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Ma chine learn ing is the sci ence of how al go rithms and sys tems im prove knowl edge and per for mance through ex pe ri ence.
The pa per dis cusses the pos si bil ity of ap ply ing ma chine learn ing al go rithms (an AI subfield) to as sess the sec ond ary raw
ma te rial po ten tial of min ing waste and tail ings ac cu mu lated in hard coal and iron ore dis posal sites. Ap plied ma chine learn -
ing al go rithms are avail able for the Py thon lan guage. Clas si fi ca tion al go rithms were used only (su per vised ma chine learn -
ing). The first stage of stud ies in cluded de fin ing the cat e gory and fea tures of the ob jects se lected. The learn ing pro cess used
train ing data, whereas test data were ap plied to check the model ef fi ciency. Anal y sis of the re sults ob tained in di cates that
ma chine learn ing seems a prom is ing tool to as sess the sec ond ary raw ma te ri als po ten tial of waste ac cu mu lated in dumps
and heaps, de spite achiev ing a pre dic tion ac cu racy at the level of 0.75 for hard coal ob jects and 0.85 for iron ore ob jects. It
has been as sumed that Gaussi an NB, GaussianProcessClasifier and MLP Clas si fier al go rithms of su per vised learn ing show 
the high est pre dic tion re sults. This sug gests that ma chine learn ing may be used as a tool sup port ing the de ci sion pro cess,
the re sult of which will be the eco nomic use of waste ac cu mu lated in heaps, dumps and dis posal sites.
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INTRODUCTION

In dus trial de vel op ment has re sulted in the in creased pro -
duc tion and ex ploi ta tion of nat u ral raw ma te ri als, and has also
pro duced a large amount of waste both in Po land and Eu rope.
This waste has been mostly man aged through ac cu mu la tion on 
waste dumps, heaps, tail ing ponds and in dus trial land fills
(Garbarino et al., 2020; Fajfer and Kostrz-Sikora, 2022a).
Chang ing le gal pro vi sions and in creased eco log i cal aware ness
have steered waste man age ment to ward the cir cu lar econ omy
model, in which waste, in clud ing that de pos ited in the en vi ron -
ment, may serve as a valu able source of sec ond ary raw ma te ri -
als (Nieæ, 1999; Kozio³ and Kawalec, 2008; Bellenfant et al.,
2013; Danthurebandara et al., 2015; Falagán et al., 2017;
Careddu et al., 2018; Spoorena et al., 2020; Araya et al., 2021;
Dino et al., 2023).

Uti li za tion of waste ac cu mu lated in heaps, dumps and in -
dus trial land fills has been car ried out in Po land since the 1970s
(e.g. Paluch and Morawski, 1975; £ukaszyk and Ta bor, 1979;

Nowok and Skiba, 1979), but it was not un til the late 1990s that
this di rec tion be gan to de velop rap idly (Kozio³ and Uberman,
1996; Makowski and Fajfer, 1997; Fajfer and Kostrz-Sikora,
2022a). The use of ma te rial ac cu mu lated at these sites has led
to the amount of waste in the en vi ron ment de creas ing by ~15%
com pared to 2000 (from 2.1 bil lion (met ric) tons to 1.6 bil lion
tons). The area oc cu pied by these sites also de creased by
~34% (from 12,000 hect ares to just over 8,000 hect ares) (GUS, 
2001; GUS, 2023; En vi ron ment 2023, 2023).

A sim i lar trend has also been ob served in the Eu ro pean Un -
ion. Anal y sis of data from 2004-2020 has in di cated that the
amount of waste de pos ited in in dus trial land fills, heaps and
dumps de creased by ~35%, from 963.5 bil lion tons to 634 bil -
lion tons (Waste Sta tis tic, 2020).

Waste ac cu mu lated in heaps, dumps and dis posal sites (in
par tic u lar from the min ing, steel and en ergy in dus tries) has wide
ap pli ca tion in sub sti tut ing for nat u ral re sources in var i ous
branches of the econ omy (Fig. 1), for in stance, in en gi neer ing
con struc tion (Rosik-Dulewska and Karwaczyñska, 2008;
Birnemanns et al., 2015; Ró¿añski, 2019; Fisher and Barron,
2019; Cobîrzan et al., 2022), hy drau lic en gi neer ing (Potempa
and Szlugaj, 2007: Rosik-Dulewska and Karwaczyñska, 2008;
Ratajczak et al., 2015; Fisher and Barron, 2019), road con struc -
tion (Han and John son, 1995; Kozio³ and Uberman, 1996;
Wowkonowicz et al., 2018; Segoui et al., 2023), min ing (Palarski
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et al., 1987; Plewa et al., 2005; Pozzi and Mzyk, 2007;
Kinnunen et al., 2018), ag ri cul ture (Pietras, 1979; Ratajczak
and Korona, 2020), and in lev el ling and rec la ma tion of
anthropogenically trans formed ar eas (Ratajczak et al., 2015;
Kozio³ et al., 2015; Fajfer et al., 2022). Waste from the min ing of 
non-fer rous min er als, in clud ing that from non-fer rous met al -
lurgy, is a po ten tial source of me tal lic raw ma te ri als (Lucarini et
al., 2020; Lim and Alorro, 2021; Nwaila et al., 2021; Oliveira et
al., 2022; Adrianto et al., 2023; Rosario-Beltré et al., 2023),
which are pres ently highly de sir able in in dus try.

In the past, the us age of ma te rial ac cu mu lated in heaps,
dumps and in dus trial land fills re sulted mainly from the fact that
the waste had to ful fill tech ni cal re quire ments in dis pens able for
the tech nol o gies avail able at that time. In ef fect, some heaps,
dumps and other land fills were re claimed and the ac cu mu lated
ma te rial was used as a prod uct. The sites in which the ac cu mu -
lated waste did not ful fill these ex pected con di tions were re -
claimed and in te grated into the land scape, to per form var i ous
func tions for nat u ral, rec re ational, and touristic pur poses. At
pres ent, due to better de vel oped re cov ery meth ods, they are
con sid ered as a po ten tial source of sec ond ary raw ma te ri als
(Blengini et al., 2019; Fajfer and Kostrz-Sikora, 2022b; Fajfer et
al., 2022) with a con sid er able eco nomic value, e.g. the value of
po ten tially re cov er able met al lur gi cal slags in the old Pagida
smelter land fill in Ro ma nia has been es ti mated at 1175.7440
mil lion USD (Ilutiu-Varvara and Aciu, 2022); the value of metal
mine tail ings ac cu mu lated in land fills in Fin land has been es ti -
mated at sev eral hun dred mil lion eu ros (Kinnunen et al., 2022),
and the raw ma te rial value of rock waste from kaolinite min ing
ac cu mu lated in old dumps in It aly has been as sessed at
~1 333.800 mil lion eu ros (Dino et al., 2021).

