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The study addresses a Vehicle Routing Problem (VRP) that incorporates elements of the Biomass Collection
Problem (BCP), using geo-spatial biomass data to determine pickup site locations and their content levels.
Optimization techniques are proposed for the Biomass Routing and Biogas Production Problem (BRBPP). Biomass
potential data was sourced from a national open data service used in Finland. The developed methodology in-
cludes models used to simulate and optimize components within a circular supply chain for transporting bio-
masses to biogas plants for renewable energy production. The study executes spatial information mapping for

biomasses near the biogas plant and proposes an optimized routing plan for the optimization problem, aiming to
execute a cost-effective logistic routing for continuous biogas production. The main contributions of the study are
the tool and methodology developed for geospatial mapping of extensive datasets alongside modeling and
optimizing logistic routing for biomass collection and transportation to centralized biogas plants.

1. Introduction

The circular bioeconomy (CBE) offers promising prospects by
leveraging waste management for energy production, particularly
through the effective utilization of biomasses, i.e., organic side-streams
(Bellezoni et al., 2022). Waste-to-energy systems, in general, enhance
operational efficiency and cost-effectiveness, enabling industries to
convert waste into energy in alignment with the circular economy (CE)
principles (Monteiro and Ferreira, 2022). In addition, this type of sys-
tems, such as biogas production from nutrient-rich side-streams, also
provides benefits through nutrient recirculation. However, while bio-
energy production presents opportunities, it also raises concerns about
its ecological footprint (Wang et al., 2020). This prompts the need to
optimize resource flows in bioenergy production, ensuring maximal
utilization of biomass side-streams without compromising environ-
mental impact and emissions.

Optimizing resource flows and logistics is pivotal in adhering to CE
principles. Efficient transportation, as observed in the case of animal
manure utilized as fertilizer (Kamilaris and Prenafeta-Bolda, 2021),
lessens resource pollution, increases manure valorization, and aligns
with the practices of CE. However, transportation poses environmental
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and economic costs that demand consideration in optimization
(Kamilaris and Prenafeta-Boldi, 2021). When configuring supply
chains, balancing supply and demand while considering actors' roles is
crucial (Yilmaz Balaman et al., 2018). Given the complexity of circular
supply chains, employing digital and analytical tools becomes essential
for modeling and optimizing these networks.

Robust digital capabilities and technologies are required for facili-
tating circular business models. Digital technologies offer opportunities
for enhancing resource flows, value creation, and innovation, aligning
with the CE practices (Ranta et al., 2021). They contribute to the CE in
two key ways: (i) by enabling knowledge creation and sharing for
decision-makers to optimize resource flows and value creation and (ii)
by providing analytical tools, such as multi-objective decision-making
algorithms for waste-to-energy supply chain optimization (Ranta et al.,
2021; Yilmaz Balaman et al., 2018). These digital technologies drive
various business model and process innovations, fostering alignment
with the practices of CE across industries (Ranta et al., 2021). By
embracing CE practices and principles and harnessing advanced
computational and digital methods, humanity can work towards
achieving carbon neutrality and a greener future.

Bijarchiyan et al. (2020) presented a holistic approach for a supply
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chain model where they considered the interactions for energy processes
with the society in a regional setting. This study concentrates on
leveraging biogas-based bioenergy production and recycling resource
flows in the Kanta-Hame region in Finland. The aim involves connecting
a bioenergy facility (i.e., a biogas plant) with local farms (i.e., producers
of agricultural side-streams) to promote collaboration and optimize
logistical operations, including investment planning for an upcoming
centralized biogas plant. The study focuses on modeling and optimizing
the logistical routing of biomass side-streams collection, which will be
utilized by the centralized biogas plant as feedstocks. These biomasses
consist of livestock manures, grasses, and straws. Spatial data mapping
of biomass potentials located near the biogas plant is conducted for
modeling and optimizing the logistical routing of biomass collection.
The study seeks to provide insights into organizing biomass routing for a
specific biogas plant investment case, aiding their decision-making
processes. Additionally, it aims to compare optimized routing results
under two simulation scenarios, one considering consistent biomass
quality in terms of energy potential over time, and the other incorpo-
rating time-critical factors. Unlike Bijarchiyan et al. (2020), this study
omits the societal aspects in the model, but, instead, in a real-world like
case, consider the economic effects of the biological processes in the
quality of the biomasses and respective implications to storage re-
quirements in the network.

The research is structured around two main research questions. The
first question (RQ1) focuses on organizing the routing of biomass
collection to align logistics with CBE practices and dynamically optimize
these routes: How should the routing of collection of biomasses be
organized to align with CE practices and dynamically optimize the lo-
gistics based on specific criteria? The second question (RQ2) delves into
enhancing logistics optimization by considering factors that were pre-
viously overlooked, particularly the impact of decreasing biomass
quality over time on the optimal routing solution: How does the
consideration of diminishing biomass quality over time affect the
optimal routing solution compared to the currently optimized result? In
the study, the research questions are addressed through organizing
municipal level data sources to simulated biomass sources and esti-
mating the optimal routing and mass collection using genetic algorithm
implemented with Python. While the study successfully presents a
framework for holistic approach to logistical question, it also reveals the
sensitivity of the problem to multitude of cost factors and their accurate
estimation.

