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Abstract

Urban solid waste management in resource-constrained cities is characterized
by structural constraints that limit the direct experimentation of collection
strategies. In this context, simulation constitutes a relevant methodological
tool, provided that the simulation engine employed is validated as a scientific
instrument. This article presents the design and methodological validation of
a multi-agent simulation engine, named SimWasteKin, dedicated to the anal-
ysis of urban solid waste collection systems within an abstract and controlled
framework. The engine is based on a modular architecture integrating a spa-
tio-temporal environment, agents representing collection points and collec-
tion vehicles, and a decision-making module that is distinct from output in-
strumentation. Validation relies on explicit criteria of structural consistency,
reproducibility through random seed control, and qualitative sensitivity to key
parameters. The results indicate that the engine generates coherent, stable, and
interpretable dynamics under controlled initial conditions.

Keywords

Multi-Agent Simulation, Solid Waste Collection, Decision Support,
Resource-Constrained Contexts

1. Introduction

Urban solid waste management constitutes a structural challenge for many cities

facing resource constraints, characterized by rapid population growth, poorly
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planned urbanization, and limited institutional capacities [1]-[3]. In such con-
texts, collection systems are often subject to severe operational constraints, com-
bining inadequate infrastructure, limited financial resources, and restricted access
to reliable data. These constraints directly affect service continuity and translate
into documented public health and environmental impacts [4] [5].

In response to these challenges, simulation has progressively emerged as a cen-
tral methodological tool for the analysis of complex urban systems. By explicitly
representing dynamic interactions among actors, resources, and constraints, sim-
ulation models provide a controlled experimental framework to explore alterna-
tive configurations and analyze systemic mechanisms that are difficult to observe
in situ. In the field of solid waste management, such approaches have been used
to study route planning, resource allocation, and trade-offs between operational
efficiency, costs, and environmental impacts [6] [7].

However, a critical review of the literature reveals a recurrent methodological
limitation. Many studies directly exploit simulation outputs to compare strategies
or formulate recommendations, without subjecting the simulation engine itself to
explicit and independent validation. In resource-constrained contexts, where
modeling assumptions play a decisive role due to the lack of comprehensive em-
pirical data, the credibility of results depends closely on the internal consistency,
reproducibility, and interpretability of the simulation tool employed [8]-[11].

In parallel, recent research has highlighted the importance of grounding deci-
sion-making models in empirically observed practices within low-resource urban
contexts. In particular, a Contextual Prioritization Index (CPI) has been proposed,
derived from field-based analysis of decision criteria mobilized by waste manage-
ment actors in Kinshasa [12]. This index formalizes the interaction between san-
itary, logistical, social, and institutional factors within a structured decision-sup-
port framework adapted to constrained environments.

However, while such an approach provides a strong empirical basis for deci-
sion-making, it does not allow for controlled experimentation or systematic eval-
uation of its effects on system performance. In this respect, simulation becomes a
necessary complementary tool, enabling the testing of decision rules within a con-
trolled and reproducible environment.

The validation of a simulation engine does not necessarily aim to establish its
predictive accuracy with respect to a specific real-world situation. In methodolog-
ical research, it rather consists in demonstrating that the engine constitutes a re-
liable experimental instrument, capable of producing coherent and differentiated
behaviors under controlled initial conditions. This approach is widely recognized
in modeling and simulation, where model validity relies on the transparency of
assumptions, the stability of simulated dynamics, and the traceability of imple-
mented mechanisms [13] [14].

It is within this perspective that the present article is situated. It proposes the
design and methodological validation of a multi-agent simulation engine dedi-
cated to the study of urban solid waste collection systems in resource-constrained

contexts. The article focuses exclusively on validating the engine as a scientific
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tool, relying on criteria of structural consistency, reproducibility, and qualitative
sensitivity.

The use of the engine outputs for the substantive comparison of waste collec-
tion strategies is deliberately not addressed here and will be examined in separate
studies. By explicitly dissociating tool validation from the analysis of the results it
can generate, this article seeks to contribute to good practices in urban systems
modeling and to provide a robust methodological framework for subsequent com-

parative analyses.

