test records
are never used to fit the physical scale, so the physical component follows the same
leakage restrictions as the learned component.

The expected usefulness of this decomposition differs by pollutant. For COx,
the factor term should already capture most of the signal because fuel consumption and
carbon content dominate the mass balance. For NOx and SO, the same term is only a
coarse starting point: hourly emissions also respond to combustion state, fuel properties,
load transitions, and control-system operation. We therefore do not constrain PHASE
to rely on the prior, and the ablation experiments explicitly test whether the physical
term improves or worsens predictive accuracy.

The model input is organized into feature groups so that each group can later
be removed in the ablation study. Current operating features include gross load, heat
input, steam load, operating time, and ramp rate. Historical features include lags
at 1, 2, 3, 6, and 24 hours together with rolling means and standard deviations. We
add operating-regime and calendar indicators and static attributes such as nameplate
capacity, primary fuel, commissioning year, geographic location, and available SCR/
FGD indicators. All lagged and rolling features are calculated independently for each
generating unit and stop at the prediction hour.

Two deployment configurations are evaluated. When target-derived lags are
included, PHASE is CEMS-assisted and is intended for cross-checking or reconstruction
of short missing segments. Removing those lags produces a more independent soft
sensor. We report the distinction because a high score in the assisted configuration
cannot be interpreted as evidence that the same model will remain accurate through a
long period without direct emission measurements.

PHASE-lite estimates uncertainty with quantile regression. Separate gradient-
boosted models predict the lower, median, and upper conditional residual quantiles;
the 5th and 95th percentiles define the nominal 90% interval and the median provides
the central residual estimate. The neural PHASE variant instead predicts a conditional
mean and variance and is trained with a Gaussian negative log-likelihood objective.
We evaluate the resulting intervals by empirical coverage, mean width, and pinball
loss. Coverage answers whether observations fall inside the stated interval as often as
expected, while width and pinball loss measure how informative and accurate those
intervals are.

Comparison models and evaluation metrics

The benchmark compares five modelling choices: persistence, a scaled
emission-factor baseline, ridge regression, XGBoost, and PHASE-lite. Persistence
uses the most recent available measured emission and serves as a strong sanity check
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for an autocorrelated hourly series. Ridge regression provides a linear data-driven
reference and XGBoost a nonlinear tree-based reference. Point predictions are scored
with MAE, RMSE, R?, and peak-detection F1. MAE summarizes typical absolute
deviation, RMSE penalizes large misses more strongly, and R* measures the fraction
of observed variability explained by the model.

High-emission behaviour is evaluated separately rather than being left to the
average-error metrics. We define peaks as observations in the highest emission decile,
using a threshold estimated from training data and then fixed for the test set. Precision,
recall, and F1 are calculated for these high-emission hours. Every metric is reported
separately for CO2, NOx, and SO: because the three targets have different units, scales,
and formation mechanisms; values should therefore be compared across models within
a pollutant, not across pollutants.

The ablation experiment removes one feature group at a time while keeping the
rest of the training and evaluation procedure unchanged. We test lagged history, current
operating variables, rolling statistics, operating-regime indicators, static metadata, and
the physical component. A separate robustness experiment masks selected channels
only at test time to imitate sensor loss, including recent emission history and the main
operating signals. For plant transfer, complete generating units are excluded from
source training. The zero-shot experiment uses no labelled target-unit observations,
and subsequent runs add increasing amounts of local data to measure the gain from
adaptation.

We compare PHASE-lite with the strongest purely data-driven model using
three complementary statistical procedures. First, a paired bootstrap interval is
computed for the difference in MAE. Second, a Wilcoxon signed-rank test is applied
to paired per-unit errors to check whether the direction of the difference is consistent
across generating units. Third, the Diebold-Mariano test compares the time-indexed
squared-error loss differential and therefore places more emphasis on large prediction
errors (Diebold et al., 1995). The three tests answer related but not identical questions,
which becomes important when interpreting the NOx results.

For the bootstrap and per-unit tests, the generating unit is preserved as the
grouping level instead of treating millions of hourly rows as independent samples. The
temporal comparison likewise accounts for dependence in successive hourly errors.
Data partitions and random seeds are fixed across experiments. The preprocessing,
feature-generation, model, and evaluation scripts were archived with the project
materials, while the raw CAMPD and EIA-860 datasets remain available from their
original public sources.

Results.

