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Abstract

This paper compares Dijkstra’s and Bellman—Ford algorithms in computer networks using a
Monte Carlo simulation with variable traffic loads. A fully connected directed network was
implemented in Python with randomly assigned positive link weights. Low, medium, and
high traffic conditions were evaluated using delay, throughput, packet loss, and path cost.
Repeated simulation runs were used to examine variability and estimate uncertainty. The
reported results show increasing delay and packet loss and decreasing throughput as traffic
intensity rises. Both algorithms display broadly similar performance across the three load
levels, with small differences in delay and throughput. These similarities are consistent with
both algorithms solving the same shortest-path problem on the modeled network. The
framework supports controlled comparisons under changing load assumptions and
illustrates how traffic intensity can dominate modeled performance. However, the delay,
throughput, and loss measures are generated by simplified formulas rather than a packet-
level network model. The findings therefore describe the specified simulation and should
not be treated as evidence of superior congestion control or routing convergence in
operational networks. Further evaluation using realistic topologies, explicit queueing, and
paired simulation runs would strengthen the comparison.

Key Words: Dijkstra; Bellman—Ford; Monte Carlo simulation; traffic load.


http://www.hnjournal.net/

HNSJ Volume 7. Issue 11

Cadl) Ol

ol bl igatlal] Sl ikl Gl 13198 519 ot Sl
dabid 1930 4590 Jhoa! 5Sla0
'deid sl ule

bl ccadll Al (e pad) |
HNSJ, 2026, 7(11); https://doi.org/10.53796/hnsj711/37

22026/11/01 : &l s +2026/10/22 :J3d) s £2026/10/15 :JLisad) fl
oalidaal)

Jleal e SDIS Cuiga BlSlas aladial Cpulall Gl 8 3si-plalg S Jua)lsd o duball s2a (p)lis
Adlpie dase ol Wiy I cstiuy el Al JLaty ALIS dg e 4S8 S5 S, SIRIEIE
(blad) B Jaeay bl e slaeVl caitiyally awsially (aidial o cdasll Gilbgine 35 duhy Giyag
) ek Lol axe by Galall Al slSlaall 5))She COladn Craadialy Ll A8, caiall S
el WS L el A WS g ln)) ae bl JB Jaee mlidily caiad) didy il slo)) dag el
138 Guing cJE Janay palill 8 sagane (3958 ae DD Jaall Cligine yio Lagas Gyline 2130 olise) lsal)
agime Clilia sha) SURY) g cAugpaall A<l G lgad Jlae ool Al s lsall Oa pe ol
ol chdige Glb el pag . (Sl oY) e g el A8 Ao IS maagyy cdeall 5yitia cilial il cuas
i Gllily L ojall (ggise o A Slay £isa e Anil Caady (Ao N lees 4 Sy JED Jaeeg
b ansill )l f alaaVl aSaall B e Al saa) Gsin e Sy add Yy cdoaadl) slSladl) o bl
Som o eiiha 8lSlae cOLy ¢ ulshall pipen Jhag cdaadly Clbinglggh dladiu) la (e Al il

L)l

el Jlaal ¢ o1 )8 i a6y 0 lali ¢) & sdalidal) clalsl)

Page | 373 Humanities and Natural Sciences Journal Amer Jaber Khazaal. November, 2026 www.hnjournal.net



HNSJ Volume 7. Issue 11

Introduction

Routing determines the paths used to transfer data between network nodes. Shortest-path
algorithms minimise a specified link-cost function, while the service experienced by users
also depends on traffic intensity, queueing, link capacities, and the mechanisms used to
update routes. Dijkstra’s and Bellman—Ford algorithms provide established foundations for
shortest-path computation [1, 2]. Their computational properties should be distinguished from
the end-to-end network performance obtained after routes are installed.

Comparative evaluation therefore requires both a clear graph model and explicit definitions of
delay, throughput, and packet loss. Standards for IP performance measurement provide useful
reference definitions [5-8], but a synthetic performance formula is not equivalent to an
empirical packet-level measurement. Repeated stochastic simulation can reveal variability
under the assumptions of a model; its conclusions remain conditional on those assumptions.

