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Abstract: Strategic plans for waste management require information on the current and future
waste generation as a primary data source. Over the years, various approaches and methods for
waste generation modeling have been presented and applied. This review provides a summary of
the tasks that require information on waste generation that are most frequently handled in waste
management. It is hypothesized that there is not currently a modeling approach universally suitable
for forecasting any fraction of waste. It is also hypothesized that most models do not allow for
modeling different scenarios of future development. Almost 360 publications were examined in
detail, and all of the tracked attributes are included in the supplementary. A general step-by-step
guide to waste generation forecasting, comprising data preparation, pre-processing, processing, and
post-processing, was proposed. The problems that occurred in the individual steps were specified,
and the authors’ recommendations for their solution were provided. A forecasting approach based
on a short time series is presented, due to insufficient options of approaches for this problem. An
approach is presented for creating projections of waste generation depending on the expected system
changes. Researchers and stakeholders can use this document as a supporting material when deciding
on a suitable approach to waste generation modeling or waste management plans.

Keywords: waste generation modeling; waste production; waste prediction and forecasting; projec-
tion; short time series

1. Introduction

In developing countries, the prevailing goal is to dispose of waste, while in developed
countries (e.g., the ones in the EU), there is an effort to process the waste more sustainably.
The preferred methods of waste management (WM) and disposal in the EU have been
stipulated in the Waste Management Hierarchy [1] to make use of the waste potential. The
EU member states have been implementing the necessary legislative changes, and the next
step is to adapt the existing WM systems to meet the respective objectives. Strategic plans
for the modernization and construction of waste collection and processing infrastructure
require information on the generation and composition of waste, including their expected
development, as a primary data source. The aim is to create a WM system that is sustainable
from both the economic and environmental points of view. In response to this situation,
there is a growing number of publications dealing with waste generation modeling. This
review aims to summarize the available modeling approaches and discuss their suitability
for different applications in WM.
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1.1. Application-Based Targeting

WM is a very complex field in which many tasks and problems can be encountered
in decision-making. The direction of WM development is conditioned by the appropriate
strategic planning of the various components of the WM system (waste collection, construc-
tion of new treatment facilities, change in facility capacity). A whole series of interventions
in the system requires several years for the preparation and implementation of the plan. It
is therefore necessary to start from well-developed comprehensive strategic plans, which,
among other things, take into account the expected development of the generation of the
waste fractions in question.

Each task is unique in nature, but all stages of the process require specific input data,
differing mainly in their time or territorial detail. The most challenging parameters are
the generation rates of different types of waste and waste composition (mostly MMW or
separately collected waste, e.g., paper, plastic). Therefore, the tasks are divided into three
logical blocks, where their characteristics are described to create models associated with
the current or future waste quantities.

1.1.1. Waste Management Legislation and Policy

The proper specification of the recycling or waste prevention targets included in legis-
lation requires reliable long-term knowledge of waste generation and treatment. Historical
data can identify the links of various socio-economic and demographic factors to WM
development [2]. The connections identified may reveal potential societal changes and,
consequently, positively affect waste generation trends and processing methods.

In the context of long-term forecasting (5–20 years), the Circular economy package of
the EU is relevant because it sets recycling targets for municipal solid waste (MSW) until
2035 [3] and landfill restrictions [4]. At the country level, the data are usually aggregated
annually, and as such, are suitable for forecasting. The disadvantage often is the availability
of only short historical data series, due to annual data records. The only reasonable
alternative for forecasting is finding the trend that the data follow (Section 4.3.2). Ghinea
et al. (2016) [5] considered multiple functions for describing trends, of which the S-curve
proved to be the most suitable for MSW. Ayeleru et al. (2018) [6] used a linear dependence
to describe the expected city-level rate of the generation of MSW. Other available works
dealt with very complex models that are not suitable for forecasting. A complete overview
is given in the Supplementary Materials (see Section 2.1).

Modeling waste generation makes it possible to compare mostly very ambitious
legislative goals with the forecasted values. The most significant shortcoming of the
methods for the longer-term estimation of waste generation is the failure to consider
potential interventions in the waste system itself. If the forecast is not in line with the
goals, then the projections are modeled. This can reveal the potential for changes in
individual territorial units. Within the projections, the forecasts are modified to achieve the
set target [7].

1.1.2. Strategic Decision-Making on Waste Management Infrastructure

Strategic decision-making in WM concerns the planning and implementation of long-
term projects for facility construction [8]. Compared to the previous part, waste manage-
ment legislation and policy, waste generation forecasting usually focuses on the regional
level. Data at the regional level are often available on an annual basis and estimating
trends from historical data is possible. However, the data and trends also usually feature
significant volatility, which makes forecasting more complicated and less accurate. It is
good to keep in mind the conditions in the surrounding regions that may affect the planned
project [9]. A hierarchical territorial division can ensure consistent forecasts between re-
gions and the entire country [10]. The definition of possible scenarios for future waste
amounts takes place in the strategic planning. Such scenarios arise from external inter-
ventions into the WM system, and they allow for evaluating the impact on the planned
projects’ sustainability [11].
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A significantly shorter time horizon is sufficient for collection strategy planning due to
the relatively short service life of collection containers and frequent legislative changes [12].
Models for collection planning usually focus on the daily or weekly data sets. This type
of data is common for cities and municipalities, where monitoring is conducted in greater
detail and during longer time horizons.

To ensure the financial and technical sustainability of a project, it is necessary to
assume, during its evaluation, that several parameters are uncertain, including the gener-
ation rate and the waste composition [13]. The current state and outlook for the area of
interest are needed to appropriately site a new facility or collection infrastructure with a
well-chosen capacity.

1.1.3. Operational Decision-Making in Waste Management

The last point is related to the planning of daily operations. Container level data are
needed in waste collection applications that use routing models (a summary of routing
problems and their application was presented by [14], which may feature various targets. A
typical representative of this is dynamic collection planning, where the waste quantities at
the individual collection points are estimated each day. On the other hand, when creating
a new collection plan, weekly or monthly data are required to properly set the collection
frequency. The frequency itself depends on both the waste properties and the capacities of
the collection points. Collection planning is closely related to the siting of the collection
points, which was discussed in detail in the previous sections.

1.2. Tasks Encountered in Waste Generation Modeling

When building waste generation models, it is necessary to distinguish whether an
estimate of the current or the future generation rate is made. The differences in the
terminology regarding prediction, forecasting, and projection are provided in the following
sections.

1.2.1. Prediction

The prediction of waste generation is used to describe the current or future situation.
Estimating the current waste generation rate is essential to define the links in the system
and to develop the models for other territorial units. These links can be used to model the
expected future waste generation. A common application is in the modeling of the waste
generation rate, depending on various socio-economic, demographic, and other factors. The
pitfalls of such models were described by [15] in more detail. The main weakness is that the
links in the system can change over time. Problems may occur when the links are modeled
using all of the historical data, without regard to their temporal variance. Consequently,
this may impact the quality of the future predictions of the respective models.

A common mistake is also to build models using the absolute data, without standard-
ization. Then, multicollinearity is often observed, which negatively impacts the obtained
results. In addition, the data yielded by a WM model should always include information
on the uncertainty, e.g., via confidence intervals.

