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Abstract: Statistical/machine learning is discussed as a drpermit conditions for monitoring emissions imin using
surrogate parameters. It is unavoidable step talgisshing system of monitoring by mod@&gquirements for such learning,
given by Directive for industrial emissions (IED)caConclusions for best available techniques (BAdi€)recognized. They
are compared with requirements in standards foeclircontinuous emission monitoring and automatedsomng systems
and then use to broadly define statistical learnsmegking the common principles that could be adphepermits. Such are
found to be clear phases of learning introducirgjrtimg, validation and testing, basic equationsl&arning, learning paths,
blocking of observations and quality assurance dasestatistical criteriaThe findings are intended for monitoring practice
using continuous monitoring of air emissions (matend energy sector and for waste incineration aneincineration and
even broader), needs permitting procedure and cas&surrogate parameters models for monitoringssions into air.
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1.INTRODUCTION

Statistical learning, according to definitiodames et al. 20)3means finding statistically based relations
between input and output variables and in casarobgate parameters emission monitoring of relepamtess
parameters and emission. It is closely related wiéhterm machine learning meaning developing élyos
on learning for specified goals.

Statistical learning has to establish the propection between input and output of the models pssised
learning, obtaining models (commonly named learrier)purpose of predictionHastie et al. 2001 The
approach is to use statistical learning functioloss function which in learning penalizes the eafgprediction.

Models that could be proposed for surrogate pammmehonitoring are on basic principles of chemical
engineering modelling as mass balance, energy ¢rland process baland8dmzi et al. 2019 regression
models and artificial neural networks, on all sl learning applies. Types of statistical Ié@agn deep or
shallow learning, are related to artificial neuratworks, depending of numbers of layers for leggrfrrana et
al. 2024.

The obligation to put statistical learning in pereonditions arises from directiv®iftective 2010/75/EY
if there was no document containing details for itmwimg that could be invoked in permits. Documeots
statistical learning still do not exist nor are @erded by existing legislation or standards.

Proposals for permit conditions for surrogate pai@ms air emission monitoring, containing condisidor
statistical learning, are in February 2025 submiteethe Ministry of environmental protection fosstallations
from energy and mineral industries. They have hgenarily motivated by reasons that permits alreasiyng
monitoring by surrogates’ don’t use statisticati@ag (Env. permit 202p, or use it in very general fornEqQv.
permit 2021}, such lacking reliabilities of monitoring compagito direct emission monitoring and in this way,
it is not in agreement with permit legislation.

BAT conclusions for waste incineratioBATC EU 2019/201] as last issued conclusions supporting
surrogate parameters monitoring, give even morsipitises for surrogate parameters monitoring iregular
and non-regular work that strengthens the impogaofcstatistical learning. Perspectives of usingagiate
parameters monitoring of emission from waste in@tien and co-incineration are givenRumenjak 2023

2.BASIC REQUIREMENTSON STATISTICAL LEARNING

2.1. Requirements of confidence limit interval for models

Requirements on confidence limit for air monitorgmgission concentrations from large combustiontglan
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are given in Annex V Part 3 Point 9 and from wasténeration/co-incineration installations in Anne€kPart
6 Point 1.3. of Industrial emission directivBirective 2010/75/E) As statistical criteria they are also
influencing the statistical learning.

Limit interval for single measured value for thaseses is given as:

tosaf sy " Sim <P ELV (1)

where p is coefficient from directiveys 5, Student (t) distribution for 95% confidence levéf s;,,degrees
of freedom for t distributions, ELV emission linvialues given in directives;,, estimation of population standard
deviation for the measurement. It could be dematetrthat a size of sample toquation 1is n = 1.

In the case of surrogate parameters monitoringt interval should be defined differently and neeelation
of variance of modes? with the variance of direct measuremésy,,) used in data pairs for learning. Taking
into account the requirements of standedfdN EN 14181 (2014)part of quality assurance level QUAL 2
described in standards as variability test, itgrebd for single calculation-measurement pairraésting as:

tosafsy N (Sin + 52-2)<p-ELV  (2)

where the factor for model varians&in Equation 2 is approved for prediction models in statistieadts
(Mendenhall et al. 1988

In the case of difference between degrees of freefto direct (control) measurement and phase ahleg
(here: validation phase) what is supposed as agetese in learning, equation holds:

fSvalid.

