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The objective of this case study is to identify and assess the potential for reducing variability in mu-
nicipal waste collection in a selected town. The research was conducted in Michalovce, a town located
in eastern Slovakia. In 2024, the municipality introduced weighing of individual municipal waste col-
lections using modern collection vehicles and RFID-based identification, creating a detailed opera-
tional database of collection events at individual sites. Based on this dataset, we examined the varia-
bility in waste amounts at both the collection-event and collection-site levels. The analysis confirmed
significant relationships between the number of containers and the amount of waste collected, and
between collection frequency and total waste volume. At the same time, the results revealed opera-
tional inefficiencies, suggesting that some collection schedules could be better aligned with actual
waste generation patterns. The methodology and findings can be applied directly in the town under
study and may also serve as a useful reference for other municipalities in Slovakia and neighbouring

countries with similar waste collection systems.

DOI: 10.30657/pea.2026.32.39

1. Introduction

The collection of municipal waste is a key aspect of human
existence, as it contributes not only to improving people’s
quality of life but also to enhancing environmental quality. In-
sufficient management of municipal waste can create unhy-
gienic conditions and, ultimately, lead to increased healthcare
costs (Ergin et al., 2021). These effects are particularly asso-
ciated with population growth in urbanised areas, where eco-
nomic development is closely linked to increased municipal
waste generation (Rattanawai et al., 2024). In developed coun-
tries, municipal waste collection is continually being made
more efficient to maximise effectiveness while minimising

@ © 2026 Author(s). This is an open access article licensed
under the Creative Commons Attribution (CC BY)

License (https://creativecommons.org/licenses/by/ 4.0/).

costs, as it represents a significant portion of municipal ex-
penditures (Filipiak et al., 2009).

Currently, with advances in information and communica-
tion technologies, artificial intelligence is becoming a key fac-
tor in waste collection decision-making. These decisions are
increasingly based on multi-criteria decision models, which
are often built on thoroughly developed management systems
such as ISO 9001, ISO 14001, and OHSAS 18001 (Mendes et
al., 2013; Krzywda & Krzywda, 2026). More broadly, the ef-
fective use of RFID-based operational data should also be con-
sidered in the context of digital sustainability maturity, as dig-
ital maturity, data-management capabilities, digital
competencies and process integration create organisational
conditions for transforming operational data into
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sustainability-oriented decision-support knowledge (Ingaldi
& Ulewicz, 2026).

2. Literature review

The variability in the amount of waste generated is a funda-
mental characteristic and a widely discussed topic in the opti-
misation of municipal waste collection processes (Neto et al.,
2024). Reducing this variability has a crucial impact on the
predictability of waste amounts, which in turn helps optimise
the cost side of municipal waste collection. Collection costs
account for 70% to 85% of total waste management expenses
(Apaydin & Gonullu, 2007; Hemidat et al., 2017). According
to Neto et al. (2024), the determinants of optimisation can be
divided into three groups:

1. Waste generation — Fill level sensors, Bin capacity, Bin
location

2. Collection and transportation — Frequency, Route,
Consume, Distance, Costs, Emissions

3. Disposal — Capacity, Location.

This optimisation process is called the Waste Collection Ve-
hicle Routing Problem (WCVRP) (Han & Cueto, 2015). Nu-
merous determinants influence the variability of waste
amounts. One of these is seasonality, which encompasses sev-
eral factors, including tourism, population mobility, socio-
economic characteristics, holidays, and exceptional events
(such as COVID-19) (Mendes et al., 2013; Richter et al.,
2021). Another factor affecting the amount and variability of
municipal waste and its collection can be regional differences,
which are often overlooked in the literature but are very im-
portant (Lu et al., 2017; Przydatek & Ciagto, 2020). Addition-
ally, factors such as temperature, the nature of the waste, bio-
logical risk, and similar factors play a role in municipal waste
collection strategies (Rattanawai et al., 2024). Recent Slovak
evidence also shows that household solid-waste eco-effi-
ciency differs across NUTS-3 regions and that demographic
and contextual characteristics can support the selection of pre-
dictors for Al-based waste-management models (Lacko et al.,
2026).

