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OPTIMIZATION OF MOBILE FLOW ROUTING
IN A WIRELESS SENSOR NETWORK USING HEURISTIC ALGORITHMS

The subject of the study is a wireless sensor network (WSN) with a mobile sink. The purpose of the work is to improve the
performance of the WSN, increase its lifetime and functionality by reducing the data transmission delay time in the process of polling
routers by optimizing the mobile sink route using the most efficient algorithm. To achieve this goal, the following tasks must be
performed: optimize the route of the WSN mobile stock by solving the traveling salesman problem using the branch and bound
method and comparing the conditional average route length of a set of solutions without optimization and with optimization using the
Robbins—Monroe procedure; conduct a comparative analysis of the exact solution of the traveling salesman problem obtained by the
branch and bound method and the approximate solution obtained by heuristic methods; formulate practical recommendations for the
selection of algorithms for optimizing the mobile flow route depending on the size of the sensor network. The following methods
were used: simulation modeling, optimization methods, mathematical data processing. Results achieved. The solution of the mobile
flow route optimization problem in BSM using heuristic algorithms was investigated in order to formulate practical recommendations
for selecting mobile flow route optimization algorithms depending on the size of the sensor network. A comparative analysis was
performed of the exact solution of the traveling salesman problem, performed using the branch and bound method, and the
approximate solution, performed using heuristic methods. To obtain an approximate solution, two heuristic algorithms were
implemented: the ant colony optimization (ACO) algorithm and the simulated annealing (SA) algorithm. These algorithms were
implemented for the traveling salesman problem with specific coordinates for each problem. The effectiveness of the algorithms is
evaluated on networks of various sizes, from 10 to 500 nodes. The simulation results show that ACO is highly effective on small and
medium-sized networks (up to 50 nodes), providing shorter routes and faster computation times. SA is determined to be the best
scalable on large networks (100 nodes and more), offering stable performance under high computational load. Conclusions. It has
been demonstrated that introducing optimization in the selection of the mobile flow route in BSM leads to a reduction in the length of
the mobile flow bypass contour in the range of 30-40% depending on the network size and the distances between routers. Reducing
the polling time of routers in a sensor network leads to an increase in the residual power of power supplies, and thus extends the life
of the network. It has been proven that the use of heuristic algorithms is only appropriate when a high speed of calculating a new
mobile flow route is required. If the speed of calculating a new route is not critical, then it is better to use accurate calculation
algorithms. For each algorithm, parameters must be selected depending on the task at hand, since these parameters affect the speed of
the algorithm and can reduce the range of possible routes that can be obtained during calculations. The study proves the importance of
individual parameter tuning of algorithms to improve the accuracy and adaptability of solutions in mobile flow routing tasks.
Keywords: heuristic algorithms; mobile flow; optimization; traveling salesman problem; wireless sensor network.

Introduction.
Analysis of recent publications

The key indicator of wireless sensor networks
(WSN) that determines their practical application is their
lifetime, so increasing it remains a pressing issue [1, 2].
The simplest methods for increasing the lifetime of
WSNs are to improve the hardware characteristics of
devices: reducing the power consumption of individual
components, optimizing their placement on a chip or
printed circuit board, or increasing battery capacity.
Recent research in the field of miniature alternative
energy converters (MEH, Micro-Energy Harvesters) has
opened up a number of opportunities for creating fully
autonomous sensor network nodes while maintaining
their small size. There are known ready-made solutions
for connecting sensor nodes to miniature solar cells,

vibration energy converters, and thermogenerators based
on the Peltier element [3]. However, none of the solutions
for collecting and converting alternative energy has yet
been widely used in real data collection networks
containing hundreds of nodes. This can be explained
primarily by high costs and significant expenses for
regular maintenance [4].