Waste ex trac tion from var i ous sites (in clud ing re claimed
dis posal sites) is a com plex is sue as re gards tech no log i cal and
in vest ment-re lated, as well as en vi ron men tal and so cial, as -
pects. It re quires anal y sis of ar chi val data (if avail able), ob tain -
ing rel e vant ad min is tra tive per mits, per form ing raw data anal y -
sis of ac cu mu lated waste, se lect ing ap pro pri ate tech nol o gies,
and meet ing the con di tions of eco nomic vi a bil ity of waste ex -
trac tion.

Ap pli ca tion of ma chine learn ing al go rithms may be used as
sup port for the de ci sion-mak ing pro cess with re gard to pre dict -
ing the raw ma te rial po ten tial of sites in which min ing waste and
tail ings were ac cu mu lated. Ma chine learn ing is the sci ence of
al go rithms and sys tems im prov ing their knowl edge and per for -
mance with ex pe ri ence (Flach, 2012). Its es sence is to cre ate
an au to matic sys tem (al go rithm), which can learn and im prove
based on the ac cu mu lated data (Sarker, 2021a). The task of al -
go rithms in the learn ing pro cess is find ing hid den re la tions
among a large amount of data, which will di rectly and/or in di -
rectly have im pact on the so lu tion of a given prob lem. De pend -
ing on the avail able data and ex pected re sults, re gres sion, clas -
si fi ca tion or clus ter ing are used in the ma chine learn ing pro cess 
(Fig. 2). In this pa per, clas si fi ca tion al go rithms were used only.
The aim of the re gres sion and clas si fi ca tion pro cess is to pre -
dict the val ues of the de ci sion at trib ute based on the val ues of
the re main ing at trib utes. In case of clas si fi ca tion, the de ci sion
at trib ute has a dis crete value (bi nary, nom i nal) (Szeliga, 2019;
Król-Nowak and Kotarba, 2022).

Al go rithms of ma chine learn ing are now uti lized in al most
ev ery branch of life and sci ence, and the pos si bil i ties of their
prac ti cal ap pli ca tion are con tin u ously in creas ing. In ge ol ogy
and re lated dis ci plines, their train ing is per formed, e.g. in or der
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Fig. 1. Fields of ap pli ca tion of min ing and in dus trial waste ac cu mu lated in heaps, dumps and in dus trial land fills

https://doi.org/10.1016/j.scitotenv.2023.162038
https://data.europa.eu/doi/10.2760/600775
https://data.europa.eu/doi/10.2760/600775
https://doi.org/10.1016/j.resourpol.2021.102413
https://min-pan.krakow.pl/wydawnictwo/wp-content/uploads/sites/4/2022/04/2022-International-Conference.-Mineral-deposits-safeguarding-as-a-basis-of-mineral-raw-materials-safety-Book-of-abstracts.pdf
https://konferencja-aktualia.min-pan.krakow.pl/pliki/XXXI_Konferencja-Aktualia_2022_zeszyt_streszczen.pdf
https://konferencja-aktualia.min-pan.krakow.pl/pliki/XXXI_Konferencja-Aktualia_2022_zeszyt_streszczen.pdf
https://konferencja-aktualia.min-pan.krakow.pl/pliki/XXXI_Konferencja-Aktualia_2022_zeszyt_streszczen.pdf
https://doi.org/10.3390/su14095488
https://doi.org/10.1016/j.clet.2022.100499
https://doi.org/10.1016/j.jclepro.2017.10.280
https://yadda.icm.edu.pl/baztech/element/bwmeta1.element.baztech-aa40467f-5fec-428c-810c-3a09b9f3816c
https://doi.org/10.3390/suschem2040038
https://doi.org/10.5281/zenodo.3938887
https://doi.org/10.5281/zenodo.3938887
https://doi.org/10.1016/j.jenvman.2021.113013
https://re-mine.eu/wp-content/uploads/2022/05/ReMining.pdf
https://re-mine.eu/wp-content/uploads/2022/05/ReMining.pdf
https://delibra.bg.polsl.pl/Content/42061/BCPS_45999_1987_Mozliwosci-utylizacj.pdf
http://delibra.bg.polsl.pl/Content/74536/BCPS-83796_2005_Zagospodarowanie-odp.pdf
http://journals.bg.agh.edu.pl/GORNICTWO/2007-03-1/GG_2007_3-1_37.pdf
https://min-pan.krakow.pl/wp-content/uploads/sites/4/2017/12/SRM-194.pdf
https://geojournals.pgi.gov.pl/pg/article/download/15304/12972
https://geojournals.pgi.gov.pl/pg/article/download/15304/12972
https://doi.org/10.1016/j.jclepro.2023.137163
https://doi.org/10.1007/s42979-021-00815-1


to rec og nize and char ac ter ize geo log i cal struc tures re lated with
spe cific types of ore de pos its (e.g. Male and Duncan, 2020;
Topór, 2021), but also to pre dict geo phys i cal phe nom ena caus -
ing nat u ral di sas ters such as earth quakes (e.g. Ridzwan and
Yusoff, 2023) or vol ca nic erup tions (e.g. Malfante et al., 2018).
Other ex am ples in volv ing the us age of ma chine learn ing in -
clude, for ex am ple, pre dict ing ter rain sub si dence in ar eas trans -
formed by min ing ac tiv i ties (e.g. Ambrožiè and Turk, 2003), im -
prove ment of pro cesses aimed at the re cov ery of some nat u ral
re sources, e.g. cop per through leach ing (Flores and Leiva,
2021), and as sess ment of the im pact posed by min ing waste on 
the en vi ron ment (e.g. due to the re lease of toxic el e ments) (e.g.
Trifi et al., 2022; Chongchong et al., 2023). Ar ti fi cial In tel li gence
tools – be side solv ing nu mer ous com plex prob lems that ap pear 
in the ex trac tion and pro cess ing of ores – may also find ap pli ca -
tion in the op ti mi za tion of waste man age ment pro cesses and
sup ply re li able data on their qual ity pa ram e ters. With re gard to
this is sue, so lu tions were pro posed by Herrera et al. (2023), al -
though, af ter a wide lit er a ture search, these au thors em pha -
sized that the prob lem re quires fur ther anal y ses.

