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As so ci ate Ed i tor: Wojciech Granoszewski

This pa per pres ents the po ten tial ap pli ca tion of su per vised ma chine learn ing al go rithms to as sess the en vi ron men tal im pact
of mine dis posal sites. Al go rithms avail able for Py thon from the scikit-learn and pan das li brar ies were ap plied to a group of
sites rep re sent ing mine waste dumps used for the dis posal of hard coal min ing waste. Each dis posal site was de scribed with
11 at trib utes (site char ac ter is tics, waste char ac ter is tics, ground wa ter, sur face wa ter, air, soil, at mo spheric fac tors, ge ol ogy,
geohazards, na ture, and hu man en vi ron ment) and 73 fea tures (cat e gor i cal, nu mer i cal, and de scrip tive) de tail ing the sites’
en vi ron men tal im pact. As a re sult of ap ply ing the learn ing pro cess to train ing data and ver i fy ing it on test data, pre dic tion re -
sults of at least 80% were ob tained for all al go rithms tested. The re sults in di cate that the best al go rithm for de ter min ing the
en vi ron men tal im pact of the waste dumps would be the BernouliNB al go rithm (86% pre dic tion ac cu racy), fol lowed by the
RidgeClassifier al go rithm (87% pre dic tion ac cu racy), with the cur rently avail able train ing dataset.  Po ten tial ex ten sion of the
dataset could im prove the re sults of the MLPClassifier, Sup port Vec tor Ma chine, and Lo gis tic Re gres sion al go rithms.
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INTRODUCTION

Hard coal min ing has since the 15th cen tury gen er ated
waste, de pos ited in heaps in for mer min ing ar eas, near the
then-ex ist ing min ing plants (Jaros, 1975; Pi¹tek, 1995;
Rostañski, 2006; Chudy et al., 2014; Œwita³a-Trybek and
Œwita³a-Mastalarz, 2018) and mostly lo cated in ex ploited
open-pit de pos its of sand and gravel with out pro tec tion lay ers
above the per me able bed rock (Szczepañska-Plewa et al.,
2010). The lo ca tion of these dis posal sites di rectly in the en vi -
ron ment (with out the protections re quired by cur rent leg is la tion) 
has con trib uted to their neg a tive im pact on ground wa ter, sur -
face wa ter, air, soil and veg e ta tion (Kostrz-Sikora et al., 2013).
The ex tent and type of im pacts re sult from the sum of
physicochemical pro cesses oc cur ring in the mass of ac cu mu -
lated waste, the un fa vour able hydrogeological and geo log i cal
con di tions in the sur round ing area, and the lack of tech ni cal so -

lu tions to limit the re lease of po ten tial con tam i nants into the en -
vi ron ment. The po ten tial neg a tive im pact of min ing waste
dumps on the en vi ron ment is in flu enced by sev eral fac tors, the
most im por tant of which in clude: the chem i cal com po si tion of
the ac cu mu lated waste, its com pac tion, se lec tive or non-se lec -
tive waste stor age, rain wa ter in fil tra tion through the struc ture,
ven ti la tion con di tions (Konior, 2006; Czajkowska et al., 2018),
hydrogeological and hy dro log i cal con di tions in the area of the
site, cli ma tic fac tors, the time of waste de po si tion, and the ex -
tent and na ture of geohazards (land slides, floods, and min -
ing-in duced de for ma tion in the ar eas where the heap is lo cated; 
Sroga et al., 2017; Baza Ha³dy, 2025). The chem i cal com po si -
tion of the ac cu mu lated waste is de ter mined by the type of min -
eral ex tracted and the tech no log i cal pro cesses used dur ing its
pro cess ing, which in turn in flu ence the di ver sity of im pacts of
the dumps on the soil and wa ter en vi ron ment, as well as on air
pol lu tion.

The im pact of hard coal min ing and pro cess ing waste dis -
posal sites on ground wa ter and sur face wa ter is mainly re lated
to the leach ing of sulphates, chlo rides and heavy met als from
the ac cu mu lated waste (Twardowska, 1981; Szczepañska,
1987; Chudy and Marsza³ek, 2010: Czajkowska et al., 2018;
£aganowska, 2019). The fol low ing el e ments were found in
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these wa ters: Al, Mn, Fe, V, Zn, Li, Co, Cd, Be, Pb and Cu
(Twardowska, 1981; Szczepañska, 1987; Szczepañska and
Twardowska; 1999; Stefaniak and Twardowska, 2009;
Szczepañska-Plewa et al., 2010; Zaj¹c and Zarzycki, 2013;
Chudy et al., 2014; Czajkowska et al., 2018; £aganowska,
2019; Wolkersdorfer and Mugova, 2022).

The im pact of hard coal waste heaps on soils may be re -
lated to their in creased sa lin ity and sul phur con tent as well as
the con cen tra tion of heavy met als (Rusin et al., 2018; Piekut et
al., 2018). Sul phur com pounds and tar sub stances re sult ing
from the self-heat ing of min ing waste ac cu mu lated on burned
heaps are washed out by rain wa ter from the dumps and per me -
ate into the soil (Styrol, 2020). Heavy met als, in clud ing Zn, Pb,
Cd, Cu, Ni, As, Cr and Hg, were found in the soils (Rusin et al.,
2018, Piekut et al., 2018). In the area around the waste dumps,
air pol lu tion may oc cur through the re lease of fine dust from
their sur faces, that lack or are only sparsely cov ered with veg e -
ta tion. Fur ther more, in the case of self-heat ing and spon ta ne -
ous com bus tion of hard coal waste heaps, CO2, CO, SO2, H2S,
CH4 are re leased into the at mo sphere (Ró¿añski, 2019;
Fabiañska et al., 2019; Styrol, 2020).