Sensor networks are primarily designed for data
collection. This means that there are one or more
dedicated nodes to which information from the entire
network flows. Such nodes (sinks) usually have
a constant power source, interfaces for connecting to
local and global networks, or more powerful computing
devices. Therefore, there is a predominant direction
of useful traffic in a sensor network. This results in
a significantly higher volume of traffic passing through
the routing nodes located near the sink. The more data
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passes through a wireless network node, the higher its
power consumption. It is known that in event-driven
sensor networks operating according to the asynchronous
access to the transmission medium algorithm, routers are
an obstacle in the life of the network. This is because in
order to deliver event information in a timely manner,
the router must remain in receiver mode at all times [5].
As a result, the network experiences a problem of energy
consumption imbalance [6]. This leads to autonomous
elements located near the central data collection node
(nodes) failing earlier than others due to the discharge of
their own batteries, and, as a result, the autonomous
operation time of the sensor network is reduced. Various
energy balancing methods are used to equalize the power
consumption of all network nodes.

A promising balancing method is the use of
the mobility of individual network components.
Some studies [6-8] have shown that the mobility of flow
can potentially provide the greatest advantage in terms of
increasing the autonomous operation time of the network.
In a stationary flow, it is obvious that in some areas the
nodes consume almost no energy and, in the event of
failure, have more than 90% of their initial energy.
Even random flow movement significantly improves the
distribution of residual energy. Compared to a stationary
data collection node, there is a more uniform energy
consumption. The paper [9] provides the following ratios:
the average power of the router in transmission mode
is 42 mW, the average power of the router in reception
mode is 52 mW, the average power of the router in
processing mode is 20 mW, and the power of the router
in standby mode is 0.03 mW. The addition of a mobile
node significantly reduces the power consumption
of the router, as it reduces the time spent on transit
transmissions.  However, changing the network
configuration during the information collection process
leads to an increase in network latency. If the set of tasks
performed by the node is not critical, there may be
a decline in the quality of network service.

One way to solve this problem is to add a mobile
sink, which can be an autonomous robotic system [10].
The addition of a mobile sink significantly reduces the
router's energy consumption by reducing the time spent
on transit transmissions. The route optimization problem
can be modeled as a variant of the classic traveling
salesman problem (TSP), a widely recognized
combinatorial optimization problem [5]. Although exact
solutions for TSP, such as those obtained using the
branch and bound method, guarantee optimality, they are

computationally complex for large networks, as the
complexity increases factorially with the number of
nodes. In scenarios where immediate and efficient
solutions are required, exact algorithms may be
impractical due to the high computational load. As a
result, heuristic and metaheuristic approaches have
gained popularity as practical alternatives, offering
near-optimal  solutions  with  significantly  less
computation time [11]. The article discusses the
application of two heuristic algorithms — the ant colony
optimization (ACO) algorithm and the simulated
annealing (SA) algorithm — to solve the traveling
salesman problem in the context of mobile stock route
optimization. These algorithms were chosen because of
their well-documented ability to perform complex
optimization tasks under various constraints. The ant
colony algorithm, inspired by the behavior of ants when
searching for food, is known for its effectiveness in
finding shorter paths in smaller networks. Annealing
simulation, based on the physical process of metal
annealing, offers a robust search mechanism that is
suitable for complex solution spaces but typically
requires more computation time than ACO.

Goals and objectives

The addition of mobile traffic can change the
network configuration and, consequently, routing, leading
to increased network latency. Therefore, within the scope
of the study, it is necessary to select algorithms for
optimizing mobile traffic routing depending on the size of
the network and computational requirements. For each
algorithm, parameters must be selected according to the
task at hand, as these parameters affect the speed of the
algorithm and can reduce the range of possible routes that
can be obtained during calculations. It is important
to evaluate the effectiveness of each algorithm in
networks of different sizes and in conditions typical
for the deployment of autonomous robotic systems.
By analyzing key performance indicators such as route
length, computation time, and scalability, it is necessary
to determine the conditions under which each algorithm
provides the best performance. The resulting metrics are
intended to assist in selecting appropriate route
optimization methods for autonomous robotic systems
operating in real-world conditions where efficiency and
adaptability are of paramount importance.

