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ABSTRACT 
Individual-based modeling (IbM) has emerged as a powerful approach for studying microbial pop-
ulations, offering a bottom-up framework to simulate cellular behaviors and their interactions. Un-
like continuum-based models, IbM explicitly captures the heterogeneity and emergent dynamics 
of microbial communities, making it invaluable for studying spatially structured phenomena such 
as nutrient competition, biofilm formation, and colony interactions. However, IbM faces significant 
computational challenges, particularly in resolving spatial overlaps during simulations of large mi-
crobial populations. Traditional approaches, such as pairwise comparisons or kd-trees, are com-
putationally expensive and scale poorly with population size. The Discretized Overlap Resolution 
Algorithm (DORA) introduces a novel grid-based solution to overcome these limitations. By encod-
ing spatial information into an occupancy matrix, DORA achieves a time complexity of O(N), ena-
bling efficient resolution of overlaps while maintaining spatial fidelity. To validate its capabilities, 
we applied DORA to a case study of microbial colony merging. Two scenarios were tested: (1) 
colonies inoculated 40 μm apart merged at the center due to nutrient depletion, and (2) colonies 
inoculated 120 μm apart remained separate, with a no-growth zone forming between them. In both 
cases, DORA replicated observed phenomena with high accuracy and demonstrated linear scala-
bility, significantly reducing simulation time compared to traditional methods. DORA's computa-
tional efficiency and scalability position it as a robust tool for large-scale IbM simulations, advanc-
ing our ability to study complex microbial systems in diverse ecological and industrial contexts. 
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INTRODUCTION 
Microbial populations are integral to a wide range of 

biochemical engineering applications, including 
wastewater treatment, bioreactor optimization, and the 
formation of biofilms on industrial and medical surfaces. 
Understanding and predicting the behavior of these pop-
ulations require robust modeling frameworks capable of 
capturing individual cellular behaviors and the emergent 
dynamics of entire populations. Among these frame-
works, Individual-based modeling (IbM) has emerged as 
a powerful computational framework for studying micro-
bial systems. Unlike continuum-based models, which rely 
on averaged properties, IbM explicitly captures the be-
havior and interactions of individual cells, enabling a 

bottom-up analysis of population-level dynamics. By 
modeling each cell’s local interactions, growth, division, 
and motility, IbM provides insights into how spatial struc-
ture influences social behaviors such as nutrient compe-
tition, metabolic cooperation, and quorum sensing [1,2]. 
These capabilities make IbM particularly valuable in in-
dustries where microbial interactions critically impact 
process performance, stability, and safety, such as food 
preservation, bioreactor optimization, wastewater treat-
ment, and synthetic biology. By bridging microscale cell 
behavior with macroscale community dynamics, IbM of-
fers practical insights into microbial processes across di-
verse natural, medical, and industrial applications [3]. 

Despite its strengths, IbM faces significant compu-
tational challenges, particularly when applied to large 
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microbial populations. A primary bottleneck lies in resolv-
ing spatial overlaps between cells, a critical step in main-
taining spatial fidelity during simulations. Traditional 
methods for resolving overlaps often rely on pairwise 
comparisons between cells, relying on data structures 
such as kd-trees. These kd-trees recursively partition the 
simulation space to reduce the complexity of neighbor 
searches to O(log N), a substantial improvement over 
earlier array-based methods with O(N²) complexity. 
However, while such complexity is efficient in theory, it 
still poses a significant computational burden when con-
sidering the exponential growth of microbial populations 
in simulations. This rapid growth exacerbates the de-
mands of spatial overlap resolution, particularly in dy-
namic simulations where cells grow, divide, and move 
frequently [4][5]. 