De spite the wide range of pub li ca tions noted above, de -
voted to the util ity of ma chine learn ing in solv ing prob lems re -
lated to ge ol ogy and min ing, these did not in clude the use of
ma chine learn ing tech niques aimed at rec og ni tion of the sec -
ond ary raw ma te rial po ten tial of waste de rived from min ing ac -
tiv i ties ac cu mu lated in heaps, dumps and dis posal sites. Pre -
sented re search there fore as sesses the sec ond ary raw ma te -
rial po ten tial of these sites us ing ma chine learn ing. This method 
has nu mer ous ad van tages, of which the minimization of field -
work costs is the most sig nif i cant one. It may in di cate sites with
sec ond ary raw ma te rial po ten tial, which should help the de ci -
sion-mak ing pro cess in se lect ing a par tic u lar site for fur ther
eco nomic and en vi ron men tal anal y ses. The pro cess is not
time-con sum ing or re stricted by me te o ro log i cal con di tions by
com par i son with tra di tional as sess ment meth ods, and does not
re quire sig nif i cant amounts of fund ing. The ma chine learn ing al -
go rithms ap plied (in clud ing de fined cat e go ries and as cribed
fea tures) may be used to as sess the po ten tial of other groups of 
min ing waste dis posal fa cil i ties.

STUDY AREA

Min ing waste dis posal sites are char ac ter ized by vari able
sur face ar eas and large vari a tions in the qual ity and quan tity of
ac cu mu lated waste re sult ing, for in stance, from the tech no log i -
cal pro cesses ap plied dur ing raw ma te rial min ing and pro cess -
ing. The range of data de scrib ing the par tic u lar fa cil i ties is also
vari able.

In the frame of ac tiv i ties per formed by PIG-PIB in 2012, 368
min ing waste fa cil i ties (ac tive and his tor i cal) were in ven to ried in 
which po ten tial sec ond ary raw ma te ri als were ac cu mu lated. At
252 of these fa cil i ties, the ac cu mu lated waste was de rived from
min ing and pro cess ing of me tal lic raw ma te ri als, at 104 the
waste was from min ing and pro cess ing of en ergy-based raw
ma te ri als, and at 12 of them the waste was from min ing and
pro cess ing of chem i cal raw ma te ri als (Kostrz-Sikora et al.,
2013). Ear lier data had doc u mented 350 in dus trial land fills, in
which the ac cu mu lated waste was gen er ally from the en ergy,
met al lurgy, metal and ma chin ery in dus tries (KPGO, 2002). In
turn, the most re cent data in di cate the pres ence of 148 min ing
waste fa cil i ties (KPGO, 2023).

The se lec tion of sites for study was made based on ear lier
re search per formed by PIG-PIB (Kostrz-Sikora et al., 2013;
Fajfer and Kostrz-Sikora, 2022b; Baza Ha³dy, 2024), avail able
pub lished data (Ratajczak, 1998; Ratajczak and Korona,
2000), ar chi val ma te rial, and ex pert knowl edge. Of par tic u lar in -
ter est were ob jects with his tor i cal ex ploi ta tion of raw ma te ri als,
be cause the tech nol o gies used in the past were less pre -
cise/ad vanced and pro duced more waste. In ef fect, the waste
ac cu mu lated on dumps and land fills in the past may con tain
sec ond ary raw ma te ri als that may be sub sti tutes for nat u ral re -
sources. In ac tive, re claimed fa cil i ties, as well as ac tive fa cil i ties
in which waste is ac cu mu lated at pres ent, were ana lysed dur ing 
the study.

In dus trial waste land fills were re moved from con sid er ation
due to the wide range of waste types, re stricted meth ods of ap -
pli ca tion re sult ing from the spe cific chem i cal com po si tion of the
waste cre ated dur ing in dus trial pro cesses, and the lim ited avail -
able ar chi val data.
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Fig. 2. Sys tem at ics of ma chine learn ing meth ods and pro cesses
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In ef fect, two groups of sites were se lected for de tailed stud -
ies (due to the large amount of avail able data): sites with waste
from min ing and pro cess ing of hard coal min ing (43) and sites
with waste from min ing and pro cess ing of iron ore (40). The
sites in clude those that are ac tive, closed-down, and re claimed, 
and are lo cated in the Silesian and Ma³opolska voivodships
(Fig. 3). Ap prox i mately 654.5 mil lion tons of waste ac cu mu lated 
in the sites se lected for the study.

METHODS

Assessement of the sec ond ary raw ma te rial po ten tial of
sites con tain ing waste from hard coal and iron ore min ing, and
pro cess ing by the ap pli ca tion of ma chine learn ing, was per -
formed ac cord ing to the fol low ing pro ce dure (Fig. 4):

DATA AVAILABILITY AND COLLECTION

The first stage of stud ies in cluded the def i ni tion of cri te ria
and char ac ter is tics de scrib ing the fa cil i ties se lected. Due to the
large vari abil ity of the sites (e.g. dif fer ent sources of waste, vari -
able waste chem is try, dif fer ent tech nol o gies of ex trac tion and
pro cess ing of raw ma te ri als), it was not pos si ble to as sign a
fixed and in vari ant set of fea tures de scrib ing the cri te ria for each 
site. In the end, the fa cil i ties were de scribed by seven cri te ria:

1. Source of waste (de scribed by cat e gory-re lated fea -
tures, e.g. un der ground min ing, sur face min ing, type of
waste: min ing waste, tail ings, waste from raw ma te rial
pro cess ing).

2. Type of fa cil ity (de scribed by cat e gory-re lated fea tures,
e.g.: com plete – in com plete, his tor i cal – mod ern, closed
– op er ated, non-re claimed – re claimed).
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Fig. 3. Lo ca tion of the sites ana lysed to test their sec ond ary raw ma te rial po ten tial

Fig. 4. The ma chine learn ing pro ce dure used to as sess the sec ond ary raw ma te rial po ten tial of sites with min ing and
pro cess ing waste



3. Char ac ter is tics of the site (de scribed by nu mer i cal fea -
tures, e.g. area, amount of ac cu mu lated waste, time of
waste de po si tion, spon ta ne ous com bus tion).