The objective of this work is to study the solution
of the mobile stream route optimization problem in
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a wireless sensor network using heuristic algorithms
to formulate practical recommendations for selecting
mobile stream route optimization algorithms depending
on the size of the sensor network.

Materials and methods

The mobile stick must survey all routers in the
network only once and return to the starting point.
Its route should minimize the total cost of the distance
traveled. This task can be formulated as a traveling
salesman problem [1].

If there are no specific requirements for the network

topology, then the set of routers N, [N|=n, where n is

the number of routers, can be considered as a set of
vertices of a fully connected undirected graph of
dimension n. The link of the mobile stick route between

the i-th and j-th routers (i,j)eE, |E[=n* will be

an edge of the graph G(N,E,C). The weight matrix

C :||cij|| of the arcs (i,j),(izl,_,jzl,_;i;t j) is
known and will be called the route link cost matrix.
Depending on the functionality of the network and the
requirements for quality of service, the cost of a route
link may vary. The article solves the problem of
minimizing the length of the path traveled by the mobile
flow, and the distance between routers is used as the cost
of the route link. The variable of the traveling salesman
problem is a Boolean variable x;, which takes the

value 1 if the arc(i, j) is part of the traveling salesman's

closed route, and takes the value 0 if the arc(i, j) is not

part of the traveling salesman's closed route.
Then the model of the traveling salesman problem
will look like this

z :minznlzn:cijxij (1)

i=1 j=1
subject to such restrictions:

;xij =1 j=1n, )
>x; =1 i=1n, ®)

j=1
U-u+nx; <n=1 i,j=2,...,n, i#]j, (4)
u, =20, ieN (5)
x; €01}, i=1n, j=1n. (6)

Constraints (2)—(5) create a so-called Hamiltonian
cycle. Constraints (2) and (3) reflect the fact that the
salesperson must visit each point only once. Since the
graph is undirected, two constraints are necessary.
Constraint (2) states that each vertex has only one
incoming arc. Constraint (3) reflects the fact that each
vertex has only one outgoing arc. It is necessary that
the salesman's route has one cycle. This requirement
is ensured by conditions (4) and (5), where u, is the

number of the step at which the i -th point is visited.

Network modeling design and configuration

Models with 10 to 500 nodes were created to
simulate the conditions in which autonomous robotic
systems might operate. Each node is a point of interest or
a task location that the mobile stack must visit, and the
distance between nodes is calculated using Euclidean
metrics. Two approaches were used to distribute
distances: uniform distribution (1-100 m) and normal
distribution with a mathematical expectation of 5 m and
a variance of 1 m% which allows for the simulation
of different spatial configurations.

All simulations were performed in MATLAB, and
each experiment was repeated 500 times to achieve
statistically reliable results [12].

Implementation of algorithms

Ant-colony algorithm. ACO was implemented with
parameters selected based on previous studies and
adjusted for each network size:

e number of iterations: 55 for networks with
20 nodes; 3900 for networks with 50 nodes;

e ant population: 10 ants per generation;

o pheromone influence (a): 1, indicating
moderate sensitivity to pheromone trails;

e heuristic influence (8): 2, emphasizing the
preference for the shortest route;

* local pheromone decay (p): 0.1, decreasing the
intensity of pheromones with each pass;

e global pheromone decay (e): 0.1, applied after
each cycle is completed;

o selection probability (q): 0.9, which shifts the

ants' selection towards optimal paths.
At each iteration, the ants independently explore
routes, placing pheromones on shorter paths. Routes with




Cyuachuil cman HayKogux 00CIIONCeHy ma mexHono2itl 8 npomuciogocmi. 2025. Ne 4 (34)

ISSN 2522-9818 (print)
ISSN 2524-2296 (online)

higher pheromone concentrations become increasingly
likely to be selected in subsequent iterations. The
algorithm performs iterations until convergence or the
maximum number of iterations is reached, after which the
shortest path found is recorded.