Concepts and strategies focused on optimising municipal
waste collection through modern hardware and software solu-
tions have proven particularly effective. A fundamental pre-
requisite for these solutions is the Geographical Information
System (GIS) (Abdallah et al., 2019). Nowadays, cities are im-
plementing modern waste collection systems such as the
Smart Collection System (SCS), which uses sensors (for ex-
ample, RFID) to measure waste amounts and optimise collec-
tion routes based on many characteristics. According to Wu et
al. (2020), the waste filling level is also important for optimis-
ing municipal waste collection—they recommend an optimal
fill level of 60-80%. As Abdallah et al. (2019) report, in the
United Arab Emirates, which is heavily influenced by tourism,
the use of this concept reduced municipal waste collection
costs by up to 19% and reduced the time vehicles spent col-
lecting waste by 18% to 42%, contributing to a reduction in
emissions by 5% to 22%. Significant savings were also
achieved by introducing modern municipal waste collection
management systems in the city of Trabzon, Turkey—route

ARCHIWUM INZYNIERII PRODUKCJI

474

lengths were reduced by 4% to 59%, collection times by 14%
to 65%, and costs by up to 24% (Apaydin & Gonullu, 2007).
Similar benefits were found in a study from cities in Jordan,
where municipal waste collection time was reduced by up to
30% (Hemidat et al., 2017). Moreover, investments in munic-
ipal waste collection management infrastructure have a rela-
tively quick payback period (Ergin et al., 2021). The study by
Das & Bhattacharyya (2015) also demonstrated that the use of
appropriate mathematical methods can reduce route lengths by
up to 30%. Methods inspired by insect behaviour, such as Ant
Colony Optimisation, are also used (Xue & Cao, 2016). Neto
et al. (2024) conducted a detailed analysis of the current state
of scientific research, thoroughly outlining all the key ad-
vantages of active municipal waste collection management.
Other important studies, such as the literature review by
Belién et al. (2014), should not be overlooked. In addition to
optimisation methods, one way to reduce municipal waste col-
lection costs is to deploy larger collection vehicles (Kinobe et
al., 2015) or use waste transfer stations, which can also help
reduce emissions in urbanised areas (Apaydin & Gonullu,
2008; Ghiani et al., 2021; Nematollahi et al., 2024; Sousa et
al., 2024). However, when optimising routes, the “destina-
tion” of the collected waste by type is also crucial (Xue et al.,
2015).

The availability of GPS sensors, RFID (Smart Trucks and
Bins), advanced algorithms, GIS, software solutions such as
Maplnfo and Roadnet, IoT solutions, and machine learning
leads to the creation of big data databases. These databases
enable the extraction of rich contextual insights (Ergin et al.,
2021; Shah et al., 2018; Lu et al., 2017) for decision-making
in municipal waste collection, a task that can today largely be
transferred from humans to Al. These measures and strategies
are key to city development and long-term sustainability in
waste management (Khan et al.,, 2024; Nematollahi et al.,
2024). The use of advanced methods in municipal waste col-
lection, enabled by the availability of reliable data (Barth et
al., 2023), appears to be a significant determinant of reduced
air pollution not only in urbanised areas. This approach is re-
ferred to as the cyber-physical waste collection model (Banyai
etal., 2019).

In this study, the term data-driven analysis is used to de-
scribe the evaluation of RFID-based operational records from
municipal waste collection, rather than big data in the strict
technological sense. Based on the above-stated literature re-
view, the objective of this study is to identify and assess the
potential to reduce variability in waste amounts during the col-
lection process in the selected town using statistical analysis.

3. Materials and methods
In this section, we will describe the methods used and the
nature of the problem addressed in this case study.

3.1. Research object and methodology

The focus of this study is the waste management system of
the town of Michalovce in eastern Slovakia. In 2024, the town
began weighing municipal waste using modern collection
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vehicles and RFID chips. This innovation resulted in a large
database that can be used to improve waste management pro-
cesses in the town. The article is focused only on collective
housing development areas. The population of these areas is
26,446 citizens. The total population of Michalovce is 34,310
inhabitants. Each waste container has a unique chip that is read
when the container is emptied, and the weight of the waste
removed is recorded. All waste containers are assigned to spe-
cific waste collection sites, and these collection sites are as-
signed to taxpayers. In this case, to individual apartment build-
ing entrances. Multiple entrances may be assigned to one
waste stand (collection point). All households in a given en-
trance are always assigned to the same stand. There may be a
different number of waste containers per waste stand. Typi-
cally, from 3 to 6 waste containers per waste stand.
Michalovce provided us with this data for the project, in which
it also participates as part of a research consortium. The loca-
tion of Michalovce is shown in Figure 1. The data was fully
anonymised.
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Fig. 1. Location of the town of Michalovce
Source: own processing in RStudio