2. Materials and methods
2.1. Biomass routing and biogas production

This study's optimization problem extends the Vehicle Routing
Problem (VRP), a broader version of the Traveling Salesman Problem
(TSP) for multiple operators (Bochtis and Sgrensen, 2009). It in-
corporates aspects from the Biomass Collection Problem (BCP) and uses
geo-spatial biomass data to determine pickup site locations and their
content levels (Gracia et al., 2014). However, the pickup site develop-
ment is not directly optimized within the genetic algorithm, leading to
their exclusion from the optimization problem. Hence, the data pro-
cessing serves as a solution for BCP, assuming pickup sites and their
dynamics as given within the optimization problem.

The VRP encompasses dynamic biomass accumulation at pickup sites
and their utilization within the biogas plant. Another aspect involves
restricting vehicle visits to specific sites based on the vehicle type.
Biomass consumption is modeled through continuous biogas production
daily, with discrete biomass consumption from plant storage. This
study's optimization problem is termed the Biomass Routing and Biogas
Production Problem (BRBPP). BRBPP is conceptually introduced in this
section.

The VRP involves a fleet of vehicles tasked with visiting a specific set
of collection points once while minimizing the total distance traveled
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(Gracia et al., 2014). Vehicles must adhere to capacity limitations,
starting and ending their routes at a depot (Bochtis and Sgrensen, 2010).
Routes are constrained by a predetermined duration covering travel and
site time (Berger and Barkaoui, 2003). In the BRBPP, unlike VRP, the
frequency of visits to a site isn't limited to one; it depends on factors such
as time windows, vehicle allowances, and site-specific duration pa-
rameters. The total route duration is constrained by the length of a
standard work shift, which is assumed to be 9 h in this study, including a
45-min long break.

VRP assumes static collection points with constant pickup capacity,
eliminating the need for revisits and post-pickups (Bochtis and Sgrensen,
2009). Conversely, in BRBPP, biomass accumulation necessitates po-
tential revisits post-emptying, varying from linear daily accumulation to
occasional, significant “jumps.” The model combines VRP with time
window constraints (VRPTW) (Bochtis and Sgrensen, 2010), but in
BRBPP, sites aren't mandated to be visited within designated time
windows. Yet, prolonged site visits could incur additional storage costs,
augmenting the overall solution expenses.

The BRBPP undergoes notable complexity due to the inclusion of the
biogas production process. In traditional routing problems like TSP,
VRP, and VRPTW, the depot primarily serves as the start and end point
without distinct attributes (Berger and Barkaoui, 2003; Bochtis and
Sgrensen, 2010, 2009; Gracia et al., 2014). In BRBPP, the biogas plant
acts as the depot and its storage levels are crucial for fulfilling biogas
production demands. This process daily consumes stored biomasses; if
the storage is depleted and consequently there is a decrease or a halt in
production, additional costs will occur. Maintaining specific thresholds
in stored biomasses, especially Total Solids (TS), is essential to ensure a
proper anaerobic digestion process within the specific reactor type for
wet-type digestion (Hadin and Eriksson, 2016). Exceeding the TS limit
prompts dilution with water, incurring added expenses. The stored
biomasses should align with annual input targets, as surpassing storage
capacity or total yearly biomass imports triggers additional expenses.

The dynamic accumulation of biomasses in the BRBPP creates a
shifting optimization challenge (Liu et al., 2019). Delaying a site visit
influences total solution costs, potentially affecting biogas production if
storage depletes. Opting for an early visit to a site with less biomass,
postponing a visit to another site with greater biomass, may lead to
added storage costs if site capacities are exceeded due to the timing of
the visits.

Fig. 1 portrays the BRBPP, showcasing different pickup sites and
vehicles, representing a typical day within the simulation period. It of-
fers a partial solution example. Each day starts with vehicle assignment
to the routes, outlining the locations to be visited. A route might be
empty, signifying that there are no transportation needs for a certain
vehicle during the day.

The cost function reflects the impact of multiple variables in the
BRBPP, creating a multi-dimensional optimization challenge. Unlike the
single-objective approach of the classical VRP, the BRBPP, influenced by
various cost variables, necessitates multi-objective optimization
methods for seeking solutions (Banasik et al., 2017; Banos et al., 2013;
Jozefowiez et al., 2008). By incorporating and minimizing multiple cost
terms in the optimized routing, the circular supply chain's side-stream
procurement optimization yields more comprehensive solutions. These
solutions consider diverse cost-influencing factors, thereby elevating
supply chain efficiency (Banasik et al., 2017; Banos et al., 2013; Joze-
fowiez et al., 2008).

The cost function (elaborated in Section 2.4.2) aims to optimize the
logistic routing of the biogas production supply chain from farms to the
biogas plant. The goal is to prevent production interruptions, minimize
dilution water usage, avoid facility overflows, and excessive site visits.
This optimization involves route planning to simultaneously minimize
driving distances and incorrect visits, reduce driver overtime, and
ensure adequate farm-specific biomass storage capacity for production.
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Fig. 1. An example illustration of a partial solution to the biomass routing and biogas production problem (BRBPP).