Cur rent le gal reg u la tions spe cif i cally con cern re duc tion of
the neg a tive im pact of waste dis posal fa cil i ties on the en vi ron -
ment (Pol ish Min ing Waste Act, 2008; Pol ish Waste Act, 2023),
through the ob li ga tion to mon i tor en vi ron men tal com po nents
(Reg u la tion, 2014). As part of the mon i tor ing of waste heaps,
com pounds and in di ca tor pa ram e ters (spe cific to the type of
waste de pos ited) are ex am ined in sur face wa ter, leach ate, and
ground wa ter, and sub si dence of the sur face of the min ing
waste dis posal fa cil ity is mon i tored (Reg u la tion, 2014). Min ing
waste dis posal sites have been adapted to ap pli ca ble en vi ron -
men tal pro tec tion law (i.e., mon i tor ing is con ducted) or closed if
such tech no log i cal pos si bil i ties are not jus ti fied (Pol ish Min ing
Waste Act, 2008). How ever, dis posal sites that were once used
by the min ing in dus try, and for which it is im pos si ble to iden tify
their own ers or cur rent man ag ers, are not en vi ron men tally
mon i tored (Glubniak-Witwicka et al., 2012). The en vi ron men tal
im pact of his tor i cal min ing waste dumps has been the sub ject of 
many stud ies (Paszcza and Krogulski, 2006; Pikoñ and Bugla,
2007; Zdechlik et al., 2011; Foltyn et al., 2011; Wróbel et al.,
2012; Stefaniak et al., 2013; Chrzan and Mojza, 2018; So³tysiak 
and Ró¿kowski, 2025). Re search on the en vi ron men tal im pact
of waste dumps, dump ing grounds and land fills where min ing
waste was de pos ited has also been con ducted at the Pol ish
Geo log i cal In sti tute - NRI (PGI-NRI) since 2012. As part of the
work, an in ven tory of min ing waste dumps, in clud ing his tor i cal
ones, was con ducted and their neg a tive en vi ron men tal im pact
was as sessed. This as sess ment was based on ar chi val and
cur rent re search re sults, his tor i cal in for ma tion from the lit er a -
ture on ground wa ter and sur face wa ter, air pol lu tion (in some
cases), soil and the chem i cal com po si tion of waste de pos ited in 
the dumps. The in ven tory con ducted con sti tuted ma te rial for
the di ag no sis of en vi ron men tal con di tions in the area of in di vid -
ual min ing waste dis posal sites, as well as for the as sess ment
and scope of their po ten tial im pact at a na tional scale (Fajfer et
al., 2013; Kostrz-Sikora et al., 2013; Sroga et al., 2017; Baza
Ha³dy, 2025).

As sess ing the en vi ron men tal im pact of his toric waste dumps
is a com plex pro cess re quir ing a thor ough un der stand ing of the
chem i cal com po si tion of the stored waste, as well as of the geo -
log i cal, hydrogeological and hy dro log i cal con di tions in the area
sur round ing the dump. This in volves con duct ing a se ries of tests
of physicochemical pa ram e ters (in clud ing chem i cal leach ing) in
waste sam ples col lected from var i ous depths within the dump,

mon i tor ing ground wa ter (in stall ing piezo meters) and sur face wa -
ter, as well as soils in the area sur round ing the site. This is a
lengthy and cap i tal-in ten sive pro cess, as each dump is ana lysed
in di vid u ally.

An al ter na tive to this as sess ment pro cess can be the use of
su per vised ma chine learn ing al go rithms. This type of learn ing
uti lizes al go rithms that map in put data onto out put data based
on sam ple datasets di vided into test and train ing data, as well
as clas si fi ca tion (for data sep a ra tion) and re gres sion (for data
match ing) al go rithms (Sarker, 2021). How ever, im por tant con -
di tions for us ing ma chine learn ing meth ods in clude the ap pro -
pri ate def i ni tion of the re search goal, hav ing a large dataset and 
proper prep a ra tion of the data for the learn ing pro cess.

Ma chine learn ing (ML) al go rithms are cur rently widely used
in the field of en vi ron men tal sci ences (KuŸniar, 2016; Sun et al., 
2020; Ma et al., 2021; Haupt et al., 2022; Xia et al., 2022: Uddin
et al., 2023; Piotrowska and D¹browska, 2024; Pasa et al.,
2025). One area of ap pli ca tion of ML al go rithms, al though lit tle
ex plored, is the as sess ment of the en vi ron men tal im pact of
min ing waste dumps. Re cur rent neu ral net works have been
used to pre dict the rate of rain wa ter in fil tra tion through the dump 
body and the chem i cal com po si tion of leach ate flow ing from the 
dump de pend ing on weather con di tions, with par tic u lar em pha -
sis on rain fall amounts over the years (Ma et al., 2021). De ci -
sion tree al go rithms and the long-short-term mem ory (LSTM)
al go rithm were used to fore cast the amount of leach ate gen er -
ated dur ing spring in waste dumps (with par tic u lar em pha sis on
spring floods re sult ing from snow and ice melt; Zhang et al.,
2023). Ma chine learn ing mod els: mul ti ple lin ear re gres sion
(MLR), sup port vec tor re gres sion (SVR), ran dom for est (RF),
de ci sion tree (DT), and ex treme gra di ent boost ing (XGB), were
used to pre dict the sta bil ity of tail ings pond slopes (Chand et al.,
2025). Au to matic ma chine learn ing (AutoML) com bined with
Bayesian mod el ing was used to pre dict the en vi ron men tal im -
pact as sess ment of min ing ac tiv i ties (Gerassis et al., 2021).
Sup port Vec tor Ma chine (SVM), Ar ti fi cial Neu ral Net work (ANN) 
and Ran dom For est (RF) meth ods were used to pre dict heavy
metal con cen tra tions (Zn, Pb, Mn, Cu and Cd) in soils near a
min ing waste dis posal fa cil ity due to acidic drain age seep age
into the soil (Trifi et al., 2022). The lit er a ture search in di cated
the ap pli ca tion of ma chine learn ing meth ods in var i ous ar eas of
the dump’s en vi ron men tal im pact (in clud ing soils, slope sta bil ity 
and leach ate), but did not pro vide in for ma tion re gard ing the use 
of such meth ods to as sess com pre hen sive en vi ron men tal im -
pact. Mod el ing pro cesses oc cur ring within heaps, while tak ing
into ac count ex ter nal fac tors, is a very de mand ing task, both in
terms of the proper se lec tion of in put data and knowl edge of the
pro cesses oc cur ring within the fa cil ity.