3.2. Data

Based on the above, data were collected from 147 municipal
waste collection sites. The municipal waste collection dataset
originally contained 16,420 records. During preprocessing,
the value 1 was treated as a technical error/status code gener-
ated during failed RFID-based weighing and was not inter-
preted as a valid measured mass of 1 kg. As a result, we ana-
lysed data from sites connected to complex apartment (flat)
buildings, i.e., containers with a capacity of 1100 litres (indi-
vidual houses with 240-litre containers did not participate in
the measurement provided by Michalovce), covering a total of
15,273 waste collection events. The available dataset records
waste mass per collection event, not the direct volumetric fill
level. Therefore, the present analysis evaluates mass-based
operational patterns rather than the true volumetric utilisation
of 1100-litre containers. Cycle collection of mixed litter is car-
ried out on the housing estate once, twice, or 3 times a week.
The number of collections for each site is shown in Figure 2,
which provides an overview of how collection frequency var-
ies across all monitored locations. This visualisation helps to
quickly identify sites with unusually high or low numbers of
collections, setting the stage for deeper analysis of waste

generation patterns and potential areas for operational optimi-
sation.

In Figure 2, the individual municipal waste collection sites
are divided into four main groups. The first group consists of
sites with around 50 collections, followed by a second group,
by far the largest, with approximately 90 collections. The third
group includes sites with nearly 140 collections, and the fourth
group comprises those with collection numbers oscillating
around 150. The number of collection frequencies was set by
the data collected in 2023. The data, specifically the waste
amounts for each site, were subjected to further analysis. Ta-
ble 1 summarises the analytical dataset used in this study, in-
cluding the observation period, the number of collection sites
and collection events, and the preprocessing context under
which the anonymised data were provided to the authors.

Table 1. Descriptive characteristics of the dataset

Item Value

Number of collection points 147

Number of collection events in the 15,273

analytical dataset

Original number of records before 16,420

removing RFID errors

Number of removed records 1,147

Share of removed records (%) 6.99

Share of retained records (%) 93.01

Average number of containers per 3.44

collection point

Minimum number of containers per 1

collection point

Maximum number of containers per 12

collection point

Date range 2024-01-02
to 2024-12-31

Minimum waste mass after cleaning 10

Maximum waste mass after cleaning 1,441

Source: own computation

3.3. Methods

To achieve the objectives of this case study, we primarily
used descriptive statistical analysis. We applied indicators
such as means, standard deviations, coefficients of variation,
and graphical data presentations, including boxplots and cor-
relation graphs. To identify highly variable municipal waste
collection sites, we used the following mathematical formula:

CV > CV + SDgy , (1)

Where CV is the coefficient of variation, CV is the average
coefficient of variation and SD.y, is the standard deviation of
the coefficient of variation.
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This formula states that sites with high variability are those
whose coefficient of variation (CV) exceeds the sum of the
average coefficient of variation (CV) and its standard devia-
tion (SD¢y ) (Abbasi, 2020).

Moreover, we have decided to identify inefficient collection
sites by examining containers with higher or lower mass. To
do this, we calculated, for each stand, the average amount of
waste collected per container during each collection event. We
have computed this indicator as:

B TWC
" N_Col x N_Con

W 2

where W, is waste per collection per container, TWC is the
total mass of waste collected, N_Col is the number of collec-
tions, and N_Con is the number of containers.

By comparing this value across all collection sites, we were
able to segment the sites into three categories:

Too frequent collections: Sites where the average waste
mass per collection per container is significantly lower
than most others.
Efficient collections: Sites where the average waste per
collection per container falls within a typical range, sug-
gesting a well-balanced collection schedule.
Too rare collections: Sites where the average waste per
collection per container is much higher than most others,
indicating that containers contain a higher amount of
mass before being collected.
Because the dataset records waste mass rather than volumet-
ric fill level, the categories should be interpreted as relative
mass-based operational segments rather than direct evidence
of underfilled or overfilled containers. To assess operational
collection efficiency, we calculated the average amount of
waste collected per container at each collection site during
each collection event. This metric was computed as the total
waste collected at a site divided by the product of the number
of collections and the number of containers. By comparing this
value across all collection sites, we segmented the sites into
three categories. Sites below the 20th percentile were classi-
fied as having too frequent collections, indicating that contain-
ers were often not sufficiently filled at the time of collection.
Sites above the 80th percentile were classified as having col-
lections that were too rare, indicating a higher likelihood of
higher mass in containers prior to collection. Sites between
these thresholds were considered operationally efficient. This
measure captures operational efficiency in terms of alignment
between waste generation, container capacity, and collection
frequency; however, it does not represent full-system effi-
ciency because the available dataset does not include route
costs, labour time, fuel consumption, service quality, or relia-
bility indicators.