1.2.2. Forecasting

Forecasting, sometimes termed prognosis, exclusively concerns the estimation of
future development. Most forecasts in WM involve waste generation. Other forecasting
targets (waste composition, waste treatment) are rare. When making a forecast, it is
necessary to remember that inferring the future development based on the current or
historical data is always a difficult—and often largely unsolvable—task.

Forecasting models assume that the respective parameters will evolve in a similar way
to their past development. The primary feature of a forecast is that no change in the current
conditions is expected. Data from even short-term forecasts must be evaluated carefully.
Longer-term forecasts are more indicative in terms of how the development of waste
generation might manifest if nothing changes (e.g., without any changes being made to the
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legislation). When it comes to waste generation, the problem is further compounded by the
fact that often only data sets covering very short time ranges are available. If sociology-,
economics-, or demography-related data from a “prediction” model are to be used, it is
imperative that such a prediction is of sufficient quality.

Forecasts should also consider the links between the waste streams, which are inter-
related (higher generation of separated waste leads to lower amount of mixed municipal
waste (MMW) etc.). A model should always allocate a certain number of data points at
the end of the time series for verification purposes. Even in forecasting, the results should
include information on the uncertainty.

1.2.3. Projection

Projections also deal with the estimation of future development; however, in contrast
to forecasting, they assume that a change will happen in the boundary conditions (legisla-
tive, technological progress). These conditions, which affect waste generation, cannot be
forecasted. Therefore, projections are often future scenarios given the specific boundary
conditions chosen by the authors. Scenarios can be created with respect to the objectives of
the WM, but deviations from the corresponding forecast should be as slight as possible.
Due to territorial hierarchy, it is appropriate to consider the division of national targets (i.e.,
individual regions according to their potential for change). Monotony in terms of waste
generation potential should be maintained. Possible links among waste fractions should
also be taken into account.

1.3. Research Questions

The underlying goal of this review is to gather supporting material for the develop-
ment of a comprehensive waste generation model, particularly with regard to its application
(see Section 1.1). Before studying the available literature, the research questions that are
addressed in the following text are formulated.

• What are the common shortcomings of the available data, and how many data points
in a time series are sufficient? Response: Sections 2.1 and 3.

• Which approaches and methods are suitable for certain applications? Response:
Section 3.

• Can general recommendations be formulated for data processing? Response: Section 4.
• Can prediction models be used to estimate future data? Under what conditions?

Response: Section 5.
• How to implement changes and interventions in WM (legislative interventions, changes

in data reporting methodology, introduction of new waste catalogue numbers) within
mathematical models? Response: Section 5.

The actual review methodology is described in Section 2. A detailed overview of the
studied publications can be found in Supplementary Materials. An extensive review was
carried out in order to create an overview of the methods and approaches to date. Based on
this, it is possible to choose a suitable approach for other tasks. In the event that the existing
approaches are insufficient for some types of tasks, it is appropriate to consider the issue of
developing new approaches. Section 3 presents the process of choosing a modeling method.
Section 4 then summarizes the modeling processes (preparation, pre-processing, processing,
post-processing) in the form of the problems and the authors’ recommendations. A SWOT
analysis for the individual models is provided for each method in Appendix A. The main
benefit of this contribution is the combined approach of forecasting and projection based
on a short time series, see Section 5. The presented method is designed as a universal
approach for any waste fraction. The lack of a multipurpose approach was found to be a
research gap. A common and problematic feature of the available data is a short time series.
Considering this feature, the approach is based on a trend analysis of the historical data,
followed by data reconciliation. This choice took place according to the decision-making
process in Section 3. A brief summary is provided in Section 6, including the suggestions
regarding further research directions.
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2. Literature Review

First, attention was paid to previously published review papers on the discussed topic,
with the aim being to prevent repetition, the summary is in Table 1.

Table 1. Previously published review papers.

Citation Time Range Number of
Publications Criteria

(Beigl et al., 2008 [16]); Until 2005 45 regional scale, MSW waste streams, independent
variables, modeling methods

(Cherian and Jacob, 2012 [17]) Until 2011 9
regional scale, MSW waste streams, independent
variables, modeling methods, socio-economic
factors

(Kolekar et al., 2016 [18]) 2006–2014 20
modeling methods, territorial division, amount
and frequency of time-dependent data,
independent variables, waste stream

(Goel et al., 2017 [19]) 1972–2016 106

classification into typical (multiple linear
regression—MLR, time series analysis—TSA,
factor analysis) and unconventional (fuzzy
methods, artificial neural networks—ANN)
approaches

(Alzamora et al., 2022 [20]) 2008–2021 120 MSW stream, geographic scale, data type,
modeling technique, independent variables

(Abdallah et al., 2020 [21]) 2004–2019 85
artificial intelligence in WM, identified six
applications; described multiple models incl.
hybrid ones

(Guo et al., 2021 [22]) 2003–2020 40 machine learning methods in organic solid waste
treatment

(Xu et al., 2021 [23]) 2010–2020 177

ANN models, categories of review scales:
macroscale (mainly focused on waste
generation), mesoscale (waste properties and
process parameters), meso-microscale (waste
process efficiencies), microscale (reaction
mechanisms or microstructures)

Older reviews clearly specify the as-of-yet unresolved research gap, while the more
recent works—e.g., [21–23]—deal exclusively with artificial intelligence and do not consider
other methods. As the works by [17,18] described the target periods with only a modest
number of published models, a new review for that period has been conducted in the
present paper. The contribution [19] presented a relatively extensive review, but further
applications require more elaboration in the context of waste fractions. The contribution [20]
aims to investigate the relationship between waste generation and socioeconomic factors.
Thus, a review of approaches that do not use influential factors for models (e.g., TSA) is
not provided. Therefore, the review will be carried out again in this contribution, with
a broader scope of the methods used. The review [16] is taken as the starting point, the
publication is ca. 15 years old and, therefore, an update is due. The review [16] summarizes
the methods used until 2005, but there are no described new approaches that have not been
addressed until then. It is therefore not necessary to study the contributions before 2006, as
this period has already been well covered in paper [16].

The review is therefore conducted for articles published in 2006 and later. The main
databases queried were ScienceDirect and Scopus with the keywords being: “msw predic-
tion“, “msw forecast“, “waste prediction“, “waste forecast“, “waste generation“, “waste
production“, “waste forecasting“, “municipal waste prediction“ or “municipal waste fore-
cast“. The articles were sort on “relevance”.
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For the articles that matched the listed keywords, their relevance to this review was
assessed against the title or abstract. The criterion is that the chosen article presents a model
of either the current or future waste generation. When sorting by relevance, the articles
suitable for review are first displayed. Then, more occurred, which were excluded from
the review. When there were more than 20 non-relevant articles in a row when sorting by
relevance, the search was terminated. A total of 359 articles were identified for the detailed
examination within the review.

The following text is particularly beneficial because it contains detailed modeling
recommendations for specific WM applications. The criteria utilized in [16] have been kept
and several new parameters (the amount of data, waste types, etc.) have been added.

2.1. Summary of the Results

This study evaluated the 359 selected publications from several points of view. A
detailed overview of all the monitored criteria is available in Supplementary Materials;
the main text contains references only to the fundamental publications that the authors
have chosen for the citation in individual parts of the text. Supplementary Materials is
structured as follows:

• Publication details (columns B–H): title, authors, journal, year, nationality according
to the affiliation of the main author, number of citations, keywords.