This pa per at tempts to as sess the en vi ron men tal im pact of
waste heaps us ing su per vised ma chine learn ing al go rithms.
The goal was to de ter mine whether su per vised ma chine learn -
ing al go rithms are a suit able tool for this type of task. If the an -
swer is pos i tive, the next step was to find the op ti mal ma chine
learn ing al go rithm whose pre dic tion re sults would most ac cu -
rately rep re sent the en vi ron men tal im pact of min ing dis posal
sites. Su per vised ma chine learn ing al go rithms are pri mar ily
used to fore cast and pre dict out comes based on pre vi ously de -
fined pat terns. Re gres sion, clas si fi ca tion, and clus ter ing al go -
rithms are most com monly used. De pend ing on the de fined re -
search goal and the size of the dataset planned for the study,
the ap pro pri ate al go rithm is se lected, pre ceded by test ing
stages on as many al go rithms as pos si ble us ing scal ing al go -
rithms (re duc ing the ranges of fea tures in the dataset) de scrib -
ing the ob ject.
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CHARACTERISTICS OF THE STUDY AREA

Geo graph ical and geo log i cal set ting. The study area is
lo cated in south ern Po land in the Up per Silesian Coal Bassin
(USCB). Geo graph i cally the USCB is sited in the Silesian Up -
land, the Kraków-Czêstochowa Up land and the Oœwiêcim Ba -
sin.The USCB cov ers a to tal area of 7250 km2. Most of the
USCB (5 650 km2) be longs to the Silesian and west ern Lesser
Po land re gions, an the smaller part to the Czech Re pub lic
(1 600 km2 in the Moravian-Silesian re gion). The Car bon if er ous
base ment is com posed of Pre cam brian (slates, gneiss es),
Cam brian (sand stones and mudstones) and De vo nian (dark
grey and black dolomites, as well as or ganic and de tri tal lime -
stones) de pos its. The Car bon if er ous suc ces sion be gins with a
car bon ate as so ci a tion, which tran si tions into ma rine clastic de -
pos its and then into the molasse-like coal-bear ing strata of the
Mis sis sip pian and Penn syl va nian (Kotas, 1995; Jureczka and
Nowak, 2016). These de pos its are di vided into four lithostrati -
graphic units: the Paralic Se ries, the Up per Silesian Sand stone
Se ries, the Mudstone Se ries, and the Kraków Sand stone Se -
ries. A char ac ter is tic fea ture of the Car bon if er ous coal-bear ing
de pos its is their dis tinct di vi sion into a Paralic Se ries and a
Limnic Se ries. For ma tions de vel oped ex clu sively un der ter res -
trial con di tions over lie Paralic for ma tions with a strati graphic
gap. The to tal thick ness of coal-bear ing de pos its reaches
8,500 m (Jureczka and Nowak, 2016).

The Paralic Se ries is com posed of mudstones, claystones,
and sand stones with interbeds con glom er ates, coal and car bo -
na ceous shales. The thick ness of the strata in this se ries
ranges from ~200 m in the east ern part of the USCB to
~3,800 m in its west ern part. The nu mer ous coal seams typ i -
cally have a thick ness of 1.0 to 1.5 m. The Limnic Se ries is rep -
re sented by the Up per Silesian Sand stone Se ries, the
Mudstone Se ries, and the Kraków Sand stone Se ries. The Up -
per Silesian Sand stone Se ries is com posed of grav els and
sand stones, which dom i nate over the mudstones and clay -
stones. The coal seams in this se ries are usu ally thick, com -
monly with a thick ness of 4–8 m, up to a max i mum of 24 m
(Jureczka et al., 2005). The max i mum stra tal thick ness in this
se ries (700 m) oc curs in the west ern part of the USCB. It de -
creases to wards the east, un til it dis ap pears at the north-east -
ern bor der. The Mudstone Se ries is rep re sented by mudstones
and claystones with sand stone interbeds. The max i mum thick -
ness of the se ries in the west ern part of the USCB reaches 2 km 
to sev eral tens of metres in the east ern part. Coal seams in this
se ries are nu mer ous, reach ing thick nesses of up to 1.5 m. The
Krakow Sand stone Se ries is dom i nated by coarse- and me -
dium-grained sand stones with interbeds of mudstones and
claystones, as well as coal seams. The thick ness of the coal
seams is up to 6.0 m. The over bur den con sists of Tri as sic, Neo -
gene (Mio cene) and Qua ter nary de pos its, less fre quently
Perm ian and Ju ras sic (Jureczka et al., 2005; Jureczka and
Nowak, 2016).