To complement the descriptive, variability, and correlation-
based analyses, we estimated two simplified linear regression
models at the collection-event level, where the dependent var-
iable was the waste mass collected during a single collection
event. The aim of these models was to assess whether waste
mass per collection event was systematically associated with
operational and temporal factors.
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In the first model — Model A, waste mass was explained by
the number of containers and the day of the week. This speci-
fication was designed to capture short-cycle operational regu-
larities in the waste collection process. In the second model —
Model B - waste mass was explained by the number of con-
tainers and month effects to capture broader seasonal variation
over the calendar year. The reference category for the week-
day effect is Friday, and for the month effect, January.

The models were estimated using ordinary least squares.
Since the response variable is measured at the event level, the
regression results should be interpreted as supportive inferen-
tial evidence rather than as strict causal estimates. Models do
not include random effects for collection sites, number of res-
idents per site, route-level characteristics, labour time, fuel
consumption, or service-quality indicators.

4. Results and discussion

In this section, we present the results of the analyses used to
identify waste collection sites where optimisation is most nec-
essary. Figure 3 displays a histogram of the absolute frequen-
cies of municipal waste collections by amount of waste col-
lected.

The data on waste amounts collected from different sites
shows a high variation. On average, each site produces about
244.77 kilograms of waste, but the typical (median) site pro-
duces 210 kilograms. This difference between the mean and
median indicates that some sites with much higher waste
amounts are pulling the average up. There’s also a lot of
spread in the data: the standard deviation is 167.16 kilograms.
This means the amount of waste collected can vary greatly
from one site to another. The smallest site produces just 10
kilograms, while the largest produces 1441 kilograms. Look-
ing at the shape of the data, we see that it’s right-skewed
(skewness of 1.29), so most sites have lower waste amounts,
but a few outliers generate much more. The high kurtosis
(2.36) tells us that there are more extreme values, both very
low and very high, in a typical bell-shaped (normal) distribu-
tion. Some sites are outliers and may need special attention,
while most are clustered at lower waste amounts. This kind of
variability suggests that a tailored approach to waste manage-
ment would be much more effective than a one-size-fits-all
solution. In Figure 4, we present the relationship between
Waste collected and the number of containers.

The correlation between waste collected and the number of
containers is significant (0.86, p < 0.001, 95% CI: 0.807—
0.894), as expected, and proves that some optimisation has
been undertaken in recent years. Using equation (2), we have
identified 87 efficient collection sites, 30 with too frequent
collections, and 30 with too infrequent collections. The effi-
ciency threshold could be adjusted to the specific needs of the
town of Michalovce. This approach allowed us to visually and
quantitatively identify which collection sites could benefit
from adjusting their collection frequency, either by increasing
or decreasing the number of collections to better match the ac-
tual waste generation patterns. In Figure 5, we can see the re-
lationship between the Number of collections of the waste and
the Amount of Waste grouped by individual collection sites.
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The analysis reveals a moderate positive relationship be-
tween the number of waste collections and the total amount of
waste generated at each location, as indicated by a correlation
coefficient of approximately 0.71 (p < 0.001, 95% CI: 0.623—
0.784). This means that sites that are serviced more frequently
tend to produce more waste. The scatterplot supports this find-
ing: each point represents a site, and the red regression line,
along with its confidence band, clearly illustrates the upward
trend. This relationship suggests that changes in collection fre-
quency could significantly impact the total volume of waste
managed. In practical terms, this insight is valuable for opti-
mising waste collection schedules and determining the appro-
priate container sizes for different locations, ultimately lead-
ing to more efficient and effective waste management
operations. However, the chart also shows relatively signifi-
cant deviations from the linear axis, which may indicate in-
creased variability among the observations. In other words,
not all locations follow the main trend - some sites generate
more or less waste than would be expected based on the num-
ber of collections. These deviations suggest that additional
factors influence the amount of waste produced, so it is im-
portant to consider the specific characteristics of each location
when planning waste management strategies. Correlation
analysis was conducted at the collection-point level (N = 147).
In the following figures, we will begin analysing the variabil-
ity among the collection sites. Figure 6 presents box plots of
20 collection sites with the highest variability.