2. Methods

2.1. General Framework and Simulation Engine

The simulation engine developed in this study, referred to as SimWasteKin, is de-
signed according to an experimental posture explicitly oriented toward the meth-
odological validation of a simulation tool, rather than toward the production of
predictive results. Simulation is mobilized as a scientific instrument intended to
analyze the coherence and robustness of decision-making mechanisms under con-
trolled conditions, in line with established practices in the modeling and simula-
tion of complex systems [9] [13]. Accordingly, the validity of the engine is assessed
based on internal criteria, including structural consistency, stability of simulated
dynamics, and reproducibility of outputs, independently of any fine-grained em-
pirical calibration.

A central principle guiding the design of the engine is experimental compara-
bility. All internal configurations strictly share the same spatial, temporal, and de-
mographic initial conditions, ensuring that any differences observed in the model
outputs can be attributed solely to the activated decision rules. The adopted vali-
dation strategy combines structural validation, explicit control of stochastic com-
ponents, and qualitative sensitivity analysis with respect to key parameters. This
approach is intended to ensure that the engine constitutes a coherent, reproduci-
ble, and interpretable experimental tool, suitable for subsequent comparative

analyses that are distinct from the results presented in this paper.

2.2. Overall Architecture of the Simulation Engine

The proposed architecture is based on a modular multi-agent organization, struc-
tured to explicitly dissociate the simulation environment, agent dynamics, deci-
sion-making logic, and output instrumentation. As illustrated in Figure 1, all
agents evolve within a shared spatial environment, which serves as a common in-
variant reference for all internal configurations of the engine.

Three categories of entities interact within this environment. Collection points,
modeled as waste bins, represent continuous waste generation processes and ca-
pacity-related saturation phenomena. Mobile collection agents, modeled as col-
lection vehicles, perform movement, collection, and unloading operations accord-
ing to explicit rules. A single treatment point, modeled as a disposal site, receives

the collected waste flows. Temporal coordination and synchronization of interac-
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tions are ensured by a central simulation core, which manages time progression
and state transitions.

Decision-making logic is encapsulated within a dedicated module, allowing
contrasting internal configurations to be activated without modifying either the
environment or the agent structure. An independent instrumentation module col-
lects simulation outputs and computes predefined indicators, without exerting
any feedback on system dynamics. This functional separation ensures that ob-
served behaviors can be attributed to the simulated rules rather than to implicit
coupling effects, which is a necessary condition for the methodological evaluation
of the proposed device.

Within this framework, three distinct decision systems are considered, corre-
sponding to different operational paradigms. The first configuration (S1) repre-
sents a traditional scheduled collection system, in which vehicles follow predefined
routes and fixed schedules without real-time information on bin fill levels. A con-
stant collection efficiency is applied to reflect the fact that bins are not fully emp-
tied. The second configuration (S2) corresponds to a reactive IoT-based system, in
which collection is triggered when bin fill levels exceed a predefined threshold,
based on sensor data that may be subject to stochastic failures. The third configu-
ration (S3) represents a context-aware intelligent system, in which collection deci-
sions rely on the prioritization of high-risk zones, based on a prioritization index.

All configurations operate under identical spatial, temporal, and parametric
conditions, ensuring that any observed differences in outputs are exclusively at-

tributable to the implemented decision rules.

Simulation core

(time management, state transitions)

Figure 1. Conceptual architecture of the simulation engine.

2.3. Spatial and Temporal Framework

The spatial framework of the engine is represented by a two-dimensional virtual
map, used as a metric support for distance and movement calculations, without
reference to any real geographical area. This map is generated during engine ini-

tialization and remains invariant throughout the simulation. Collection points are

DOI: 10.4236/ait.2026.162003

31 Advances in Internet of Things


https://doi.org/10.4236/ait.2026.162003

D. Tshimpanga et al.

distributed across distinct functional zones, with explicit constraints imposed on
inter-point distances within the same zone in order to prevent geometric overlap
and to preserve a regular spatial structure.

The temporal dynamics are conceptually defined in continuous time, allowing
for the progressive integration of waste generation, agent movements, and collec-
tion operations. The total simulation duration is expressed in simulated days, en-
abling temporal acceleration without altering the underlying calculation rules.
This spatio-temporal framework provides a coherent basis for analyzing system
dynamics independently of any specific geographical or temporal configuration.

In practice, the continuous-time dynamics are numerically approximated using
a discrete-time simulation scheme with a one-minute time step. At each iteration,
waste generation, agent movements, and state transitions are updated sequen-
tially.

The simulation engine is implemented in a web-based environment using an
asynchronous execution architecture, allowing the system to handle large-scale
simulations while maintaining computational efficiency. Continuous processes
are approximated through incremental updates at each time step, ensuring con-

sistency between the conceptual formulation and the practical implementation.

