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Abstract: Due to the large quantities of municipal waste generated, their harmful effects on the
environment should be minimized. The rationalization of waste management is therefore necessary
to achieve a more sustainable development system. In order to support the decision-making process
for municipal waste management, this document focuses on developing models for practical use
by local authorities in forecasting and managing the size of waste stream in their area. This action,
because of its specificity, is a difficult task, especially because of the systemic changes made and the
territorial differentiation and changes in the living level of the population. The work presents studies
conducted in 2479 municipalities for which mass accumulation index forecasts were developed,
using selected methods based on readily available input variables that have not yet been used
(structure municipalities and typology of municipalities by scope of influence). The studies confirmed
the hypothesis that the amount of municipal waste collected from households depends both on the
administrative type of the municipality and on the factors related to the location and socioeconomic
function of the area. The inclusion of localization and socioeconomic factors, which so far were
not used to model the municipal waste stream, allowed for the reduction of the prediction error
of this indicator. Relevant waste stream forecasts will allow local governments to achieve more
effectively the objective of sustainable waste management and thus reduce their environmental impact.
The achievement of this objective will be possible not only through the preparation of infrastructure
to serve the projected waste volumes; it will also identify the waste management areas where the
municipal waste reception process is inadequate. Thus, it will help to eliminate illegal processing and
the landfill of waste.

Keywords: municipal waste; sustainable waste management; ecological modelling; forecasting the
amount of waste; limiting the impact of waste on the environment

1. Introduction

Waste management is considered to be one of the most crucial issues in the policy of environmental
protection. Municipal waste is defined as waste produced by households and other facilities, devoid
of hazardous substances, which, due to their properties or composition, resemble household waste.
It is to be noted that the municipal waste not only comes from households, but, in relation to the
surrounding type, also include waste from small businesses, services, and institutions, such as offices,
schools, and urban green areas. The municipal waste has particular properties which depend on many
factors, such as the type of buildings, the scope of commercial buildings and other nonresidential
buildings in a given area, and the technical and sanitary public facilities. The definition of "household
waste" used in this article was extended to other wastes collected with the household waste because
it is difficult to use them separately. Not only is the terminology an issue to some extent, but also a
duty imposed on the local government authorities within the period of considerable system changes,
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resulting from waste management. In order to optimize activities resulting from waste management,
it is necessary that local government authorities make some plans. Within this context of the waste
management plan development, one cannot limit oneself only to prognostic tools which are available
in other economy fields.

Municipal waste management planning requires the obtainment of reliable data on waste
generation, factors affecting the amount of waste generated, and reliable forecasts of the amount of
accumulated waste.

To date, numerous studies have been carried out to identify factors and determine their strength
and relation to the amount of municipal solid waste generated. The data used to predict the amount of
waste most often rely on publicly available statistical data or are based on information provided by
municipalities [1-9]. The most commonly considered factors affecting the amount of waste generated
can generally be classified as the following [2,5,6]:

(a) Socioeconomic factors, including the level of economic development and income of residents;

(b) The size of the municipality, the structure of use, the level of urbanization, and the density
of population;

(c) The type of waste collection system and the level of ecological awareness of the local community.

Research on the forecasts of the amount of generated solid waste was carried out for the planning
of municipal waste management at various levels, such as national [10-12], regional [13], and in
households in rural areas and in cities [14].

In research aimed at determining the direction and strength of the impact of various municipalities
(or regions) on the mass and composition of the waste generated therein, the following input data
shown in Table 1 are most commonly used.

Table 1. Indicators affecting the amount of waste generated.