Hydrogeological set ting. The USCB is di vided into two
sub re gions: Sub re gion I (north east ern) and Sub re gion II (south -
west ern). Sub re gion I con tains Qua ter nary, Ju ras sic and Tri as -
sic aqui fers, hy drau li cally con nected to Car bon if er ous strata. In
Sub re gion II, the hy drau lic con nec tion be tween Car bon if er ous
and Qua ter nary aqui fers oc curs only lo cally within hydrogeo -
logical win dows (Ró¿kowski et al., 2013).

The most im por tant aqui fers within the USCB are found in
Qua ter nary, Tri as sic and Car bon if er ous for ma tions. Qua ter -
nary for ma tions have var ied hydrogeological con di tions. They
are fed by in fil trat ing wa ter from pre cip i ta tion and sur face wa ter.
Qua ter nary aqui fers oc cur in sandy gravel de pos its and their
thick ness var ies from a few to sev eral dozen metres (Ró¿ -

kowski et al., 2013). The Tri as sic hydrogeological pro file has
three main aqui fers: the Muschelkalk, the Roet and the mid dle
and lower Buntsandstein. The main Tri as sic aqui fers oc cur in
car bon ate units of the Muschelkalk and the Roet. These are fis -
sured-karst aqui fers, highly per me able and strongly wa -
ter-bear ing. The hydrogeological pro file of the Car bon if er ous
Sys tem of this re gion in cludes sets of sep a rate fis sured-po rous
aqui fers com posed of sand stones and con glom er ates. These
aqui fers, with thick nesses rang ing from sev eral to sev eral tens
of metres, are iso lated from each other by im per me able
claystone in ter ca la tions. The aqui fer of the Up per Car bon if er -
ous reaches a thick ness of up to 4,500 m (Ró¿kowski, 2008;
Ró¿kowski and Ró¿kowski, 2011).

Se lec tion of sites for study. The ba sic con di tion for se -
lect ing the study sites was the as sump tion of the avail abil ity of
as many heaps and fa cil i ties as pos si ble and of data de scrib ing
each site. This con di tion is im por tant when us ing su per vised
ma chine learn ing meth ods.

Min ing waste from hard coal min ing con sti tutes the larg est
group of waste ac cu mu lated in heaps and dumps in Po land.
Cur rently, over 436,154 mil lion tonnes of min ing and pro cess -
ing waste has been ac cu mu lated in sites in the USCB area (En -
vi ron ment, 2025). As part of the work car ried out by PGI-NRI in
2012, 104 min ing waste dis posal sites were in ven to ried, where
waste from hard coal min ing and pro cess ing had ac cu mu lated
(Kostrz-Sikora et al., 2013; Fajfer et al., 2025). The se lec tion of
study sites was made on the ba sis of pre vi ous work car ried out
at PGI-NRI (Kostrz-Sikora et al., 2013; Fajfer and Kostrz-
 Sikora, 2022; Baza Ha³dy, 2025; Fajfer et al., 2025), avail able
pub lished data, ar chi val ma te ri als and ex pert knowl edge. The
ini tial se lec tion of sites was made at the data col lec tion stage
(among other things, it was ana lysed whether a given fa cil ity
had been de mol ished and the area des ig nated for other ser -
vices) and the next se lec tion was made at the stage of con -
struct ing the in put dataset (the avail abil ity of data de scrib ing the 
fa cil i ties was ana lysed in avail able pub lished data or ar chi val
ma te ri als). As a re sult, 48 heaps and fa cil i ties from hard coal
min ing lo cated in the USCB area in the prov inces of Silesia and
Ma³opolska (in its west ern part) were se lected for the en vi ron -
men tal im pact as sess ment study (Fig.1). These were ac tive (3
sites), in ac tive (45) with some re claimed and par tially re claimed 
(22 sites) where mainly hard coal min ing and pro cess ing waste
was ac cu mu lated in a non-se lec tive man ner, but also in some
cases in dus trial waste (e.g., slag from heat and power plants).

METHODS

At trib utes and fea tures. Each heap was de scribed with 11
at trib utes (site char ac ter is tics, waste char ac ter is tics, ground wa -
ter, sur face wa ter, air, soils, at mo spheric fac tors, ge ol ogy,
geohazards, na ture and hu man en vi ron ment) and 73 fea tures
(cat e gor i cal, nu mer i cal and de scrip tive) de tail ing the site‘s im -
pact on the en vi ron ment (Ta ble 1), cre at ing a dataset for fur ther
re search (Baza Ha³dy, 2025; Baza OPPI TPP 2.0, 2025; CBDG,
2025; Bank Danych o Lasach, 2025; GDOŒ, 2025; InMoTeP,
2025; Meteoblue, 2025; Worldclim, 2025; Karty JCWPd, 2025;
Karty JCWP, 2025; DTM, 2025). The set of in put data char ac ter -
iz ing at trib utes and fea tures may tend to de crease, due to the re -
cov ery of waste ac cu mu lated on the heaps and no new ones be -
ing cre ated, which will im pact fu ture anal y ses.

To pre dict pa ram e ters af fect ing the as sess ment of the en vi -
ron men tal im pact of the waste dumps, the first stage of the
study (aimed at de ter min ing whether su per vised ma chine
learn ing al go rithms are a suit able tool for as sess ing the en vi -
ron men tal im pact of waste dumps) in volved use of su per vised
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ma chine learn ing al go rithms from the scikit-learn (Scikit-learn,
2025) pack age avail able in Py thon li brar ies. Be cause the prob -
lem at hand boils down to the clas si fi ca tion of yes/no (0/1) sites,
this su per vised learn ing only uti lized clas si fi ca tion al go rithms
rep re sent ing the fol low ing classes (Géron, 2018):

– Lin ear mod els: RidgeClassifier, SGDClassifier and
Perceptron

– De ci sion trees: DecisionTreeClassifier and
ExtraTreeClassifier;

– Na ive Bayesian clas si fi ers: GaussianNB, Complement -
NB and BernoulliNB

– Sup port vec tor ma chines: NuSVC and LinearSVC;

– Near est neigh bor al go rithms: KneighborsClassifier;

– Neu ral net work: MLPClassifier;

– Boost ing al go rithms (En sem ble): ExtraTreesClassifier,
AdaBoostClassifier; RandomForestClassifier and Gra -
dient BoostingClassifier.