The boxplot provides a clear visual summary of how waste
amounts differ across various locations. For most sites, the
median waste amount is below 100 units, indicating that typi-
cal waste generation is relatively modest. However, the pres-
ence of numerous extreme outliers indicates that some loca-
tions produce much more waste than is typical for their group.
These outliers stand out sharply from the rest of the data, sug-
gesting that a few sites have unique circumstances or de-
mands. Additionally, the sizes of the boxes, which represent
the interquartile range (the middle 50% of values), vary widely
from one location to another. This means that some sites have
very consistent waste generation, while others experience
much more fluctuation. Together, these patterns highlight the
diversity in waste production across locations and suggest that
both typical and ,,not typical® cases need to be considered
when planning waste management strategies in the case of the
town of Michalovce. In Figure 7, we can see a relationship
between Mean waste and the coefficient of variation grouped
by collection sites.

This figure shows the relationship between the average
waste amount at each collection site and the coefficient of var-
1ation. We can observe that, unlike observations with a normal
or slightly elevated coefficient of variation, the average waste
amounts for sites with high or very high coefficients of varia-
tion are concentrated on the left side of the chart, indicating
lower average waste values. This observation was further ex-
amined using a boxplot of individual observations, in which
we merged the categories into two groups: “normal CV” (in-
cluding the normal and above-average categories) and “high
CV” (including the high and very high categories from Figure
6). This boxplot is displayed in Figure 8.
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Mean Waste per Collection Event

Fig. 7. Plot of Mean waste and Coefficient of variation
Source: Database of waste collection provided by the town of
Michalovce
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Fig.8. Box plot of the relationship among waste amount by the Co-
efficient of Variation
Source: Database of waste collection provided by the town of
Michalovce.

Municipal waste collections that exhibited high variability
(N=2093, 15,88%) during the observed period had lower av-
erage (117,01 kg) and median (85 kg) waste amounts com-
pared to sites with normal variability (average 265.06 kg and
median 230 kg). This suggests opportunities to reduce costs
by optimising collection schedules for these highly variable
locations. In the next analysis, we also included the standard
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deviation and sample size—that is, the number of collections
at each municipal waste site. This is illustrated in Figure 9,
which visualises the interaction between mean waste, variabil-
ity, and collection frequency across all sites.

There is considerable spread, indicating that some sites with
similar average waste amounts can have very different levels
of variability. This pattern underscores the importance of con-
sidering both the average and the variability when planning
waste management strategies, as sites with high variability
may require more flexible or adaptive collection schedules
compared to those with more consistent waste generation.

To complement the variability analysis, we also examined
the temporal development of municipal waste collection dur-
ing 2024. The results show that waste generation was not
evenly distributed throughout the year, suggesting seasonal
variation in both waste volume and stability.

Figure 10 presents the total monthly amount of waste col-
lected. The highest monthly total was recorded in August
2024, when the system collected 356,296 kg of waste, and the
lowest was in October 2024, with 236,420 kg. This means that
the difference between the highest and lowest monthly total
reached 119,876 kg, indicating substantial temporal fluctua-
tion in the overall burden on the collection system.

Figure 11 shows the monthly average waste per collection
event. The highest average value was recorded in April 2024,
when the mean waste per collection event reached 262.06 kg,
and the lowest was in December 2024 at 219.10 kg. The dif-
ference of nearly 43 kg per collection event suggests that in-
dividual collections were noticeably heavier in some parts of
the year than in others. This means that seasonality affects not
only the total amount of waste collected but also the average
intensity of a single collection event.

Figure 12 illustrates the monthly coefficient of variation of
waste, which captures how stable or unstable waste amounts
were over time. The highest coefficient of variation was ob-
served in January 2024 at 70.62%, while the lowest was in
December 2024 at 64.97%. Although the variation in CV
across months is smaller than the fluctuation in total waste vol-
ume, the results still indicate that the predictability of waste
generation also changes during the year. In other words, some
months are associated not only with more or less waste but
also with more or less stable waste collection patterns.