2.2. Data

Data for this study was sourced from Biomass atlas service developed
by Natural Resources Institute Finland (Natural Resources Institute,
Finland, 2023), offering geospatial datasets on various biomasses in
Finland. Lehtonen et al. (2024) describe the details of the methodology
behind generating and computing these datasets. Information on
collection year, biomass type, mass in tons, and location coordinates for
each biomass point was included in the data extracted from the Biomass
atlas.

The biomasses used in this study were slurry manure of cattle and
pigs from animal farms (data from years 2015 and 2016), solid manure
of horses, cattle, poultry, and pigs (data from 2016), and cereal straw,
silage grass, and grass side-streams (green fallows, buffer zones and
green manure) generated in 2021. The data selection was based on the
expected match with the target company's needs and intended use of
biomasses for biogas production.

Data was presented as kilogram tons geospatially distributed to a
uniform one-by-one kilometer grid. For grass and straw, the mass esti-
mations followed this grid, but, for manure, the original estimation was
the municipal's annual sum for the target location that had been
resampled to the grid. Initial coordinate system EUREF-FIN was con-
verted to WGS84 for further processing. The data files contained some
redundancy since manure data was also presented by using the munic-
ipality polygon representation, but they were removed and only the grid
representation was used.

2.3. Data filtering

The target biogas plant is envisioned to be located in an agricultural
region in Finland with proximity to highways to enable both biomass
logistics and market for biomethane. Only biomasses within a 50-km
radius from the plant were considered. This range was deemed
capable of adequately meeting the plant's resource needs and limit the
costs of logistics. The target input values for grasses and straws were
28,000 tons per year, achievable by the straw biomass potential alone,
and the target for manures was 14,000 tons, also potentially feasible
within the area. Distance was calculated using Euclidean distances for
each grid square center point.

In the real world, the biomasses would be collected to a pick-up
point, most likely by the farmer, from where a transportation com-
pany would collect the biomass and transport it to the biogas plant.
These pick-up points would later be determined by practical working
conditions, but in this study, they were estimated by using KMeans
clustering, an unsupervised learning technique (Likas et al., 2003), to
identify subareas later to be used as pick-up sites in the model. During
clustering, the masses were represented through replicating the points
with the number of tons to estimate the KMeans mass weighted cluster
centroids. The number of clusters was set to 100, and by using the elbow
method (Liu and Deng, 2021), this choice was verified to have a low
within cluster sum of squared distances to the cluster centroid. Fig. 2
demonstrates the initial clustering. To facilitate the visualization, the
mass of biomass was converted to truckloads (45 tons per truckload) and
transformed to a logarithmic scale.

The number of clusters, k, was reduced for faster computations. The
initial 50 km clustered dataset was divided into five tiers, each 10 km
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Thinned out pickup sites for straw side-streams
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Fig. 2. Left: An example of the initial clustering phase in data processing. Right: An example of the methodology of cluster thinning.

thick. Calculating new k values within each tier involved dividing the
original cluster count by a divisor coefficient raised to the tier's sequence
number. Reclustering within each tier based on the new k values led to a
reduction in the total number of clusters. To further reduce the excess
number of clusters, only the closest ones to the facility were used so that
their combined biomasses met the annual need for each biomass type
(grass, straw, and manure). Fig. 3 shows the resulting estimated pickup
sites.

2.4. Computational model

2.4.1. Biomass accumulation model

The linear accumulation model used for manure would not suit
grasses and straws due to their harvest requirements, as their harvesting
primarily occurs in the summer in Finland. Thus, it was assumed that
farms conduct three harvests during the summer: mid-June, early
August, and mid-September. After each harvest, the storage level at a
pickup site increases from zero to one-third of its annual production.
Hence, during a two-week period, the accumulation process was
modeled as:

Amg; = %Miet.i (€]
where Amy; is the accumulation of grass or straw at the day t on the
pickup site i; M; is the annual accumulation of grass or straw at site i; and
¢ is a vector with 9 zeros and one randomly positioned 1, indicating the
jump occurrence date, totaling ten business days. The equation governs
accumulation only during the expected two-week harvest periods,
remaining zero otherwise. ¢,; is site specific for each two-week period,
introducing real-world like variation in the harvest times between sites.
To maintain consistency, € values were pre-determined.

Cluster centroids were modeled as pickup site locations, serving as
collection points for the biomasses within the designated area of each
cluster. For simulation purposes, initial storage levels of the pickup sites
were selected randomly to prevent potential systematic errors that could
result from uniform or constant level settings. These initial levels were

determined for manure pickup sites by multiplying the site's capacity by
a random number between 0 and 0.8. Regarding grass and straw pickup
sites, 40 % of the pickup sites were randomly selected to include a
storage level that represents the amount of collectable grass and straw
generated from a single harvest. This level corresponds to a third of the
annual accumulation of grass and straws, considering that three harvests
occur within a year.