2.4. Agent Modeling and Internal Dynamics

The internal dynamics of the simulated system rely on the joint formalization of
continuous waste generation processes and discrete collection and transport pro-
cesses. Waste generation is modeled as a continuous flow that depends on the
number of users associated with each collection point. For a collection point i,
associated with U, users and a daily per-user waste generation rate r, the

hourly waste generation rate is defined by Equation (1):
r-U,
24

D= (1)

This formulation allows waste accumulation to be represented as a gradual pro-
cess, independently of the simulation time step.

The evolution of the amount of waste stored at a collection point is then de-
scribed by a continuous accumulation relationship. Let W, (t) denote the quan-
tity of waste present at time ¢, at collection point i.Equation (2) expresses the
increase in this quantity over a time interval Af, as long as no collection opera-

tion is performed:
W, (t+At)=W,(t)+p, - At )

Each collection point is characterized by a nominal capacity C,. When the ac-
cumulated quantity exceeds this capacity, an overflow is generated. This overflow
at collection point i andtime ¢, isdefined by Equation (3) as the excess amount

of waste relative to the nominal capacity:

O, (¢)=max (0,W,()-C,) (3)
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Collection and transport operations are performed by mobile agents whose be-
havior is formalized using a finite state machine, as illustrated in Figure 2. This
state machine structures the sequences of inactivity, movement, collection, and
unloading, with transitions governed by explicit distance thresholds and capacity
constraints. Unloading cycles are treated as non-interruptible in order to preserve
the logistical consistency of operational sequences. Taken together, this modeling
framework enables a coherent articulation of continuous waste generation pro-

cesses and discrete collection operations within a controlled simulation setting.

Collection decision

Capacity[available Distance < threshold

Capacity full

MOVING_TO_DEPO

5

End ofjunloading Arrival at disposal site

DUMPING

Figure 2. State machine for a collection vehicle agent.

2.5. Global Parameters of the Simulation Engine

The operation of the simulation framework relies on a set of global parameters
defined prior to each execution and kept constant throughout a run. These pa-
rameters delimit the demographic, operational, and spatio-temporal dimensions
of the simulated system, as well as the nominal capacities of the involved entities.
They notably include the number of collection points and vehicles, their associ-
ated capacities, bounds on waste generation, the simulation duration, and tem-
poral acceleration factors.

The selection and calibration of these parameters are based on a combination
of literature-informed assumptions and empirical observations from low-re-
source urban contexts. In particular, parameters related to waste generation, op-
erational constraints, and decision conditions draw on field-based evidence of
stakeholder practices and system dynamics observed in cities characterized by
limited infrastructure, data scarcity, and constrained institutional capacities [12],
ensuring a realistic yet controlled simulation setting.

All global parameters are applied identically across the internal configurations
considered, thereby neutralizing any exogenous variation related to parameter
settings. Stochastic components are controlled through an explicit random seed
to ensure the repeatability of executions. The selected parameter values and their
associated ranges are summarized in Table 1, which serves as the parametric ref-
erence for the methodological validation of the simulation framework.
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Table 1. Global parameters of the simulation engine.

Parameter Description Value/Range Unit
Number of collection  Total number of waste bins simulated in 520 i
points the environment
Bin capacity Maximun capacity before overflow =30 kg

. Number of users associated with a
Number of users per bin . ] 2-15 -
collection point

Waste generation per Amount of waste generated per user per

0.5 kg/da
user day sy
Number of vehicles Number of mobile collection agents =2 -
Maximum transport capacity of a
Vehicle capaci >1500 k
pacity collection vehicle &
Zonal assignment  Functional zone assigned to each vehicle Fixed -
o Metric distance between bins within the
Inter-bin distance 0.5-2.0 km
same zone
Reference temporal unit Scientific time step used for calculations 1 hour
. . . Total temporal horizon of a simulation
Simulation duration <365 days
run
Temporal acceleration ) . o
Simulation speed multiplier 1-1000 -
factor
Weather conditions Simplified state influencing dry/rainy -
Traffic period Time interval influencing mobility day/night -
Random seed Value controlling stochastic specified -

In addition to the parameter ranges presented in Table 1, an explicit baseline
configuration is defined to ensure reproducibility and clarity of the validation ex-
periments. This configuration provides a controlled reference framework and
does not aim to represent a calibrated real-world case.