Ex pert As sess ment. Each heap was ana lysed in terms of
rep re sen ta tive fac tors in flu enc ing its im pact on in di vid ual el e -
ments of the en vi ron ment, both nat u ral and hu man. These fac -
tors in cluded the site’s im pact on ground wa ter and sur face wa -
ter, air pol lu tion, im pact on soil and veg e ta tion and on the hu -
man en vi ron ment. The anal y ses were car ried out tak ing into ac -
count the in flu ence of the fol low ing el e ments: the amount and
type of waste de pos ited, the sur face area, the geo log i cal struc -

ture of the ground, as well as the dis tance from pro tected ar eas, 
res i den tial build ings and pub lic build ings. Each of the fac tors
de fined was as sessed and mea sured by an ex pert for each of
the 48 dumps se lected for the study. The ex pert as sessed each
vari able on an or di nal scale from 0 to 0.9, where 0 meant no im -
pact and 0.9 meant a sig nif i cant im pact. In gen eral, the lack of
im pact of a given vari able on the en vi ron ment ranged from 0 to
0.3, while the im pact of a fa cil ity on the en vi ron ment ranged
from above 0.3 to 0.9 for a given vari able. The num ber of val ues 
for each fac tor ana lysed was vari able.

Data Prep a ra tion. To pre pare the in put data for the train ing 
pro cess, a pre-pre pared dataset con sist ing of 11 at trib utes and
de scribed by 73 fea tures was used. The data prep a ra tion pro -
cess in volved cre at ing new fea tures from re lated fea tures (e.g.,
rel a tive height from height mea sure ments). Cat e gor i cal data
was con verted into bi nary fea tures us ing One Hot En cod ing.
De scrip tive data was con verted into fea tures con tain ing word
roots and word root pairs and their fre quency. Af ter the de -
scribed data trans for ma tions into nu mer i cal val ues, the num ber
of fea tures was 183. Re mov ing low-vari abil ity col umns re duced
the num ber of fea tures to 139 and re mov ing intercorrelated fea -
tures low ered the num ber to 112. Re duc tion of the num ber of
fea tures is in tended to im prove the model’s train ing qual ity, as
low-vari abil ity fea tures con trib ute lit tle in for ma tion, while highly
intercorrelated fea tures du pli cate in for ma tion.
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Fig. 1. Lo ca tion of the sites ana lysed to test their en vi ron men tal im pact (sim pli fied geo log i cal sketch map af ter Jureczka et al., 1995)

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


RESULTS AND DISCUSSION

Find ing the Op ti mal Al go rithm and Its Hyper para -
meters. Choos ing the op ti mal ma chine learn ing method in -
volves not only se lect ing the al go rithm but also se lect ing op ti -
mal pa ram e ter val ues (dif fer ent for each al go rithm), which in flu -
ence its be hav iour and, ul ti mately, its re sults. Pa ram e ters de -
fine al go rithm be hav iours such as the ini tial par ti tion ing of in put
data, the size of the al go rithm’s in ter nal struc tures (e.g., num ber 
of neu rons, tree size), learn ing sen si tiv ity and data trans for ma -
tion func tions. Pa ram e ters should be tai lored to the in put data.
Be cause the num ber of al go rithm and pa ram e ter com bi na tions
dur ing train ing and test ing reached ~30,000, the Rando mi -
zedSearchCV method was used to ana lyse them to make an
ac cept able quan tity of rep e ti tions in com par i son to Grid -
SearchCV, which does runs for all com bi na tions of al go rithms
and pa ram e ters and which would take much more time. This
method con ducts a se ries of train ing and test ing ses sions us ing
these ma chine learn ing al go rithms on a train ing dataset and
var i ous ran domly se lected com bi na tions of their pa ram e ter val -
ues from a given range. It then cre ates a rank ing list (i.e., iden ti -
fies the al go rithms with the high est pre dic tion con fi dence). This
pro cess re quired sev eral it er a tions (in clud ing chang ing the list
of al go rithms ana lysed by re mov ing both the low est-per form ing
al go rithms from the anal y sis list and the best per form ing ones to 
better check al go rithms that achieved av er age re sults) un til ac -
cept able re sults were achieved. RepeatedStratifiedKFold was
used as the cross-val i da tion al go rithm, an al go rithm for re -
peated split ting of the dataset into train ing and test sets, while
main tain ing the bal anced rep re sen ta tions of classes pres ent in
in put data. The data num ber of splits was 4 and 5 and the count
of rep e ti tions was 3 to 5, us ing 5 splits with 3 rep e ti tions for fi nal

cal cu la tions. This was also used to pre vent overfitting, to gether
with en abling overfitting pre vent ing hyperparameters in spe cific 
al go rithms, for in stance al pha pa ram e ter or early stop ping.