Simulated annealing algorithm. SA was implemented
using parameters related to temperature control:

o initial temperature: a value of 1000 for smaller
networks and 100,000 for larger networks;

o final temperature: 0.1, which ensures gradual
cooling;

cooling schedule: the temperature was reduced
using an exponential decay function:

Tew=Tia, )
where o =0.99 — cooling coefficient;

e jterations: 250,000 for both network sizes to
ensure the research result;

o decision-making probability function:

P(AE)=e™,
where AE - change in route length.

The algorithm begins by selecting a random route
and sequentially explores new routes by rearranging
nodes. Route changes that improve the overall length are
accepted immediately, while less optimal solutions are
accepted with a probability that the route length decreases
in proportion to the decrease in temperature. This allows
the algorithm to avoid local minima [13].

®)

Performance indicators and their analysis

The main indicators for evaluating the performance
of algorithms were:

e route length — the total distance traveled by the
mobile stack to complete the route;

e computation time — the period required for the
algorithm to converge to a solution;

Table 1. Modeling results for 10, 20, and 50 nodes

e error rate — the percentage deviation of each
heuristic solution from the known optimal route, obtained
using the exact branch and bound method for smaller
networks (10 and 30 nodes).

Performance indicators were analyzed for each
network size, and the Robbins—Monroe procedure was
used to verify the average route length values. Based on
recursive estimates, ACO and SA were compared to
determine the most effective algorithm depending on the
network size and the required accuracy [14, 17].

Research results and their discussion

The results of this work provide insight into the
comparative performance of ant colony optimization
(ACO) and simulated annealing (SA) algorithms for
solving the traveling salesman problem (TSP) with the
aim of optimizing the route of a mobile stream.
Key performance indicators, including route length,
computation time, and error rate, are evaluated for networks
of different sizes (10, 20, 50, 100, and 500 nodes).

Performance in small-scale networks (10 and 20 nodes)

For small networks, both ACO and SA achieved
near-optimal route lengths with minimal error rates.

¢ Route length: ACO achieved an average route
length of 357.45 units for a network with 20 nodes,
outperforming SA's 367.57 units.

e Computation time: ACO demonstrated faster
computation time, averaging 0.3112 s per simulation
compared to 0.5230 s for SA.

e Error rate: Both algorithms had an error rate of
less than 3%, with ACO recording an average error of
0.0319% and SA recording an average error of 2.8659%.

The simulation results are presented in Table 1.
The minimum paths for 10 and 20 points are shown
in Figures 1 and 2.

Ant colony algorithm

Annealing simulation algorithm

Ne average path length average time mean error average path length average time mean error
units seconds % units seconds %
10 points
1| 356.900 | 05595 | 0 | 355.244 | 05595 0
20 points
2 | 356.9009 | 02102 | 04662 | 355.2446 | 05595 0
50 points
3 | 571.8715 | 2rarer | 05264 | 572.6818 | 42.6522 0.6689
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These results demonstrate that ACO is more rate confirms the suitability of both algorithms
efficient for small networks, offering shorter routes for scenarios with a low number of nodes, with ACO
and faster computation times than SA. The low error having a slight advantage.

10 ropoace
Fig. 1. Minimum route for 10 points
2 Finjeiim
1
Fig. 2. Minimum route for 20 points
Productivity in medium-sized networks (50 nodes) e Calculation time: ACO took 27.17 seconds,

which is approximately 36% faster than the
The simulation results are presented in Table 1. 42.65 seconds required by SA.