The detailed baseline parameter values used in the validation runs are summa-
rized in Table 2.

Table 2. Baseline parameter configuration used in validation experiments.

Parameter Value Unit
Number of collection points 10,000 -
Number of vehicles 5 -
Vehicle capacity 3000 kg
Agents per vehicle 4 -
Simulation duration 90 days
Waste generation per user 0.5 kg/day
Service time window 02:00-23:00 h
Labor cost 4 USD/day/agent
Fuel cost 1.5 USD/L
Truck maintenance cost 1500 USD
Maintenance interval 2500 km
Nuisance cost 0.15 USD/kg
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All validation experiments are conducted under this baseline configuration un-

less explicitly stated otherwise.

2.6. Instrumented Indicators

The instrumentation of the simulation framework relies on a set of indicators de-
fined a priori and automatically computed during simulation runs. These indica-
tors are used as observation variables intended to characterize the overall behavior
of the simulated system, without intervening in agent dynamics. Their definition
aims to provide an analytical support for assessing the coherence, stability, and
interpretability of the outputs within the scope of methodological validation.

The indicators cover several complementary dimensions, including opera-
tional, economic, environmental, and health-related aspects, in order to capture
different levels of system functioning. In the context of this article, they are not
employed to establish performance comparisons between internal configurations,
but rather to examine how outputs evolve under controlled initial conditions and
well-defined parametric variations. The list of instrumented indicators and their
definitions is summarized in Table 3, which serves as the observational reference

used during the validation of the simulation framework.

Table 3. Instrumented indicators implemented in the simulation engine.

Dimension Indicator Description Unit

Cumulative distance traveled by all

Operational Total distance traveled ) ) Km
collection vehicles
Overational Amount of waste Total mass of waste effectively K
perationa collected collected &
. Amount of waste Total mass of waste generated by
Operational . ] Kg
generated collection points

. . . Cumulative time devoted to
Operational ~ Total collection time . . hours
collection and transport operations

Estimated fuel consumption

Economic Fuel consumption ) ] ) liters
associated with vehicle movements
) ) Cost associated with vehicle
Economic Maintenance cost . US dollars
maintenance
Economic Labor cost Aggregated cost of collection crews US dollars
. Transport-related  Estimated emissions associated with
Environmental o ) kg CO»
emissions vehicle movements
. Overflowed waste Cumulative mass of overflowed
Environmental . Kg
quantity waste
. . . Relative index based on waste
Environmental Nuisance index -

overflow and zone density

The main derived indicators are computed using explicit formulations to en-
sure transparency and reproducibility.
Waste generation at the bin level is modeled as a continuous accumulation pro-

cess and is computed at each time step as:
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GRi(t):U.x xAtxM = xM

i 24 x 60 rain holiday (4)

where GR,(f) is the waste generation rate atbin i attime 7, U, isthe num-

i

ber of users associated with the bin i, W is the daily waste generation per user

(kg/day), At is the time step (minutes), and M M are multiplicative

holiday

factors representing weather and seasonal effects.
The total distance traveled by vehicles is computed from spatial coordinates and

converted into kilometers. Fuel consumption is estimated as:
F=a-D (5)

where F is the fuel consumption (liters), D is the traveled distance (km), and
a = 0.5 L/km is the fuel consumption coefficient.

Transport-related emissions are computed as:

Eco, =f3-F" (6)

where Eco, denotes CO,emissions (kg) and g = 2.6 kg/L is the emission fac-
tor.

The global cost is defined as:

Cglobal = Ccapex + Copex + Csan (7)
where C,,, is the capital expenditure, C,, is the operational cost, and C,,,

is the sanitary cost.

The sanitary cost is modeled as a cumulative function of overflow over time:

i( Nlmax(O,Wl. (t)—Ci)]-r-At (8)

t=0\i=

Cmn

where W, (1) isthewastelevelatbin i attime 7, C, isthe capacity ofbin i,
r is the nuisance cost rate (USD/kg/min), and N is the number of bins.
These formulations ensure that all indicators are explicitly defined, traceable to

model assumptions, and reproducible under identical simulation conditions.

2.7. Methodological Validation Criteria

The methodological validation of the simulation framework is based on a set of
criteria explicitly defined prior to any execution. These criteria are intended to
assess the ability of the framework to operate as a reliable scientific simulation
instrument, independently of any substantive interpretation of the internal con-
figurations. They are applied systematically under controlled initial conditions
and constitute the analytical basis for the results presented in Section 3.