Overall, the seasonality analysis confirms that temporal fac-
tors should be taken into account when evaluating waste col-
lection performance. The observed monthly differences in to-
tal waste, mean waste per collection event, and waste
variability suggest that a fixed collection schedule may not be
equally suitable throughout the entire year. Therefore, incor-
porating seasonal patterns into waste collection planning may
improve the alignment between collection frequency, con-
tainer capacity, and actual waste generation.

To strengthen the empirical analysis beyond descriptive sta-
tistics, two simplified regression models were estimated, with
waste mass per collection event as the dependent variable.

Diagnostic checks were performed on both simplified re-
gression models to assess whether the main assumptions of
linear regression were reasonably satisfied. In both models,
the correlation between fitted values and residuals was
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effectively zero, suggesting that no major systematic linear
bias remained. The Shapiro—Wilk test was statistically signif-
icant in both cases, indicating that the residuals were not per-
fectly normally distributed. However, given the large sample
size (N = 15,273), this result is not unexpected and should be
interpreted cautiously.

A more practically relevant issue was the presence of het-
eroskedasticity. The correlation between fitted values and ab-
solute residuals was 0.329 in Model A and 0.376 in Model B,
indicating that the residual variance increased with higher fit-
ted values. This pattern is consistent with the skewed and
heavy-tailed nature of waste mass data. Influential observa-
tions were also present, with 1,001 events exceeding the
Cook’s distance threshold in Model A and 901 events in
Model B. These findings do not invalidate the use of the re-
gression models, but they do imply that the models should be
interpreted as supportive analytical tools rather than as fully
assumption-free causal models.

In Model A, waste mass was explained by the number of
containers and weekday effects. The results showed that the
number of containers had a strong positive and statistically
significant effect (B = 48.514, p < 0.001), indicating that each
additional container was associated with an increase of ap-
proximately 48.5 units of waste per collection event. The
model explained 37.4% of the observed variation in waste
mass (R?=0.374). Weekday effects were also statistically sig-
nificant. Compared with the reference weekday, waste mass
was significantly higher on Monday (B = 44.188, p < 0.001),
Tuesday (p =39.415, p <0.001), and Thursday ( = 66.728, p
< 0.001), while it was significantly lower on Wednesday (p =
-37.197, p < 0.001) and especially Saturday (p = -79.900, p <
0.001).

In Model B, waste mass was explained by the number of
containers and the monthly effects. The coefficient for the
number of containers remained strong, positive, and statisti-
cally significant (3 =47.553, p <0.001). This model explained
32.5% of the variation in waste mass (R? = 0.325). Monthly
effects indicated temporal variation. Compared with the refer-
ence month, waste mass per collection event was significantly
higher in March (B =10.972, p < 0.05) and April (B = 15.080,
p < 0.01), while significantly lower values were observed in
May (B = -11.983, p < 0.05), June (B = -18.895, p < 0.001),
October (B =-12.162, p < 0.05), and December (p = -29.308,
p<0.001).

The regression analysis confirms that waste mass per col-
lection event is strongly associated with the number of con-
tainers and also varies systematically over time. The weekday
model captures short-cycle operational regularities, whereas
the month model confirms broader seasonal effects. These re-
sults strengthen the interpretation of the descriptive findings
and provide a more rigorous empirical basis for the claim that
municipal waste collection is shaped by both infrastructure-
related and temporal factors.

5. Summary and conclusion

The issue of waste-management governance is widely dis-
cussed across national economies, municipalities, and the
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scientific community. Mathematical optimisation models
have also found their place in waste management, a trend ac-
celerated by the rapid development of ICT. Recently, a new
paradigm has emerged: artificial intelligence (AI).

The project that produced this case study aims to develop
predictive models to manage selected waste-management pro-
cesses under specific conditions. Because these models are
complex, it is crucial to identify shortcomings in the quality of
individual waste-management processes. In this context, the
primary factors indicating process quality must be determined
based on real-world data.

This case study has demonstrated relationships between the
variability of municipal waste collections and both the average
and the absolute quantities of waste. A limitation of the paper,
however, is that it abstracts from the determinants of this var-
iability. These determinants will be examined in subsequent
studies, setting the direction for future research. On the one
hand, our research showed a correlation between the amount
of waste and the number of collections, though there is con-
siderable variability around the linear regression line. On the
other hand, reducing municipal waste remains the most effec-
tive way to optimise collection frequency. The practical ques-
tion, therefore, is how to influence those who overproduce
waste. One possibility, already used in the town of
Michalovce, is pay-as-you-throw pricing. Exploring the ef-
fects of such incentives could be a focus of future research.
Our analysis confirms that additional determinants influence
waste quantities.

