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Abstract. This study examines whether the same modelling strategy can be 
used for hourly CO₂, NOx, and SO₂ 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 CO₂, the 
emission-factor baseline already explained most of the variance (R² = 0.992), whereas 
its performance was much weaker for NOx (R² = 0.394) and SO₂ (R² = 0.413). XGBoost 
reached R² = 0.999, 0.973, and 0.980 for CO₂, NOx, and SO₂, 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 < 10⁻³), achieved 89.2% empirical coverage for a nominal 90% 
interval, and retained R² = 0.965 on previously unseen plants. The evidence therefore 
supports a differentiated strategy: a transparent factor model is already strong for CO₂, 
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while NOx and SO₂ 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-5P TROPOMI NO₂ observations over Kazakhstan thermal 
plants is also defined.
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Аннотация. Бұл зерттеуде электр станцияларындағы CO₂, NOx және SO₂ 
шығарындыларын сағат сайын бағалау үшін бір модельдеу тәсілі жеткілікті ме, 
әлде модельді ластаушы зат пен қолдану жағдайына қарай таңдау қажет пе де-
ген сұрақ қарастырылады. АҚШ Қоршаған ортаны қорғау агенттігінің Clean Air 
Markets Program Data деректері EIA-860 метадеректерімен EPA/EIA Power Sector 
Crosswalk арқылы біріктіріліп, 2022 және 2024 жылдардағы Джорджия, Кен-
тукки және Техас штаттарының 583 генераторлық қондырғысынан 10 144 680 
қондырғы-сағаттық бенчмарк жасалды. Эмиссия коэффициентіне негізделген, 
статистикалық, машиналық оқыту және физикалық заңдылықтарды ескеретін 
гибридті модельдер уақыттық және қондырғы деңгейіндегі деректердің ағып ке-
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туін азайту үшін blocked-time, plant-holdout және seasonal-holdout схемаларымен 
тексерілді. Ұсынылған PHASE тәсілі масштабталған эмиссия коэффициентін 
физикалық априор ретінде пайдаланып, қалған ауытқуды деректерге негізделген 
модель арқылы үйренеді және болжам белгісіздігін бағалайды. Нәтижелер ласта-
ушы затқа қарай айқын ерекшеленді. CO₂ үшін эмиссия коэффициенті өзгерістің 
басым бөлігін түсіндірді (R² = 0,992), ал NOx (R² = 0,394) және SO₂ (R² = 0,413) 
үшін оның дәлдігі едәуір төмен болды. XGBoost CO₂, NOx және SO₂ бойынша 
тиісінше R² = 0,999, 0,973 және 0,980 көрсетті. NOx үшін соңғы уақыттық тарих 
белгілерін алып тастау дәлдікке ең үлкен зиян келтірді, ал қарапайым физикалық 
априорды алып тастау домен ішіндегі орташа MAE-ні аздап жақсартты. Сонымен 
бірге PHASE-lite Diebold-Mariano салыстыруы бойынша ірі қателердің бір бөлі-
гін азайтты (p < 10⁻³), номиналдық 90% аралық үшін 89,2% эмпирикалық қамту 
берді және бұрын көрмеген станцияларда R² = 0,965 сақтады. Сондықтан CO₂ 
үшін түсіндірмелі факторлық модель жеткілікті күшті, ал NOx пен SO₂ үшін өз-
гермелі пайдалану жағдайларын үйренетін модельдер қажет. Гибрид орташа до-
менішілік қатені барынша азайтудан гөрі белгісіздік, ірі қателерге орнықтылық 
және станциялар арасында тасымалдау маңызды болған жағдайда пайдалырақ. 
Қазақстанның жылу электр станциялары үшін Sentinel-5P TROPOMI NO₂ бақы-
лауларымен болашақ салыстырмалы тексеру хаттамасы да белгіленді.

Түйінді сөздер: шығарындылар мониторингі, шығарындыларды болжам-
дық мониторингтеу жүйесі, физикалық заңдылықтарды ескеретін машиналық 
оқыту, белгісіздікті сандық бағалау, электр станциялары деңгейінде тасымалдау,  
шығарындыларды үздіксіз мониторингтеу жүйелері, көміртегі бейтараптығы
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Аннотация. В работе проверяется, можно ли использовать один и тот 
же подход для почасовой оценки выбросов CO₂, NOx и SO₂ на электростанци-
ях или выбор модели должен зависеть от загрязняющего вещества и сценария 
применения. Бенчмарк объёмом 10 144 680 агрегато-часов для 583 генерирую-
щих установок в Джорджии, Кентукки и Техасе за 2022 и 2024 годы сформиро-
ван путём объединения U.S. EPA Clean Air Markets Program Data с метаданными 
EIA-860 через EPA/EIA Power Sector Crosswalk. Модели на основе коэффици-
ентов выбросов, статистические методы, машинное обучение и физически ин-
формированные гибриды оценивались на разбиениях blocked-time, plant-holdout 
и seasonal-holdout, ограничивающих временную утечку данных и пересечение 
установок между обучением и тестированием. Предложенный PHASE исполь-
зует масштабированную оценку по коэффициенту выбросов как физический 
априор, а оставшееся отклонение обучает по данным и дополняет оценкой не-
определённости. Результаты существенно различаются по загрязняющим веще-
ствам. Для CO₂ факторная модель уже объясняет основную часть вариации (R² = 
0,992), тогда как для NOx (R² = 0,394) и SO₂ (R² = 0,413) её точность значительно 
ниже. XGBoost достиг R² = 0,999, 0,973 и 0,980 для CO₂, NOx и SO₂ соответ-
ственно. Для NOx наибольшее ухудшение возникало при исключении недавней 
временной истории, а удаление простого физического априора немного снижало 
среднюю внутридоменную MAE. При этом PHASE-lite уменьшал часть круп-
ных ошибок по тесту Диболда-Мариано (p < 10⁻³), обеспечивал 89,2% эмпири-
ческого покрытия для номинального 90%-го интервала и сохранял R² = 0,965 
на ранее не встречавшихся установках. Полученные результаты указывают на 
необходимость дифференцированного подхода: для CO₂ прозрачная факторная 
модель уже является сильным решением, тогда как NOx и SO₂ требуют обучае-
мого представления изменяющихся режимов работы. Гибрид наиболее полезен 
там, где важны неопределённость, устойчивость к крупным ошибкам и перенос 
между электростанциями, а не минимальная средняя внутридоменная ошибка. 
Также определён протокол будущего сопоставления с наблюдениями Sentinel-5P 
TROPOMI NO₂ над тепловыми электростанциями Казахстана.