2
Sdf
tos,dfsim j Sim + 7=t st s epatia " 2) <P -ELV  (3)

Wheresﬁftestis variance of model (equat€) with degrees of freedom equals degrees of freefordirect
2
S .
control measurememﬁfsmud variance of model after validation phass;g‘ff% ratio that could be derived from
’ dfsyalid.
basic expression for Student (t) distribution eimaoéstimation ofséfm”d from variance of model after validation
phase.
Correction for oxygen level0%) (which is required byirective 2010/75/EUor comparison with emission

limit values (ELV) is:

Los,afsim \/(sizm + Séfsim 0% 2)<p-ELV 4

wheresﬁfsim is variance of the model with degrees of freedsrfoacontrol measurement.

For mineral industries (glass and mineral wool esmchent) instead of p, where p is not prescribddiiective
or BAT conclusions, factor kv prescribedHiiRN EN 14181 (2014Annex |, is used in relation with measurement
uncertainty (1) Proposal 1Proposal 2

t95,dfsl-m ’ \/(sizm + Séfsim 0% “2)<u- ky, - ELV (4a)

When s estimationsﬁfsim) for model satisfies the conditions froBEquation 4 and 4a, what is finally

confirmed at the end of learning after testing, elagtaches requirement comparable with direct naotis
measurement of emissions given by Directive.

2.2. Requirements of monitoring resultsvalidation

The important requirements on learning are theogate parameters should be continuously measured
(Brinkmann et al. 2008 to be in line with direct continuous emissionnitoring. Model results are validated
through sampling time for direct measurement byddasmula for validation required for continuousnitoring.

Equation for validated model results with one sifledier) confidence interval for normal based disttions
of results is:

Vijonr = Vijanr —tosars *S° | 5)
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Symbol 9;,, - is used for models with predictive surrogatesdoncentrations (mostly 30 min average).
Equation 5 is written without part for random error of ingustified by narrower confidence interval on the/és
side of validation formula, but variantsBfjuation 5 including that part have been also developderoposal 1.
Symbol n denotes sample size used for samplingrobgate parameters during the sampling time ecpaatgpling
size for direct measurement, whé¥e, - are validated values for model results (30 mirrage), tqs o Student
(t) distribution for 95% confidence level, s esttioa of population standard deviation for models.

Situation with indicative surrogate parameters #melr modelling is not different as long as serves
prediction, and results are validated the saBggiation 5. The indicative parameters give models for diffee
of emission concentrationBroposal L Targeted functions for learning are generalljiéated asy or, in the
case of indicative surrogate parametersyjas.

3. DISCUSSION ON STATISTICAL/MACHINE LEARNING

3.1. Statistical learning models with mass balance models and regression models (predictive
and indicative surrogate parameters)

Among models proposed for emission monitoring asd learning are mass balance models and linear
regression models. Other models of balance typesgg and process balance models are still missRagression
models are characterized by more parameters tin otodels.

Learning is basically provided by comparisédata pairs. Data pairs are pairs of calculatetimaasured
values of output or other observables that mustipported by measured values of output as in u@itphase.
Basic learning phases are givenFroposal 1(for glass production) anBroposal Xfor aluminate cement and
mineral wool production). Relatively many parametiesive been used for input relations, especialtggnession
models inProposal 1 The surrogate parameters entering learning acesaimmarized in those proposals.

Flow (block) diagram of learning is given ligure 1. The learning paths for regular and work non-coetpl
to requirements with phases and steps of learnimgamed blocks and observations are shown togetfibr
quality assurance (QUALSs) comparable to stant#R EN 14181 (2014)The acceptance position of the model
is also shown.
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Figure 1.Flow (block) diagram of learning (with learning fes) in proposals for permit condition using balance
and regression models-complete learning sequeradedimg periodical testing

For eliminating the effects of noise factors, bliockstrategy is usedifi 2003. Blocks are basically the steps
of learning containing one or more observationgadaairs). Randomization of observations (in mamitp
language it is a random selection of order of ¢atias) is a common approach in experimental desighpnly
for a complete block design. Because of nature ohitaring process, randomization could be difficattd
impractical. Although it is requested in propos@is;ould be changed in permit conditions. Incortlblock
design is far more convenie€y 2010. Some approaches to blocking e.g. replicationcamounding, strictly
mathematically speaking, are not convenient for ilboing emission, unless there is any possibildgycontrol
surrogate parameters in a way allowing those effiedbe recognized in observations and compardusaatistical
errors. It can be observed that the blocking istma@®ncentrated in training phase although itasgible in other
phases of learning.