The selected criteria cover the core dimensions of simulation model validity,
including structural consistency, reproducibility, stability of dynamics, and inter-
pretability of the generated behaviors. Their purpose is to identify potential logical
inconsistencies, numerical instabilities, or uncontrolled responses to parametric
variations. The full set of validation criteria, together with their evaluation modal-
ities, is summarized in Table 4, which formalizes the methodological reference

framework used to assess the robustness of the simulation engine.
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Table 4. Methodological validation criteria of the simulation engine.

Criterion Definition Evaluation method Purpose
Conformity of the engine  Verification of state Prevent invalid
Structural . o . .
. with defined rules and  transitions, capacities, states and numerical
consistency ) ) )
constraints and operational rules artifacts
Behavioral Plausibility of agent Qualitative analysis of Ensure interpretable
consistency action sequences simulated sequences dynamics
Invariance of outputs  Explicit control of the .
- ) . Ensure experimental
Reproducibility under identical initial random seed and .
. . repeatability
conditions repeated executions
Observation of indicators
Temporal Absence of unjustified . Verify engine
. ) . . over extended time
stability drifts or instabilities robustness

horizons

Qualitative ~ Progressive response to  Controlled parameter ~ Assess coherence of

sensitivity parametric variations variation tests model responses
Ability to produce
. . ualitative comparison of . .
Controlled distinct behaviors Q P Verify engine
. - ) . outputs across .
differentiation according to activated expressiveness

configurations
rules

Traceability Ability to link outputs to Analysis of internal states Strengthen scientific
raceabili
implemented rules and decision rules interpretability

2.8. Validation Workflow

The validation of the simulation framework is conducted according to an explicit
procedural sequence, summarized in Figure 3. This workflow formalizes how the
different validation steps are articulated during a simulation run, from the initial
configuration to the analysis of instrumented outputs.

The process begins with the configuration of the experimental framework, in-
cluding global parameter settings and, where applicable, the specification of the
random seed. It then proceeds with the controlled execution of the engine, during
which the operational rules and internal dynamics are activated without external
intervention. The generated outputs are subsequently collected and structured in
accordance with the defined instrumentation scheme, before being examined
against the established validation criteria. This sequential organization ensures
that each execution follows an identical protocol, thereby guaranteeing result

traceability and the reproducibility of the validation process.

Reproducibility
- Multiple executions
- Stochastic control
- Output stability

Structural validation
- Contraints satisfied
- State transitions

- Absence of artifacts

Engine initialisation
- Virtual map
- Global parameters

- Random seed

Qualitative sensitivity
- Parameter variation
- Interpretable responses

Figure 3. Validation workflow of the SimWasteKin simulation engine.
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To support the validation process, a series of repeated simulation runs is per-
formed for each decision configuration (S1, S2, S3), with a total of 30 independent
runs per configuration.

The global parameters remain fixed across runs, including the number of bins,
number of vehicles, capacities, simulation duration, and environmental condi-
tions. Stochastic variability is introduced through the random distribution of us-
ers across bins.

Stability is evaluated based on the consistency of key output indicators across
runs, including total cost, distance traveled, and overflow levels. A configuration
is considered stable if variations remain within a limited range and if the relative

ranking between configurations is preserved.

3. Results

3.1. Structural Validation

Structural validation assesses the conformity of the simulation engine with the
formal constraints defined during its design. Capacity rules for both collection
points and vehicles are systematically respected, and overflow mechanisms are
triggered exclusively when the predefined thresholds are reached. State transitions
of mobile agents occur solely according to the specified finite state machine, with
no unauthorized transitions or incoherent cycles. Operational sequences of col-
lection, transport, and unloading comply with the prescribed ordering constraints
and non-interruptibility requirements defined for critical operations. No situation
corresponding to an invalid system state (e.g., collection without spatial contact,
unhandled capacity exceedance, undefined state transition) is generated by the

engine under the tested conditions.

3.2. Reproducibility

Reproducibility is evaluated through explicit control of the stochastic components
integrated into the model. Under identical global parameters, simulation runs
produce consistent and structurally stable outputs, both in terms of agent trajec-
tories and aggregated indicators computed by the instrumentation module. This
property ensures that simulated dynamics are governed by the initial conditions
and the defined operational rules.