Table 1 gives the blocked-time results and immediately shows that pollutant
identity matters more than a single model ranking. For CO., the scaled emission-factor
baseline already reaches R* = 0.992 with MAE = 2.79 t/h. XGBoost improves that
result to R? =0.999 and MAE = 0.88 t/h, but it is refining an already accurate physical
estimate. The situation changes for NOx: the factor baseline has R? = 0.394 and MAE
= 57.56 kg/h, whereas XGBoost reaches R? = 0.973 and MAE = 4.39 kg/h, reducing
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MAE by about 92.4%. SO: follows the same pattern, with R? increasing from 0.413
to 0.980 and MAE falling from 43.10 to 5.21 kg/h, an improvement of about 87.9%.
Figure 1 summarizes the contrast. A constant factor captures most of the predictable
CO: signal, but it does not represent the operating-state and temporal variation required
for hourly NOx and SO: estimation.

Table 1. Blocked-time test performance. MAE and RMSE are reported in
metric tonnes per hour for CO: and kilograms per hour for NOx and SO.. Compare
models only within the same pollutant.

Pollutant / Model MAE RMSE R2 peak F1
CO2 — XGBoost 0.88 3.18 0.999 0.994
CO2 — Emission factor | 2.79 11.94 0.992 0.983
CO2 — Persistence 8.41 24.01 0.968 0.963
NOx — XGBoost 4.39 18.60 0.973 0.968
NOx — Ridge 6.55 23.68 0.956 0.956
NOx — Emission factor | 57.56 87.96 0.394 0.588
SO2 — XGBoost 5.21 31.12 0.980 0.964
SO2 — Emission factor | 43.10 168.98 0.413 0.509

Per-pollutant model differentiation (583 units, 3 states)
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0.8 1
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B XGBoost (ML)
0.0
coz NOx 502
Fig. 1. Per-pollutant model differentiation (test R?). The emission-factor baseline is strong for CO. but
weak for NOx and SO..

The NOx ranking is stable across the three leakage-controlled schemes in
Table 2. XGBoost remains between R? = 0.969 and 0.981, with MAE from 3.72 to
5.28 kg/h. The largest error occurs in plant-holdout evaluation, which is also the most
demanding split because the test equipment is unseen during training. By comparison,
the emission-factor baseline stays between R? = 0.374 and 0.395 and MAE = 53.17—
60.66 kg/h. The gap therefore cannot be explained by one particular time partition: the
fixed NOx factor remains weak under temporal, seasonal, and cross-unit shifts.
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Table 2. NOx performance across blocked-time, plant-holdout, and seasonal-
holdout evaluation.

NOx — split XGBoost MAE | XGBoost R2 | Em.factor MAE | Em.factor R2
Blocked-time 4.39 0.973 57.56 0.394
Plant-holdout 5.28 0.969 60.66 0.374
Seasonal-holdout 3.72 0.981 53.17 0.395

The uncertainty results in Fig. 2 are close to the stated nominal probabilities.
PHASE-lite covers 79.0% of observations with the nominal 80% interval and 89.2%
with the nominal 90% interval; the corresponding pinball loss is 1.46. In an earlier
single-state subset, the nominal 90% interval covered 85.8% of observations. The multi-
state result is therefore better calibrated in this comparison, although the experiment
does not isolate whether the improvement comes from sample size, broader operating
diversity, or another dataset difference.

Uncertainty calibration (NOx)
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0.925 PHASE-lite intervals ,
0.900 A

empirical coverage
° o o
o3} o] (o4]
3] u |
[¥)] o (%))
1 1 1

0.800 A

0.775 A

0.750 T T T
0.75 0.80 0.85 0.90 0.95

nominal coverage

Fig. 2. Calibration of PHASE-lite prediction intervals for NOx: empirical coverage closely follows the

nominal level.

Table 3. Point-prediction comparison of XGBoost and PHASE-lite for NOx.
Model MAE |RMSE | peak F1
XGBoost 439 1860 | 0.968
PHASE-lite |5.08 | 18.74 | 0.965

Table 4 identifies the feature groups that carry the NOx model. Removing
lagged history increases MAE from 5.08 to 13.50 kg/h and lowers peak F1 from 0.965
to 0.898, by far the largest deterioration in the ablation. Removing current operating
variables has a smaller effect, raising MAE to 5.17 kg/h, while static metadata, regime
indicators, and rolling statistics change the score only modestly. The most important
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negative result is the no-physics row: MAE falls to 4.36 kg/h when the simple prior
is removed, compared with 5.08 kg/h for the full hybrid. In-domain NOx accuracy
therefore does not benefit from this particular physical prior.