• Origin of data (columns I–K): state, continent, the source of WM data.
• Data details (columns L–R): number of dependent variables, time interval, number of

time intervals, territorial division, number of territories.
• Forecasting (columns S, T): forecasting (yes/no), forecasting period length.
• Waste streams (columns U–AK): MSW, MMW, bio-waste, paper, plastics, glass, etc.
• Influencing factors (columns AL–AT): influencing factors (yes/no), population size,

education, age, income, gross domestic product (GDP), etc.
• Utilized methods (columns AU–BF): LR, general regression (GR), TSA, ANN, etc.
• Processing (columns BG–BH): pre-processing (yes/no), verification of assumptions for

LR.
• Model quality (columns BI–BM): coefficient of determination (R2), mean absolute error

(MAE), mean absolute percentage error (MAPE), etc.

2.1.1. Data Pre-Processing

Pre-processing is included in 26% of the papers, but it is often introduced very briefly
without a detailed description of the actual procedures used. Only 60 papers out of
359 involved pre-processing and simultaneously evaluated the quality of the developed
model. Approximately 32% of these 60 articles with pre-processing used weekly or daily
data [24] and about 47% of the articles with pre-processing used annual data. However,
the models with annual data are usually created on many territorial units, where, again,
it was possible to use common methods such as z-score [25], Grubb’s test, or Dixon’s
test [26]. Outliers occurring in a short time series were often dealt with expertly. The
authors’ recommendations regarding the pre-processing of short time series are provided
in Section 4.2. It should be mentioned that pre-processing did not address changepoint
detection in the studied papers, although it can have a major impact on the model.

2.1.2. The Detail of a Dataset

The selected publications focused on different waste types, as shown in Figure 1.
The most frequently modeled component was MSW, at 54%. This was followed by the
separately collected waste with high potential for material recovery (paper, plastics, glass,
bio-waste), with a frequency of about 15%. Separated waste (SEP) was also modeled as
one stream, i.e., the separately collected but not individually distinguished components of
MSW. It is worth noting that a relatively small percentage of the publications (6%) focused
on MMW generation (terminology is not uniform, in some publications also called residual
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waste). The reason for this might have been that this stream is quite difficult to model due
to the relationship between MMW and the sorted components.
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Figure 1. Waste types studied in the evaluated publications. Legend: MSW—municipal solid waste;
PAP—paper; PLA—plastics; GLA—glass; BIO—bio waste; C and D—construction and demolition
waste; MMW—mixed municipal waste; SEP—separated waste.

The following territorial divisions were monitored: state, region, municipality, house-
hold, building, hospital and “others” (which included all the remaining levels due to
their infrequent occurrence). Some territorial divisions were directly related to specific
waste types, e.g., building (construction and demolition waste), hospital, hotel, or aircraft.
Figure 2 shows the relationship of the territorial detail with the time division and the
input data acquisition method. The household data were most often available on a daily
basis (more than 55%). This was because they came from surveys in which the produced
waste was commonly collected from a sample of households and weighed every day. The
national-level data, on the other hand, were available yearly in 87% of cases.

Regarding the household-level data (waste generation and socio-economic informa-
tion), they were usually obtained via surveys or interviews. Existing databases about
reports were mostly used as the source for collecting the data for hierarchically higher
levels (municipality, region, state).
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2.1.3. Approaches Applied

The values in Figure 3 indicate the shares of papers utilizing each method (please note
that some articles employed multiple methods). The most common method—appearing in
31% of the studies—was MLR. In this case, the waste generation was estimated based on
the available sociological, economic, demographic, and other data. ANN, which belongs to
artificial intelligence methods and has become increasingly popular in recent years, was the
second most used (26% approach), followed by the simple descriptive approach and general
regression—GR (e.g., generalized linear model—GLM, analysis of variance—ANOVA, or
nonlinear regression). Some publications also featured other methods than those listed
explicitly in Figure 3 (grouped under “Others”). These included, for instance, mass balance,
the theory of planned behavior, or models based on geographical information systems (GIS).
The colors in the respective composite bar chart indicate whether the models described in
the evaluated papers were predictive or included forecasting as well.
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forests; SD—system dynamics; FL—fuzzy logic.

Several models were tested in paper [27], of which the most accurate results were
obtained for the utilized data set using gamma regression (GLM). Karpušenkaitė et al.
(2016) [28] tested different models for a specific waste fraction (namely, medical waste), and
different time series lengths. The result was that no universally applicable model exists,
but the GLM models provided the best results for the regional-level data. Kannangara
et al. (2018) [29] compared DT and ANN and found that ANN achieved higher accuracy,
while the results from DT could be interpreted more clearly. According to [23], 45% of
WM papers using ANN worked with at most 100 data points, but ANN have still become
popular in WM. Petridis et al. (2016) [30] compared different models for time series, and
autoregressive moving average (ARMA) provided the most accurate results, but the Box-
Jenkinson methodology (ARMA, autoregressive integrated moving average—ARIMA, and
their modifications) achieves good results on long time series. Ghinea et al. (2016) [5]
presented S-curve models as the most suitable option for trend analyses depending on the
data available.

A different route is followed by hybrid models, which combine the advantages of the
individual methods used. Xu et al. (2013) [31] showed that the combination of the seasonal
ARIMA (SARIMA) and grey system was robust enough to fit the seasonal and annual
dynamic behavior of waste generation. However, the mentioned models are focused on the
specific waste fraction, and general applicability cannot be deduced. This is a feature of
most of the models in the review. The methodology proposed in [32] combined the S-curve
trend and ANN, where for the future construction projects, the S-curve trend was linked
to the project characteristics via the ANN forecasting of waste generation. Trend analysis,
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followed by correcting the estimates to maintain the hierarchical links in the system, was
supplemented by data reconciliation in the methodology presented in [33].

The selection of the suitable methods depends mainly on the nature of the input
data and the objectives of the model. The evaluation of the model quality presented in
various studies is problematic because of the different input data qualities, verification of
compliance with method assumptions, or model refitting risk. However, generally, it holds
true that higher-quality models can be obtained at higher levels of territorial division due
to lower data variability.

2.2. Evaluation of Review

The review showed the possibilities of using different modeling methods, and a
summary of the main outputs is shown in Figure 4. The numerical value indicates how
many models, out of a total of 359 publications, correspond to the given characteristic. It
should be noted that one publication may include several types of models, e.g., for testing
reasons or when using a hybrid method. Therefore, the sum of the values in one layer does
not have to correspond to the value in a higher layer. Attention is paid to the forecasting
models (130 publications out of 359); the prediction models for current waste generation
were previously addressed in the publication [15]. Forecasting models can be divided into
two basic types. One of them only works with historical data on waste generation and
models the development over time. These models use common approaches of TSA. The
eventual principles of ANN, GR, MLR, etc. are applied for modeling the trend in the data,
where time is the only independent variable. The second type models the links between
waste generation and various factors (economic, environmental, sociological, etc.). Based
on the expected development of these factors, a waste generation forecast is created. This
area includes both conventional and machine learning approaches.