Independent Variables: Reference:
administrative, functional, and economic type of the municipality [2]
affluence (“standard of living”) and inhabitants’ lifestyle [15,16]
average size of a household [5]
buildings type and heating system [2,512]
climate factors (the temperature and precipitation) and the season of the year [7,12,17,18]
eating habits and health indicators, such as lifespan ar.ld infant mortality, as well as the age [17,19]
structure of population
fees for waste collection and disposal calculated per one .inhabitant or per one ton and the [7.12]
frequency of waste collection
household size [2,5,15,20]
level of contamination in selectively collected waste [7,12]
municipality’s income from taxes calculated per one inhabitant [13,21,22]
other technical and sanitary equipment of buildings [5]
participation in taxes comprising national budget income personal income tax [5]
participation of ashes and/or biodegradable waste in the mixed municipal waste stream [7,12]

participation of households composting organic waste [7,12]
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Table 1. Cont.
Independent Variables: Reference:
participation of households equipped with furnace for solid fuels [5]
participation of waste collected selectively [7,12]
participation of waste from infrastructural facilities in the total weight of municipal waste [7,12]
percentage of municipality’s/city’s inhabitants covered under waste collection system [7,12]
population density [5,6,20,23]
saturation of technical infrastructure facilities [2]
social factors [2,5,6,13,19,23]
the n.umber and capacity of Fontainers calculate.d per one household—furnishing. houses [7.12]
with small capacity containers motivates the inhabitants to collect waste selectively
the number of unemployed people, the level and structure of employment [5,19,20]
tourism—the number of accommodation places, hotels, guesthouses, etc. [17]
tradition and people’s habits [6,17]
urbanization level [2,4,20,23]

The approaches to analyzing the rate of mass accumulation of waste, presented in the
chosen literature, use mainly statistical methods in the form of linear regression models [17,18,24],
multiple regression [5,19,25,26], Rough Set Theory [22], multivariate grey models [20], and artificial
neural networks [1,27].

Provisions of the Act of 2013 [28], which imposed on municipalities the duty to organize
waste collection from all property owners and social and economic infrastructure units, facilitated
determination of the real amount of municipal waste generated on their territories. The size of waste is
the most frequently described by the mass waste accumulation indicator expressed in kg-(per-year)~'.

The indicator of mass municipal waste accumulation is strongly correlated with the place of its
generation. Literature sources [17,29] provide, however, various values of the waste accumulation
coefficient, which is presented below in Table 2. The above data prepared before the act on waste of
2013 entered into force show that, on average, a city dweller annually produced approximately 200 kg
more waste than a country dweller. Such a difference in the level of waste production results from
higher consumption and a higher living standard for city dwellers. Moreover, in rural areas, many food
products come from people’s own farms, while a city dweller buys all such products, which therefore
require the use of packaging and the generation of packaging waste.

Table 2. Mass waste accumulation indicators in relation to the place of its generation in Poland.

According to [29] According to [17]

Specification [kg-(per-year)~1] [kg-(per-year)~1]
big cities (>100 thousand citizens) 220-400 385.9
small and average 'c1t1es (10-50 180-330 3462
thousand citizens)
rural areas 90-110 233.9

Moreover, a considerable part of rural organic waste is managed by the rural citizens themselves.
According to the Central Statistical Office [30], participation of the municipal waste that is formed
from rural areas is approximately 20%. The municipal waste from rural areas is mainly generated
in households, which produce 76% of mixed municipal waste (in the cities, this participation is
ca. 70%). A stream of mixed municipal waste produced by an average household in Poland in
2013-2016 was approximately 120 kg:(per-year)~!. The size of this index in the case of rural areas was
98 kg:(per-year)~! and in the cities it was 195 kg-(per-year)~!. After the introduction of a new waste
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management system, a difference in the stream of generated waste between city and country dwellers
decreased to approximately 100 kg. This situation results mainly from segregation and reception of all
waste on the territory of the entire country. In the previous period (before 2012), there was no common
obligation to collect waste. Thus, some types of waste, particularly from rural areas, were not collected.

Given the fact that the differences between urban and rural municipalities are currently blurred
and the factors describing the volume of waste generated are changing, it is necessary to look for
additional variables describing the investigated phenomenon. Therefore, the aim was to draw the
optimum set of variables into a model predicting the stream generated by municipal waste from
households in different types of municipalities. Variable sets were chosen in such a way that they were
a compromise between the effort to acquire them and the quality of the forecast. The forecast was
built on a set of five methods: artificial neural networks (ANN), random forest for regression (RFR),
classification and regression trees (CART), exhaustive (CHAID) and multivariate adaptive regression
splines (MARS). These methods are widely used to build predictive models. The work was preceded
by an analysis of the spatial diversity of household waste generated in all municipalities within Poland.