The minimum path for 50 points is shown in Figure 3. e Error rate: ACO maintained a low error rate

As the network size increased to 50 nodes, o 52649, while SA's error rate was 0.6689%,
ACO continued to outperform SA, although both  \yhich js within the acceptable range for medium-
algorithms experienced a slight increase in route length sized networks.

and computation time. The results show that ACO continues to be more

* Route length: ACO recorded an average length  efficient in terms of selection time for route optimization
of 571.87 units, while SA created a similar but slightly in medium-sized networks, while SA offers comparable
longer route length of 572.68 units. accuracy but with higher computational costs.
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Fig. 3. Minimum route for 50 points
Performance in large-scale networks For larger networks, both algorithms encountered
(100 and 500 nodes) scalability  issues, although the efficiency of

ACO decreased significantly with an increase in

The simulation results are presented in Table 2. the number of nodes [2, 14, 15].

The minimum paths for 100 and 500 points are shown in
Figures 4 and 5.

Table 2. Simulation results for 100 and 500 nodes

Ant colony algorithm Annealing simulation algorithm
Sample Ne route length time route length time
units seconds units seconds
100 nodes
821.4988 189.513869 817.5347 42.239714
816.6737 186.088802 801.4941 43.638596
799.4715 140.772230 800.1126 48.471429
500 nodes
© 0 1836.4 79.681766
© 0 1843.1 83.506554

1. Network with 100 nodes 2. Network with 500 nodes
e Route length: ACO created an average route e Route length and time: Due to high
length of 821.5 units, while SA's average route length computational loads, ACO's performance lagged

was 817.5 units.

e Computation time: ACO dramatically increased
this metric to 189.5 seconds, while SA worked faster
at 42.2 seconds.

e Error rate: ACO recorded an error rate of
approximately 2.6% compared to 2.3% for SA.

significantly, and execution time increased non-linearly.
SA, although slower than in smaller networks, was
able to generate feasible solutions in a more practical
time frame.
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Fig. 4. Minimum route for 100 points

Fig. 5. Minimum route for 500 points
Brief description of algorithm productivity

The overall performance of ACO and SA for all
tested network sizes indicates that ACO is better for small
and medium-sized networks (up to 50 nodes) because
it provides shorter routes and faster processing times.
For networks with 100 nodes or more, SA becomes
a significantly more scalable solution, offering more
stable performance without an excessive increase in
computation time.

Table 1 shows the average route lengths,
computation times, and error rates for each network size

and algorithm, providing a clear comparison of their
suitability for different network scales.

This study contains a comparative analysis of the
ant colony optimization (ACO) algorithm and the
simulated annealing (SA) algorithm for solving the
traveling salesman problem in the context of optimizing
mobile flow routes in a wireless sensor network. The
results demonstrate the advantages and disadvantages of
each algorithm on networks of different sizes, providing
valuable information for application in sensor networks.

The results show that ACO is very effective for
small and medium-sized networks (up to 50 nodes),
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providing high route efficiency and faster convergence
time compared to SA. The ability of ACO to find shorter
paths with fewer iterations makes it suitable for time-
sensitive applications where mobile stacks need to find
optimal routes with limited computational resources.

The advantage of ACO is due to its iterative search
mechanism using pheromones, which allows it to find
short routes and make optimal decisions quickly.
This makes it more effective for networks with
a small number of nodes, where the decision space can be
explored without significant computational resources.

In contrast, the simulated annealing (SA) algorithm
has shown better scalability on large networks (100 nodes
and more), where ACO faces a sharp increase in
computation time and errors. SA uses a probabilistic
decision-making mechanism that allows it to explore the
solution space more broadly, avoiding premature
convergence, making it suitable for complex and large
networks. Although SA requires more iterations to
converge on smaller networks, its performance remains
stable as the network size increases, confirming the
reliability of this algorithm in large environments typical
of complex sensor networks.

The results obtained are consistent with previous
studies, which also demonstrate the effectiveness of
ACO for small, very dense networks and the performance
of SA in working with larger, complex networks.
Scalability confirms that the computation time for ACO
increases exponentially with increasing network size,
which has also been observed in similar applications.