The detail of the time division is crucial because it often determines the length of the
time series: the annual data create short time series and higher detail can create long time
series. The detail of the time series for both types of method (development in the time
and links in the system) was divided into year detail and others in Figure 4. The time
division is 28/23 (year/others) models for the methods using development in time series
and 64/15 (year/others) models for the methods using links in the system. Thus, a total
of 92 models use data in the year detail and only 28 models of 92 use methods based on
the development in the time. The fundamental problem of methods that use links in the
system is the need to forecast all of the influential factors. Usually, forecasts of these factors
are not available in the necessary quality and sufficient forecasting length, see [34]. The
authors consider it more appropriate to use methods based on time development due to
the smaller requirements for input data.

Furthermore, it is desirable to deal with the issue of territorial hierarchy. In most cases,
the model is created for one level of territory (state, municipality, etc.). For WM planning,
the waste generation forecasts are necessarily for different territorial divisions, but these
forecasts are performed separately without the hierarchical links. The review includes only
six models that consider the territorial hierarchy for short time series forecasts, and all of
these models were previously presented by the authors of this review. Most authors do not
consider territorial links (22 models for short time series), which the authors consider as a
one of the research gaps.
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• The choice of modeling method (Sections 3 and 4).

The presented studies apply different methods without explaining why a particular
method was chosen. Based on the findings, this text provides support for decision-making
when choosing a suitable method. Data availability and data properties are primarily
taken into account (Section 3). The schematic representation of the suggested decision
process is described in Figure 5. In Section 4. the problems found in the modeling and
recommendations for their solution are formulated, which should make it easier for the
reader to apply the methods further.

• The general approach of waste generation forecasting (Section 5)

The models mentioned in the literature review (Section 2) are focused on specific
waste fractions, and general applicability cannot usually be deduced. This is a feature
of most models in the review. Within this manuscript, the approach usable for arbitrary
waste fraction is presented (Section 5). The main characteristic of the approach is in the
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interconnectedness of the forecast and projection, which can achieve the results taking into
account real conditions.

3. The Decision Process for Method Selection

The selection of a suitable modeling method depends on the target application and
available data. For the applications presented in Section 1.1, it is advisable to use the
models from Table 2. This table shows only the forecasting and projection models, which
are necessary for planning the future directions to be taken in WM. For WM legislation and
policy tasks (Section 1.1.1), long-term forecasts with less territorial and temporal detail will
be more advantageous. The opposite is true in the case of operational decision-making in
waste management (Section 1.1.3); that is, short-term forecasting, which will usually require
more detail in terms of territory and time, will be most appropriate for this task. If dynamic
planning is required, then it is necessary to also take into account the computational
complexity of the methods.

Among almost 360 evaluated studies, no GLM model was found to be applied to
forecasting. In the case of methods describing waste generation via the influencing factors
(MLR, GLM, DT, ANN), it is necessary to forecast all of the influencing factors in advance.
This significantly limits the usability of the mentioned methods because forecasts of influ-
encing factors are unavailable or of poor quality. As for TSA, these are mainly trend models
for long-term planning. Short-term time series information, such as seasonal effects and
autoregression, are essential for operational decision-making.

Table 2. Representative model types for individual applications.

Application Most Common Features Model Reference

Waste management legislation
and policy

- long-term forecasting
- smaller data frequency (e.g., years)
- larger territorial units (e.g., state)

MLR [35–37]

ANN [38,39]

TSA [40,41]

Scenario models [7,42,43]

Strategic decision-making on
waste management
infrastructure

- long-term forecasting
- smaller data frequency (e.g., years)
- different territorial levels (city, region,

state)

MLR [6,44,45]

DT [46]

ANN [29,47,48]

TSA [5,49]

Scenario models [50,51]

Operational decision-making
in waste management

- shorter-term forecasting
- greater data frequency (e.g., months, days)
- smaller territorial units (e.g.,

municipalities)

MLR [49,52]

ANN [53,54]

TSA [55,56]

Scenario models [57]

A general guide to selecting an appropriate forecasting method is shown in Figure 5.
The choice of a specific method depends primarily on the number and character of the
input data. The flow chart also contains the assumptions and requirements put on the
input data. The main steps in the process of forecasting are summarized below:

1. I. Conversion of data to unit quantity (with respect to activity rate) and data transfor-
mation

Requirement: Activity rate is a significant parameter. Typically, generation per capita
is considered to be a unit quantity for MSW. Then, the number of inhabitants represents
the activity rate. If desired, the data can be transformed at this stage.

2. II. Data pre-processing (level A in Figure 5)

Detection of outliers and changes in the trend.
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3. III. Assessment of significant parameters

Requirement: Data for all territorial units of the system.

4. IV. Selection of the modeling method (level B in Figure 5)

Requirement: Validity of assumptions with respect to the selected method. Sufficient
time series length for TSA depends on the method used in level C. Generally, the most
stringent limitations are set for cyclic and seasonal components and the Box Jenkinson
methodology. Expert estimates and average models, on the other hand, can be applied to
only a few data points.

5. V. Forecasting via the selected method (level C in Figure 5)

Requirement: Validity of assumptions for the respective method.
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The final forecast should meet the following criteria:

• Compliance with balances and interactions: balance of estimates on different hierarchy
levels. The hierarchical structure of territorial units and waste fractions should be
maintained [33], see Section 4.3.3.

• Confidence intervals: the expected uncertainty is integral to the results [58]. In most
cases, however, information on model uncertainty is missing.

• Evaluation of the model quality: most models involve at least some quality assess-
ment. Several commonly used criteria are R2, MAPE, and prediction errors. It is also
recommended to verify the quality of the forecast based on the testing data. Before
the forecast is made, a certain part of the data at the end of the time series is allocated
for this purpose, and then the prediction provided by the model is compared to this
pre-allocated data set.

4. Problems and Recommendations for Waste Generation Forecasting

A wide range of theoretical bases for forecasting approaches is provided by [59], but
without a link to specific applications in WM. The requirements and processes that are
inherent to each waste generation estimate are explained below. Based on the studied
publications, the authors of this review proposed a 13-step approach for forecasting, which
can be divided into four parts: data preparation, pre-processing, processing, and post-
processing. Predictive models are described in detail in the previous papers and will
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therefore not receive much attention. It is possible to be inspired by predictive models
when processing data for forecasting. The following text will formulate the problems (P)
and recommendations (R) for the individual forecasting steps based on the experience of
the authors and the comprehensive review of the published papers. Almost every article
dealing with waste-related data features some steps from Figure 6 and, therefore, potential
research gaps will also be specified for issues that have not been sufficiently addressed.
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4.1. Data Preparation

P1: The use of historical data within time series can be complicated due to a change in
the methodology of monitoring and recording this data.

R1: Historical data must be collected using the same methodology. If the methodology
changes, it is necessary to delete the data prior to the alteration or to modify the data
accordingly. An example is the merging of some waste streams for recording. Then, it is
possible to also merge these waste streams in the historical data before the change.

P2: The required data are not available for all variables or territorial units.
R2: The data can be aggregated to obtain the missing values for higher territorial units.

Aggregation also reduces data variability, which is more pronounced at lower levels. In
addition, the missing data can be added using predictive models (see Section 1.2 [15]).

P3: It is difficult to compare regions in absolute terms due to the different sizes of
producers. The analysis is therefore problematic because of extreme values.

R3: The data often needs to be normalized to check the relationships between vari-
ables [15]. Normalization or standardization applies to both waste and socio-economic
data. The most common is normalization per capita, household or area. The normalization
can also be shifted to improve the interpretability (e.g., the number of stores per 1000 in-
habitants). If the data are not normalized per capita, it is recommended to discard extreme
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values in predictive models. Such data usually originate in the capital or other big cities
that, due to their size, can have a considerable impact on the model behavior.