Regarding manures, pickup site capacity was determined as the cu-
mulative mass within clusters, aligned with regulations mandating
farms to accommodate annual manure production. Clustering datasets
followed an annual timeframe. Conversely, for grasses and straws, a
theoretical capacity was established; however, its optimization impact
was disregarded as these biomasses, stored as bales in fields, were
assumed to possess infinite storage capacity.

2.4.2. Cost function
The cost function utilized within the optimization of this study is
defined as follows:

TC = Cvehicles + Cbgp + Covid Z OVLDU (2)

i=1

where TC is the total costs caused by the system with the given routing,
Cova 1S the assumed cost of one day of overload at a pickup site, OVLD; is
the number of days of overloading at pickup site i and m is the number of
pickup sites. Moreover, Cyehicles COnsist of costs caused by vehicles, and is
defined as follows:

n n n
Cueticles = Ps; Y, ODO; +Corn Y OVTi+Cpy » WV, ©)

i=1 i=1 i=1

where py is the assumed price of fuel (€/1), ¢; is the assumed fuel con-
sumption (1/100 km), n is the number of vehicles collecting and trans-
porting the biomasses from farms to the biogas plant, ODO; is the total
mileage driven by vehicle i with the given routing, c,y is the assumed
cost of the overtime work (€/h), OVT; is the total overtime work of
vehicle i with the given routing, c,, represents the unit cost for a vehicle
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Horses and ponies, solid manure (ex storage)

Grass side streams (green fallows, buffer zones and green manure)

Straw
Dry silage

Fig. 3. Visualization of the spatial distribution of pickup sites approximated from biomass datasets.

visiting the wrong type of pickup site, and WV; signifies the number of
wrong visits carried out by vehicle i based on the given routing.

Additionally, Cy,g, represents costs caused by inefficiencies in biogas
production at the biogas plant defined as follows:

Cogp = CpastPDST + Cyy OV + Corimn EXIM + ¢, DW )

where ¢4 is the assumed cost of a production stoppage, i.e. biogas plant
running out of biomass input, PDST is the number of production stop-
pages that occurred within the simulation with the given routing, ¢, is
the assumed cost of overfilling the biogas plant's storage, which is
assumed to have a capacity equal to the targeted annual inputs, OVF is
the number of overstocking occurrences that happened with the given
routing, Ceyinm is the assumed cost of one unnecessary import of biomasses
to the biogas plant after the targeted annual input is reached, EXIM
represents the number of unnecessary imports that occurred within the
simulation with the given routing, c4, represents the assumed cost for
one ton of dilution water consumed, and DW signifies the total amount
of dilution water, in tons, consumed at the biogas plant based on the
given routing.

Eq. (1) accounts for overloads at pickup sites yet overfilling at grass
and straw sites was omitted from the optimization. Given the assump-
tion of infinite storage due to baling in fields, the cost function term

OVLD; remained unchanged if storage surpassed capacity at these spe-
cific pickup sites, thereby disregarding overloads at grass or straw sites.

The distances and travel times between the pickup sites and other
locations were collected by utilizing a routing API (openrouteservice, n.
d.), which returns distance and duration matrices for the given
geographical coordinates. Grass and straw bales are assumed to be
transported secured with straps as piece goods, while slurry manure
involves specialized intake equipment in a vehicle container. Dry ma-
nures are collected in a closed boxcar. Each vehicle is assumed to have a
transport capacity of 45 tons.

2.4.3. Genetic algorithm

Genetic algorithms (GA) are metaheuristic approaches widely used
in operations management for problem-solving and optimization.
Inspired by biological evolution, GAs start with an initial population of
solutions, referred to as chromosomes, with genes representing parts of
these solutions. Genetic operators are applied to create new potential
solutions (children) by combining genes from existing solutions (par-
ents). GAs are iterative methods where the population of solutions are
used to create better ones (Gracia et al., 2014; Katoch et al., 2021).

Here, the task of the GA was to find a minimizing solution to the cost
function. Genes refer to locations a vehicle visits and their order in the
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chromosome was set to be the order of driving the solution proposal
route. Population size of 12,384 was used corresponding to four times
the number of required genes. The initial population was randomly
generated.

During each iteration, each chromosome acts as a parent pair
without limitation, allowing for broader exploration across potential
solutions. Selection of parent pairs was randomized. Crossover operator
selects two random crossover points from parent p;’s chromosome and
transmits the genetic information between these points to the beginning
of the child. The remaining genetic material is inherited from parent py,
in the order of appearance excluding the genes between the previously
selected crossover points. This method generates new offspring with
genetic sequences comprised of segments from both parental sources.
Child replaces one of its parents in the population if its genetic sequence,
i.e., driving route, is more efficient than parents'. Child is rejected if their
cost exceeds that of either parent. (Niemitalo and Ekkerman, 2022).

The stopping criteria for optimization was set to 1,500,000 itera-
tions. After completing 1,000,000 generations, the algorithm transi-
tioned to a greedy approach for the remaining 500,000 iterations. In the
greedy mode, each chromosome with the best-known solution achieved
thus far. Ultimately, the best-performing chromosome, which holds the
lowest cost (best fitness value), is selected to conclude the optimization
process. This strategy avoids reducing the number of potential solutions
in the inherited generations, thereby reducing the likelihood of getting
trapped in a local optimum.