Understanding the factors influencing the amount of municipal waste generated is a prerequisite
for assessing and reorganizing collection systems.

We hypothesize that the amount of municipal waste collected from households depends both on
the administrative type of the municipality and on the factors related to the location and socioeconomic
function of the area. We believe that the inclusion of localization and socioeconomic factors will
allow for the construction of a model which, despite considerable territorial volatility, will allow the
determination of the value of this benchmark and thus contribute to the more efficient planning and
management of waste.

2. Materials and Methods

The initial selection of independent input variables for the construction of the model of the annual
total production of household waste was established on the basis of a literature review. As potential
independent variables, the following were selected:

Cl—municipality administrative type (where: 1—municipality, 2—commune, and 3—rural
municipality);

C2—functional structure of communes (where: 1—urban, 2—urbanized area, 3—multi-functional
transition area, 4—mainly agricultural area, 5—area with prevailing agricultural function, 6—area with
tourist and recreational functions, 7—forest functions area, and 8—mixed functions area);
C3—population density per-km~2;

C4—building age rate defined as a weighted average of the age of all buildings in the municipality;
C5—indicator household size, as persons per household (per building™');

C6—average agricultural area ha;

C7—percentage of buildings heated with natural gas;

C8—participation of farms which earn income from agricultural activity;

C9—indicator of the municipality income as participation in taxes from natural persons per one citizen
of the municipality (PLN-per‘l) ;

C10—typology of municipalities according to the scope of impact (where: 1—zone of the strongest
real impact (real suburbs zone); 2—zone of the strongest possible impact (possible suburbs zone);
3—weakly available zone of strong impact; 4—zone of weak possible impact (possible internal zone);
5—outskirts zone; and 6—urban centers cores);

w—voivodeship.

Data (C1, C3 to C9, w) describing the set of properties of the analyzed phenomena were collected
from the Local Data Bank of the Central Statistical Office [30] and (C2, C10) studies concerning typology
of municipalities in Poland [31]. The novelty of the undertaken research is an attempt to develop a
universal model describing the mass accumulation index of waste and using nonstandard variables for
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this purpose, such as the functional structure of municipalities (C2) and typology of municipalities
according to the scope of impact (C10). These variables, unlike the indicators presented, for example,
in [2,4,13,21], are relatively easily available at the commune level based on the methodology described
in Baniski’s [31]. In his work [31], Bariski assigned municipalities to sets of predefined classes (subsets)
based on selected criteria. The authors of this study used this methodology go a step further and create
universal forecasting models that can be used in local waste management. The added value to the
current state of knowledge is the fact that the study was conducted on a very large population of 2479
municipalities. Among the examined objects were municipalities with a very large spread in terms of
the amount of generated waste. Thanks to this, it was possible to check the quality of obtained waste
stream forecasts in conditions of significant differentiation of its level.

Among the indicated indexes for further analysis of the generated waste stream, only those
features which met the following criteria were selected:

e  Universal character—features should have a recognized significance and meaning;

e  Variabilities—properties should not be similar to each other with regard to information on facilities
(high ability of discrimination is in case of features with great variability);

e Importance—important properties are those which achieve high values with difficulties.

For evaluation of the spatial variability of properties, coefficient of variability ¢ was used, and it
was required that properties had higher variability than the arbitrarily assumed value ¢ = 10% [32].

Assessment of the validity of attributes was made based on the distribution function convexity.
Algorithm of indication of the empirical distribution function convexity is as follows [32]:

(a) Properties x;; are transformed according to the following formula: The property, thus, assumes
values from the range [0,1].

Xi' - mii’le']‘

_——— i=12,...,n; j=1,2,...,m,; 1
maxXj; — minXij ! v Mij M)

where Xij is the j-th feature of the i-th commune, 7 is the number of communes, and m is the
number of features.