P4: Heteroskedasticity frequently occurs in the data.
R4: For some variables, it is recommended to transform the data to obtain a more even

distribution of values. Logarithmic transformation is used most often. The logarithm with
base 2 is recommended due to the character of the data in WM. However, here, the possible
zero values must be treated appropriately. For zero values, the logarithmic transformation
is not defined at all, values close to zero will have a disproportionately significant impact
in subsequent analyses. At present, the authors do not know a suitable approach for the
processing of zero values in logarithmic transformation.

P5: The data on waste generation include waste fractions, which influence the genera-
tion of other fractions.

R5: Interdependent waste fractions should be modeled together. For instance, there
is a significant interdependence between MMW and SEP [60]. It may be advantageous to
forecast the generation of these waste fractions as an aggregate in the absolute value (e.g.,
MMW + SEP) and, simultaneously, individual fractions as a rate of the total quantity (e.g.,
MMW/(MMW + SEP)). This will cause smoothing in the data.

4.2. Data Pre-Processing

P1: Historical WM data may be influenced by unknown or complicated regressors
(economic cycles).

R1: It is possible to adjust the data for changes in the given parameters over time, such
as economic cycles, or one-off situations, such as the COVID-19 pandemic. The adjusted
(smoothed) data can then be used for modeling and forecasting.

P2: The presence of outliers negatively impacts the model.
R2: For long time series, it is possible to follow the common methods for the detection

of outliers (see, e.g., [24]). These methods, however, are problematic when it comes to short
time series (typically annual data) because the methods’ assumptions cannot be confirmed.
Therefore, it is necessary to use a combination of approaches and supplement them with an
expert view. The authors can recommend the Holt method (for trend cleaning) together
with the Grubbs’ test for the identification of outliers in residues.

P3: The common methods for changepoint detection are not suitable due to their short
time series [24].

R3: The following points are recommended for changepoint detection:

• Historical data should be standardized. This makes it possible to specify the same
critical limit for each time series.

• Use data visualization if the amount of time series allows.
• Do not identify multiple changepoints in one time series if it is not long enough.
• Focus on the angles between the partial subsequences of the time series and the angles

of the historical data lines with the x-axis.
• For further calculations, use the part of the time series behind the changepoint.

P4: It is difficult to detect data anomalies (outliers, changepoints) at the endpoints of
the time series.

R4: It is risky to mark an anomaly endpoint as an outlier or a changepoint because no
subsequent development in the data is known. It is recommended to test the model with
and without the endpoint and compare the output ranges. This will verify the effect of the
endpoint on the resulting model. The final decision in the consideration of the. removal of
the endpoint due to an anomaly is up to the user.

P5: A time series behaves differently than the other time series (i.e., the whole time
series has an extreme generation of waste compared to other producers).

R5: If the entire time series features anomalies, it is advisable to look for influencing
factors that may affect it. Another option is to test for a possible correlation between
neighboring territorial units because the WM characters may be similar in nearby localities.
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Expert judgment is the only way to assess the results and evaluate the pre-processing
quality.

4.3. Data Processing
4.3.1. Forecasting of Input Parameters

P1: Finding models that describe the waste generation based on the input parameters
with sufficient accuracy is not guaranteed.

R1: Clustering can be applied to territories, and then the model can be built at the
cluster level [61]. By compiling a model for each cluster separately, higher accuracy can be
achieved due to local conditions. The different links can be described in specific clusters of
territories and increase the model accuracy.

P2: Forecasting models require the forecasts of all their input parameters for the
desired level of territorial division [62], but for some influencing factors, these are not
available. Alternatively, only short-term forecasts of the influencing factors are available,
but they do not cover the entire waste generation forecasting horizon [34]. Enormous
uncertainty would enter waste modeling right at the beginning (not to mention the fact
that it is not desirable to proceed with flawed input data).

R2: The inclusion of the influencing factors in the waste generation forecast is not
suitable if the forecast of the influencing factors does not cover the whole forecasting
horizon or there is significant uncertainty. Then, it is recommended to use the principles of
TSA. Forecasts of demographic influencing factors differ from other socio-economic charac-
teristics, and it is recommended to include demographic development in WM forecasts [34].
Long-term demographic projections are usually of sufficient accuracy, but unfortunately,
they may not be available for smaller regions. It must be noted that demographic models
are, in fact, projections because they are created in the form of scenarios [63].

4.3.2. Application of the Selected Method

P1: A specific method for TSA must be chosen concerning the data frequency detail
and the length of the time series.

R1: If daily, weekly, or at most monthly data are available, then it is possible to monitor
the cyclic and seasonal components, and short-term forecasting usually is possible [49].
Otherwise, when only yearly data are available for aggregated territories (region, state, i.e.,
most data sets commonly provided by states or government strategic planning agencies),
solely the trend can be examined by the regression function [5]. In some cases, it can be
advantageous to use Poisson regression. In the comparison with the trend in the form
of a nonlinear function, the Poisson regression has less accurate results. However, the
advantage is lower computational time.

P2: The choice of the regression function for describing the trend in the data is not
clear (several different functions can give similar results).

R2: It is advisable to look for a compromise between the quality of the fitting according
to the chosen criteria (e.g., R2, MAPE) and the properties of the selected functions. The
authors evaluated the following properties as substantial:

• Monotony—the trend over the forecasting horizon should not change from rising
to declining and vice versa, so the trend is assumed to be monotonous. Oscillations
around the trend caused by the seasonal or cyclical component are not possible to
describe in short time series. Requiring monotony will also reduce the risk of model
overfitting. It is recommended to use the power function for trend modeling. The
advantage is its wide application for both rising and declining trends [34].

• Limited growth—some time series have a very significant growth in historical data
(resp. decline), which may be exponential. Such a trend is usual after the system
change, e.g., by collecting a new waste fraction. It cannot be expected to continue this
trend over the entire forecast horizon. The more likely development is that the waste
generation will slow down the growth. In such cases, it is appropriate to model the
trend using an S-shaped curve [34].
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It is recommended to model the trend with a simple model and a constant value in the
following cases, see [34]:

• By excluding data after pre-processing, the time series remains too short for trend
estimation. The minimum number of data can be adjusted to the specific length of the
time series.

• The trend model in the data using the functions described above is of poor quality. As
a criterion recommends using R2, the critical limit R2 can be customized.

• A simple model with a constant value leads to results that are comparable to a more
complex model.

• As a special case, time series containing zero generation of waste in recent years should
be extrapolated as a zero value–it is not expected to start generating this waste again.

P3: Attention should be paid to possible special cases of the waste streams. For
example, the legislation may change, which may then cause a changepoint, etc. Completely
new waste streams may also be introduced after the legislative intervention. Historical
data then cannot be used for forecasting in the usual manner.

R3: The mentioned special cases should be detected in pre-processing if the change has
already been reflected in the historical data. It is possible to consider the trend forecasting
even if not all regions have already responded to the change. In other words, more
advanced regions may outline the future directions for the less developed ones (Smejkalová
et al., 2020 [64]). An analogous idea can be applied at the state level considering countries
with differently advanced WM. Other notable special cases represent waste fractions whose
quantities are directly influenced by the developments of specific external factors. A typical
example is metal waste, which is linked to the purchase price of raw materials. The
purchase price is difficult to forecast due to its cyclic behavior, leading to complicated
forecasting of the metal waste fraction.