Based on these results, practical recommendations
can be formulated for selecting mobile sink route
optimization algorithms depending on the size of the
sensor network. In cases where the mobile stream polls
a limited number of sensors and conditions require
frequent route recalculations (e.g., rapid response sensor
networks for emergency services, fire departments, or
medical services), then the faster convergence of ACO
is a significant advantage [13, 15]. For navigation tasks
in large-scale environments, such as surveillance systems,
the scalability of SA ensures reliable performance,
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OIITUMI3ZALIS MAPLIPYTY MOBLIBHOI'O CTOKY
B BE3/IPOTOBII CEHCOPHIN MEPEXKI
3 BUKOPUCTAHHSM EBPUCTUUYHUX AJITOPUTMIB

IIpeamerom pocaimkeHHss € Oe3nporoBa ceHcopHa Mepexxa (BCM) 3 MmoOiumpHEHM cTOKOM. MeTa po0OTH — MiABUIINUTH
npane3naTHicte BCM, 301npmuTH TPUBANICTE 1i JKUTTS Ta (YHKLIIOBaHHS 3aBISKH 3MEHIICHHIO 4Yacy 3aTPUMKH Iepesadi JaHux
y Ipoleci ONMMUTYBaHHS MapIIPyTH3aTOpiB YHACHiZOK ONTHMIi3amii MapIipyTy MOOUIBHOTO CTOKY CIIOCOOOM OOpaHHS HaHOiIbII
edexTuBHOrO aaroput™my. JIs NOCATHEHHS OKpecIeHOI METH HEOOXiJHO BHUKOHATH TaKi 3aBJAHHS: ONTHMI3yBaTH MapLIpyT
MoOitpHOTO cToKy BCM 3a 1omoMororo po3B’s3aHHS 3a7adi KOMiBOSDKEpa METOAOM T1IOK 1 MEX Ta MOPIBHAHHS YMOBHOI CepelHbOl
JOBXUHH MapUIpyTy MHOKHHH pillleHb 0€3 ONTUMi3allil Ta 3 ONTUMI3aLli€lo 32 JOIIOMOroto npouenypu Po6binca — MoHpo; npoBecTH
MOPIBHSUIBHUH aHANIi3 TOYHOTO PO3B’SA3KY 3amadi KOMIBOSIKEpa, OTPUMAHOTO METOAOM TLTOK i MeX, 1 HaOJIIDKEHOTO pilleHHS,
OTPHMAHOT0 €BPHCTUYHUMHU METOJaMH; CHOPMYITIOBATH MPAKTHYHI peKOMEHAAMIl 100 BUOOPY aNrOpUTMIB ONTHMI3aLlii MapupyTy
MOOUIBHOTO CTOKY 3aJI€KHO BiJl PO3MIpy CEHCOPHOI Mepexi. 3acTOCOBaHO Taki MeTOAM: iMITaliiiHe MOJENIOBaHHS, METOIH
onTHUMi3auii, MaTeMatuuHe o0pobneHHs nanux. Jocarnyrti pesyabraTu. JlociimpKeHO po3B’s3aHHS 33jadi ONTHMI3auii MapuipyTy
MOOiTpHOTO cTOKY B BCM 3 BHKOpHCTaHHSIM €BPUCTHYHHX AITOPUTMIB 3 METOIO (hOpMyIIOBaHHS IPAKTHIHHUX PEKOMEHAAI] 010
BHOOpY QITOPUTMIB ONTHMI3aIlil MapIPyTy MOOLITEHOTO CTOKY 3aJIeKHO BiJl pO3Mipy CEHCOpHOI Mepexi. [IpoBeeHo mopiBHITbHHAN