(b) Transformed property values are ordered increasingly, and the median Mej, is determined;

(c) The indicator #j is determined by the following:

t]‘=1—'Z wij 2)

wherejequals1,2,..., m. Thew ijis calculated as follows:
1
wij = — @)

A classification was carried out based on the value tj where validity of the feature rises along with
the reduction of the indicator value. A threshold value of this indicator was assumed at the level of 0.5.

Only C4 indicator was not qualified to the set of properties which describe the mass stream of
generated waste using the above-mentioned universality, variability and validity criteria.

For construction of prognostic models, a data-mining working space available in the Statistica®
program was used, where usefulness of annual waste stream, artificial neural networks (ANN), random
forest for regression (RFR), classification and regression trees (CART), and exhaustive (CHAID) and
multivariate adaptive regression splines (MARS) for prediction were verified [33-39]. In the first stage,
models for randomly selected five voivodeships with 869 municipalities were constructed. During the
tests, the impact of the selection of input variables on the quality of the obtained predictions was
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analyzed. Then, for the selected sets of input variables, analyses for all municipalities in Poland
(2479 municipalities) were made.

At the beginning of tests, facilities were divided into particular sets, and this division was valid
throughout all analyses. The training set constituted 80% of observation, and for the needs of training of
artificial neural networks, an additional 20% of observations which formed the test set were separated
therefrom. The remaining observations were included in the validation set which did not take part in
the process of construction of particular models.

The following restrictions were used during the research. Only usefulness of feedforward networks
of MLP type was tested in the neural networks. An automatic network designer was used for the
construction of the model. It searched for the best network architecture with simultaneous limitation
of the number of neurons in the hidden layer within 4 and 13. Five hundred networks were tested
during the research, and, for further analyses, 5 of the best quality were selected. For regression trees,
it was assumed that the minimum number in the node would be 5 observations and the maximum
number of nodes 1000. For the MARS method, the maximum number of base functions was assumed
with the value 21, only for the first row of interaction, and the value of penalty for adding another base
function to the model was agreed at the level 2.

Analyses that aimed at obtaining models which would allow effective prediction of the mass
waste accumulation indicator were anticipated with an initial treatment of the collected indicators.
It consisted of a replacement of the lacking data in a given year with the average value from neighboring
observations. Analogous transformation was made for outlying data which were incorrectly entered
values in the Local Data Bank of the Central Statistical Office.

As part of the evaluation of the developed model’s quality, they were evaluated according to their
admissibility. The absolute percentage error (APE) and mean absolute percentage error (MAPE) were
used to assess the accuracy of expired forecasts [40,41]:

APE = [0~ Op| % 100 @)
1z
o 1 < |Orz - Opr‘
MAPE = o Z —5 X100 (5)

where O, is the value of the total unit indicator of waste accumulation from households determined
on the basis of data Local Data Bank of the Central Statistical Office; Oy, is the predicted value of the
total unit indicator of waste accumulation from households; and 7, is the number of municipalities
covered by the research.

Built forecasting models can generate very good quality forecasts on a set of data that was used to
build them. Using it for new data that is not involved in the construction generates forecasts with
significantly larger errors. To avoid this situation in the work, the set of input variables is divided
into two subsets (learning set and test set). On the first one, the model was built, and the second was
verified in terms of predictivity. Based on the analysis of APE and MAPE errors for the learning set
and test set, the decision was made to choose the final character.

Moreover, in the paper, it was verified whether division of municipalities into uniform groups
based on the set of variables which meet the criteria of universality, variability, and validity will
allow obtaining predictions of the mass waste accumulation indicator burdened with smaller errors.
Thus, for further analysis and construction of models, the set of input variables was extended with "s"
variable, which identifies belonging of a municipality to a given group. A novelty of the undertaken
research is an attempt to develop a universal model describing the mass index of waste accumulation
and using, for this purpose, nonstandard variables, such as functional structure of communes (C2) and
typology of municipalities according to the scope of impact (C10).
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3. Results and Discussion

3.1. Description of Variability of the Produced Waste Amount

The indicator of the total waste mass accumulation per one person and its value only for households
on the territory of particular municipalities in Poland is characterized by high variability.