Af ter search ing for the op ti mal al go rithm and its hyperpara -
meters us ing the method de scribed above on a set of 112 fea -
tures, only two al go rithms achieved 80% ac cu racy. It was as -
sumed that the rea son for this might be a large num ber of fea -
tures ex ceed ing the num ber of ob jects in the set (the so-called
curse of dimensionality (Géron, 2018: a large num ber of fea -
tures causes sig nif i cant vari a tion in both the train ing sam ples to 
which the al go rithm adapts and the val i da tion sam ples, which
can lead to er ro ne ous pre dic tions). There fore, an ini tial fea ture
re duc tion was per formed us ing a com bi na tion of the Select -
From Model func tion with the RandomForestClassifier, Logistic -
Regression, LinearSVC al go rithms, which give in for ma tion
about fea ture im por tance and also the SelectKBest al go rithm
with the f_classif func tion. The re duc tion aimed to se lect sets
(10, 15, 20, 25 and 30) of the most sig nif i cant fea tures us ing se -
lected al go rithms, which were then com bined into a sin gle set.
As a re sult, sets of 37, 46, 55, 68, and 86 fea tures were se -
lected (be cause some fea tures were se lected by more than one 
al go rithm). Re peated tests on sets with re duced fea ture counts
showed an in crease in ac cu racy to ~88% on sets with 37, 46
and 55 fea tures. Train ing re sults on sets with a larger num ber of 
re tained fea tures were less ac cu rate (<85%). Fur ther tests
were con ducted on this 55-fea ture set due to sim i lar re sults to
sets with fewer fea tures and the de sire to pre serve as many of
the orig i nal fea tures as pos si ble. The re sults of the search for
op ti mal al go rithms and their hyperparameters for as sess ing the 
en vi ron men tal im pact of spoil heaps us ing Randomized -
SearchCV and cross-val i da tion are shown in Ta ble 2. The ta ble
shows the al go rithms that achieved an av er age cross-val i da -
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No. Attribute Feature Type of feature 

1. 
Site 

characteristic 

area, height  numerical 
status of the heap (operational, closed, reclaimed, unreclaimed, complete, exploited – 
waste recovery from the heap) 

categorical 

heap id, heap name, municipality name  descriptive 

2. 
Waste 

characteristic 

type of waste (mining, processing, mining and processing, other – mining waste not 
selectively deposited with energy waste) 

categorical 

amount of accumulated waste, storage time numerical 

3. 
Underground 

water 

occurrence and susceptibility to anthropopressure on the major groundwater reservoir, 
ocurrence and characteristics of the groundwater bodies (including risk of exposure to 
pollution), protection zones of groundwater intakes (designated by the authorities) 

categorical 

status of the groundwater bodies descriptive 

4. Surface water site in areas: waterlogged, marshy, dry, in river valleys, in close proximity to water 
bodies  

categorical 

5. Air 
thermal condition of the heap (active or inactive), presence of vegetation on the site, 
waste recovery from the heap 

categorical 

6. 
Atmospheric 

factors 
precipitation amount in the area of the dump, average annual rainfall from 1970–2020 numerical 

7. Soils occurrence of soils of quality class I-III and on organic soils in the area of the site categorical 
8. Geology the presence of permeable and impermeable deposits in the base of the facility categorical 

9. Geohazards 
he large slope of heaps, 

operation of a mining plant in the vicinity, presence of deposits of mineral resources  
categorical 

10. Nature 
occurrence of protected area forms of nature (Natura 2000 areas, Protected Landscape 
Areas, National Parks, Landscape Parks, nature reserves, ecological areas, protected 
forest areas) 

categorical 

11. 
Human 

environment 
occurrence of spa area, residential and public buildings, prevailing wind direction, 
presence of groundwater protection zones (designated by the authorities) 

categorical 

 

T a  b l e  1

En vi ron men tal at trib utes and fea tures in clud ing type of fea ture

Source: Fajfer et al. (2025, mod i fied); Baza Ha³dy (2025)

https://geologia.pgi.gov.pl/haldy/
https://doi.org/10.7306/gq.1787


tion ac cu racy of >85%. Ad di tion ally, the stan dard de vi a tion of
the cross-val i da tion re sults is shown. The al go rithms in this ta -
ble, i.e., MLPClassifier, RidgeClassifier, BernoulliNB, SVC and
LogisticRegression, were se lected for fur ther test ing. Learn ing
qual ity was ver i fied by gen er at ing learn ing curves for the al go -
rithms noted above (Fig. 2).

The LogisticRegression, MLPClassifier and SVC al go rithms, 
where the train ing ac cu racy is 1 from the ini tial train ing (from the
small est sam ple sizes), fit the train ing data strongly, but the val i -
da tion re sults are lower, in di cat ing poorer gen er al iza tion of the
trained model to new data. In con trast, the RidgeClassifier and
BernoulliNB al go rithms do not fit the test data closely, and the
val i da tion ac cu racy in creases, in di cat ing greater re sis tance to
model overfitting. For the al go rithms se lected, the pre dic tion re -
sults for the train ing set were tested us ing cross-val i da tion (Ta -
ble 3) to ver ify the model’s per for mance (pre dic tion sta bil ity) on
spe cific data. There fore, those al go rithms are rec om mended for
op er at ing on a de scribed set of data.

Each of the five al go rithms tested cor rectly clas si fied 17
heaps as hav ing no im pact on the en vi ron ment (TN) and in cor -
rectly clas si fied 6 heaps as hav ing an im pact on the en vi ron -
ment (FN) (out of 23 marked as hav ing no im pact in the train ing
set). Sim i larly, 22 or 23 heaps were cor rectly iden ti fied as hav -
ing an im pact (TP), while 3 or 2 were in cor rectly iden ti fied as
hav ing no im pact (FP; out of 25). There fore, the ac cu racy for
the en tire set is 81.25–83.3%, 88–92% for ob jects marked as
hav ing an im pact, and 73.9% for ob jects marked as hav ing no
im pact (val ues dif fers from those stated in Ta ble 1, as these are
an ef fect of cross-val i da tion with out re peats, while the lat ter are
ef fects of cross-val i da tion with re peats).