aHali3 TOYHOTO PO3B’SA3Ky 3ajadi KOMIBOSIKEpa, BHKOHAHOTO METOIOM TILTOK 1 MEX, 1 HaONMKEHOTO pIllleHHS, BHKOHAHOTO
EBPUCTUYHUMH MeToaMu. J{J1s OTpuMaHHs HaOJIMKEHOTO PIllIeHHs peasli3oBaHo JBa EBPUCTHYHI AITOPUTMH: MYpPAIIHHUHA alrOpuT™M
(ACO) i amroput™ imitanii Bigmamny (SA). 3a3HadeHi aaropuTMu OyJo peani3oBaHO JUIS 3a/avi KOMIBOsDKEpa 3 KOHKPETHUMH
KOOpIUHATAMH JUTS KOXKHOT 3a7a4i. EQeKkTHBHICTh alrOpUTMIB OLIHIOETHCS Ha Mepekax pizHoro macmraldy — Big 10 mo 500 By3miB.
Pesynpraté MonmenmoBaHHS JEMOHCTPYIOTh, o0 ACO Mae BHCOKY €(EKTHBHICTh Ha MaluX i cepemHix Mepexax (mo 50 BysimiB),
3a0e3nedyroud OiTbII KOPOTKI MapUIPyTH Ta IIBUIKUHA 4ac o0YnClieHb. SA BH3HAYA€THCS KPAIOI0 MacIITaDOBaHICTIO HAa BENHKHX
Mepekax (100 By3miB 1 Oinblie), MPOMOHYHOYM CTa0iIbHY NPOJYKTHUBHICTH 3@ BHUCOKOTO OOYHCITIOBAJIBHOTO HABAHTAKCHHS.
BucnoBku. IIpomeMoHCTpoBaHO, IO  BBEAEHHSA ONTHMi3amii y BHOOpi MapmpyTy MoOuteHOro cToky B BCM mpuBoauTh
JI0 3MEHIIEHHs AOBXHHHU KOHTYpPY 00X0my MOOLTBHOTO CTOKY B miamaszoni 30—40% 3amexHo BiX po3MipHOCTI Mepexi Ta BiAcTaHen
MiX Mapupytu3aropamu. CKOpOYEHHs Yacy ONMUTYBAaHHS MapLIPYTU3aTOPIB y CEHCOPHIM Mepexi crpusie 301IbIISHHIO 3aIUIIKOBOT
MOTY)KHOCTI OJIOKIB JKHMBJIEHHS, a OTXKE, INPOJOBXY€E TPHBATICTb JXXUTTA Mepexi. JloBeleHo, IO BUKOPHCTaHHS EBPUCTUYHHX
ITOPUTMIB JOIIBHE TITBKH TOJi, KOJW HEOOXiJHA BUCOKA HIBHIKICTh PO3PaXyHKY HOBOTO MapIIpyTy MOOITBHOTO CTOKY. SIKIIo
MIBUJKICTh PO3pPAaxyHKY HOBOTO MapLIpyTy HE € KPUTHYHOIO, TOJI Kpalle BHKOPHCTOBYBaTH TOYHI alTrOPUTMH OOYMCIICHHS.
J11s1 KOXKHOTO allrOPUTMY MOTPIOHO MiaOUpaTH mapamMeTpH 3aIeKHO BiJl IIOCTABJICHOTO 3aBIaHHS, OCKUJIBKH 1l TApaMeTpH BILUTUBAIOThH
Ha IIBHAKICTH POOOTH alropuTMy I 31aTHI 3MEHIIMTH [ialla30H MOXJIMBHX MAapLIPYTiB, SIKI MOKHAa OTPHMATH BHACIIIOK
po3paxyHKiB. JlOCHi/pKeHHS JOBOIUTH 3HAYYIIICTh I1HIUBIMYaTbHOTO HAIANITYBaHHS IapaMeTpiB alTOPUTMIB IS MiJBUIICHHS
TOYHOCTI i aJaNTHBHOCTI PillIeHb y 3a/a4aX MapIIpyTHU3alii MOOLTEHOTO CTOKY.
Kimo4oBi cjioBa: eBpHCTHYHI aIrOpUTMH; MOOLTEHHI CTiK; ONTHMI3aIlis; 3a1aua KOMiBOsDKepa; Oe3IpOTOBa CEHCOPHA MEPEKa.
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