The collected material allowed development of a map of the averaged amount of generated total
waste and for households in all municipalities in Poland in 2013-2016 (Figures 1 and 2).

14-100
[I100 - 200
[ 200 - 400
[ 400 - 951

Figure 1. Total amount of generated waste in kg-(per-year)~! on the territory of municipalities in
Poland in 2013-2016.
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Figure 2. Amount of generated waste from households in kg:(per-year)™! on the territory of
municipalities in Poland in 2013-2016.

The impact on the amount of generated waste has many variables. The most popular in the
literature are administrative type of a municipality, population density, and the structure of use of
energy carriers to satisfy the recipients’ needs. Also, the waste management system, which is defined
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by the act on maintaining cleanliness and order in municipalities, is not without meaning. Information
obtained from the Local Data Bank [30] show that the introduction of the new law concerning waste
management [31] triggered the increase of the total averaged amount of collected waste on the
territory of municipalities from 144 kg:(per-year)~! in the years 2005-2012 to 162 kg:(per-year)~! in
2013-2016 (Table 3). An even higher average increase of the amount of collected waste (by almost
23 kg-(per-year)~!) occurred then in households. In both cases, the analyzed indicators had a very high
distribution, which was respectively 800 kg for the total waste and 400 kg for households. Taking into
consideration the present legal state in Poland, results concerning waste accumulation since 2013 are
presented later in the paper.

Table 3. Description of the unit indicator of waste accumulation.

Value:
Waste Average Min. Max. Variability
[kg:(per-year)~1] Coefficient [%]
total 2005-2012 144.4 4.1 829.2 27.4
total 2013-2016 162.1 30.9 950.5 53.0
from households 2005-2012 105.5 1.6 438.3 30.0
from households 2013-2016 128.4 26.1 430.1 47.6

The administrative municipality type is considered a basic variable that determines the value of
the unit waste accumulation indicator. The research which was carried out shows that, unfortunately,
the administrative type is not a factor that well differentiates all types of municipalities. For municipalities,
it allowed determination of a relatively uniform group (coefficient of variability below 30%), where the
average annual total amount of generated waste is at the level of 266 kg:(per-year)™' and almost
200 kg-(per-year)~! for households. These are twofold higher values than in rural areas.

Unfortunately, this variable did not enable the sectioning out of a uniform group of
administrative-type communes. This group included communes which generated approximately 30 kg
of waste in total per one person and over 950 kg-(per-year)~!. An analogous situation also occurred in
case of the analysis of the amount of waste generated in households (Table 4).

Table 4. Impact of the administrative-type commune on the value of unit waste accumulation indicator.

Administrative Type of Average
Waste: Commune/Municipality Value Min Max  Variability
[kg-(per-year)~1] Coefficient [%]
municipal 266.0 104.4 880.5 28.6
total commune 130.9 309 950.5 56.3
rural municipality 184.7 54.3 466.5 36.1
Municipal 197.8 82.9 385.2 24.6
from Rural 106.7 26.1 430.1 49.6
households S
rural municipality 145.5 43.0 373.4 36.2

In the following stage, it was checked whether a division of administrative communes (Figure 3)
and rural municipalities will enable their better division with regard to the value of the mass waste
accumulation indicator.

Based on the graphical analysis (Figures 3 and 4), such voivodeships as Swietokrzyskie,
where a very low variability of the total amount of generated waste took place, may be pointed
out. However, for majority of communes and rural municipalities, information on the location on the
territory of a particular voivodeship may be insufficient for determination of the amount of generated
waste. Thus, it is necessary to search for other variables than the administrative-type commune or its
location in order to determine the size of waste accumulation indicators.
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Figure 3. Mass waste accumulation for administrative communes.
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Figure 4. Mass waste accumulation for administrative rural municipalities.
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3.2. Modelling the Waste Accumulation Index