4.3.3. Data Reconciliation

P1: Historical waste generation data can contain internal consistency links, which
form a hierarchical structure: the state comprises the regions, the regions comprise the
municipalities. These links are not always maintained after applying the selected method
(Section 4.3.2).

R1: The authors recommend correcting waste generation models to restore the system
links using, for example, a data reconciliation model [33]. It is assumed that the amount
of waste generated at a higher territorial unit is equal to the sum of the amounts in the
territories that belong to it (e.g., municipalities located in a particular region). The second
type of internal balance assumes links between the waste fractions. An example is the effect
of separated waste generation on the amount of MMW [10].

P2: The data reconciliation model is significantly affected by the model weight settings,
for example, different importance of the results that are balanced.

R2: It is necessary to pay attention to appropriately chosen weights when balancing;
weights should be considered both in terms of total waste generation (preferably in the
square root) and in terms of the quality of the estimate. In the case of the balance, percentage
changes must also be taken into account [34].

P3: An increase in the generation of one fraction does not mean a decrease in the
production of another fraction by exactly this amount; that is, the overflow of waste
amounts is not consistent.

R3: The interdependence of waste fractions must be captured in a form that corre-
sponds to reality; the values of the transition between the fractions do not have to be equal;
individual waste streams are created and disappear [60].

P4: The possibilities of the chosen solver can significantly affect the success of the
calculation when the model is stated as a mathematical programming problem.

R4: The data reconciliation model can be formulated in additive or multiplicative
form [34]. The multiplicative form has a significant advantage for wastes with high
variability between individual fractions. Producers with significantly different waste
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generations can occur at different levels of the territory. The additive formulation causes
numerical and rounding errors. The setting of the model weights also depends on the
formulation. In addition, the multiplicative form works with the percentage change, which
is a problem in the case of zero values [34].

P5: The solver is not able to find the optimal solution due to the task size or computa-
tional complexity problems.

R5: Usually, at least a relaxed solution is available, i.e., the balances are not met exactly.
This may not be a problem for some forecasts. In other cases, it is recommended to reduce
the optimization task so that smaller sets of waste streams will be balanced, e.g., only for
individual catalogue numbers.

4.3.4. Expression of Uncertainty

P1: Each forecast should provide confidence intervals [65], ideally also prediction
intervals. If data reconciliation has been carried out (previous step, Section 4.3.3), it is not
possible to use common interval constructs with a normal probability distribution around
the model mean value.

R1: The authors suggest simulating the confidence and prediction intervals with the
bootstrap method. It is possible to use historical data as one of the possible realizations,
and then its variance to generate new data sets. A forecast is made for these generated data,
which creates different realizations of the forecast. Based on the properties of forecasts for
individual realizations, confidence and prediction intervals are compiled [34]. In the case
of a limited number of possible generations within the bootstrap, the variance of forecasts
for the construction interval is estimated. In this case, approximately 30 bootstraps are
considered sufficient [34].

4.4. Data Post-Processing
4.4.1. Modeling of Scenarios

P1: A forecast does not include possible changes to the system, as described in
Section 1.2. Projections deviate from a basic forecast because they must obey the model
constraints and predefined boundary conditions. It is essential to ensure the feasibility and
consistency of a projection.

R1: Legislative interventions take place at the state level or the levels of other self-
governing units. The distribution of the projection changes to the micro-region is essential
for determining the potential for future development. For analyses associated with the
potential to increase the separation of MSW, it is necessary to have available (or at least
estimate) the MMW composition, which allows estimating the potential for change. When
using projections, it is recommended to consider the links between waste streams [60]. For
the projections, it is necessary to determine the potential for change. The following applies
to scenario solutions:

• The scenario does not exceed the potential for change which was set for a specific
territorial unit.

• All territorial units show a shift towards meeting the scenario if the potential allows it.
• The individual territories do not overtake in terms of the fulfillment of potential and

are monotonous.

4.4.2. Self-Learning Mechanisms

P1: The results must be updated when the input data set changes. The change may
occur due to the data editing in the original database or the addition of new data on waste
generation from the next period.

R1: During model re-evaluation, one must carry out all the forecasting steps specified
in Figure 6. When the data are dynamic in nature, it is necessary to react quickly and
develop an adequate methodology [66]. As an example, one might mention forecasting
utilizing smart technologies such as weight or fill level sensor-equipped containers.
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4.4.3. Model Diagnostics and Presentation of Results

P1: The quality of the models must be verified.
R1: The quality of a forecast should be tested using a pre-allocated test data set. In

other words, the forecast should be made using a smaller data set, and the results should
then be compared with the remaining values that were not used as the model input data.
Model verification can also be conducted via confidence intervals.

R2: Forecasts provided by the models must be presented clearly so that their end-users
(the decision-makers) can easily interpret them. Methods for representing results visual-
ization can be found in the paper [45]. Another promising approach for communicating
the results and incorporating them into the simulation calculations is the gamification
approach [67]. Tools based on gamification for strategic planning in waste management
provide interactive feedback with respect to the set criteria [68].

5. Modeling Future Waste Generation and Treatment Based on Short Time Series

Authors of this contribution recommend applying a combination forecast model and
a subsequent projection model, see Figure 7. Compared to Figure 6, Figure 7 shows the
essential steps of the projection in greater detail. In the first step, a forecast should be
created based on historical data, which considers maintaining the current form of WM into
the future, see Section 5.1. This part corresponds to data preparation, pre-processing and
processing in Figure 6. This is basic information, but waste generation will be affected by
systematic changes (legislative, technological etc.) and global trends (sociology, economy
etc.) in the real world. Using predictive models, the influence of these factors on waste
generation can be estimated, but their development cannot be well forecasted. The expected
development of the influencing factors is a matter of expert assessment. Waste generation
projection should be a combination of the forecast results with a predictive model, and the
impact of the external interventions can be modelled as different scenarios. In the form of
scenarios, an estimate of future waste generation can be achieved, which will correspond
as best as possible to the real conditions.
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5.1. Waste Generation and Treatment Forecast

It is recommended to apply a method based on trend analysis with subsequent data
reconciliation in order to maintain hierarchical links in the data [34]. The trend in the
historical data can be modelled by the suitable curve. The model of the waste generation
trend pt is significantly affected by the type of the curve ft (1), where t is the index of time
including both the historical data and a forecast.

pt = ft. (1)

Designation ft indicates the curve that is recommended in the form of power function
(2) or logistic function (3) based on the data character:

pt = a + btc, (2)

pt =
1

1 + e−(a+bt)
. (3)

where a, b, c are the regression coefficients. A model that fits the historical data well is
extrapolated to cover the entire forecasting horizon.

The trend estimates do not generally maintain the hierarchical links, i.e., the sum of
the regional trends does not correspond to the national trend and similarly for other links.
Therefore, it is recommended to apply data reconciliation to ensure these links. This is
achieved by a set of constraints. For the territorial hierarchy, this is constraint (4), where
Aj,j defines the relations between territories (j is a superior territorial unit and j is a lower
territory).

k j = ∑
j∈J

Aj,jk j. ∀j ∈ J. (4)

Constraints in the case of links between waste fractions can also be formulated similarly.
Equation (5) connects the waste generation input data pj in particular time with the model
variable k j and the waste generation data error ε j in the form of additive notation. In some
cases, for reasons of solvability, the multiplicative form of notation is more advantageous.

k j = pj + ε j. ∀j ∈ J, (5)

Equation (6) represents the objective function for the variant with weights vj to take
into account the size of the producer and weights wj according to quality of fitting.