4. Waste char ac ter is tics (de scribed by cat e gory-re -
lated/de scrip tive fea tures, e.g.: chem i cal com po si tion).

5. De vel op ment of the de posit (de scribed by cat e gory-re -
lated fea tures, e.g. man age ment, type of min ing re -
source, form of de posit).

6. Uti li za tion of waste ac cu mu lated at the fa cil i ties (de -
scribed by cat e gory-re lated fea tures, e.g.: cur rent uti li -
za tion, past uti li za tion, di rec tions of uti li za tion, per -
formed suit abil ity stud ies in each di rec tion).

7. Ex ist ing func tions of the site rel a tive to the en vi ron ment
and so ci ety (de scribed by cat e gory-re lated fea tures,
e.g. cul tural her i tage, tour ism po ten tial, rec re ation and
sports po ten tial, pro tected ar eas).

76 or 105 fea tures were at trib uted to par tic u lar cat e go ries
re spec tively. A larger num ber of fea tures (105) was de fined for
dis posal sites in which waste from hard coal min ing and pro -
cess ing was ac cu mu lated. This waste was gen er ated and
stored in the larg est amounts. The waste is char ac ter ized by
pa ram e ters which al low for their wide ap pli ca tion in var i ous
branches of in dus try while also be ing sig nif i cant bar ri ers as re -
gards these pur poses. In turn, a lower num ber of fea tures (76)
was in di cated for fa cil i ties ac cu mu lat ing waste from the min ing
and pro cess ing of iron ore. These sites have been clearly rec -
og nized and char ac ter ized in the past. Min ing of iron ore ter mi -
nated in the 1980s, and so ar chi val data were used in the def i ni -
tion of their cat e go ries and fea tures (Ratajczak, 1998).

The datasets were bal anced (for iron ore sites class fre -
quen cies are 22/18 and for hard coal sites, 25/18). Based on
pos si bil ity of waste re cov ery as re gards prof it abil ity (e.g. sites
com plete, a large amount of ac cu mu lated waste, chem i cal
anal y ses avail able, no fire haz ards) and their other func tions in
so ci ety (e.g. cul tural her i tage, UNESCO sites) the class la bels
were de ter mined.

DATA PRE-PROCESSING

At this stage, the raw data were pro cessed to a form suit -
able for ma chine learn ing al go rithms (Grus, 2018). The in put
raw datasets con tained data in the form of nu mer i cal data (sin -
gle num bers and their ranges), text cat e go ries (yes/no/miss ing
data, etc.), de scrip tive cat e go ries (waste li thol ogy, min eral type, 
age). Nu mer i cal data were left un changed. The num ber ranges
were sep a rated into two po si tions (from-to). Col umns con tain -
ing text de scrip tions of the fa cil i ties (e.g. ob ject name) were re -
moved. These data were re tained in the source ta ble to en able
sub se quent ad di tion of de scrip tions to the out put data. Nu mer i -
cal val ues as in te gers were as cribed to the text fea tures. More -
over, fea tures cor re spond ing to ‘miss ing data’ were re placed by 
a fixed nu mer i cal value (-1). Multi-value de scrip tive cat e go ries
were sep a rated us ing OneHotEncoding, i.e., ad di tional cat e go -
ries were cre ated for each value oc cur ring in a given fea ture
with val ues 1 or 0 rep re sent ing the oc cur rence or non-oc cur -
rence of a given cat e gory value.

The next step in ini tial data pro cess ing was anal y sis of vari -
ance in each col umn per formed us ing the VarianceThreshold
func tion from the Py thon scikit-learn pack age. At this stage, col -
umns with low vari ance (<0.05) of the data were also re moved
from the anal y sis.

Be cause the oc cur rence of mu tu ally cor re lated data col umns 
can re duce the ac cu racy of learn ing, the dataset pre pared was
sub ject to cor re la tion anal y sis, us ing tools avail able in the pan das 
li brary for Py thon (Raschka and Mirjalili, 2021; Pan das, 2024).

This pro cess re stricts the di men sion of the in put data and the de -
mand for com put ing power. A cor re la tion ma trix was cre ated for
each pair of data col umns us ing Pearson’s lin ear cor re la tion. For
each pair of col umns pos i tively or neg a tively cor re lated at the
level of 100%, only one was re tained. The cor re la tion be tween
data for fa cil i ties with iron ore min ing and pro cess ing waste is vi -
su al ized as a ‘ther mal map’ (Fig. 5).

Ad di tion ally, an ini tial as sess ment of uti liz ing the ac cu mu -
lated waste, based on ex pert knowl edge, was made for fa cil i ties 
where hard coal and iron ore min ing and pro cess ing waste was
stored. Ini tially, the in put data for tests of su per vised learn ing
were sub di vided into dis so ci ated datasets: learn ing (75% in put
data) and test (25% in put data). How ever, in or der to avoid
prob lems linked with the rel a tively small size of the in put
dataset dur ing the tests, in fur ther pro ceed ings a cross-val i da -
tion with the strat i fied k-fold method was used, with k=4, 6 and
8; this sep a rates the in put dataset into a pre set num ber of parts
and uses all com bi na tions of these parts as the learn ing and
test datasets, so all re cords from the in put dataset are used at
least once in the test set. More over, us ing the strat i fied k-fold
method as sures equal rep re sen ta tion of each tar get class in
test set.
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Fig. 5. Cor re la tion heat map of the in put cri te ria for fa cil i ties
with waste from iron ore min ing and pro cess ing

(p-value<0.05)

https://pandas.pydata.org/ (accessed 1.02.2024)