The lower number of observations in testing is deteed by requirements ¢iRN EN 14181 (2014)part
QUAL 2, with minimum of 15 valid pairs of data. Riding QUALs or quality assurance level statistigal
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comparable to learning processHigure 1, tends to assure quality of models as for thectimeasurements if
full adequacy with the standards for direct measerd is not possible because of technical reaspdg\L 1 is
to check uncertainties of input relations accordiimgple formulas likécquation 1, but using in the equation total
variances estimated during preparation of inpu@tiehs instead of measurement variance. It is assiple to use
QUALs from standards for training and validatiorapls of learning and number of observations thers be

determined in other ways as it was done in progosal

Requirements of quality assuranceHi®N EN 14181 (2014)evel QUAL 3, are used for the formulation of

the periodical testing with 5 data pairs of obsgoves.

In the case of non-compliance results of testingl (@eriodical testing), it takes return to initsdhge of the
block diagram irFigure 1. Important for such commitment is position of aurities, who often seek for stricter
solutions of those possible, so no other solutieaidg with non-compliance has been considered.

The input relations for balance and linear regaessi B4Control Solutions & FKIT (2022have been checked
for uncertainties according Equation 1, but checking has been using only model variarieegposal Jqualifies
them comparable to QUAL 1 requirements and leawd&®ttrained and tested further in learning.

For learning balance and regression modetgjations 7 and Equations 6, together with the validation
criteria and the reference on testiguation 4a, are given inTable 1. They are used iRroposal 2and for the

training and validation ifProposal 1The testing ifProposal is to be on complex models trained models are part

of as it has been described specificallfPioposal 1

Table 1. Learning (balance models and regression modelsymeended for NQ SQ and dust emission

monitoring

LEARNING PHASES

STATISTICAL FUNCTIONS FOR LEARNING

Training phase of learning, Equations 7:

- for balance models:

M
(B,A) = argminZ[yi — 9 (B,A)]?
i=1
- for regression (linear):
2

M k
min RSS (B, f) = min ). [yi o= . kb ]
i=1

k=1

and non-linear regression (non-linear functiéngth linear basis expansion
term@ (Hastie et al.2001)):

M k z
min RSS (6) = min ). [yi -y f(xi,,aek}
k=1

i=1

After training, linear regression models could besubject to constrain
shrinkage of coefficientss) for minimising variance of the modefiéstie et

al. 200):
k
Zﬁﬁ < sh
k=1

Training targeting B, A4, B,, Bx,- 0: Methods for
minimization of square error, other: downhill Simpl method in
multidimension, direction set (Powell s method)rnltidimension, conjugate
gradient methods in multidimensions, variable metimethods in
multidimensions, linear programming and the Simpfegthod, simulated

annealing methods, etcPress WH et al, 2002)

Validation phase of learning: Checking of sendiyivand importance of the
individual surrogate parameter of model, is impurt®r regression models
(Smith J, Smith P (20Qy. Data pairs for validation must be supportedhsy
measured outputs of;, through prediction error estimated for testingorfr
Equation 3 comparing variances in learning, with minimum nemkof
observations in validation phase frétigure 1, and for 95% confidence levg

assumingif's;,, = 14, non- Equation 8 stays as criteria for validation with
condition:

2 — 2
Sdf valid. = 4- Sdf test.
and after arrangement:

1
8&f vatia. (- ky, - ELV)? —Simz) ()]

0%= %’ <f95 df's;
’ m

Then it goes to validatioBquations 9.