Figure 4 reports the transfer experiment. With no labelled data from the target
units, PHASE-lite still reaches R? = 0.965 and MAE = 5.80 kg/h in plant-holdout
evaluation. Adding one week of local observations reduces MAE to 5.59 kg/h, and
three months of adaptation raises R? to 0.972. These are strong cross-unit results
within the analysed U.S. reporting environment. They should not, however, be read as
evidence of international transfer, because both source and held-out plants come from
the same national data and regulatory system.

Table 4. Feature-group ablation for NOx (PHASE-lite). Recent history is the
dominant feature group; the simple physical prior does not improve in-domain MAE.

Ablation (NOx) | MAE RMSE peak F1
no_lags 13.50 37.56 0.898
no_operating 5.17 18.76 0.963
full_hybrid 5.08 18.74 0.965
no_static 5.07 19.50 0.964
no_regime 5.06 18.73 0.965
no_rolling 5.02 18.44 0.966
no_physics 4.36 18.61 0.968

Ablation: feature-group contribution

no_physics
no_rolling
no_regime
no_static
full_hybrid
no_operating

no_lags

0 2 4 6 8 10 12 14
NOx MAE (kag/h)

Fig. 3. NOx feature-group ablation; larger MAE increases indicate more influential feature groups.

The aggregate scores hide substantial variation by operating condition. As
shown in Fig. 5, ramping hours have MAE = 12.49 kg/h, compared with 4.05 kg/h
at baseload, and coal units are more difficult than gas units (13.84 versus 2.99 kg/h).
The masking experiment in Fig. 6 points to the same dependence on recent state
information. Removing recent emission history at test time drives MAE from 5.08 to
46.52 kg/h, while masking load and heat-input variables raises it to 20.33 kg/h. These
results identify the channels that a practical CEMS-assisted deployment must preserve
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reliably.
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Fig. 4. Transfer to unseen plants: zero-shot performance and the effect of adding local labelled data.
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Fig. 5. NOx MAE by operating regime (left) and primary fuel group (right).

The statistical comparison clarifies why no single statement such as ‘PHASE
is better than XGBoost’ is supported by the data. Across 509 test units, the paired
bootstrap interval for MAE difference, defined as XGBoost minus PHASE-lite, is
[-0.708, -0.684] kg/h; the entire interval is negative, so XGBoost has the lower average
absolute error. The Wilcoxon signed-rank test confirms that this direction is consistent
across units (p < 107*¢). The squared-error Diebold-Mariano test points in the opposite
direction (DM = 3.39, p = 6.9 x 10™*) and favours PHASE-lite. Because squared error
weights large misses more heavily, the two results are compatible: XGBoost is better
on average MAE, while PHASE-lite avoids some high-magnitude errors. We therefore
treat the hybrid as a robustness-oriented alternative rather than a uniformly more
accurate model.
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Discussion.

Limitations

Taken together, the experiments argue against using one modelling recipe
for all three pollutants. CO: is the clearest case. In Table 1, a scaled emission factor
alone explains almost all observed variability (R? = 0.992), which makes the physical
baseline both accurate and easy to audit. XGBoost reduces the remaining error further,
but the practical benefit of that reduction has to be weighed against the additional
model complexity. For a fuel-bound pollutant such as CO-, transparency can therefore
be retained without sacrificing much predictive performance.

Robustness to masked input channels
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Fig. 6. Sensitivity to masked input channels during NOx inference.

NOx and SO: behave differently. Their factor baselines explain less than half of
the observed variance, while learned models recover most of it across the tested splits.
The reason is consistent with the feature and regime analyses: hourly values change
with combustion conditions, load transitions, fuel properties, and control-system
operation. The larger NOx errors during ramping and the strong dependence on recent
history show that transient state matters. A fleet-wide constant cannot encode that state,
so data-driven models are the more appropriate starting point for these pollutants.

The lag ablation also sets an important boundary on how the strongest model
can be deployed. Historical features clearly improve NOx estimation, but part of
that history consists of recent measured emissions. That makes the best-performing
configuration CEMS-assisted. It is suitable for cross-checking a live monitor, detecting
anomalous readings, and reconstructing short gaps; it is not a fully independent
replacement after a long outage, when measured-emission lags are no longer available.
For deployment studies, assisted and independent configurations should therefore be
reported separately rather than combined under one PEMS accuracy figure.