APPLICATION OF THE MACHINE LEARNING APPROACH

Al go rithms of su per vised ma chine learn ing from the Py thon
scikit-learn pack age were used to pre dict the pa ram e ters in flu -
enc ing the sec ond ary raw ma te rial po ten tial of un tested post-
 min ing sites. Due to the fact that the prob lem ana lysed can be
brought down to ob ject clas si fi ca tion such as: yes/no, ful -
fils/does not ful fil, 0/1, only clas si fier al go rithms were used for
su per vised learn ing. Su per vised learn ing al go rithms (Ta ble 1)
used in the first stage rep re sent dif fer ent mod els of ma chine
learn ing, from sim ple lin ear mod els (RidgeClassifier, SGDClas -
s ifier, Perceptron) through de ci sion trees (DecisionTree Clas -
sifier, ExtraTreeClassifier) op er at ing on the prin ci ple of a se ries
of con di tions, Na ive Bayesian clas si fi ers (GaussianNB,
ComplementNB, BernoulliNB) that as sume mu tual in de pend -
ence of vari ables, the sup port vec tor method – SVM (Linear -
SVC, NuSVC) that sep a rates ob jects be long ing to dif fer ent
classes in mul ti di men sional space, the Near est Neigh bors
method (KneighborsClassifier, RadiusNeighborsClassifier),

and the multilayer perceptron net work (MLPClassifier) clas si -
fied as a neu ral net work. Al go rithms that en hance the per for -
mance of a sin gle al go rithm (ExtraTreesClassifier,
AdaBoostClassifier, RandomForestClassifier, Gradient Boost -
ing Clas si fier) were also ap plied, as well as al go rithms that com -
pose re sults from sev eral com po nent al go rithms, such as the
VotingClassifier al go rithm and the StackingClassifier al go rithm
that treat com po nent re sults as in put data for the fi nal es ti ma tor
(Géron, 2018; Scikit-learn, 2024).

TRAINING AND EVALUATION

A train ing dataset was used to con struct the ma chine learn -
ing model, and later, in or der to test the model’s ef fi ciency, tests
were per formed with the test dataset. The pro cess re quired
sev eral it er a tions un til ac cept able re sults were ob tained (e.g.
cross-val i da tion). In or der to re move the po ten tial neg a tive im -
pact of data vari abil ity, tests were per formed on both raw data
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Group of ML al go rithms ML al go rithm De scrip tion

Tree-Based En sem bles

AdaBoostClassifier,
GradientBoostingClassifier,

RandomForestClassifier,
ExtraTreesClassifier

These al go rithms com bine mul ti ple de ci sion trees to
cre ate strong pre dic tive mod els, re duc ing overfitting and

im prov ing ac cu racy through en sem ble tech niques.

DecisionTreeClassifier,
ExtraTreeClassifier

These al go rithms cre ate tree-like struc tures to make
de ci sions based on fea ture val ues, with

ExtraTreeClassifier add ing ran dom ness for fur ther
di ver si fi ca tion.

Sup port Vec tor Ma chines (SVMs) LinearSVC, NuSVC, SVC
These al go rithms find op ti mal hyperplanes to sep a rate

data into classes, with vari a tions in ker nel func tions and
parameterization for lin ear and non-lin ear bound aries.

Gen er al ized Lin ear Mod els RidgeClassifier, SGDClassifier, 
Perceptron

These al go rithms use lin ear mod els with reg u lar iza tion or 
it er a tive op ti mi za tion to clas sify data, suit able for lin early

sep a ra ble prob lems or large datasets.

Neu ral Net works MLPClassifier
This al go rithm uses multi-layer perceptrons, a type of

neu ral net work, to learn com plex non-lin ear re la tion ships
be tween fea tures and tar get vari ables.

Gaussi an Pro cesses and Na ive Bayes

GaussianProcessClassifier
This al go rithm uses Gaussi an pro cesses to model the
prob a bil ity dis tri bu tion of the tar get vari able, pro vid ing

proba bil is tic pre dic tions.

GaussianNB, ComplementNB,
BernoulliNB

These al go rithms ap ply Bayes' the o rem with dif fer ent
as sump tions about fea ture dis tri bu tions (Gaussi an,

multinomial, or Bernoulli) for proba bil is tic clas si fi ca tion.

T a  b l e  1

An over view of the clas si fi ca tion al go rithms used

Scal ing Al go rithm De scrip tion

Normalizer Scales each sam ple (row) to the unit norm, use ful when the di rec tion of the data is im por tant, not its
mag ni tude.

StandardScaler Stan dard izes fea tures by re mov ing the mean and scal ing to unit vari ance, com monly used in al go rithms that
as sume a nor mal dis tri bu tion of data.

MinMaxScaler Scales fea tures to a spe cific range (de fault 0–1), use ful when we need to con strain data to a spe cific in ter val.

MaxAbsScaler Scales each fea ture so that its max i mum ab so lute value is 1, use ful for sparse data or when we want to
pre serve ze ros.

RobustScaler Scales fea tures us ing me dian and quartiles, ro bust to out li ers in the data.

QuantileTransformer Trans forms fea tures to have a quantile dis tri bu tion, which can be use ful when data has non-lin ear
dis tri bu tions.

T a  b l e  2

An over view of the scal ing al go rithms used

https://scikit-learn.org/stable/


and data sub jected to scal ing and nor mal iza tion al go rithms, i.e.
StandardScaler, RobustScaler, MinMaxScaler, MaxAbsScaler, 
PowerTransformer, QuantileTransformer and Normalizer from
the scikit-learn li brary (Ta ble 2). A Py thon script was writ ten to
test the al go rithms, com bin ing scal ing and nor mal iza tion al go -
rithms with ma chine learn ing al go rithms (pipe line). Pairs of al -
go rithms were sub ject to cross-val i da tion (strat i fied k-fold) by
cal cu lat ing the av er age value of pre dic tion ac cu racy for 4, 6 and 
8 splits of the dataset.

RESULTS AND DISCUSSION

Tests per formed for fa cil i ties with waste and tail ings from
hard coal min ing (Ta ble 3) have in di cated that the most ac cu -
rate pre dic tion matches af ter the learn ing pro cess were ob -
tained us ing the AdaBoostClassifier, ExtraTreesClassifier,
RandomForestClassifier, GaussianNB, GaussianProcessClas -
si fier, MLPClassifier, NuSVC and SVC al go rithms. In turn, tests
per formed for fa cil i ties with iron ore min ing waste and tail ings
have shown that the most ac cu rate pre dic tion matches were
ob tained af ter ap pli ca tion of the GaussianProcessClassifier,

SGDClassifier, GaussianNB, MLPClassifier, BernoulliNB,
ComplementNB, KNeighborsClassifier, ExtraTreeClassifier
and SVC al go rithms (Ta ble 4). The re sults in the fol low ing ta -
bles are the means of ac cu racy val ues ob tained from cross-val -
i da tion tests per formed on full sets.