2.4.4. Truck fleet and biogas plant model

Truck fleet consisted of nine collection trucks, three for each biomass
type. Each truck was assumed to have capacity of 45 tons and, per
simulation day, was allowed to work a 9-h work shift including a 45-min
break. Each driving shift of a truck started and ended at the depot.

The pickup duration at sites was modeled with a fixed element and a
component that linearly corresponds to the quantity of biomass for
collection as

Aty = T+ v,l, 5)

where At;; is the pickup duration for the pickup site i with a load level of
I, T is the constant term of the pickup operation, and vy, is the collection
rate for the biomass m. T was assumed to be 10 min for all biomasses.
The parameter T signifies the setup and dismantling time for pickup
operations. The pickup rate v, was set at 1.6 tons/min (0.625 min/ton)
for slurries, 1 ton/min (1 min/ton) for solid manures, and 1.2 ton/min
(0.833 min/ton) for grasses and straws based on expert discussions.
Despite the seasonal accumulation of grasses and straws, assuming post-
harvest baling allows year-round collection. If the vehicle reaches its
load limit, it gathers within its capacity, adjusting the operation time
according to the loaded volume.

During the simulation, biomass storage levels decrease daily due to
consumption rates reflecting resource utilization in biogas production.
Upon vehicle arrival for unloading at the biogas plant, the storage levels
are updated with the unloaded amount and average rate of total solids
(TS) content is recalculated to the storage's weighted rate average.

The depot model logs the cumulative received biomass (triggering
when yearly intake targets are met); excessive unloading post-target
attainment is penalized within the cost function. Storage overfilling is
also a cost factor penalized daily. If storage empties, leading to pro-
duction halts, the stoppage duration is penalized. To optimize routes
with sustained TS rates below 15 % (average of all biomasses to be used
as biogas plant feedstock), cumulative dilution water usage in produc-
tion was tracked. When TS content of the stored biomasses exceed 15 %,
dilution water is added to adjust the biogas plant's feedstock mixture,
influencing the minimized cost function within the GA, as discussed in
the subsequent section.
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2.4.5. Performance indicators

In addition to the cost function, the following indicators were chosen
to evaluate the solution performance in the scenarios: total mileage (km)
driven by the truck fleet, total overtime (h) of the truck shifts, number of
days with no routes, total pickup site overload days over all sites, pro-
duction stoppages at the biogas plant, consumption of dilution water
(tons) at the biogas plant, unnecessary imports to the biogas plant, i.e.,
transporting biomass that was not needed for the desired, set input
composition, and overfillings of storage within the biogas plant.

2.5. Experiments

In total, four scenarios were applied and, in all experiments, the
simulation period spanned a year, accounting for 251 workdays. Used
parameter values were:

o price of fuel py = 2.0 € and ¢; = 50 L./100 km,

e penalty for pickup site storage overload c,yq = 50 €,

e overtime work cost c,,;, = 50 €/60 min,

penalty for use of dilution water cg, = 5 €/m3,

penalty for biogas production stoppage cpa; = 100000 €/1 d,
penalty for storage overfill at biogas plant ¢,y = 100 €,
penalty for unnecessary import Cexim = 100 €,

penalty for visiting wrong site c,,, = 1000 €.

Choice of parameter values was based expert discussions and attempt
to create representative simulations in given scenarios.

2.5.1. Scenario 1: Efficient routing
Scenario 1 is the GA solution with respect to the cost function such
that the biomass quality is stable with respect to time.

2.5.2. Scenario 2: Efficient routing with decreasing biomass quality

Scenario 2 presents an additional aspect to scenario 1: natural
decomposition of biomass affecting its quality for further use. This
involved modeling the passive drying of all biomass types, adopting van
Dyken et al's (2010) storage model, where weekly biomass volume
reduction of 1 % is attributed to passive drying. This time-sensitive
factor manifests as

Vow = Vo(1 —114)", ©

where V},, is the volume of biomass b at week w, Vj, is the initial volume
level of biomass at the location of interest, and r; 4 is the rate of biomass
volume loss caused by passive drying on a weekly basis.

The study approximated a 5 % weekly reduction in moisture content
due to passive drying, affecting the TS rate of biomasses. Although van
Dyken et al.'s (2010) model detailed moisture changes in timesteps, this
study, due to its broader complexity, simplified the moisture level
modeling by assuming a consistent 5 % decrease per week. This factor,
depicting alterations in moisture levels and subsequently TS rates, is
represented as

My, = My (1 —1a)”, %)

where My, is the level of moisture of biomass b at week w, M, is the
initial level of moisture of biomass at the location of interest, and ry, 4 is
the rate of biomass moisture decrease caused by passive drying on a
weekly basis. The passive drying dynamics, described in Egs. (5) and (6),
were considered applicable during the storage at pickup sites, trans-
portation, and the storage at the biogas plant, all preceding the utili-
zation of biomass as biogas plant feedstock.