The physical prior for NOx produced another useful negative result. Removing
it improved average MAE, so with roughly 10 million labelled unit-hours the gradient-
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boosted learner did not need this simple prior to fit the in-domain relationship. At the
same time, the full hybrid performed better under the squared-error Diebold-Mariano
comparison and delivered calibrated prediction intervals. The contribution of PHASE
is therefore not a universal reduction of point error. In this experiment its stronger case
is uncertainty-aware prediction and reduced exposure to some large-error episodes.

Plant-holdout performance is encouraging but should be interpreted narrowly.
PHASE-lite retains high accuracy on units that were absent from source training,
which demonstrates cross-unit transfer inside this dataset. It does not show that the
same accuracy will hold in another country, fuel system, or regulatory environment.
Nor can the plant-holdout score by itself prove that the physical component caused the
transfer benefit. A transfer-specific comparison of the full hybrid with an otherwise
identical no-physics model is required before that effect can be attributed to the prior.

The benchmark has several limitations. First, it covers three U.S. states and two
calendar years. The blocked-time, seasonal-holdout, and plant-holdout experiments test
several forms of distribution shift inside that frame, but they do not cover differences
in fuels, boiler technologies, control practices, maintenance conditions, or regulation
that may appear in other power systems.

Second, the public data do not contain every variable that would be desirable for
combustion and control modelling. Stack oxygen concentration, flue-gas temperature,
detailed fuel composition, sulfur content, reagent consumption, and time-resolved
control-device status are missing or unavailable with sufficient coverage. This matters
most for NOx and SO, where those variables are directly connected to formation
and removal mechanisms. Access to richer process measurements could improve both
prediction and the physical relevance of the prior.

Third, the NOx and SO: priors used here are intentionally simple. A more
detailed physical term could include boiler type, fuel sulfur, combustion-temperature
proxies, excess-air indicators, and control-device efficiency. Such a prior may behave
differently from the one evaluated in Table 4, so the present result should be read as
evidence against this simple formulation, not against every possible physics-informed
design.

Fourth, some control-technology attributes are available only at plant level
and are transferred to generating units through the EPA-EIA crosswalk. At multi-unit
plants with different equipment configurations, that mapping can introduce assignment
uncertainty and weaken the meaning of a nominally unit-level control indicator.

Fifth, the strongest configurations depend on lagged measured emissions. That
dependence is acceptable fora CEMS-assisted soft sensor, but it limits fully autonomous
use. A separate CEMS-independent evaluation is necessary before recommending the
model for long monitoring failures or for plants that have no historical continuous-
emission record.

Finally, the study has no supervised external test in Kazakhstan because
comparable public hourly CEMS labels were not available. Sentinel-5P TROPOMI
NO: observations can provide a future corroborative comparison over major thermal
plants, but they cannot replace stack-level labels. Satellite columns are affected
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by atmospheric transport, chemistry, cloud screening, revisit timing, and spatial
aggregation, so any Kazakhstan analysis must be presented as supporting evidence
rather than direct validation of hourly stack emissions.

The practical conclusion is therefore conditional rather than universal. For
CO:, an emission-factor model is already a strong choice when auditability matters.
For NOx and SO, learned representations of changing plant operation are necessary
for high hourly accuracy. A physics-informed hybrid becomes most relevant when
calibrated uncertainty, protection against large errors, or transfer with limited local
labels is more valuable than the smallest average in-domain MAE.

Conclusion.

This work establishes a leakage-controlled benchmark for hourly CO., NOx,
and SO: estimation using 10,144,680 unit-hours from 583 generating units and
compares physical, statistical, machine-learning, and physics-informed approaches
under blocked-time, seasonal-holdout, and plant-holdout evaluation. The main result
is not that one model wins everywhere. The pollutant determines the modelling
requirement. A scaled emission factor is already highly accurate for CO2, while NOx
and SO: need models that learn dynamic operating state and temporal history. For
NOx, the simple PHASE prior does not improve average in-domain MAE over a tuned
XGBoost baseline, but the hybrid provides calibrated intervals, reduces some large
squared-error events, and retains strong accuracy on unseen units. PHASE should
therefore be viewed as an uncertainty- and robustness-oriented framework rather than a
universally more accurate black-box replacement. The current plant-holdout experiment
demonstrates transfer within the analysed U.S. dataset only. The next evaluation steps
are to separate CEMS-assisted from fully independent configurations, test stronger
pollutant-specific priors, incorporate richer combustion and control variables, and
validate on independently labelled non-U.S. data. The planned Sentinel-SP TROPOMI
comparison over Kazakhstan thermal plants is a corroborative deployment-oriented
step, not a substitute for stack-level validation.
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