The anal y ses per formed have in di cated that the high est
match ing value for fa cil i ties with hard coal min ing waste and
tail ings was 0.75. The ob served low qual ity of pre dic tion may
sug gest that the dataset lacks cri te ria rel e vant for the se lec tion
of pro spec tive ob jects. In the case of sites with iron ore min ing
waste and tail ings the best fit was 0.85. The pre dic tion qual ity
ob tained may in di cate that the dataset con tains cri te ria sig nif i -
cant for se lect ing a heap or dump as a pro spec tive fa cil ity. Due
to the di ver sity of the dataset (cri te ria and at trib uted fea tures)
for the two groups of sites, it is not pos si ble to clearly iden tify a
sin gle al go rithm which would gen er ate the best re sults for the
se lec tion of pro spec tive sites. The clos est re sults for both
groups of sites are gen er ated by the GaussianProcessClas -
sifier al go rithm (from the GaussianProcess group of al go -
rithms). In di vid ual anal y sis of each group of fa cil i ties showed
that for sites with hard coal min ing waste and tail ings, the best
pre dic tion re sults were ob tained us ing the Gaussi an NB al go -
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T a  b l e  3

Re sults of ma chine learn ing tests us ing su per vised al go rithms for fa cil i ties with waste from hard coal 
min ing and pro cess ing



rithm, whereas for sites with iron ore min ing waste and tail ings,
the best pre dic tion re sults were achieved us ing the Gaussian -
ProcessClassifier al go rithm with the ap pli ca tion of in put scal ing
al go rithms. Anal y sis of the re sults shows that the ap pli ca tion of
the scal ing al go rithms MaxAbsScaler, MinMaxScaler, Robust -
Scaler and QuantileTransformer had a pos i tive in flu ence on in -
creas ing the pre dic tion pre ci sion.

MULTI-LAYER PERCEPTRON ALGORITHM

The next stage of the anal y sis was test ing whether the
Multi-Layer Perceptron al go rithm would be ap pli ca ble in the de -
ter mi na tion of pro spec tive sites in both groups ana lysed. Anal y -
sis of the ef fec tive ness of the Multi-Layer Perceptron al go rithm
has shown that for the fa cil i ties with hard coal min ing waste and
tail ings, the re sults ob tained reached a max i mum ef fi ciency of
0.70 pre dic tion at pro por tions of the test to learn ing datasets of
1:3, and 0.79 at a ra tio of 1:7 in the pa ram e ter com bi na tions
tested (Ta ble 5). For sites with iron ore min ing waste and tail -

ings, for some com bi na tions the re sults ex ceeded the 0.80
thresh old, with a max i mum 0.85 for a 1:7 set ra tio (Ta ble 6). The 
best re sults were ob tained when work ing on data rescaled us -
ing the MinMaxScaler al go rithm for hard coal fa cil i ties, whereas
for the iron ore sites the ef fect of scal ing on the vari a tion of the
re sults was smaller, and sim i lar re sults were ob tained with the
RobustScaler, StandardScaler and MaxAbsScaler al go rithms.
The ef fect of a small num ber of in put data on the vari abil ity of
the re sults de pend ing on the sub di vi sion of the dataset into the
learn ing and test parts is clear. The test re sults show that the
large size of the hid den layer is not re quired, as the re sults in the 
range of the up per ac cu racy limit are achieved even for a layer
com posed of 10 neu rons, and in crease in their num ber does
not re sult in an in crease in pre dic tion ac cu racy. Sim i lar re sults
were ob tained for each of the ac ti va tion func tions: tanh, relu,
iden tity and lo gis tic. The most ef fec tive al go rithm for op ti miz ing
the weights solver is sgd (sto chas tic gra di ent de scent); only
slightly worse re sults for both site types were ob tained in the
case of the lbfgs al go rithm.
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T a  b l e  4

Re sults of ma chine learn ing tests us ing su per vised al go rithms for fa cil i ties with waste from iron ore
min ing and pro cess ing



The net works con structed, hav ing a large num ber of neu -
rons in the hid den lay ers, may be overfitted. There fore, it is im -
por tant to dis re gard them as a valid model.

ENSEMBLE ALGORITHMS

For fa cil i ties with hard coal and iron ore min ing waste and
tail ings, learn ing tests were made with the ap pli ca tion of al go -
rithms that com pose re sults from mul ti ple com po nent al go -
rithms.

Four in put ba sic al go rithms (MLPClassifier with a
MinMaxScaler scal ing al go rithm, ExtraTreesClassifier with a
RobustScaler scal ing al go rithm, GaussianNB with a
MinMaxScaler scal ing al go rithm, and DecisionTreeClassifier
with a StandardScaler scal ing al go rithm) were se lected for the
VotingClassifier and StackingClassifier com po nent al go rithms
for the first group of sites. For the sec ond group of sites, the ba -

sic al go rithms were: MLPClassifier with a MaxAbsScaler scal -
ing al go rithm, BernoulliNB with a RobustScaler scal ing al go -
rithm, GaussianNB with out a scal ing al go rithm, and Gaus -
sianProcessClassifier with a Normalizer scal ing al go rithm. For
the compositional al go rithms, cross-val i da tion tests were per -
formed with split ting of the in put dataset into 4 and 8 parts. The
aim of these tests was as sess ing whether ap pli ca tion of these
al go rithms al lows one to ob tain pre dic tion re sults better than for
in di vid ual com po nent al go rithms. It was ob served that for hard
coal dis posal sites there was a slight im prove ment in the pre dic -
tion re sults (0.74 for the 4-part split and 0.75 for the 8-part split)
in com par i son to the re sults shown in Ta ble 3. For iron ore
waste fa cil i ties there was no sig nif i cant im prove ment com pared 
to the re sults from Ta ble 4. The val ues achieved were 0.78 for
the 4-part split and 0.83 for the 8-part split. The suit abil ity of
these al go rithms for the ap pli ca tion cho sen was not found sat is -
fac tory.
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Scaler Num ber of neu rons
in the hid den layer Ac ti va tion func tion Solver al go rithm cv=4 cv=8

MM 40 tanh sgd 0.70 0.77

MM 10 relu sgd 0.70 0.72

MM 10 tanh sgd 0.70 0.72

MM 20 iden tity sgd 0.70 0.72

MM 160 relu sgd 0.67 0.77

MM 160 tanh sgd 0.67 0.75

MM 10 lo gis tic lbfgs 0.63 0.79

MM 20 tanh sgd 0.63 0.77

 MM – MinMaxScaler; cv – num ber of sub di vi sions of the in put dataset into train ing and test data us ing
cross-val i da tion. The di men sion of the train ing dataset for cv=N is (N-1)/N of the in put dataset; the di men -
sion of the test ing dataset is 1/N