When the stochastic realization is modified while keeping an identical paramet-
ric framework, the observed variations remain consistent with the intended sto-
chastic mechanisms and do not affect the structure of the dynamics or the validity
of operational sequences. This behavior confirms that randomness is properly
controlled and that the framework satisfies the requirements of experimental re-
peatability expected of a scientific simulation engine.

To support these observations, representative numerical values from repeated
simulation runs are considered. Across the 30 runs performed, the results show
strong consistency in terms of order of magnitude within each configuration. For

instance, the total cost for the S1 system remains on the order of 3.5 x 10°, with
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limited variation across runs.

3.3. Stability and Qualitative Sensitivity

Engine stability is examined over extended temporal horizons and under con-
trolled parametric variations. Instrumented indicators evolve continuously when
key parameters (such as capacities, waste generation rates, or decision thresholds)
are modified within their predefined ranges. No unjustified discontinuities or er-
ratic behaviors are introduced by these variations. The engine responses to pa-
rameter changes remain interpretable in light of the implemented rules, and the
overall system dynamics preserve their structural coherence.

This controlled qualitative sensitivity indicates that the engine is sufficiently
expressive to reflect configuration changes while remaining stable, a necessary
condition for its subsequent use in distinct comparative analyses.

The results also show that the relative behavior of the configurations remains
consistent across runs. In particular, the S2 system systematically produces higher
total costs (on the order of 1.0 x 10°), while S3 stabilizes around 7.5 x 10°, and S1
remains lower but with higher sanitary costs. This ranking is preserved across all
runs, confirming the robustness of the simulation engine under stochastic varia-
bility.

4. Discussion

The presented validation results confirm the methodological relevance of the pro-
posed simulation framework as a scientific instrument for the analysis of complex
urban systems [15]. The adopted structure, based on an explicit separation be-
tween environment, agents, decision-making logic, and instrumentation, satisfies
the requirements of internal consistency, reproducibility, and interpretability
commonly associated with research-oriented simulation engines. This principle
of modularity, widely recognized in the literature, facilitates the identification of
mechanisms underlying simulated dynamics and limits implicit coupling effects
that could bias analysis [16] [17].

From a scientific positioning perspective, this work aligns with established
methodological frameworks in modeling and simulation, which emphasize the
need to clearly distinguish tool validation from the exploitation of the results it
produces. The validation criteria mobilized (structural validation, explicit control
of stochasticity, and qualitative sensitivity analysis) are consistent with recom-
mendations from foundational work on simulation model verification and vali-
dation [9]. By explicitly focusing on evaluating the simulation framework rather
than comparing strategies, the article adopts a methodological posture that re-
mains underdeveloped in applied studies of urban solid waste management, where
simulation is often directly used for optimization or decision-making purposes.

The use of an abstract spatio-temporal framework constitutes a structuring
methodological choice. This abstraction enables a focus on the fundamental

mechanisms of the simulated system while reducing dependence on context-spe-
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cific data, which are often incomplete or heterogeneous in resource-constrained
urban environments. The simulation literature highlights that such a level of ab-
straction enhances interpretability and conceptual transferability of models, at the
cost of an acknowledged limitation in local descriptive capacity [18]-[20]. This
trade-off between generality and realism is consistent with the validation objec-
tives pursued and clearly delineates the scope of applicability of the proposed
framework.

This study presents several limitations that should be acknowledged. The sim-
ulation environment is based on an abstract spatial representation, without direct
integration of real-world geographic data. The model considers a single disposal
site and simplified representations of weather and traffic conditions, which may
limit the realism of certain operational dynamics.

In addition, the model is not calibrated using empirical data, as the objective of
this study is to validate the internal consistency and methodological robustness of
the simulation engine rather than to reproduce specific real-world scenarios.

These limitations imply that the results should be interpreted as illustrative of
system behavior under controlled conditions. Future work will focus on integrat-
ing real geographic data, refining environmental dynamics, and performing em-

pirical calibration to enhance external validity.

5. Conclusions

This article has presented the design and methodological validation of a multi-
agent simulation engine, named SimWasteKin, dedicated to the analysis of urban
solid waste collection systems in resource-constrained contexts. By adopting an
experimental posture explicitly oriented toward tool validation, the study has ex-
amined the internal consistency, reproducibility, and stability of the engine, inde-
pendently of any substantive exploitation of the simulated internal configurations.