In the first part of construction of the prognostic model of the mass waste accumulation indicator,
it was decided to use as input variables indicators suggested by other authors who investigated
this phenomenon, i.e., administrative type of a commune, population density, building population
rate, percentage of building heated with natural gas, participation of farms which earn income
from agricultural activity, and the commune income indicator. Artificial neural networks (ANN),
multivariate adaptive regression splines (MARS), classification and regression tree (CART), chi-square
automatic interaction detector (CHAID), support regression trees (SRT), and support vectors (SV)
available in Statistica® program were used for construction of models in Data Miner working space
(Figure 5). Models were built for five randomly selected voivodeships in Poland.

Selected models for research: Artificial Neural Networks (ANN),

Random division of the
Data base for Classification and Regression Trees (CART), Chi-square Automatic

2477 database into the teaching 5
Temickaties set (75% of data) and test Interaction Detection (CHAID), Smoothed Regression Trees (SRT),
ey set (25% of data) Multivariate Adaptive Regression Spiines (MARS), Support Vectors (SV).

12 parameters

Modeling Methads Selection

Association of Methods
to Accessible

Py Results for the
" okl teaching and test set
s
y -
On Site Data ey
Collection « - | '
L2 Absolute |
Percentage Error |
Selection of Data Sets - - .
Al = S
b _.,“f‘“ % )
: L= I Ty |
'_ ).\‘d AL = ‘1‘[‘ o |
, . |
> |
= y L
O-- real val f the total unit - w £
He e i) it el |
ndi ac I Critical Analisis of Metod Efficiency I the total unit indicator Percentage Error
from households 2
y of waste accumulation

from households

Figure 5. View of Data Miner working space.

The analyses prove that the best quality models may be obtained with the use of the following
input variables: municipality administrative type (C1), population density (C3), building population
rate (C4), average agricultural area (C6), percentage of buildings heated with natural gas (C7),
participation of households which earn from agricultural activity (C8), commune income indicator (C9),
and information on the location of the commune in a particular voivodeship (w). The above-mentioned
variables were also supplemented with information on the functional type of a commune and typology
of communes (C2, C10), according to the scope of the impact based on the methodology presented
in Baniski’s paper [31]. Since the tests which were carried out did not unanimously indicate which
of the analyzed methods enables the obtainment of the most effective forecasts, the below diagrams
(in Figures 6 and 7) present the results for combined predictions which constitute an average value for
the results obtained with particular methods.



Geosciences 2019, 9, 458 11 0f 17

35
M Learner W Test

30

25

— 20
§
wl

a 15
<
=

10

5

0

1,210, W 1,c3,C5 0 GOV C1toC3,C5% c10, W

Figure 6. Assessment of the quality of the developed models of the total waste accumulation
indicator based on studied set of input variables (C1 to C10). C1—municipality administrative type;
C2—functional structure of communes; C3—population density per-km~2; C5—indicator household
size per-building™!; C6—average agricultural area ha; C7—percentage of buildings heated with natural
gas; C8—participation of farms which earn income from agricultural activity; C9—indicator of the
municipality income PLN-per‘1 ; C10—typology of municipalities according to the scope of impact;
and w—voivodeship.
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Figure 7. Assessment of the quality of the developed models of the total waste accumulation indicator
based on studied set of input variables (C1 to C10).

Since the developed models, both for the amount of the total waste, as well as for households,
were burdened with an error of 25%, attempts were made to correct their quality through the change
of input variables. Unfortunately, the majority of universally available information that affects the size
of generated waste was already used. At the early stage of research, when the territorial characteristic
of variability of waste accumulation was carried out, it was observed that communes from various
voivodeships and those of administrative types have a similar size of generated waste. Thus, it was
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decided to carry out for the cluster analysis for the communes and to extend the scope of input variables
by information on belonging to a particular cluster.