Research Problem

The problem addressed is how increasing simulated traffic load affects the comparative
performance of Dijkstra’s and Bellman—Ford algorithms in a fully connected directed network
with positive random link weights. A further issue is whether small differences in modeled
service metrics can be attributed to the routing algorithm when both algorithms seek the same
minimum-cost paths. The study asks how delay, throughput, packet loss, and path cost vary
across low, medium, and high loads, and how the topology and metric formulas constrain
interpretation of these variations.

Research Objectives

1. Construct a Python-based, fully connected directed network with randomly assigned
positive link costs.

2. Compare Dijkstra’s and Bellman—Ford algorithms across low, medium, and high simulated
traffic loads.

3. Examine delay, throughput, packet loss, and path cost over repeated Monte Carlo runs.

4. Describe uncertainty and identify the limits of attributing modeled performance differences
to the routing algorithm.

Literature Review
Classical Shortest Path Foundations

Dijkstra’s original graph formulation establishes an efficient approach to shortest-path
computation [1]. Bellman’s routing formulation uses an optimisation recurrence that underlies
iterative shortest-path methods [2]. In the setting considered here, both algorithms operate on
the same positively weighted graph. Their agreement in minimum path cost is therefore an
expected property of correct implementations, rather than evidence that their computational
procedures are identical.

Dijkstra’s algorithm requires non-negative weights, whereas Bellman—Ford can accommodate
negative edges when no reachable negative cycle prevents a finite shortest path. Neither
property alone establishes better resistance to congestion. Such resistance depends on how
link costs represent load, how often paths are recomputed, and how packets and queues are
modeled. A comparison of the underlying algorithms must therefore avoid attributing
protocol-level convergence or packet-delivery behaviour to a shortest-path routine without
modeling those mechanisms.
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Empirical Comparisons and Evaluation Scope

Alamoudi and Al-Hashimi examined execution and energy behaviour for complete and
moderately dense graphs [3]. They found a strong energy advantage for Dijkstra at larger
graph sizes, with different behaviour for small cases influenced by the memory hierarchy.
Their measurements concern computational resources; they do not establish end-to-end
packet loss or congestion performance. This distinction motivates reporting algorithm runtime
separately from modeled network delay.

Aldhafferi compared classical and learned shortest-path approaches across several graph
topologies, examining runtime, memory, and optimality [4]. The study shows that evaluation
outcomes depend on graph structure and the relationship between heuristic information and
path cost. Its scope supports topology-aware benchmarking, but should not be extended into
unreported claims about throughput or packet-loss improvements in operational networks.

Network Performance Metrics

Delay describes the time required for a packet to traverse a network path. RFC 7679 specifies
a one-way delay metric for IP performance measurement [5]. Delay variation is a separate
characteristic, addressed by RFC 3393 [9]. These definitions require attention to the
measurement endpoints and timing method. In a formula-based simulation, delay must instead
be identified as a modeled quantity unless a mapping to physical time has been established.

Throughput concerns successfully delivered data over an observation interval. RFC 2544
provides a methodology for benchmarking network interconnect devices, while RFC 6349
addresses TCP throughput testing [6, 7]. An inverse-delay expression can serve as a synthetic
throughput indicator, but it does not independently measure delivered bytes per second. Its
downward trend when delay increases is partly built into the formula.

Packet loss measures unsuccessful delivery relative to the packets considered. RFC 7680
defines one-way loss for IP performance metrics [8]. In the present framework, loss is
represented by an assumed probability depending on load and path length. This enables
controlled sensitivity analysis, but does not directly observe buffer overflow, retransmissions,
or routing loops. Joint interpretation of the four metrics must therefore account for their
shared model inputs.

Research Gap and Study Position

The literature reviewed here distinguishes shortest-path correctness and computational cost
from packet-level service quality. The present study contributes a controlled comparison of
two classical algorithms under three synthetic traffic-load settings in a fully connected
topology. It examines the sensitivity of formula-based metrics to load and stochastic
fluctuation. Its contribution is bounded by this model; a claim of real-world congestion
adaptation would require explicit feedback-driven cost updates and packet-level validation.

Methodology
Network Setup and Monte Carlo Simulation

The network was modeled in Python as a fully connected directed graph. Nodes represent
routers or switches, and each directed edge has a randomly assigned positive transmission
cost. The model is synthetic and is not calibrated to a specific operational network.