∑
j∈J

(
vjwj

)2
[(

ε+j

)2
+
(

ε−j

)2
]

. (6)

The result of the performed data reconciliation is a forecast based on historical data;
this is a basic scenario, further marked BAU (business-as-usual scenario).

5.2. Waste Generation and Treatment Projection

Projections of waste generation are usually formed to meet some targets that are set for
aggregated territory (national level). The default information is forecast (BAU, Section 5.1),
which is modified to achieve the conditions formulated in the scenario. It is assumed
that interventions can influence waste separation and waste generation prevention. The
increase in the waste separation within the scenario is caused by the higher separation of
the modelled fraction f (e.g., paper, plastics, glass) from unseparated waste u (e.g., MMW,
bulky waste). Thus, the expert assessment includes setting the following parameters:

• percentage waste prevention (prevSC,N1: SC—marking the scenario, N1—territorial
level NUTS1),

• separation rate of individual assessed waste fractions (SRSC,N1
u, f : u—unseparated waste

fraction, f —modelled waste fraction).
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The main results of scenario SC on aggregated territory N1 are:

• Separated waste kSC,N1
u, f .

The generation of separated waste f , which originates in the unseparated fraction u, is
determined according to (7). The expression kBAU,N1

u, f + lBAU,N1
u, f means the total generation

of fraction f according to BAU, i.e., separated kBAU,N1
u, f originates in u and rest of f in

unseparated fraction lBAU,N1
u, f amount. From the total generation, the separated amount is

determined using the separation rate SRSC,N1
u, f , and the impact of prevention is also taken

into account as
(
1− prevSC,N1).

• Waste f in unseparated waste u: lSC,N1
u, f .

The result of this point is therefore the composition of the unseparated waste u, and
it is determined according to Equation (8). The principle is similar to the previous point
for separated waste kSC,N1

u, f , only the supplement to the separation rate is considered as(
1− SRSC,N1

u, f

)
.

• Total unseparated waste
(

LSC,N1
u

)
.

The generation of the unseparated waste u is given by (9). It comes from the generation
of u in BAU

(
LBAU,N1

u

)
, which is reduced by the prevention in the form

(
1− prevSC,N1).

The waste that was separated according to the scenario SC is deducted from this amount.
The separation of waste f in the scenario SC is determined as the difference between quantity
in BAU given by ∑ f∈F lBAU,N1

u, f
(
1− prevSC,N1) and the new quantity in SC scenario given

by ∑ f∈F lSC,N1
u, f .

kSC,N1
u, f =

(
1− prevSC,N1

)(
kBAU,N1

u, f + lBAU,N1
u, f

)
SRSC,N1

u, f ∀u ∈ U, ∀ f ∈ F (7)

lSC,N1
u, f =

(
kBAU,N1

u, f + lBAU,N1
u, f

)(
1− SRSC,N1

u, f

)(
1− prevSC,N1

)
∀u ∈ U, ∀ f ∈ F (8)

LSC,N1
u = LBAU,N1

u

(
1− prevSC,N1

)
−
(

∑
f∈F

lBAU,N1
u, f

(
1− prevSC,N1

)
− ∑

f∈F
lSC,N1
u, f

)
∀u ∈ U (9)

The result of the SC scenario at the aggregated (national) level, given by (7)–(9), should
be subsequently divided into lower territorial units, down to the municipalities, because
the national WM is the result of the activities of the lower units (municipalities). It is
recommended to divide the scenario for the national level (N1) to the level of municipalities
(L2) according to the potential that individual municipalities have for waste separation
improvement. A suitable indicator of this potential may be the separation rate.

The goal of the presented approach is a suggestion of a general approach that is
applicable to any waste fraction based on short time series. At the same time, it is a unique
approach, combining the principles of forecasting with the consideration of influential
factors through scenarios. Thanks to modelled scenarios, the expected variability of waste
generation is taken into account, which will enable more efficient planning of WM.

6. Conclusions

Over the years, various methods used for waste generation modeling have been
proposed. Prediction, forecasting, and projection must be distinguished, while the use of
various approaches depends on the specific application in WM. A deficiency was found in
that a significant number of past publications have been devoted to designing a suitable
modeling method. However, the authors recommend paying attention to the quality of the
input data, which has been minimal in the reviewed papers. It is important to remember
that input data are essential for every model. In addition, the end-user of a forecast,
prediction, or projection must be provided with the model uncertainties in the form of
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confidence intervals or several scenarios. This is another key part of each model that was
missing in the majority of the evaluated papers on WM modeling. Although many methods
do not offer a direct way of expressing the model uncertainty, bootstrapping can be used to
at least estimate it.

The data set available, its territorial and temporal detail, and the prediction horizon
are decisive for the modeling method choice. As prediction models have already been
elaborated in greater detail [15], most of the text is devoted to forecasts and projections.
The authors formulated the decisive process for the choice of modeling method, which
provides unique support for further forecasters. In summary, if the influencing factors
and their links to waste generation are used for modeling, the influencing factors must
be forecasted as well. The use of TSA is often limited by its requirements of time series
length. In addition, the presented methods are intended for specific waste fractions. Based
on the mentioned conclusions of the review, the authors presented a general approach for
forecasting. To use this method, it is necessary to have a time series of historical data on
waste generation. Compared to other TSA-based methods, a significantly shorter time
series is sufficient. The calculation of the method is based on the optimization task of
nonlinear programming. The user must therefore have software suitable for this calculation
with adequate solvers (CONOPT, KNITRO, etc.). The main feature of forecasting is that
it models future developments while maintaining historical conditions. The impact of
changing the influential factors on waste generation can be implemented in the forecast in
the form of scenarios.
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Appendix A. SWOT Analysis

The SWOT analyses, evaluating strengths, weaknesses, opportunities and threats, were
performed for several presented methods: multiple linear regression—MLR
(Table A1), generalized linear regression—GLM (Table A2), methods using decision trees—
DT (Table A3), artificial neural network—ANN (Table A4), time series models—TSA
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(Table A5) and scenario approaches (Table A6). SWOT analyses enable better insight
into the problems of individual methods and enable very valuable comparison of their
advantages and disadvantages.

Table A1. Multiple linear regression.

Strengths

It allows to quantify the influence of individual predictors (including the significance) or their interaction on the dependent variable.
It provides a general information on the functioning of the modeled process from both a qualitative (dependency direction) and a
quantitative (size) perspective.
It is easy to obtain the confidence intervals (CI) and the prediction intervals (PI).
It is simple, computational efficient and easy interpretable.

Weaknesses

Necessity of strong assumptions compliance (especially for the normality of residues, homoscedasticity of data and linear
dependence with respect to the coefficients), which is often violated in practice.
The dependence is restricted to approximately linear/linearizable with respect to the regression coefficients.
The risk of multi-collinearity of data, especially in more complex (multidimensional) problems.
Accuracy, especially for complex non-linear problems.