Ключевые слова: мониторинг выбросов, система прогнозного мони-
торинга выбросов, физически информированное машинное обучение, коли-
чественная оценка неопределённости, перенос на уровне электростанций, систе-
мы непрерывного мониторинга выбросов, углеродная нейтральность
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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 
CO₂ 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 SO₂. 
Hourly NOx formation changes with flame temperature, excess air, residence time, 
fuel properties, load transitions, and post-combustion controls; SO₂ also depends on 
fuel sulfur and the operation of desulfurization equipment. A model that performs well 
for CO₂ can therefore fail for NOx or SO₂ 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 



INTERNATIONAL JOURNAL OF INFORMATION AND COMMUNICATION TECHNOLOGIES 2026. Vol. 7. Іs. 3 (27). INTERNATIONAL JOURNAL OF INFORMATION AND COMMUNICATION TECHNOLOGIES 2026. Vol. 7. Іs. 3 (27).

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 
International License 146

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.

Point accuracy 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 CO₂, NOx, and SO₂ 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 CO₂ 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 SO₂ 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-5P TROPOMI NO₂ 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: CO₂ from short tons to metric tonnes per 
hour and NOx and SO₂ 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 SO₂ 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 CO₂, NOx, or SO₂ 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 SO₂-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 
CO₂ and kilograms per hour for NOx and SO₂. 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 CO₂, 
the factor term should already capture most of the signal because fuel consumption and 
carbon content dominate the mass balance. For NOx and SO₂, 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, R², and peak-detection F1. MAE summarizes typical absolute 
deviation, RMSE penalizes large misses more strongly, and R² 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 SO₂ 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 CO₂, the scaled emission-factor 
baseline already reaches R² = 0.992 with MAE = 2.79 t/h. XGBoost improves that 
result to R² = 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 R² = 0.394 and MAE 
= 57.56 kg/h, whereas XGBoost reaches R² = 0.973 and MAE = 4.39 kg/h, reducing 
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MAE by about 92.4%. SO₂ follows the same pattern, with R² 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 
CO₂ signal, but it does not represent the operating-state and temporal variation required 
for hourly NOx and SO₂ estimation.

Table 1. Blocked-time test performance. MAE and RMSE are reported in 
metric tonnes per hour for CO₂ and kilograms per hour for NOx and SO₂. 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

Fig. 1. Per-pollutant model differentiation (test R²). The emission-factor baseline is strong for CO₂ but 
weak for NOx and SO₂.

The NOx ranking is stable across the three leakage-controlled schemes in 
Table 2. XGBoost remains between R² = 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 R² = 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.



INTERNATIONAL JOURNAL OF INFORMATION AND COMMUNICATION TECHNOLOGIES 2026. Vol. 7. Іs. 3 (27). INTERNATIONAL JOURNAL OF INFORMATION AND COMMUNICATION TECHNOLOGIES 2026. Vol. 7. Іs. 3 (27).

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 
International License153

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.

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 4.39 18.60 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 R² = 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 R² 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

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.

Fig. 4. Transfer to unseen plants: zero-shot performance and the effect of adding local labelled data.

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 < 10⁻⁴⁶). The squared-error Diebold-Mariano test points in the opposite 
direction (DM = 3.39, p = 6.9 × 10⁻⁴) 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. CO₂ is the clearest case. In Table 1, a scaled emission factor 
alone explains almost all observed variability (R² = 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 CO₂, transparency can therefore 
be retained without sacrificing much predictive performance.

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

NOx and SO₂ 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 SO₂, 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 SO₂ 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 for a 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 
NO₂ 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 
CO₂, an emission-factor model is already a strong choice when auditability matters. 
For NOx and SO₂, 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 CO₂, NOx, 

and SO₂ 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 SO₂ 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-5P TROPOMI 
comparison over Kazakhstan thermal plants is a corroborative deployment-oriented 
step, not a substitute for stack-level validation.
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