Waste-management optimisation must consider each city
and municipality as a whole, but priority should be given to
rapidly resolving collection points with high variability in
pick-ups. Our analysis shows that these sites have relatively
low average waste volumes yet occasionally experience ex-
tremely high peaks, so the mean remains low despite severe
outliers. High wvariability complicates optimal collection
scheduling. We believe that incorporating Al, together with
suitable technical and managerial measures, can markedly re-
duce variability. As indicated in the literature review, this can
lower costs for waste operators and residents, reduce green-
house gas emissions, and improve both environmental quality
and residents’ quality of life beyond local boundaries.

Overall, the seasonality analysis confirms that temporal fac-
tors should be taken into account when evaluating waste col-
lection performance. The observed monthly differences in to-
tal waste, mean waste per collection event, and waste
variability suggest that a fixed collection schedule may not be
equally suitable throughout the entire year. Therefore, incor-
porating seasonal patterns into waste collection planning may
improve the alignment between collection frequency, con-
tainer capacity, and actual waste generation.

Although the analysis is primarily based on descriptive and
comparative statistical methods, the results provide important
operational insights into the mechanisms behind inefficient
waste collection. In particular, sites with lower mean waste per
collection event often exhibited higher relative variability,
suggesting unstable filling patterns and a higher risk of mis-
matched collection frequency. Conversely, sites with more
stable and consistently higher waste volumes were more likely

to follow predictable collection patterns, making them easier
to optimise operationally.

A large database of collection records for a specific town
has revealed great potential for a wide range of analyses. Data-
driven processes of this sort should be supported throughout
Slovakia and in other EU regions. Targeted assistance from
EU structures could have a highly positive effect not only on
specific waste-management practices but also on scientific re-
search, connecting economic practice with academia. The
study identifies collection sites with comparatively unstable
waste-generation patterns and operational mismatches be-
tween waste volume, container capacity, and collection fre-
quency. These findings can support municipal decision-mak-
ing and the design of improved collection schedules.
However, because the analysis does not include an interven-
tion or post-implementation evaluation, the results should be
interpreted as evidence of optimisation potential rather than as
direct proof of realised optimisation effects.
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Fig. 2. Number of collections per location (sorted ascending)
Source: Database of waste collection provided by the town of Michalovce
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Fig. 3. Distribution of waste amounts
Source: Database of waste collection provided by the town of Michalovce
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Fig. 10. Monthly total waste collected
Source: Database of waste collection provided by the town of Michalovce
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Fig. 11. Monthly average waste per collection event
Source: Database of waste collection provided by the town of Michalovce
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Fig. 12. Monthly coefficient of Variation of waste amount
Source: Database of waste collection provided by the town of Michalovce

Table 2: Regression analysis results

Model Var estimate std error t value p value significance
Model A (Intercept) 44.006 2.743 16.042 <.001 ***
Model A n_containers 48.514 0.571 84.933 <.001 ***
Model A Monday 44.188 2.976 14.846 <001 **=*
Model A Saturday -79.9 4.447 -17.969 <.001 ***
Model A Thursday 66.728 3.691 18.079 <.001 ***
Model A Tuesday 39.415 3.076 12.814 <001 **=*
Model A Wednesday -37.197 4.718 -7.885 <.001 ***
Model B (Intercept) 68.978 4311 16.001 <.001 ***
Model B n_containers 47.553 0.559 85.035 <.001 **=*
Model B Feb 7.161 5.593 1.28 0.2004
Model B Mar 10.972 5.44 2.017 0.0437 *
Model B Apr 15.08 5.504 2.74 <.001 **
Model B May -11.982 5.184 -2.311 0.0208 *
Model B Jun -18.895 5.338 -3.54 <001 **=*
Model B Jul 2.926 5.225 0.56 0.5755
Model B Aug -1.438 5.202 -0.276 0.7823
Model B Sep -0.346 5.344 -0.065 0.9484
Model B Oct -12.161 5.712 -2.129 0.0333 *
Model B Nov -5.912 5.298 -1.116 0.2644
Model B Dec -29.308 5.51 -5.319 <001 ***

Source: Database of waste collection provided by the town of Michalovce
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