2.5.3. Baseline for scenarios
To benchmark routings in both scenarios, the possible organization
of driving resulting from not knowing which sites provide the biomass
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(semi-random collection orders) or from using a low computational cost
organization tool were estimated. Biomass pickup trucks follow these
orders to collect and transport biomasses back to the biogas plant. If a
truck has multiple orders on a given day, it collects them within its ca-
pacity before returning to the plant. Hence, this baseline routing mirrors
the practical approach adopted by real-world logistics operators
handling biomass collection in an order-oriented manner.

The baseline estimate was calculated by terminating the GA opti-
mization at 100 generations which yields a low optimized solution. The
premature termination resulted the vehicles covering unnecessary dis-
tances due to erroneous visits in solution proposal (for instance, a
vehicle intended for dry manure collection might erroneously visit a site
producing straw), but these were filtered from quantifications.

2.6. Used software

The simulation and optimization models utilized in this study
stemmed from the groundwork laid by (Niemitalo and Ekkerman, 2022).
Modifications were applied to the simulation model for this study and
are detailed in Eloranta (2023a). The simulation covers transportation
traffic for a user-defined duration using process-based discrete event
simulation in Python via Simply (Team SimPy, 2020). For quicker cal-
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3. Results

Fig. 4 illustrates the optimization trajectories in both scenarios,
depicting the most cost-effective route among various proposals. The
cost of the best chromosome in the population is stable between the last
30,000 iterations, which suggest that a close to minimum solution has
been reached.

Comparison of performance indicator values between the scenarios

Table 1
Characteristics of scenarios with the values of the cost function terms resulting
from optimization and baseline estimation.

Optimized routing Baseline routing

Scenario 1 Scenario2  Scenario 1 Scenario 2
Total mileage (km) 3352 3292 2708 2411
Total overtime (h) 0 0 0 0
Number of days with no 177 174 182 188
routes
Total pickup site 1879 1763 3391 3283

overload days
Production stoppages 0 0 110 126
Consumption of dilution

culations, the optimizer employs SimCpp20, a C++ implementation of water (tons) 1,910,840 1,907,960 2,188,950 1,921,640
the same model (Schiitz, 2021). Python code used for data processing is Unnecessary imports to o 0 o 0
available at (Eloranta, 2023b). the biogas plant
Ove'rﬁlhngs within the 0 0 0 0
biogas plant
Total costs (€) 9,648,153 9,627,953 22,114,303 22,372,352
30000000
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Fig. 4. Routing optimization progress in scenarios 1 (Graph a) and 2 (Graph b). Switch to greedy mode is seen at 1,000,000 iterations and the cost function value of
best solution in the population is stable in the last iterations, suggesting that convergence has been reached.
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is collected in Table 1. The difference between the scenarios 1 and 2 is
practically negligible and their indicator values are aligned. It would
have been expected that the scenario 2 has higher cost in biomass
collection routing as the biomass sites may be visited slightly less effi-
ciently than in scenario 1 to gather the biomass at higher TS content This
was, however, not the case and the difference between indicator values
is most likely consequence of randomness in the GA. Comparing opti-
mized routing with the baseline highlights the need for planning stable
biogas plant feedstock stream since baseline, relying on one-by-one
biomass offers by the sites, suffers from production stoppages and
inefficient process parameters (excess use of dilution water). In all cases,
overtime, unnecessary imports, and storage overfilling at biogas plant
are zero, confirming the convergence of the solution. High dilution
water amount is unexpected but difficult to estimate its implication
given the used, very rough biogas plant model.

Table 2 describes the behavior of the truck fleet for different biomass
types. As is evident from the zero mileage with some trucks, the fleet
capacity was not constraining the solution. Scenario 2, where biomasses
were assumed to dry as a function of time leading to increased TS con-
tent, shows higher mileage for grass and straw and less for solid manure,
which is a natural implication of the drying. Since material amount of
each site is lower, collection cost is higher. For manure, the material
availability at a site is abundant, so the collection of biomass is more
efficient.

4. Discussion
4.1. Computed routings

The comparison of the optimized results between scenarios 1 and 2
(one considering consistent biomass quality in terms of energy potential
over time, and the other incorporating time-critical factors) underscores
the challenge of determining the impact of biomass time-criticality on
optimized performance. While routing performance seems slightly
enhanced when considering time-criticality, reflected in lower total
costs in Table 1, these differences in performance indicators are minimal

Table 2
Total mileages of each vehicle of the fleet in scenarios during the simulated one-
year period.

Optimized routing Baseline routing

Scenario 1 Scenario 2 Scenario 1 Scenario 2
Type of the Mileage Mileage Mileage Mileage
vehicle (km) (km) (km) (km)
Vehicle Slurry 36 135 28 8
1
Vehicle Grass/straw 0 0 544 581
2
Vehicle Solid 805 532 376 334
3 manure
Vehicle Slurry 135 36 0 11
4
Vehicle Solid 659 1091 364 345
5 manure
Vehicle Grass/straw 0 0 409 239
6
Vehicle Slurry 30 30 55 42
7
Vehicle Grass/straw 0 0 297 474
8
Vehicle Solid 1686 1467 636 378
9 manure
Total Slurry 201 201 83 61
Total Grass/straw 659 1091 1205 1400
Total Solid 2491 1999 14,201 951
manure
Total All biomass 3352 3292 2708 2412
types

Bioresource Technology Reports 30 (2025) 102097

and could be coincidental. Thus, it is uncertain if these disparities are
solely due to accounting for biomass time-criticality, warranting further
research on the subject.