The cluster analysis was made in the Statistica® program with the k-mean method.
For determination of the optimal number of clusters, a v-fold-cross validation algorithm implemented
in the program was applied. The following were used as input data in the analysis: administrative
commune, functional scope of the commune population density, building population rate,
average agricultural area, percentage of buildings heated with natural gas, participation of households
which earn from agricultural activity, commune income indicator, and information on the location of
the commune in a particular voivodeship. Table 5 presents a description of the number of the total
generated waste and for households.

Table 5. Description of the waste accumulation indicator for individual clusters.

Average Value of the Waste

Variable Cluster Accumulation Indicator CO.efﬁ.Cl'e nt ff
(s) - Variability (%)
(kg-(per-year)~1)
1 83+5 47
te total 2 100+ 9 52
waste tota 3 139 + 12 45
4 232+ 15 25
1 69 +3 44
2 807 52
waste from households 3 111 +9 47
4 170 + 13 29

The construction of separate models for particular uniform groups determined based on the
cluster analysis based on previously selected sets of explanatory variables enabled the reduction of the
prediction error of the waste accumulation indicator to the level of 21%-22% for the test set (Figures 8
and 9). The effect of this action was to reduce the forecast error of waste generated by 3% to 4%.
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Figure 8. Assessment of the quality of the developed models of the total waste accumulation indicator
for determined clusters in a varied system of input variables.
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Figure 9. Assessment of the quality of the developed models of the total waste accumulation indicator
from households for determined clusters in a varied system of input variables.

To better present the size of the obtained errors of combined predictions of the mass waste
accumulation indicator in relation to the selected set of explanatory variables, error distribution
functions were developed and presented in the diagram (Figures 10 and 11).
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Figure 10. Distribution function of prediction errors of the total mass waste accumulation indicator.
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Figure 11. Distribution function of prediction errors of the mass waste accumulation from
household indicator.

The analysis shows that the construction of separate models for developed clusters which form
uniform municipalities groups enabled the increase of the quality of made predictions of the mass waste
accumulation indicator (Figures 10 and 11). It is particularly visible for the total waste accumulation
indicator for which the level of APE errors with values up to 30% is 53%, respectively, for the set of
determined variables (C1, C2, C10, w), 60% for the determined set of input variables (C1, C3, C5 to C9,
w), (C1 to C3, C5 to C10, w), and (C1, C2, C10, w, s), and over 70% for the determined set of variables
(C1, C3,C5 to C9, w, s) and (C1 to C3, C5 to C10, w, s). Moreover, for majority of cases including
the information on belonging of the municipalities to a particular cluster enables reduction of the
maximum error values APE to ca. 70%.

When comparing the results obtained for the analyzed variable group, it can be concluded that
they are better than the results obtained in the studies presented in [1,5,9,11,24], where the quality of
the matched models developed was 26% to 35%. We believe that this may be due to the use in our
model of a benchmark characterizing a functional type of municipality.

4. Conclusions

A consolidated law concerning the waste management duty which was imposed on the local
government authorities has applied in Poland since 2012. Although the new law has been applied
for five years, we still observe a considerable territorial variability of the mass waste accumulation
indicator, which makes it impossible to predict this indicator and plan waste management.

The following conclusions can be made on the basis of analysis of the mass waste accumulation indicator:

e The developed model is a versatile solution that may apply to the analysis of regions in Poland
and other countries. The use of a new indicator (a functional type of a commune) is important,
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which confirmed its use in all input data to models. In our further research, we are using developed
models on data from other regions.

e Based on the selected independent variables which met the criteria of universality, variability,
and significance, prognostic models of the mass waste accumulation indicator were constructed
with the use of artificial neural networks (ANN), multivariate adaptive regression splines (MARS),
classification and regression tree (CART), chi-square automatic interaction detector (CHAID),
support regression trees (SRT), and support vectors (SV). Prediction errors of the mass waste
accumulation indicator did not indicate which of the analyzed methods enables the obtainment
of predictions of the best quality, since the value of the error MAPE was at the level of 25%,
regardless the applied method.

e The development of a new model for homogeneous groups determined on the basis of cluster
analysis from the adopted explanatory variables helped improve the forecast. The effect of this
action was to reduce the forecast error to 21%-22% for the test set.
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