Testing Testing and periodical testing is Equation 4a

regression models:

Learning functions (SLF) for training (loss function)
Equations 6:

For balance and regression models:

LorRSS =XM1 [y, — 1%,

where for regression models stays:

Functions for validatiorEquations 9:

Pi = Bo + Xko1 XipeBr

k
yi = z fxi)0,
k=1

Sensitivity index for parameter:

G-

B PCEEY

x
y

Importance index for parameter:

T(xi-%)*

(@i-9)*

Limp. =10 910X | |)? -

(to be noticed: importance parameters ar¢
always sensitive)

Correlation coefficient for sensitivity of
parameter:

My

L v
DN
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The symbols used ifiable 1 are:x; input (surrogate) parameter for ith data pgir,calculated values of the
predictive model of ith data pai; measured output values in data pair, i pair inefereasured-calculated values
for observations (data pair$)(B, A); mass balance model function of coefficients fr@nB, A as arguments in
ith data point,, 8,, B coefficients of regression modeRsSS residual sum of squaresf (&; ;) function used in
non-linear regressiong,, linear basis expansion term of model parametenukhber of measured-calculated
pairs, argmin minimization of function on specified argumenktsnumber of parameters of regression model,

7 point of calculation (in multidimensional space} fiverage values from set of input parameter aestég

Sar vatia, Model variance from validation phase of learnisg,..;, model variance from testing phase.
The concrete values from equations in validatioagghare not given in permit conditions propos@isiosal
1, Proposal Pand it is left to installation operators to talght choice not risking return to training phase.
Elimination of non-sensitive input during the leiaignis proposed according to thAeble 1. Only material
balance models and linear regression have beerogedpin proposals and no other balance or nontlinea
regression models have yet been considered.
Models with indicative surrogate parameters are #&srned together with predictive parameters nedel
(Proposal 1.

3.2. Statistical learning with artificial neural networks (ANNS)

Artificial neural network models (ANN) have beemnegdy proposed for the emission monitorind/iietroalfa
(2022) andEkonerg (2021)Proposed models have only two input (surrogateameters and two nodes with
activation functions and its potential for the mergrogate parameters was not then according tdabg fully
utilized. The surrogate parameters are flow of r@tgas and oxygen content (vol.%) in flue gaselsiciv
surrogates are already monitored in process.

Various types of modelling nonlinear functiomégsellem et al. 2091are available. For ANNs basically same
as inFigure 1, the sigmoid activation functions were used. Thatel, proposed for monitoring emission from
hot water boilerletroalfa 2022 is:

-1

©)

1 -1
[1+e’(XN,l‘W1,1+"N,2‘W2,1”’1)] .W1+[1+e’(XN,1‘W1,2+XN,2'W2,2+b2)] 'Wz+b3)]

5} = (ymax - ymin) il + e_(

where: Ymax, Ymin Maximum and minimum real value of output, respedyi xy 1, xy.normalized input
(surrogate) parameter of jth input (j=1,@), 1, w, », w; , , W, ;Weight coef., b, b,, b; biases given as iRigure 2.
The normalization expressions for surrogate pararsetsed in modé&quation 9 is:

xyj = — Cl(constant) + meL (20)

ax~Xmin

where C1 areC2 are constants determined by process reasons.
The structure of proposed ANIRI(oposal 3, Proposa) with appropriate weights (w) and bias coefficge(it)
is shown inFigure 2.

e
R ! Nodel. Activation |
; Input x; (/) poTTTmmTT ! function (sigmoid)

! Node 3.Results !
of modelling
(output: sigmoid
function)

Denormalization
node for results ¥

Node 2. Activation
’ i ) i ! function (sigmoid)
O i . i L (k=2)

Figure 2. The structure of simple model of artificial neuratwork with one active (hidden) layer for
monitoring emissions of N@nd CO (for two inputs) used Metroalfa (2022)and Ekonerg (2021)
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Equation 9 could be applied on any “one hidden layer” modeektending the rows and columns of weight
matrices for more nodes. To avoid more complex limar model outputs which could affect varianceiry
testingphasemodel(Equation 9) hasbeenchangednsteadas

j} = (ymax - Ymin) (Zk ([1 + e_(zj xN’j'Wj’k*—bk)]_l : Wk) + bf) (ll)

These changes also allow more input nodes and autitee nodes for one hidden layer model.

Statistical learning for artificial neural networksr permit conditions proposals is given Table 2, with
learning functions akquations 12, for training phase a8quations 13 and14, for validation agquations 15
and reference to testirgguation 4.