The validation results demonstrate that the adopted architecture (based on a
clear separation between environment, agents, decision-making logic, and instru-
mentation) meets the criteria expected of a scientific simulation engine. The im-
plementation of structural validation procedures, stochastic control, and qualita-
tive sensitivity analysis confirms that the engine generates coherent and interpret-
able dynamics under controlled initial conditions. These properties constitute an
essential prerequisite for any subsequent simulation-based comparative analysis.

The primary contribution of this work is methodological. It lies in the formali-
zation of a validated, transparent, and reproducible simulation framework de-
signed to support comparative studies of waste collection strategies in urban en-
vironments subject to strong resource constraints. The abstraction choices made,
while limiting any direct operational interpretation of the outputs, clarify the en-
gine’s scope of applicability and enhance the readability of the simulated mecha-
nisms.

Future work will focus on the controlled exploitation of SimWasteKin in in-

depth comparative analyses of waste collection strategies, as well as on the pro-
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gressive integration of empirical data to examine the sensitivity of the engine to

specific urban contexts. By explicitly dissociating tool validation from the analysis

of the results it produces, this article contributes to good practices in urban sys-

tems modeling and simulation and provides a solid methodological foundation

for further research.

Conflicts of Interest

The authors declare no conflicts of interest regarding the publication of this paper.

References

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

(10]

(11]

(12]

Addas, A., Khan, M.N. and Naseer, F. (2024) Waste Management 2.0 Leveraging In-
ternet of Things for an Efficient and Eco-Friendly Smart City Solution. PLOS ONE,
19, e0307608. https://doi.org/10.1371/journal.pone.0307608

Nsokimieno Eric, M.M., Shouyu, C. and Li Qin, Z. (2010) Sustainable Urbanization’s
Challenge in Democratic Republic of Congo. Journal of Sustainable Development, 3,
242. https://doi.org/10.5539/jsd.v3n2p242

Pardini, K., Rodrigues, ].J.P.C., Kozlov, S.A., Kumar, N. and Furtado, V. (2019) IoT-
based Solid Waste Management Solutions: A Survey. Journal of Sensor and Actuator
Networks, 8, Article 5. https://doi.org/10.3390/jsan8010005

Okubanjo, A., Bashir Olufemi, O., Okandeji, A. and Daniel, E. (2024) Smart Bin and
Iot: A Sustainable Future for Waste Management System in Nigeria. Gazi University
Journal of Science, 37, 222-235. https://doi.org/10.35378/gujs.1254271

Badibanga, D.T., Mushage, O.B., Manirabona, A. and Ndikumagenge, J. (2025) Crit-
ical Systematic Review of the Transferability of IoT Solutions for Smart Waste Col-
lection in Low-Resource Settings. Advances in Internet of Things, 15, 96-119.
https://doi.org/10.4236/ait.2025.154006

Belién, J., De Boeck, L. and Van Ackere, J. (2014) Municipal Solid Waste Collection
and Management Problems: A Literature Review. Transportation Science, 48, 78-102.
https://doi.org/10.1287/trsc.1120.0448

Debray, B. (2002) Modélisation et simulation de la gestion et du traitement des
déchets ménagers. Environnement, Ingénierie & Développement, 27, Article 8077.
https://doi.org/10.4267/dechets-sciences-techniques.2378

Hussain, I., Elomri, A. and Kerbache, L. (2022) Domestic Waste Management with
Io-Enabled Applications: A Case Study of the Al Rayyan, Qatar Region. I/FAC-Paper-
sOnlLine, 55, 830-835. https://doi.org/10.1016/j.ifacol.2022.09.515

Sargent, R.G. (2013) Verification and Validation of Simulation Models. Journal of
Simulation, 7, 12-24. https://doi.org/10.1057/0s.2012.20

Troost, C., Bell, A.R., van Delden, H., Huber, R, Filatova, T., Le, Q.B., et al. (2022)
How to Keep It Adequate: A Validation Protocol for Agent-Based Simulation. SSRN
Electronic Journal, 1-52. https://doi.org/10.2139/ssrn.4161475

Troost, C., Huber, R., Bell, A.R., van Delden, H., Filatova, T., Le, Q.B., et al (2023)
How to Keep It Adequate: A Protocol for Ensuring Validity in Agent-Based Simula-
tion. Environmental Modelling & Software, 159, Article ID: 105559.

https://doi.org/10.1016/j.envsoft.2022.105559
Tshimpanga, D., Lina, A., Mushage, O.B., Manirabona, A. and Ndikumagenge, J.

(2026) A Contextual Prioritization Index for Solid Waste Collection in Low-Resource
Urban Areas: Kinshasa. Advances in Internet of Things, 16, 11-27.