As a re sult of the test pre dic tion with cross-val i da tion, 9 ob -
jects were clas si fied in versely to the ex pert as sess ment by all or 
most of the al go rithms tested. This may in di cate the ab sence of
sig nif i cant fea tures in the set, in cor rect val ues as signed to
these fea tures, or an er ro ne ous ex pert as sess ment.

Fea ture Anal y sis. Fea tures that sig nif i cantly in flu ence
clas si fi ca tion re sults were also iden ti fied. Shapley val ues were
used for this pur pose. They rep re sent the con tri bu tion of in di vid -
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T a  b l e  2

Rank ing of al go rithms re sult ing from the pro ce dure of se lect ing al go rithms and their hyperparameters us ing RandomizedSearchCV

Source: this study



ual fea tures to the fi nal value pre dicted by the model by ana lys -
ing pos si ble fea ture com bi na tions. The ad van tage of this
method is that the model ana lysed is treated as a “black box”,
mean ing that the anal y sis can be per formed for var i ous ma -
chine learn ing mod els re gard less of whether and what in for ma -
tion about fea ture im por tance is re turned by the model. The dis -
ad van tage for larger datasets is the high com pu ta tional com -
plex ity. Shapley val ues can be visu al ised in many ways help ing
anal y sis of fea ture im por tance, for in stance in form of so-called
beeswarm plots shown in Fig ure 3. More de tailed plots are pro -
vided in Fig ure 4 (bar plots) and Fig ure 5 (wa ter fall plots).

The Shapley val ues on Fig ure 4 are means of ab so lute val -
ues of the in flu ence of fea tures. The ex act in flu ence of each
fea ture on clas si fi ca tion re sult of spe cific heap is vary ing, as
shown on Fig ure 5. Ana lys ing the fea tures that af fect the clas si -
fi ca tion of heaps into groups that im pact the en vi ron ment and
those that do not im pact the en vi ron ment can con trib ute to the
iden ti fi ca tion of in di vid ual fea tures that have the stron gest in flu -
ence on the clas si fi ca tion re sult and those whose in flu ence is
neg li gi ble. In the case of sites clas si fied as True Positives
(Fig. 4, left plot) one fea ture has the stron gest in flu ence on the
clas si fi ca tion: C06 – sta tus of heap rec la ma tion, with an ab so -
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Fig. 2. Learn ing curves for se lected al go rithms



lute value of +0.21. The weaker in ter ac tion in the ab so lute value 
range has 5 char ac ter is tics. These are: C18 – Lo ca tion of the
fa cil ity on soils of qual ity classes I-III (+0.1), C55 – Ag ri cul tural
and for estry use (+0.06), C20 – Geohazards – Min ing ar eas
(+0.06), C15 – Ther mal con di tion of the fa cil ity (+0.55) and C22
– Geohazards – Ar eas at risk of land slides. The re main ing fea -
tures in di cate a very weak (14 fea tures with an ab so lute value
rang ing from 0.04 to 0.02) to in sig nif i cant im pact of the fa cil ity
on the en vi ron ment (13 fea tures with an ab so lute value up to
0.01).The 21 re main ing fea tures with a to tal im pact of 0.05 have 
a neg li gi ble im pact on the as sess ment of the fa cil i ties.

In the case of clas si fy ing an heap into a group of dis posal
sites that do not have an im pact on the en vi ron ment, one fea -
ture has the stron gest im pact on the clas si fi ca tion: C06 – sta tus
of heap rec la ma tion, with an ab so lute value of +0.17. Weaker
in ter ac tion in the ab so lute value range has 5 fea tures, sim i larly
as in the case of True Positives. These are: C18 – Lo ca tion of
the fa cil ity on soils of qual ity classes I-III (+0.11), C55 – Ag ri cul -
tural and for estry use (+0.06), C20 – Geohazards – Min ing ar -
eas (+0.06), C15 – Ther mal con di tion of the fa cil ity (+0.06). The 
re main ing fea tures in di cate a very weak (15 fea tures with ab so -
lute val ues rang ing from 0.04 to 0.02) to in sig nif i cant im pact of
the dis posal site on the en vi ron ment (14 fea tures with ab so lute
val ues up to 0.01), and they dif fer in the hi er ar chy of oc cur rence 
in re la tion to the group of fea tures clas si fied as True Positives.
Twenty-one fea tures have a neg li gi ble im pact on the as sess -
ment of ob jects (to tal ling 0.05).

Ana lys ing the ab so lute val ues of at trib utes in the en vi ron -
men tal im pact of fa cil i ties, it was ob served that the at trib ute re -
lated to the fa cil ity’s sta tus as unreclaimed (in the group of dis -
posal sites clas si fied as True Positives) and re claimed (in the
group of dis posal sites clas si fied as True Neg a tives) is the lead -
ing at trib ute. In prac tice, when con sid er ing the en vi ron men tal
im pact of dumps, this fea ture is also im por tant be cause it di -
rectly af fects the qual ity of sur face and ground wa ter in the area
of the waste dump. The site‘s lo ca tion near ag ri cul tural and for -
est lands also has a di rect im pact on the en vi ron ment. A waste
dump fire also neg a tively im pacts air qual ity, soil qual ity, wa ter
qual ity and veg e ta tion. The pres ence of ac tive min ing ar eas
can af fect ground sta bil ity, cause mass move ments of waste,
and in crease the im pact on sur face and ground wa ter.