Opportunities

The possibility of identification and correction in case of unexpected behavior of the model, leading to better control of the model
creation.
Data pre-processing methods such as principal component analysis (PCA) can be useful to reduce the dimension and ensure the
independence variables [69].
Its main task in WM is to reveal the factors that have fundamental influence [16]. Thus, MLR is useful especially for policy planning
and infrastructure decision making (Section 1.1).
As grouping municipalities into clusters based on their characteristics can lead to models featuring higher accuracy [70], separate
models were then created for each cluster.
Implemented in all standard statistical SW tools, often with automatic creation of outputs (especially the graphical ones), which
may warn even less experienced users that some prerequisites are not met.

Threats

“Necessity” of manual selection of predictors or of the order of interactions means that smaller number of potential predictors can
be used in practice (correlation analysis can be used to reduce their number, but it is also recommended to check the results and it
also requires closer inspection of predictors and their dependence).
The assumptions are quite strict, and it usually is quite difficult to meet them with WM data, especially at lower territorial levels.
WM systems are complex and nonlinear in nature, and the analysis of residuals should be used to evaluate the appropriateness of
linear approximation.
In case of non-homogeneous data, there are problems with the form of the dependence or with the applicability of created model on
the type of data, which was not sufficiently represented in the model creation phase.

Table A2. Generalized linear models.

Strengths

It provides information on the proportion of the explained variability of the dependent variable through the included predictors
(independent variables).
It provides general information on the functioning of the modeled process from both a qualitative (dependency direction) and a
quantitative (size) perspective.
Computationally not demanding.

Weaknesses

Assumptions on the distribution of residues, homoscedasticity of data and linear dependence with respect to coefficients.
A risk of multi-collinearity of data, especially in more complex (multidimensional) problems.
There is no analytical way to estimate the model parameters. Knowledge in WM is essential to determining suitable initial
estimates. It also is possible to use the results of MLR as the starting point for another GLM.
CI and PI generally do not exist, but there are attempts to construct them for some special cases (e.g., for gamma regression) [71].
Lower accuracy, especially for complex non-linear problems.
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Table A2. Cont.

Opportunities

The possibility of identification and correction in case of unexpected behavior of the model, leading to better control of the model
creation.
Better flexibility (compared to MRL).
The possibility to include expert knowledge of the process by selection of distribution of dependent variable or by including known
effects (offset).
The possibility to specify the smoothness or the monotonicity of dependency (suitable also for maintaining the same structure of the
model when using new data).
Relation of other models such as generalized additive models (GAM), penalized regression (Ridge, Lasso, Elastic Net) or mixed
models.
Implemented in all standard statistical SW tools, often with automatic creation of outputs (especially the graphical ones), which
may warn even less experienced users that some prerequisites are not met.

Threats

“Necessity” of manual selection of predictors or of the order of interactions means that smaller number of potential predictors (of
order of tens) can be used in practice (correlation analysis can be used to reduce their number but it is also recommended to check
the results and it requires closer inspection of predictors and their dependence).
In case of non-homogeneous data, there are problems with the form of the dependence or with the applicability of created model on
the type of data, which was not sufficiently represented in the model creation phase.
In general, a global optimum, when searching for parameter values, is not guaranteed (does not apply for some special cases).
Some GLM types can model negative values. For waste generation modeling it is recommended to use GLM types for which the
acquisition of only positive values can be guaranteed (e.g., gamma regression).

Table A3. Methods using decision trees.

Strengths

It allows to describe even complex non-linear dependencies, which often appear in WM.
High accuracy, especially in comparison with traditional methods [72].
Models are robust and not as sensitive to the choice of influencing factors as MLR or GLM.
Robustness of random forest (RF) and Gradient boosted regression tree (GBRT) [73].

Weaknesses

Computationally demanding, especially for complex models and large number of observations.
Interpretation is challenging for RF and GBRT. DT loses high accuracy.

Opportunities

Data assumptions.
The selection of a specific DT model also depends on the size of the data set (detail of the territorial division, monitored waste
fractions).
Automated process with predictors enabling to work with large number of independent variables.
Information on the importance of each variable is provided, this helps with their selection.
Parameter tuning is less demanding (compared to ANN).
The computation of RF can easily be parallelized.

Threats

Generally, the PI construction is more complicated (compared to MLR). Quantile regression or resampling methods may be used.
For DT, the intervals construction method was not found, but the intervals of individual models in tree leaves could be theoretically
used.
GBRT is computationally intensive.
In case of RF and GBRT, there is insufficient insight into internal functioning of the model. This means that it is difficult to find the
root cause if the model behaves unexpectedly (except for DT).
Threat of the model over-fitting.
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Table A4. Artificial neural networks.

Strengths

They allow to describe even complex non-linear dependencies.
ANN models have few assumptions about the data in the terms of distribution. From this point of view, one could utilize most data
sets coming from WM.
It is possible to work with many independent variables that influence the form of WM.
High accuracy, in comparison with traditional methods [74].

Weaknesses

Computationally demanding, especially for complex models and large number of observations [75].
Requires model specific experience [75].
ANN are not suitable for “on-the-fly” decision making.

Opportunities

Low data assumptions.
Input data can be compiled in pre-processing to achieve the highest possible model accuracy.
If the parameters are set correctly, the results are most accurate for nonlinear dependencies. However, choosing appropriate
parameter values is not trivial, and understanding of WM is required.
Automated process with predictors enabling to work with large number of independent variables (even hundreds of variables but
considering the computational complexity).

Threats

There is insufficient insight into internal functioning of the model.
In general, a global optimum for parameters is not guaranteed.
CI and PI are solvable, but it is advisable to keep caution (as with methods using decision trees).
Training an ANN is computationally intensive.
Models are typically used on large data sets (ideally thousands of data points). Application to smaller data sets, which are common
in WM, is problematic.
Threat of the model over-fitting.
Interpretation challenge (black box models).

Table A5. Time series analysis.

Strengths

It allows to capture the dynamic of development of the observed process.
Good theoretical basis.
CI and PI creation clear and straightforward (this is similar to MLR).

Weaknesses

Disadvantageous ratio for amount of data needed for modeling and the length of the prediction (high tens or better hundreds of
observed values are needed for prediction of order of units).
It is difficult to take into consideration external influences (socio-economic, demographic, etc.).
Lack of data in the WM area.

Opportunities

Recommended when revealing the links in the system is not important, but only the time development (even in the future).
The possibility to better understand the behavior of the dependent variable itself (seasonality, trend, autocorrelation function, etc.),
but only provided enough data is available (i.e., seasonal effects on annual data cannot be ascertained).

Threats

Disproportionate confidence in the model built on insufficient data (since it is a “white box” model).
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Table A6. Scenario-based models.

Strengths

Combination of benefits of the TSA and the “correlation” approaches.
Waste generation can be forecasted including possible interventions which have not yet been reflected in the historical data [34].
Possibility to model different scenarios.

Weaknesses

It is difficult to handle uncertainty (especially in case of input predictions from external sources with insufficient specification).

Opportunities

Possibility to incorporate expert estimates and domain knowledge (e.g., goals and legislative changes).
Suitable for modeling of extremes such as the worst/best case scenario (e.g., meeting the legislative objectives) with the current
state of WM and after certain interventions.

Threats

There is a risk of models’ usage outside the area where they are intended to be used.
Each scenario should reflect a potential for change, such as changing separated waste and MMW production [10].
Dependence on the quality of inputs (scenarios).
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