Given the integration of biomass time-criticality, incorporating a
drying process within various components such as sites, vehicles, and
the biogas plant's storage - outlined in Egs. (5) and (6), influenced by
Van Dyken et al.'s model (2010) - results in volume reduction and
heightened total solids content due to biomass' spontaneous drying.
However, it remains uncertain whether this drying process directly in-
fluences the noted enhancements in performance indicators. In scenario
2, there were less driven kilometers, and the amount of dilution water
used was lower, which resulted in lower total costs. Future research
endeavors should delve into comprehending the dynamics of biomass
time-criticality and its correlation with the specified performance met-
rics. In addition, it should be noted that the model by Van Dyken et al.
(2010) does necessarily be valid with agricultural biomasses such as
manures, grass and straw due to their lower TS content compared to
wood biomasses. However, the model was applied to showcase the effect
of changing TS content in the biomasses on the routing optimization and
costs.

The results of the study highlight the importance of factoring passive
biomass processes into logistic routing for biogas production systems.
With optimized routing, both scenarios achieved zero production stop-
pages annually, however, scenario 1 was not time critical, while sce-
nario 2 was time critical. Additionally, lower overload days at pickup
sites suggest time-critical influences on biomass availability for biogas
production. This is linked to the assumption of biomass time-criticality,
where daily storage reductions at pickup sites result in fewer capacity-
exceeding days.

Given the frequent overload days at pickup sites, questioning the
sufficiency of nine vehicles for biomass collection arises. However,
intentionally setting a high number of pickup sites ensures ample
biomass for the biogas plant's annual resource needs. Consequently,
using overload days as a performance indicator and cost factor might not
be imperative. Therefore, the high values of numbers of overload days
observed with optimized routings could be partially disregarded.

The absence of production stoppages in both scenarios emphasizes
continuous biogas production and uninterrupted biomass processing
within the plant. This suggests potential cost reductions via improved
logistic planning, irrespective of whether time-criticality was accounted
for. Evidence indicating passive time-critical processes impacting
biomass quality for energy production suggests an opportunity to
enhance the study's simulation model for a more comprehensive un-
derstanding of time-critical dynamics (Hadin and Eriksson, 2016;
Monch-Tegeder et al., 2013; Van Dyken et al., 2010).

Optimized solutions in both scenarios ensure uninterrupted biogas
production without overtime work, reducing travel distance and overall
costs by targeting specific sites. Yet, considering the absence of evidence
supporting their global optimality, it's vital to acknowledge potential
suboptimality in the attained results. Identifying the cost factors
enhancing these solutions remains ambiguous. Thus, additional research
is imperative to devise methodologies for achieving the global optimum
solution in this context.

The benchmark results show the expected advantages of employing
optimization techniques in planning biomass logistics. Comparison
against the optimized routings reveal that a reactive approach to col-
lecting biomasses based on random farm orders jeopardizes continuous
biogas production, leading to frequent production stoppages. This
reactive method also induces unnecessary kilometers driven, contrasting
with planned logistics that consider resource requirements within the
biogas plant. Conversely, optimized routes are proactive, considering
resource utilization, vehicle mileage, and other pertinent factors, pre-
senting a more reasoned and sophisticated approach to biomass collec-
tion than reactive, order-driven methods. This enhanced decision-
making process holds potential for significantly reducing total system
costs as well the amount of emissions from the logistics chain, ultimately
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bolstering the efficiency of circular supply chains and refining CBE
practices.

4.2. Significance and limitations of the study

The study aimed to use spatial mapping to plan logistics for bio-
masses near the biogas plant, optimizing routes for continuous pro-
duction and streamlined flow. It sought to minimize costs while
collecting and transporting biomasses efficiently. Additionally, it aimed
to explore the impact of passive time-critical processes within biomasses
on logistic optimization.

The study achieved its objectives partly. The methodology developed
comprehensively models, simulates, and optimizes components within
the circular supply chain responsible for transporting biomass to the
biogas plant for production. Spatial information mapping for biomasses
near the biogas plant was effectively executed. This process involved
data processing stages that successfully mapped biomass potentials
within a 50 km radius of the plant. It identified specific pickup locations
to fulfill the annual biomass demand for biogas production.

The study proposed an optimized routing plan in a particular setting,
aiming to execute cost-effective logistic routing for continuous biogas
production at the plant. Validating the performance, it compared
selected indicators between optimized and practical biomass routing
approaches. The optimized routes minimized cost terms in the simula-
tion model. However, these solutions might be suboptimal for the
BRBPP, suggesting potential for further optimization with increased
computational resources.

The study aimed to assess how passive drying processes in collected
biomass affect optimized routing solutions for biogas production.
Despite the optimized results displaying similar total cost performance,
understanding the influence of time-critical variables on solution quality
remains uncertain. Enhancing the simulation model is essential for a
comprehensive grasp of biomass time-critical dynamics.