DOI: 10.4236/4it.2026.162003

41 Advances in Internet of Things


https://doi.org/10.4236/ait.2026.162003
https://doi.org/10.1371/journal.pone.0307608
https://doi.org/10.5539/jsd.v3n2p242
https://doi.org/10.3390/jsan8010005
https://doi.org/10.35378/gujs.1254271
https://doi.org/10.4236/ait.2025.154006
https://doi.org/10.1287/trsc.1120.0448
https://doi.org/10.4267/dechets-sciences-techniques.2378
https://doi.org/10.1016/j.ifacol.2022.09.515
https://doi.org/10.1057/jos.2012.20
https://doi.org/10.2139/ssrn.4161475
https://doi.org/10.1016/j.envsoft.2022.105559

D. Tshimpanga et al.

(13]

(14]

(15]

(16]
(17]

(18]

(19]

(20]

https://doi.org/10.4236/ait.2026.162002

Thirupathieswaran, R., Rajan, K.P., Niranjana, R., Muthu, A.E., Krishnan, R.S. and
Saravanan, K. (2023) IoT Enabled Waste Management Optimization Framework
(IWMOF). 2023 3rd International Conference on Pervasive Computing and Social
Networking (ICPCSN), Salem, 19-20 June 2023, 1246-1252.
https://doi.org/10.1109/icpcsn58827.2023.00210

Wiart, J.B. (2023) Approche hiérarchique de co-simulation pour I'étude des échanges
d’énergie des micro-réseaux. Ph.D. Thesis, Université de Lorraine.
https://hal.science/tel-04142176

Kumar, A. and Sarangi, S. (2023) Artificial Intelligence in Sustainable Development
of Municipal Solid Waste Management. Infernational Journal for Research in Ap-
plied Science and Engineering Technology, 11, 6744-6751.
https://doi.org/10.22214/ijraset.2023.53247

Law, A.M. (2015) Simulation Modeling and Analysis. 5th Edition, McGraw-Hill.

Vermeer, W.H., Smith, ].D., Wilensky, U. and Brown, C.H. (2022) High-fidelity
Agent-Based Modeling to Support Prevention Decision-Making: An Open Science
Approach. Prevention Science, 23, 832-843.
https://doi.org/10.1007/s11121-021-01319-3

Grimm, V., Berger, U., DeAngelis, D.L., Polhill, J.G., Giske, J. and Railsback, S.F.
(2010) The ODD Protocol: A Review and First Update. Ecological Modelling, 221,
2760-2768. https://doi.org/10.1016/j.ecolmodel.2010.08.019

Macal, C.M. and North, M.J. (2010) Tutorial on Agent-Based Modelling and Simula-
tion. Journal of Simulation, 4, 151-162. https://doi.org/10.1057/j0s.2010.3

Oreskes, N., Shrader-Frechette, K. and Belitz, K. (1994) Verification, Validation, and
Confirmation of Numerical Models in the Earth Sciences. Science, 263, 641-646.
https://doi.org/10.1126/science.263.5147.641

DOI: 10.4236/4it.2026.162003

42 Advances in Internet of Things


https://doi.org/10.4236/ait.2026.162003
https://doi.org/10.4236/ait.2026.162002
https://doi.org/10.1109/icpcsn58827.2023.00210
https://hal.science/tel-04142176
https://doi.org/10.22214/ijraset.2023.53247
https://doi.org/10.1007/s11121-021-01319-3
https://doi.org/10.1016/j.ecolmodel.2010.08.019
https://doi.org/10.1057/jos.2010.3
https://doi.org/10.1126/science.263.5147.641

	Validation of a Multi-Agent Simulation Engine for Urban Solid Waste Collection in Resource-Constrained Contexts
	Abstract
	Keywords
	1. Introduction
	2. Methods
	2.1. General Framework and Simulation Engine
	2.2. Overall Architecture of the Simulation Engine
	2.3. Spatial and Temporal Framework
	2.4. Agent Modeling and Internal Dynamics
	2.5. Global Parameters of the Simulation Engine 
	2.6. Instrumented Indicators
	2.7. Methodological Validation Criteria
	2.8. Validation Workflow

	3. Results
	3.1. Structural Validation
	3.2. Reproducibility
	3.3. Stability and Qualitative Sensitivity

	4. Discussion
	5. Conclusions
	Conflicts of Interest
	References