To address these challenges, we developed the Dis-
cretized Overlap Resolution Algorithm (DORA), a novel 
grid-based method designed to optimize the overlap res-
olution process. By encoding the spatial information of 
cells into a grid-based occupancy matrix, which then 
guides cellular movements, DORA circumvents the need 
for pairwise comparisons entirely, reducing computa-
tional complexity to O(N²). The algorithm operates in 
three main steps: (i) forward translation, where the spa-
tial information of cells is encoded into an occupancy ma-
trix; (ii) overlap resolution, which employs a diffusion-like 
process to iteratively redistribute excess occupancy val-
ues; and (iii) backward translation, where the resolved 
grid data are converted back into movement vectors for 
individual cells. This grid-based framework hence im-
proves computational efficiency and allows the imple-
mentation of large-scale simulations [6]. 

DORA was integrated into MICRODIMS, an in-house 
IbM platform [7][8] built on the Repast Simphony toolkit 
[9]. MICRODIMS provides a flexible framework for simu-
lating microbial growth dynamics, nutrient diffusion, and 
biofilm formation [10]. The integration of DORA signifi-
cantly enhanced MICRODIMS's performance and enabled 
it to handle large-scale simulations of microbial colonies 
and biofilms within computationally feasible timeframes. 

To further test DORA’s performance and its applica-
bility under biologically relevant conditions, we intro-
duced a stochastic displacement component prior to the 
overlap resolution step. This component captures inher-
ent biological variability, such as microbial motility and 
environmental fluctuations, thereby enhancing the real-
ism of the simulations. As a case study, we applied DORA 
to simulate the merging of two microbial colonies—a pro-
cess influenced by complex factors such as the distance 
between colonies, nutrient availability, and medium diffu-
sivity [8]. This scenario presents a challenging test case 
for spatial fidelity, requiring the algorithm to accurately 
capture the conditions under which colony merging oc-
curs. Our results demonstrated that DORA effectively 

modeled the process, providing high-fidelity representa-
tions of colony merging dynamics across different envi-
ronmental conditions. 

MATERIALS AND METHODS 

The Discretized Overlap Resolution Algorithm 
(DORA) 

Resolving spatial overlaps in IbMs traditionally relies 
on data structures such as arrays or kd-trees. Arrays 
store cell positions directly but require computationally 
expensive pairwise comparisons (complexity O(N²)) [4]. 
Kd-trees improve efficiency by recursively partitioning 
space, reducing neighbor searches to O(log N) per query. 
However, dynamic simulations require frequent tree re-
balancing due to cell movement and growth, increasing 
computational and memory overhead, especially at high 
cell densities [5]. 

DORA overcomes these limitations by discretizing 
the simulation space into an occupancy matrix, avoiding 
pairwise comparisons entirely and achieving an overall 
complexity of O(N). Additionally, DORA can incorporate a 
stochastic motion step before overlap resolution to intro-
duce biologically relevant variability, such as microbial 
motility. 

Stochastic Motion 
Before executing the main steps of the DORA algo-

rithm, a stochastic displacement is applied to each cell. A 
random displacement vector (Δ𝑥𝑥, Δ𝑦𝑦) is sampled from a 
Gaussian distribution: 

Δ𝑥𝑥, Δ𝑦𝑦 ∼ 𝑁𝑁 (0,𝜎𝜎2)    (1) 

where 𝜎𝜎 represents the standard deviation of the 
displacement. The new cell positions are calculated as: 

x′ =  x + Δx     (2) 

y′ =  y + Δy     (3) 

subject to the constraints of the simulation environment. 
This stochastic motion introduces biologically relevant 
noise into the simulation, simulating random fluctuations 
in cell movements.  

Forward Translation 
The next step maps the spatial attributes of cells 

onto a discretized occupancy matrix, Ω, which divides the 
simulation environment into grid units of width w and 
height h. Each unit in the grid stores a value representing 
the fraction of its area occupied by cells. 