Each traffic scenario was evaluated over 10 Monte Carlo iterations, with source—destination
paths considered within each run. Pairs sharing the same graph are not necessarily
independent observations. Full reproducibility additionally requires reporting the node count,
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weight distribution, random seed, and numerical traffic multipliers; these settings are not
documented in the present description.

Routing Algorithms
The performance of two classical routing algorithms was analysed at different traffic loads:

Dijkstra’s algorithm selects the unvisited node with the smallest tentative distance and relaxes
its outgoing edges. It computes minimum-cost paths on graphs with non-negative edge
weights [1].

Bellman—Ford repeatedly relaxes edges to compute minimum-cost paths. It also supports
negative edge weights provided that no reachable negative cycle invalidates the shortest-path
solution [2]. This additional capability is not exercised by the positive-weight graph used
here.

Performance Metrics and Formulas

The evaluation focused on four key metrics: Delay, Throughput, Packet Loss, and Path Cost.
The formulas used in the simulation are as follows:

Delay (latency):
Delay = cost X random_fluctuation X traffic_multiplier

where cost is the sum of edge weights along the path, random fluctuation is a factor
uniformly sampled from [0.8, 1.2] to model real-world variability, and traffic_multiplier
reflects Low, Medium, or High traffic levels.

Throughput:

100

Throughput = W

This expression is a synthetic throughput indicator derived from delay; it is not a direct
measurement of delivered traffic in bits per second.

Packet Loss:
PacketLoss = 1 — e—0.01xmultiplierxpath_length
This expression represents an assumed loss probability based on path length and traffic

intensity, rather than an observed count of discarded packets.

Cost:
The sum of the weights of all edges along the selected path.

Statistical Analysis

Confidence-interval estimates were reported using the following expression. Its denominator
is based on the number of source—destination pairs:

std

CI = z score X

J NMUMu.g.s X num — nodes — 1

Here, z score is the normal critical value, std is the sample standard deviation, and
num_nodes denotes the graph size. This expression assumes independent pair-level
observations, which is not established because paths share network links and run conditions.
For uncertainty across 10 independent Monte Carlo runs, an appropriate run-level interval is
the mean = to.o7s,0 x s_run/N10. The supplied data do not permit recalculation; consequently,
the displayed uncertainty should be treated as descriptive and does not establish statistically
significant differences between algorithms.
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Results

Figures 1-5 present the reported outputs for the two algorithms under low, medium, and high
traffic loads. Figure 1 shows a clear increase in modeled delay with load, while the algorithm
distributions overlap closely. The boxplots summarise the plotted distributions; they do not,
by themselves, establish statistical significance or identify the rule used for whiskers.

Delay Distribution with Confidence Interval

Algorithm
Bellman-Ford
10 1 Dikstra

Delay

High Low Medium
Traffic Level

Figure 1 — Delay Distribution with Confidence Interval

Figure 2 shows that the modeled throughput indicator decreases as traffic load increases. This
1s consistent with its definition as a decreasing function of delay. The two algorithms have
closely aligned outputs; the figure does not establish a meaningful throughput advantage for
either method.

Throughput Distribution with Confidence Interval
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Figure 2 — Throughput Distribution with Confidence Interval

Figure 3 shows increasing modeled packet-loss probability from low to high traffic load. The
two algorithm outputs are close. Since loss is generated by a load- and path-length-based
expression, these results should not be interpreted as direct evidence of differences in buffer
management or congestion resilience.
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PacketLoss Distribution with Confidence Interval
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Figure 3 — Packet Loss Distribution with Confidence Interval

Figure 4 shows similar path costs for both algorithms across the traffic categories. Agreement
is expected when both algorithms solve the same shortest-path problem using identical
positive link weights. Changes in traffic multipliers do not necessarily alter path costs when
the underlying edge weights are fixed.

Cost Distribution with Confidence Interval
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Figure 4 — Cost Distribution with Confidence Interval

Figure 5 summarises the average modeled delay. Both algorithm rows show approximately
2.19 at low load, 6.56 at medium load, and 10.94 at high load. The heatmap is consistent with
a strong effect of the selected traffic multipliers and little difference between algorithms in

these outputs.
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Average Delay Heatmap
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Figure 5 — Average Delay Heatmap
Discussion

The reported outputs show that traffic load is associated with higher modeled delay and loss
and a lower throughput indicator. These trends follow partly from the metric definitions: the
load multiplier directly scales delay, loss increases with load and path length, and throughput
is derived from delay. The simulation therefore illustrates the sensitivity of these formulas to
their inputs; it does not independently measure queue formation or packet-level congestion.
The close agreement between algorithms is consistent with shortest-path theory. For the same
positively weighted graph, both algorithms should return the same optimal path cost, although
equal-cost paths can differ. Small differences in derived metrics may reflect independently
sampled fluctuations or tie-breaking.