The study's theoretical significance encompasses several aspects: it
introduces the definition of BRBPP and applies sophisticated optimiza-
tion techniques to address it. While acknowledging potential suboptimal
outcomes, the study underscores the need for further research, recog-
nizing the complexity of BRBPP that may exceed current optimization
capabilities. The comparison of optimized outcomes, considering or
neglecting passive drying processes in biomass, leaves the impact of
time-critical passive drying on logistic routing optimization uncertain.
This underscores the necessity of reassessing BRBPP through a time-
critical perspective to achieve a more comprehensive solution.

The study's main practical contribution involves tool and method-
ology development for geospatial mapping of extensive datasets
(Eloranta, 2023b), alongside modeling and optimizing logistic routing
for biomass collection and transportation to centralized biogas plants
(Eloranta, 2023a; Niemitalo and Ekkerman, 2022). These tools extend
beyond the specific biogas plant case, enabling mapping of diverse
geospatial biomass datasets and logistics optimization for collecting
agricultural biomasses for centralized biogas plants. The study yields an
optimized daily routing plan for collecting biomasses destined for the
biogas plant. Additionally, the geospatial mapping provides insights into
nearby biomass availability, aiding efficient planning of biomass
collection locations and distances. Such approach is applicable to many
CBE use cases where different types of materials are collected from
multiple locations for further processing.

4.3. Future research

The study reveals some future research opportunities as well as
limitations concerning the initial biomass data (Natural Resources
Institute, Finland, 2023.) used to determine cluster central points as
pickup sites. A significant constraint lies in the applicability of the
study's findings. The pickup site locations were obtained as weighted
central points from clustering biomass data, lacking tailored methods for
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defining biomass collection points, like the Borvemar model (Gracia
et al., 2014; Velazquez-Marti and Annevelink, 2009). Consequently,
these modeled pickup sites, representing farms in simulations, are
theoretical and may not correspond to actual nearby farms of the case
company's biogas plant. Given the biogas plant's planning stage and the
absence of an established supplier network, this limitation emphasizes
the necessity of revisiting the study's simulation and optimization
approach when actual farm suppliers are identified, ensuring more
practical routing solutions. Same scholarly methodology applied to
choice of modeling parameters (see chapter 2.5) and fine tuning their
values closer to reality would be required.

One potential limitation of the study is the absence of constraints on
the actual blend of biomasses utilized in biogas production. The model
permits daily variations in biomass composition for assumed biogas
production. However, this approach may lack practical feasibility, as
optimization techniques exist to determine the ideal biomass composi-
tion for anaerobic digestion, maximizing methane production (Alvarez
et al., 2010). These methods highlight the process's stability and mini-
mal variations in composition.

Additional limitations stem from the logistic routing optimization
using GA, known for its significant computational demands. As previ-
ously highlighted, the inherent risk of GA optimization involves poten-
tial convergence to a local rather than a global optimum (Katoch et al.,
2021). The study's possibly suboptimal outcomes may result from the
GA being confined to a local optimum. Due to limited computational
resources and time constraints, the optimization process was capped at
1,500,000 generations. While further optimization could potentially
yield better solutions, the complexity of the problem necessitated this
decision within the research timeframe available.

Future research should prioritize advancing optimization techniques
for solving the BRBPP. One promising avenue involves implementing
reinforcement learning (RL) methodologies, which have already proven
effective in optimizing logistic systems (Chen et al., 2022; Sun et al.,
2019). RL, a sophisticated machine learning approach, holds promise in
efficiently addressing the BRBPP by improving existing solutions and
comprehending the system's functionality underlying the optimization
process. Integrating RL into logistic routing optimization for BRBPP
could provide insights into how passive time-critical processes within
biomasses impact optimized solution performance.

Future research could enhance the simulation model's realism by
introducing increased noise levels, introducing randomness to deter-
ministic processes like manure accumulation. Similar noise terms could
also be incorporated into vehicle collection operations' durations and
the daily biomass consumption by the biogas plant. However, aug-
menting noise levels could substantially complicate the optimization
problem, necessitating careful consideration of their inclusion and im-
plications before implementation in the simulation model.

5. Conclusion

This study developed and demonstrated an optimization methodol-
ogy for biomass collection and routing with the addition of considering
the decrease of biomass quality during storage. Here, geospatial biomass
data and Vehicle Routing Problem (VRP) solution algorithm were inte-
grated to create scenarios based on a potential real-world location. The
proposed optimization framework successfully demonstrates the po-
tential enhances the efficiency and cost-effectiveness of biomass logis-
tics, ensuring a continuous and reliable supply for renewable energy
production.

From a broader perspective, this study contributes to the circular
bioeconomy by providing insight in reducing transportation costs and
emissions or by offsetting them elsewhere based on better resource use
in the bioenergy sector. The developed approach and tools offer prac-
tical applications for policymakers, bioenergy producers, and logistics
operators seeking to enhance the efficiency and sustainability of
biomass-based energy production.
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The framework allows future explorations in integrating real-time
data on biomass availability, weather conditions, and dynamic trans-
port constraints to further refine routing efficiency.
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