For a cell centered at (𝑥𝑥𝑐𝑐 ,𝑦𝑦𝑐𝑐) with radius 𝑟𝑟, its bound-
aries relative to the grid are calculated as: 

𝑥𝑥𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙/𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡 = 𝑥𝑥𝑐𝑐 ± 𝑟𝑟
𝑤𝑤

     (5) 



 

Hashem et al. / LAPSE:2025.0405 Syst Control Trans 4:1573-1578 (2025) 1575  

 𝑦𝑦𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏/𝑡𝑡𝑡𝑡𝑡𝑡 = 𝑦𝑦𝑐𝑐 ± 𝑟𝑟
ℎ
                 (6) 

The occupancy of a grid unit (𝑖𝑖, 𝑗𝑗) by cell 𝑘𝑘 is determined 
by the overlap between the cell and the grid unit, calcu-
lated as: 

Ω{𝑖𝑖,𝑗𝑗}
𝑘𝑘 = ℎ𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜×𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜

𝑤𝑤×ℎ
  (7) 

The horizontal overlap is computed as: 

max�0, min�i + 1, xright� − max(i, xleft)�   (8) 

and similarly for the vertical overlap: 

max�0, min�j + 1, jtop� − max(j, xbottom)�  (9) 

The total occupancy of grid unit (𝑖𝑖, 𝑗𝑗) is the sum of contri-
butions from all cells overlapping the unit: 

Ω[i][j] = ∑ Ω𝑖𝑖𝑖𝑖
𝑘𝑘

k      (10) 

Values of Ω[i][j] < 1 indicate under-occupied units, 
Ω[i][j] = 1 represents fully occupied units, and Ω[i][j] >
1 identifies over-occupied units requiring resolution. 

Overlap Resolution 
Overlap is identified wherever Ω[i][j] > 1. An excess 

matrix 𝐸𝐸 is defined to quantify the surplus occupancy: 

𝐸𝐸𝑖𝑖𝑖𝑖 =  max (0,Ω𝑖𝑖𝑖𝑖 − 1)    (11) 

The algorithm redistributes excess values iteratively 
across neighboring grid units within the Von Neumann 
neighborhood 𝑁𝑁𝑖𝑖𝑖𝑖, which includes the four adjacent units 
(up, down, left, and right). The redistribution is governed 
by: 

Ω𝑖𝑖𝑖𝑖′ = Ω𝑖𝑖𝑖𝑖 − 𝛼𝛼 × �𝐸𝐸𝑖𝑖𝑖𝑖 −
1
4

 ∑ 𝐸𝐸𝑘𝑘𝑘𝑘(𝑘𝑘,𝑙𝑙)∈𝑁𝑁𝑖𝑖𝑖𝑖 �  (12) 

where 𝛼𝛼 is a diffusivity factor that ensures numerical sta-
bility. A motion tensor 𝑀𝑀 is used to track the directional 
displacements required to resolve overlaps. For a grid 
unit (𝑖𝑖, 𝑗𝑗)  and a neighboring unit (𝑘𝑘, 𝑙𝑙), the displacement 
in direction 𝑑𝑑 is updated as: 

𝑀𝑀𝑖𝑖𝑖𝑖
𝑑𝑑(t + 1) = 𝑀𝑀𝑖𝑖𝑖𝑖

𝑑𝑑(t) +  𝛼𝛼 × 1
4

(𝐸𝐸𝑖𝑖𝑖𝑖 − 𝐸𝐸𝑘𝑘𝑘𝑘)  (13) 

Backward Translation 
In the final step, the computed displacements in the 

motion tensor M are translated back to movement vec-
tors for individual cells. For a grid unit (𝑖𝑖, 𝑗𝑗) occupied by a 
cell, the local movement vector is: 

�𝑣𝑣𝑥𝑥𝑖𝑖𝑖𝑖, 𝑣𝑣𝑦𝑦𝑖𝑖𝑖𝑖� = (𝑀𝑀𝑖𝑖𝑖𝑖
𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡 − 𝑀𝑀𝑖𝑖𝑖𝑖

𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 ,𝑀𝑀𝑖𝑖𝑖𝑖
𝑡𝑡𝑡𝑡𝑡𝑡 −𝑀𝑀𝑖𝑖𝑖𝑖

𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏) (14) 

For cells spanning multiple grid units, the overall move-
ment vector is determined by summing contributions 
from all occupied units: 