A fair comparison should pair the algorithms on the same graph, source—destination pairs, and
stochastic samples. Computational efficiency remains a separate issue. Alamoudi and Al-
Hashimi [3] report execution and energy differences, and Aldhafferi [4] examines runtime,
memory, and optimality across topologies. These findings motivate broader benchmarking,
but they do not validate claims of lower packet loss or faster routing-protocol convergence in
the present model. Neither runtime nor convergence overhead is directly reported here.
Repeated Monte Carlo runs help describe variation under a specified random process, but
repetition alone does not establish independence or eliminate model bias. With only 10
reported iterations and no run-level dataset, the uncertainty estimates cannot be independently
recalculated.

Claims that one algorithm is statistically superior should therefore be avoided. The results
support a descriptive comparison within the stated assumptions and identify priorities for
more realistic experiments.

Conclusion

This study compares Dijkstra’s and Bellman—Ford algorithms in a fully connected directed
network with random positive link costs under three synthetic traffic-load levels. The reported
outputs show increasing modeled delay and loss and decreasing throughput as load rises,
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while path costs and algorithm-level outputs remain broadly similar. These results are
consistent with both algorithms solving the same shortest-path problem. The main
contribution is a controlled illustration of load sensitivity in a stochastic, formula-based
framework. The results do not establish that either algorithm has superior congestion control,
packet-delivery resilience, or protocol convergence.

Further work should report the complete simulation configuration, use paired random inputs,
measure computational overhead, and validate service metrics with explicit queues or packet-
level simulation.

Future Work

Future improvements to this work may extend in many directions. For example, the
simulation may be applied to larger networks than those considered in this work (e.g.
networks with 1000+ nodes) that can help test the scalability of both Dijkstra and Bellman-
Ford algorithms when the network is under high traffic loads. Testing at that size allows to
have a better understanding of how well the individual algorithms will perform when the total
number of network nodes, links and routes will greatly increase in these cases. This question
is very important because telecommunication networks in the real world are much larger,
complex and dynamic than those used in this study.

Next, dynamic edge weights instead of randomly assigned fixed edge weights can be used in
future studies. In real world networks, link costs may change over time due to congestion,
failures, variations in bandwidth, or changes in routing policies. By allowing for dynamic
edge weights during simulations, the network model will accurately reflect the actual
behavior of the network, and the rate at which each routing algorithm can adapt to changes in
the network would also be able to be evaluated. Third, future work could incorporate routing
algorithms that weren't evaluated in this paper, such as A*, Floyd-Warshall, and other
adaptive/intelligent routing algorithms.

Additional routing algorithms will provide a wider array of algorithms to compare against, so
that the best performing routing algorithm in a given traffic scenario can be identified.
Examples of using machine learning or reinforcement learning as routing solutions may also
be included in future studies as well to evaluate whether intelligent routing can improve
routing delays, throughput, and packet loss under dynamic traffic conditions. Lastly, future
studies could also include realistic topologies beyond those included in this study, such as
mesh, star, random, scale-free, or real ISP-like topologies. The comparison of results across
different types of topologies will be valuable in determining the impact of network topology
on routing performance.

Collectively, these changes will allow for the development of a simulation framework capable
of providing an analysis of the routing strategies used in the design of modern communication
networks.

Study Limitations

The analysis uses synthetic link costs and formula-based service metrics rather than explicit
packet queues, bandwidth constraints, or protocol exchanges. Increasing the traffic multiplier
directly changes the modeled delay and loss expressions, while throughput is derived from
delay. These dependencies partly determine the reported trends. Both algorithms should
return the same minimum path cost on identical positive-weight graphs; small service-metric
differences may reflect random sampling or tie-breaking unless paired runs use identical
inputs. The available outputs do not support claims about algorithmic congestion resilience,
real-world convergence, or statistical superiority.
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