T a  b l e  5

Se lected re sults of the Multi-Layer Perceptron al go rithm for fa cil i ties with waste from hard coal 
min ing and pro cess ing

Scaler Num ber of neu rons
in the hid den layer Ac ti va tion func tion Solver al go rithm cv=4 cv=8

R 30 lo gis tic sgd 0.83 0.85

MA 25 iden tity sgd 0.80 0.83

SS 10 lo gis tic sgd 0.78 0.85

SS 15 lo gis tic sgd 0.78 0.85

MA 10 iden tity sgd 0.78 0.83

MA 10 relu sgd 0.78 0.83

MA 20 tanh sgd 0.78 0.83

MA 25 relu sgd 0.78 0.83

MA 35 iden tity sgd 0.78 0.80

R – RobustScaler, MA – MaxAbsScaler, SS – StandardScaler; cv – num ber of sub di vi sions of the in put
dataset into train ing and test data us ing cross-val i da tion. The di men sion of the train ing dataset for cv=N
is (N-1)/N of the in put dataset; the di men sion of the test ing dataset is 1/N

T a  b l e  6

Se lected re sults of the Multi-Layer Perceptron al go rithm for fa cil i ties with waste from iron ore
min ing and pro cess ing



VALIDATION OF PREDICTION ACCURACY

The en tire dataset of fa cil i ties with waste from hard coal and 
iron ore min ing and pro cess ing was sub ject to cross-val i da tion.
The main goal of this pro ce dure was as sess ment of the ef fec -
tive ness of the learn ing pro cess with ap pli ca tion of the ear -
lier-se lected learn ing al go rithms re turn ing the best re sults. The
ef fec tive ness of pre dic tion is shown in Fig ures 6 and 7. The re -
sults ob tained were com pared with the ex pert as sess ment of
the sec ond ary raw ma te rial po ten tial of in di vid ual fa cil i ties. Ob -
jects that were in cor rectly clas si fied (as pro spec tive or non-pro -
spec tive) by the ma chine learn ing al go rithms in re la tion to the
ex pert as sess ment may be sub ject to anal y sis in or der to de ter -
mine the fea tures in flu enc ing such clas si fi ca tion; this re fers in
par tic u lar to ob jects clas si fied in cor rectly by most al go rithms.
In for ma tion on the num ber and types of per formed er rors was
ob tained by us ing the con fu sion ma trix to dis play the re sults.

The ROC curve (Re ceiver Op er at ing Char ac ter is tic curve)
is a graph i cal rep re sen ta tion used to eval u ate the per for mance
of a bi nary clas si fi ca tion model. It plots the True Pos i tive Rate
(TPR) (sen si tiv ity) against the False Pos i tive Rate (FPR) at var -
i ous thresh old lev els, show ing the trade-off be tween cor rectly
iden ti fy ing pos i tive cases and in cor rectly clas si fy ing neg a tive
cases as pos i tive. A per fect clas si fier would have a curve pass -
ing through the top-left cor ner, while a ran dom clas si fier would
fol low the di ag o nal line from (0.0) to (1.1). The AUC (Area Un -
der the Curve) is a sin gle met ric sum ma riz ing the ROC curve. It
rep re sents the prob a bil ity that a ran domly cho sen pos i tive in -
stance is ranked higher than a ran domly cho sen neg a tive in -

stance. An AUC of 1.0 in di cates a per fect model, 0.5 cor re -
sponds to ran dom guess ing, and val ues be low 0.5 sug gest
worse-than-ran dom per for mance. Achieved AUC val ues are
larger than 0.8. The mod els are ef fec tive in dis tin guish ing be -
tween pos i tive and neg a tive classes (Fig. 8).

THE RFE PROCEDURE AND PERMUTATION IMPORTANCE

Us ing the RFE al go rithm (re cur sive fea ture elim i na tion)
from the scikit-learn li brary, the pre vi ously tested ma chine
learn ing al go rithms re turn ing the best re sults (pre dic tion ac cu -
racy at the level of 0.70 for hard coal sites and 0.80 for iron ore
sites) were ana lysed in or der to find fea tures with the great est
im pact on pre dic tion ac cu racy. The RFE al go rithm sub se -
quently re moves the fea tures from the in put dataset and checks 
the re sult ing changes in the pre dic tion re sults. The al go rithm
cre ates a list of fea tures with the high est im pact on pre dic tion
ac cu racy. Us ing the RFE method re sulted in the for ma tion of
most sig nif i cant fea tures lists for 4 al go rithms:
ExtraTreeClassifier, LinearSVC, SGDClassifier, and
GaussianProcessClassifier (not all al go rithms can be tested us -
ing the RFE method). For hard coal dis posal sites the most
com mon fea tures were: cause fire haz ards on the site by waste
in the past, us age of the ob ject, and area oc cu pied by the ob -
ject. In turn, for the iron ore dis posal sites, these fea tures in -
cluded: amount of waste, past us age of waste from the fa cil i ties, 
and cur rent di rec tion of waste us age: con struc tion ce ram ics.
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Fig. 6. Con fu sion ma trix for fa cil i ties with waste from iron ore min ing and pro cess ing
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Fig. 7. Con fu sion ma trix for fa cil i ties with waste from hard coal min ing and pro cess ing

Fig. 8. The ROC curves for se lected al go rithms



12 Joanna Fajfer et al. / Geo log i cal Quar terly, 2025, 69, 14

Fig. 9. Ex am ples of fea ture im por tance ob tained by the permutation_importance function



De tailed tests as sess ing fea ture va lid ity for the ac cu racy
were per formed both for the hard coal and iron ore sites for the
su per vised learn ing al go rithms re turn ing the high est re sults.

The per mu ta tion_importances func tion was used for the
ear lier tested al go rithms (MLPClassifier, GaussianNB and
SVC), which can not be ana lysed us ing the RFE al go rithm due
to the lack of a rank ing list of rel e vant fea tures. For com par i son,
this pro ce dure was also ap plied for the GaussianProcess -
Classifier al go rithm. This func tion changes the val ues of in di vid -
ual fea tures of the in put data and tests the ef fect of these
changes on the re sult ing pre dic tion score com pared to the re -
sults ob tained us ing un mod i fied data (Scikit-learn, 2024).