𝑉𝑉𝑥𝑥 = ∑ 𝑣𝑣𝑥𝑥𝑖𝑖𝑖𝑖(𝑖𝑖,𝑗𝑗)∈𝐶𝐶𝐶𝐶𝐶𝐶𝑙𝑙′𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢    (15) 

𝑉𝑉𝑦𝑦 = ∑ 𝑣𝑣𝑦𝑦𝑖𝑖𝑖𝑖(𝑖𝑖,𝑗𝑗)∈𝐶𝐶𝐶𝐶𝐶𝐶𝑙𝑙′𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢    (16) 

To optimize computational efficiency, the simulation dy-
namically determines the active simulation area, restrict-
ing calculations to the region where cells are present. Let 
𝑥𝑥𝑐𝑐 and 𝑦𝑦𝑐𝑐 denote the coordinates of all cells. To optimize 
computational efficiency, the simulation restricts calcula-
tions to the active region, defined as: 

𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿,𝑅𝑅𝑅𝑅𝑅𝑅ℎ𝑡𝑡 = max(0, min(𝑥𝑥𝑐𝑐) − Δ),  

min(𝑊𝑊, max(𝑥𝑥𝑐𝑐) + Δ)    (17) 

where Δ represents a buffer margin added around the 
bounding box to prevent edge effects, and 𝑊𝑊 is the total 
width of the simulation domain. And similarly, for 
𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵,𝑇𝑇𝑇𝑇𝑇𝑇. The algorithm operates only within the box: 

Β = { (𝑥𝑥,𝑦𝑦) ∣∣ 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 ≤ 𝑥𝑥 ≤ 𝑅𝑅𝑅𝑅𝑅𝑅ℎ𝑡𝑡,𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 ≤ 𝑦𝑦 ≤ 𝑇𝑇𝑇𝑇𝑇𝑇 } (18) 

By dynamically restricting calculations to Β, DORA 
minimizes unnecessary computations, improving effi-
ciency. 

DORA is implemented in the MICRODIMS platform, 
built on the Repast Simphony toolkit. The simulation en-
vironment is discretized into a 600 × 600 μm grid with pe-
riodic boundary conditions. Cell growth follows Monod 
kinetics, and substrate diffusion is resolved using the 
Forward-Time Central-Space (FTCS) scheme. Temporal 
resolution is achieved by updating cell positions and 
metabolic processes every 0.01 min. 

RESULTS 
Modeling cell collisions and resolving spatial over-

laps are critical steps in IbM of cells. To test the DORA 
algorithm’s ability to reproduce complex spatial phenom-
ena, we conducted a case study of colony merging, pre-
viously explored by Tack et al. [8]. Depending on local 
conditions, diffusivity, nutrient concentration, inoculation 
density, and the distance between inocula, colonies close 
to each other may either merge or remain separate. 

Scenario 1: Merging of Colonies 
In the first scenario, we inoculated the medium with 

two cells positioned 40 μm apart. The results, shown in 
Figure 1, indicate that the colonies continued to grow until 
they merged at the center. The DORA algorithm handled 
spatial resolution effectively during both the growth 
phase and the merging process, successfully replicating 
this spatial phenomenon. 

In Figure 1(a), we plotted the evolution of the popu-
lation size and the resolution time required to resolve 
spatial overlaps at each simulation step over 24 hours. 
The results represent the mean of 20 simulation runs, 
with the line thickness indicating the standard deviation. 
Notably, the growth curve is more linear rather than ex-
ponential, which is attributed to the limited diffusivity of 
the medium. Additionally, the resolution time curve 
closely follows the population growth, a result of the 
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algorithm’s time complexity of O(N). This highlights the 
efficiency of the DORA algorithm compared to the original 
array-based overlap resolution method with a time com-
plexity of O(N²). The reduced computational demands 
decreased the total simulation time to approximately 10 
minutes per run, compared to several hours required in 
the original simulation.  