Table 2. Learning with artificial neural network (ANN) fadOx and CO emission for models Bfjuation 11
type

LEARNING PHASES STATISTICAL LEARNING FUNCTIONS
Training of ANN, Equations 13: L earning functions for training (loss function), equations 12:

Gradients of lear ning functions by coefficients w and biasesb:
_1.yM [, _5712

oL oL L(w,b) = M YiL.[y; — 9:]%, as mean square error (MSE).

— (w, b), — (w, b)

aw ab Other possible candidates for loss function: catieh coefficient

(R), root mean square error (RMSE), mean absolute étAE),

when (MSE) is applied, the first derivativesLofobtained by chain ?S:r,],\(/jl?rd predicting error (ESP), error of predictirror model

rule) are included in the equation for correctexsbs §) and weight
coefficients ).

- . R . . Functionsfor validati h f | ing, Equation 15:
Training using derivatives of loss functidbquations 14: unctionstor vefigation phase of fearhing, Equation

o

The relative importance of thg, input parameter (expresse

2 M through weight coefficients of artificial neural tnerk)
wit = wf + T (Ymax = Ymin) Z(yi -5) - wi (Benyekhlef et al. 2021
i=1
' at(zi,k) (1 - C’E(Zi,k)) XN sV | | ™
M =2\ 5 L [
jk=1"jk

I

2 - 15
Wit = w51 Omax = ymm)Z(yi -5 - o' (z) (15)
i=1

mp,j ZNk (ZNk ( N‘Wj,kl >'|Wk ‘)
j= k=
T

The predictability of model after training phaseaiso characterizegd
by a cross - validated correlation coefficiedg,, , and could be
2 M assessed as:
B = b+ 21 G = i)+ ) 0= )
i=1
0 (i) (1 -0 t(Zi,k)) SO i)

train(,train_s
Z[:l (J/i ~Ypreced. train))

Q=1 (16)
2 -

bf*' = bf + 31" Omax = Yimin) Z(yi -5
L as this is satisfied whe@Z2,, = 0.9. (It is not actually a part of

Validation phase of learning: Checking of importance of learning not been supported by the validation alaims)

individual surrogate parameters of models and ptability,
ensuring that calculation has support in the messwalues of
outputs. For two parameter models, as th&duoation 9, sensitive
analysis is not fully adequate. It is given in gieposals for the case
of more inputs. Data pairs for validation phase tnugssupported
by measured outputs of through prediction error giving criteria as
well as of nonEquation 8. Then it goes to the validatidguation
15.

Testing; Testing and periodical testing is IBquation 4, with
degrees of freedom for testing.

The symbols used ifable 2 are: L loss (error) function, k number of neuioractive (hidden) layen (
wy, w; ;) weight coefficient, b by, br) biaseswjfk ,wﬁfgl weight coefficient of activation layer for j inpand k
neuron in step t and t+1 respectively (by analbgysame goes for wi , wi™ and for b , b*'), xy;;

normalized input (surrogate) parameter j of ithadpair calculationaf(zl-,k) calculated sigmoid function for k
neuron and ith data pair, train , train trainifgpe of learningpreced. train preceding training,n learning
rate, M number of observations (data paifg) number of neurons in active (hidden) layer.
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The recommended learning rafg) for one or two - layered networks, without erroofagation correction
system, is 0.2 and 0.3 bgt0.5 Sadadou et al. 2021 Initial trainings of ANNs were done Metroalfa (2022)
andEkonerg (2021)the results being in same time part of requesipefators for permit conditions. Number of
training steps iMetroalfa (2022)was 5 pairs of calculated values - direct measangéniearning raten() used
was between 0,20 and 0,25. Number of training steg&onerg (2021jvas even less, 3 and adequately learning
rate was 0,33.

Important to note is that number of training stepstudies was less than those recommended by gatspfor
permit conditions according to tiiégure 1. The achieved uncertainties in both studies artdcatzulated as
variances are low, but they have been estimated fhe same set of data used for training what tpemntin
question. Anyway, the proposals for permit condisigProposal 3 Proposal % qualify them as QUAL 1
comparable requirement which require further leagritraining, validation, testing) to complete lgag.

Blocking strategy proposed for ANN in learninghe same as in tliégure 1. Elimination of the non-sensitive
input during the learning according to fhiable 1 for the mass balance and regression models, Edemed also
according to th&@ able 2 but based on coefficients s@i). The validation for only two parameters could Ea
switch to testing instead but it is not discusseceh

From the examples could be concluded that shalasning Frana et al. 2094is used for both proposals.
Accordingly, they are still in competence of algionic machine learning.