Ana lys ing the oc cur rence of fea ture val ues in the pro cess of 
the dis posal site‘s im pact on the en vi ron ment, it was ob served
that the fea ture re lat ing to the dump‘s sta tus as unreclaimed (in
the group of dis posal sites clas si fied as True Positives) is the

lead ing fea ture. Other sig nif i cant fea tures in clude geohazards
(sur face flows and land slides) and the site‘s lo ca tion in river val -
leys, as well as the pres ence of catch ment ter races in the dis -
posal site‘s sub soil and on its sur face. All of the fea tures in di -
cated in flu ence the heap‘s im pact on the soil and wa ter en vi ron -
ment. In the case of the anal y sis of the dis posal sites clas si fied
as True Neg a tives, the lead ing fea tures also in clude the dis -
posal sites’ sta tus as re claimed, mean ing it has no en vi ron men -
tal im pact (through, among other things, the elim i na tion of the
im pact of at mo spheric pre cip i ta tion, min i miz ing dust on the sur -
round ing en vi ron ment and the ab sence of fires), as well as the
pres ence of im per me able lay ers in the sub soil. The pres ence of 
these fac tors con trib utes to the dump‘s lack of en vi ron men tal
im pact.

Fea ture im por tance anal y sis (Fig. 6) was also per formed
us ing the Per mu ta tion Importances method. This func tion
changes the val ues of in di vid ual fea tures in the in put data and
ex am ines the im pact of these changes on the re sult ing pre dic -
tion re sults rel a tive to those ob tained us ing un mod i fied data
(Scikit-learn, 2025).

Per mu ta tion importances anal y sis shows the sen si tiv ity of
al go rithms un der con sid er ation for changes in val ues of spe cific 
fea tures. The fea tures with neg a tive val ues rep re sents noise or
overfitting. Com bin ing re sults from Shapley val ues anal y sis and 
per mu ta tion importances al lows fur ther re moval of un im por tant
fea tures from the dataset.

CONCLUSIONS

Over the cen tu ries, min ing ac tiv i ties have con trib uted to the
gen er a tion of waste, which was stored in waste dumps lo cated
near min ing plants. The lo ca tion of these fa cil i ties di rectly in the
en vi ron ment (with out the safe guards re quired by cur rent leg is -
la tion) con trib uted to their neg a tive im pact on ground wa ter, sur -
face wa ter, air, soil and veg e ta tion. As sess ing the en vi ron men -
tal im pact of his tor i cal waste dumps is a com plex, lengthy and
cap i tal-in ten sive pro cess, as each fa cil ity is ana lysed in di vid u -
ally ac cord ing to a de vel oped re search plan. The use of ma -
chine learn ing al go rithms can be a tool to stream line the pro -
cess of as sess ing waste dumps.

The pos si bil i ties de scribed in this ar ti cle for ap ply ing ma -
chine learn ing al go rithms to as sess the en vi ron men tal im pact of 
coal min ing waste dumps, us ing fea tures char ac ter iz ing both
the ob ject and its broader sur round ings, dem on strated that this
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T a  b l e  3

Pre dic tion re sults for the se lected al go rithms on the train ing dataset us ing cross-val i da tion

Source: this study

https://scikit-learn.org/stable/
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Fig. 3. Shapley value graph for a sub set of the data

The lack of the RidgeClassifier al go rithm is due to in com pat i bil ity with the shap li brary. Red in di cates high fea ture val ues, blue in di cates
low fea ture val ues, and the dis tance of a point from the centreline in di cates the fea ture’s in flu ence on the clas si fi ca tion of a sin gle ob ject
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Fig. 4. Bar plots of Shapley val ues for clas si fi ca tion of True Positives (left plot) and True Neg a tives (right plot) us ing
LogisticRegression

Fig. 5. Wa ter fall plots of Shapley val ues for clas si fi ca tion of one sam ple of True Pos i tive clas si fi ca tion (left plot) and one sam ple 
of True Neg a tive clas si fi ca tion (right plot) us ing LogisticRegression



tool meets its in tended ob jec tives. Train ing con ducted on the
train ing set in di cated that it is pos si ble to achieve pre dic tion ac -
cu racy of around 80%. The ex is tence of ob jects si mul ta neously
clas si fied by mul ti ple al go rithms in con sis tently with the train ing
la bel may in di cate the ab sence of a sig nif i cant fea ture in the set
or in cor rect ex pert as sess ment. It should be noted that the train -
ing set is rel a tively small, and ma chine learn ing al go rithms may
show overfitting, i.e., ex ces sive ad ap ta tion to the in put data, re -
sult ing in worst pre dic tion re sults for new data not seen dur ing
train ing. It is ad vis able to ac quire data for new ob jects, if pos si -
ble, char ac ter iz ing new fea tures other than those pre vi ously
avail able, like chang ing the prop er ties of the de pos ited ma te rial
due to weath er ing, such as the im pact of heavy rain fall, and

have the re sults ob tained ver i fied by in de pend ent ex perts. The
re search in di cates that the best al go rithm for de ter min ing the
en vi ron men tal im pact of spoil heaps would be the BernoulliNB
al go rithm, fol lowed by the RidgeClassifier (both achiev ing up to
87% pre dic tion ac cu racy), with the cur rently avail able train ing
dataset. Its po ten tial ex ten sion could im prove the re sults of the
MLPClassifier, SVM, and LogisticRegression al go rithms.

Ac knowl edge ments. The au thors thank the re view ers for
their valu able com ments and sug ges tions, which en riched the
sub stan tive con tent of the manu script. The study was fi nanced
from funds al lo cated to the stat u tory ac tiv i ties of PGI-NRI (Pro -
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Fig. 6. Graph i cal rep re sen ta tion of fea ture im por tance anal y sis for in di vid ual al go rithms by means of Per mu ta tion im por tance
al go rithms

The de scrip tion of fea tures is shown in Fig ure 3
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