Another observation is the asymmetry between the 
two colonies despite the symmetric initial conditions. 
This can be attributed to the stochastic component in-
corporated into the DORA algorithm, which introduces 
variability in spatial dynamics and accounts for the vari-
ance observed across the simulation runs. 

Scenario 2: Non-Merging of Colonies 
In the second scenario, the two cells were inocu-

lated at 120 μm apart. As shown in Figure 2, the colonies 
grew by consuming the nutrients in the intercolony re-
gion. Due to the larger initial distance, the colonies grew 
to relatively larger sizes, completely depleting the nutri-
ents between them and creating a no-growth zone in-
between that acts as a barrier to merging. 

While this scenario is spatially less complex than the 
merging case, the DORA algorithm successfully repli-
cated the phenomenon. Figure 2(a) presents the mean 
population size and resolution time for 20 runs, with the 
standard deviation shown by the line thickness. The 
growth dynamics and asymmetry between the colonies 
observed in this scenario were consistent with the first 
case. The incorporation of stochasticity accounts for the 
spatial variability and the variance in the results. 

The spatial interactions captured by DORA and re-
produced in these simulations reflect fundamental micro-
bial behaviors typically observed in structured environ-
ments. In such settings, colony growth is shaped by nu-
trient availability, diffusion constraints, and spatial com-
petition, where interactions occur not only between indi-
vidual cells but also at the colony level. The observed 
merging and non-merging results align with previous ex-
perimental and modeling studies, which have shown that 
microbial colonies can either coalesce or remain spatially 
segregated depending on local resource depletion and 
diffusivity. For example, studies on Escherichia coli K-12 
growing in structured media have demonstrated that 
higher inoculum densities lead to intensified intercolony 
competition, often resulting in smaller final colony sizes 
and the formation of distinct separation zones between 
neighboring populations. 

Beyond computational efficiency, the ability to 
model colony merging and segregation has implications 
for understanding microbial coexistence and strain diver-
sity. In natural and engineered microbial ecosystems, 
spatial structuring plays a crucial role in determining 
whether different strains or species compete, coexist, or 
evolve specialized niches. By capturing these interac-
tions, DORA provides a valuable framework for exploring 
how spatial constraints influence microbial diversity, 
community stability, and ecological succession. 

These results demonstrate that the DORA-based 
IbM efficiently reproduces both merging and non-merg-
ing colony behaviors, maintaining high spatial fidelity 
while significantly reducing computational overhead. This 

      
 (a)           (b) 
Figure 1: Merging of two colonies: simulation of two colonies inoculated with one cell each, positioned 40 μm apart, 
and grown for 24 hours. (a) Evolution of the number of cells over time (blue, left y-axis) and the resolution time for 
resolving overlaps between cells at each time step in milliseconds (red, right y-axis). The lines represent the mean 
of 20 simulation runs, and the line thickness indicates the standard deviation. (b) Snapshot of the simulation at the 
end of 24 hours, showing the merging of the two colonies. Microbial cells are shown in green, while black shading 
represents nutrient concentration. Areas appearing white correspond to depleted nutrient zones. 
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establishes the DORA algorithm as a scalable and reliable 
tool for modeling complex spatial phenomena in microbial 
systems. 

CONCLUSION 

This study demonstrates the effectiveness of the 
DORA algorithm in resolving spatial overlaps and replicat-
ing complex growth phenomena in microbial simulations. 
Through the case study of microbial colony merging, 
DORA was shown to accurately model both merging and 
non-merging scenarios under varying inoculation dis-
tances. By leveraging a grid-based framework with a time 
complexity of O(N), DORA achieved significant reduc-
tions in computational overhead compared to traditional 
methods, enabling faster simulations without sacrificing 
spatial fidelity. The incorporation of stochastic compo-
nents introduced biologically relevant variability, further 
validating the robustness of the algorithm. 

By improving the computational feasibility of large-
scale simulations, DORA enhances the applicability of 
IbMs in biochemical engineering, ecological modeling, 
and bioprocess optimization.  
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