In the case of iron ore fa cil i ties, the per formed as sess ment
of the im por tance of fea tures for the pre dic tion ac cu racy for the
al go rithms re turn ing the high est re sults has in di cated that
among the sig nif i cant fea tures oc cur those linked with the char -
ac ter is tics of the raw ma te rial, waste dis posal site char ac ter is -
tics (age, amount of waste, con di tion, pur pose of the fa cil ity),
and the pre dicted us age of waste. For the Gaussian -
ProcessClassifier al go rithm, the most sig nif i cant fea tures were:
us age of the fa cil ity, area of the fa cil ity, de posit depth, de posit
ex ploi ta tion depth, amount of waste, time of waste de po si tion.
For the SGDClassifier al go rithm, the rel e vant fea tures in cluded: 
us age of the fa cil ity, di rec tion of cur rent waste us age – con -
struc tion ce ram ics, de posit depth, de posit ex ploi ta tion depth,
end of waste dis posal.

Anal y sis of the in put cri te ria us ing the RFE al go rithm and
the per mu ta tion_im por tance func tion is aimed at de ter min ing
the list of fea tures with a sig nif i cant im pact on the pre dic tion re -
sults, thus re duc ing the work load spent on pre par ing the in put
data.

Ex am ples of re sults ob tained for the iron ore fa cil i ties us ing
the per mu ta tion_im por tance func tion for the MLPClassifier al -
go rithm (with RobustScaler scal ing al go rithm), for al go rithm
SVC (with MinMaxScaler scal ing al go rithm), al go rithm
GaussianProcessClassifier with MinMaxScaler scal ing al go -
rithm, and GaussianNB al go rithm with MinMaxScaler scal ing
al go rithm are shown be low (Fig. 9).

The val ues ob tained us ing the per mu ta tion_im por tance fun -
c tion show the ef fect of mod i fy ing the value of a given fea ture on 
the de crease in pre dic tion ac cu racy. The neg a tive val ues in di -
cate the in crease in the pre dic tion ac cu racy af ter data per mu ta -
tion. This points to the low va lid ity or lack of va lid ity of a given
fea ture for the model ac cu racy. This phe nom e non oc curs in
small datasets, where the learn ing pro cess is un able to de tect
the low im por tance of a given fea ture, and in re al ity has a ran -
dom ef fect on the ac cu racy of the model. The small dataset vol -
ume also has in flu ence on the dif fer ences ex ist ing in the va lid ity
of fea tures in dif fer ent al go rithms, and thus the
overrepresentation of the va lid ity of some fea tures with re gard
to the un der es ti ma tion of the va lid ity of other fea tures.

CONCLUSIONS

The eco nomic value of min ing waste and tail ings ac cu mu -
lated in heaps, dumps and dis posal sites (ac tive, re claimed and
his tor i cal) is sig nif i cant. How ever, the as sess ment of these ob -

jects with re gard to the re cov ery of raw ma te ri als is a pro cess
re quir ing large fi nan cial out lays. The de vel op ment of ma chine
learn ing tech nol o gies and the re sults achieved in a PIG-PIB
pro ject in di cate that this is a prom is ing tool for pre dict ing the
sec ond ary raw ma te rial po ten tial of the sites ana lysed. More -
over, suc cess ful us age of ma chine learn ing meth ods re quires
ac cess to an ap pro pri ately large dataset and ap pro pri ate data
pro cess ing. More over, as sess ing the sec ond ary raw ma te rial
po ten tial of these ob jects is a pro cess re quir ing large fi nan cial
out lays and is time-con sum ing.

The re sults ob tained, due to the fail ure to achieve a 100%
pre dic tion cer tainty, in di cate that ma chine learn ing can not be
the only tool used to un der take de ci sions on the re use of the fa -
cil i ties ana lysed. It may, how ever, sup port the de ci sion-mak ing
pro cess, sup ply ing in for ma tion on the po ten tially use ful and po -
ten tially non-use ful fa cil i ties for fur ther us age. Ap pli ca tion of
ma chine learn ing meth ods may con trib ute to re duc ing the fi -
nan cial out lays in dis pens able for per form ing in-situ stud ies on
the fa cil i ties in the ini tial phase of the in vest ment. Ad di tion ally,
the pro cess is not time-con sum ing and re stricted e.g. by other
con di tions hav ing im pact on its re al iza tion com pared to other
tra di tional meth ods that are pres ently used. The ma chine learn -
ing al go rithms ap plied (in clud ing the de fined cri te ria and their
fea tures) may be used to as sess the po ten tial of other groups of 
in dus trial land fills. Nev er the less, there are re stric tions in the ap -
pli ca tion of this method re sult ing from the need to ob tain good
qual ity data, fea ture se lec tion, or po ten tial er rors re sult ing from
in ap pro pri ately se lected al go rithms for the cal cu la tions.

The re sults of clas si fi ca tion fa cil i ties from iron ore min ing
and pro cess ing showed that the out comes were greatly in flu -
enced by fea tures such as the area of the dis posal sites and the 
amount of ac cu mu lated waste. Con sid er ation should be given
to iden ti fy ing and in tro duc ing an ad di tional fea ture in fu ture
stud ies, in di cat ing the pros pects of the sites. In the case of hard
coal min ing and pro cess ing fa cil i ties, the anal y sis was dif fi cult
due to the larger num ber of fea tures, as well as the lower qual ity 
of data than in the pre vi ous case.

Ex pe ri ence gained dur ing these stud ies may be use ful for
other, sim i lar ap pli ca tions, e.g. the en vi ron men tal clas si fi ca -
tion of fa cil i ties or ar eas which can be de scribed by a set of cri -
te ria. Be cause the in ves ti ga tions are novel, as shown by the
lack of pub lished re ports on ma chine learn ing ap pli ca tions for
the re c o g ni tion of the sec ond ary raw ma te rial po ten tial of
waste ac cu mu lated in heaps, dumps and dis posal sites, their
con tin u a tion seems ap pro pri ate. Fu ture stud ies should con -
cen trate on the iden ti fi ca tion of the most ef fec tive in put data
for ma chine learn ing al go rithms, the avail abil ity and qual ity of
the nec es sary data, as well as cre at ing uni form stan dards for
datasets de scrib ing par tic u lar groups of ac cu mu lated waste.

The study was fi nanced from funds al lo cated to the stat u -
tory ac tiv i ties of PGI-NRI (Pro ject No. 61.3794.2300.00.0).
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