Deep learning formula could be used for more hiddgars. It is based on general formula for any bemnof
h layers, with the sigr denoting the tendency of optimization (decreasfogjoss function(L gradient):

Wit = Wi+ (-5 (16)
h

where: Wi, Wi, matrices of weight coefficients in h layer of nens (applicable for artificial neural
networks with more hidden layershrfanthaswamy 2034 The back propagation of error through more hidde
layers influencing learning should be met with adeg equationgKlleher JD 202)L

3.3. Confirmation of learning and results of monitoring by models

Confirmation or final validation of learning is mariances & calculated for population of model results that
must satisfy the type of conditions givenbguation 4 or 4a for models. This is naturally after the testingpé
of learning. Also, the periodical testing is intumeééd according to requirements on learning.

For artificial neural networks models estimationvafiances & for validation and testing is the same as for
balance and regression models.

The permits containing learning conditions showdddsued before allowed work according to perniigating
the way how learning is applied as a part of maimigpconditions. As a consequence, the learningilshbe
provided and confirmed on-site and that is away pewnits should actually function. Amendments oédiive
(Directive 2024/1785/Elrequire all permit conditions to be a part ofieowmental management systems (EMS)
with a special focus on monitoring including thée tearning process.

The existing legislation (Directive and BAT condhluss) doesn't recognize distinction between surr@gad
direct emission monitoring results validation, desghe fact that strictly allows application ofreagates for the
continuous monitoring. The results of monitoringsll be therefore expressed and validated in the tiva
standard direct continuous monitoring of emissiguation 5) as required in existing legislation.

4. CONCLUSIONS

Statistical /machine learning should be a part otlelling for the surrogate parameters emission todgng
and mandatory for those installations requiringypéing.

It should be noted that the motivation for discassbn the surrogate parameters monitoring is pilynaot
coming from actual industrial practice or their eichpplication (despite examples referred in thosk)y but from
administrative possibilities to introduce such ntoring. Administrative considerations/obstacles énao be
solved. Statistical learning is the most importantong administrative priorities, because thereoipiece of
environmental legislation or standard in place tiegfulates it. Experience of the author shows, ¢y after
solving the priorities among administrative optiotie industry would accept surrogate parameteeppsoach
to monitoring emissions and could benefit of it.

Following already existing documents for approvewjrogate parameters monitoring in mineral wodsgl
and aluminate cement production and consideringl legssibilities of such monitoring for waste irgiation and
co-incineration, statistical learning proceduresl anles have been developed for now actual andufard
foreseeable cases. As such, they are ready forn&tnative regulation and for permitting. These qadures
should be ready for easy changes of permit comditand for more detailed or stricter conditions parng to
prior if necessary. That should be the rule for pesmitting process by the very nature of it.

It is important to put the quality requirements orodel learning, comparable to standards for direct
measurement known as QUALSs. It should start withittput relations for learning. ISO standards resraents
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for the assurance quality of automated measuristgsys are also responsible for the determinatiorunfber of
observations in testing especially they are stppgkitioned by the administrative authorities &arprotection.
They are not suitable for training and validatigiisases of learning because of the substantialréifée in
statistical techniques used. But they additionstfgngthen the learning through testing.

Blocking of the observations is another set of shatistical techniques considered to minimise vexés
through learning together with the other statis$ticad modelling techniques and on importance fining. This
is also a new quality assurance of monitoring m@gteng yet for the direct monitoring of emissions.

To put learning in permit conditions for the balarand regression models according toRigure 1, in the
Table 1 are given learning functions (loss functionsEggiations 6, for the training agquations 7, for criteria
for validation and the validation as n&uguation 8 and Equations 9 respectively and reference to testing the
models,Equation 4a.

For learning using ANN models, the learning funcicare given in th&able 2 asEquations 12, for the
training asEquations 13 and14, for the validation agquations 15, and reference t&quations4 for the testing.

The learning with ANNSs is still shallow learningh&low artificial neural networks representedBxuation
11 and relatively simple, could be advantageous twerdeep ANNs because of need for prior settingottsc
technical issues and administrative items for stiatil learning.
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