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In the advancing technological era, optimizing human-machine systems is crucial for
enhancing performance and user experience. The complexity of such systems and the
unpredictability of human behavior present significant challenges. Genetic algorithms (GAs),
inspired by biological evolution, offer a proficient method for addressing these issues by
simulating natural selection processes. This enables the effective exploration of solution
spaces, identifying optimal control structures for improved system performance and
adaptability across various scenarios. GAs' flexibility further allows for effective solutions
in diverse applications like aerospace, autonomous vehicles, and manufacturing, improving
human-computer interaction.
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B pasBuBaroliytocst TEXHOJIOTHUECKYIO 3110XY ONTUMH3ALUS YEIOBEKO-MAIIMHHBIX CH-
CTEM MMEET pellaroliee 3HaueHue JUIsl MOBBIIIEHUs TPOU3BOAUTEIBHOCTH U y100CTBA MOJIb-
3oBaTesneil. CI0KHOCTh TAKUX CUCTEM U HENPEJCKa3yeMOCThb IIOBEJCHUS YEI0BEKA CO3/1al0T
cepbe3Hble Mpobsemsl. I'eneTnueckue anroputmsl (I'A), BIOXHOBIIEHHBIE OHOJIOTHYECKOI
IBOJIIOLIMEH, TTpeasIaraloT 3p¢GEeKTUBHBIN METOJ pEIIEHUs 3TUX POOJIEM ITyTEM MOJAEIUPO-
BaHUS MPOLIECCOB €CTECTBEHHOI0 0TOOpa. JTO Mo3BOJsAET 3((HEKTUBHO UCCIIEA0BATh MPO-
CTPaHCTBO PEILLIEHUH, OMpeessis ONTUMaIbHbIE CTPYKTYPbl YIPABIECHUS JJS MOBBIILICHUS
IIPOU3BOIUTENILHOCTH CUCTEMBI M €€ aAalTUPYEMOCTH B pa3IMYHbIX CIIeHapusax. [ mokocTh
I'A Taxxe no3BoJisieT co3aBaTh 3G (HEKTUBHbBIE PEIICHUS B PA3INYHBIX TPUIIOKEHUSX, TAKUX
KaK a3pOKOCMHUYECKasi MPOMBIIUIEHHOCTh, aBBTOHOMHBIE TPAHCIIOPTHBIE CPEJICTBA U ITPOU3-
BOJICTBO, YJIy4Ylllas B3aUMOJICHCTBUE UEIOBEKa U KOMITbIOTEpA.

Knrouegnie cnosa. ontumanabHOE YIIPABJICHUE YeJI0BEKO-MaITHHHOMN CHCTeMOﬁ; T'CHE-
THYECKHUI AJITOPUTM; TIPOCTPAHCTBO pemeHI/Iﬁ; aJallTUBHOCTD, HpI/I‘-II/IHHHﬁ IIOAXO/I.

INTRODUCTION

This study employs Genetic Algorithms (GA), grounded in evolutionary
principles, to tackle the complex optimization challenges of controlling Cyber-
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Physical Systems (CPS) [1], which integrate computational algorithms and
physical processes. These systems play a pivotal role in areas such as smart
cities, healthcare, and manufacturing. By adopting a causal approach [2], we
systematically explore the solution space for CPS control, aiming to identify
optimal configurations that balance performance with adaptability. This
approach emphasizes understanding the interactions between computational
and physical elements, with the goal of enhancing the efficiency and reliability
of CPS.

The goal of this study is to optimize the control structure of human-
machine systems using genetic algorithms, in order to solve the problems of
redundancy and inflexibility in current designs, thereby improving the
efficiency of human-machine interaction (in the case of energy supply). To
achieve the goal, the following tasks shall be solved:

1. Analyze existing research on the formation, improvement, and
evaluation of control system structures to identify gaps in scope, methodology,
and unexplored areas.

2. Select the most suitable software tool to construct algorithm models and
workflows. Initially employing a causal approach, with the possibility of later
adjustments to a more effective method.

3. Test, revise, and implement the results within petroleum supply
companies.

GA MODELLING

To make the modeling more intuitive, we will use a petroleum supply
company as an example for simple modeling. The design structure diagram to
be incited in the modelling process is shown in fig. 1.

Allocation ratios of raw materials in refining engineering are p1, p2, ...,

Pn, Where pij represents the ratio of the i type of crude oil in the refining process.
Terminal logistics management are ci, Cy, ..., Cm, representing the number of
terminals. Transport route selection: Use binary variables tjj to indicate whether
to choose the transport route from location i to location j, where tjj = 1 indicates
selection, and t;;=0 indicates no selection. Supply frequency and quantity of gas
stations are si, S, ..., Sk, representing the supply frequency of gas stations,
mapped to the integer range of [1, 7]; ai, az, ..., a., representing the supply
quantity of gas stations, in units of kiloliters.
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Fig. 1. Design structure diagram

Objective function (also fitness function) is defined as

IEaCXZ=a><P—B><C, (1)

where P — total production, where C is the total cost, where o and p are the
weight coefficients.

Constraints, )i, p; = 1, make sure all ratios notmalized to 1. The value
range of raw material distribution ratio is 0 < p; < 1. The supply quantity is a
non-negative number. There must be at least one terminal and one route
selected.

To make a model the Roulette Selection method has been used. Roulette
selection is a stochastic selection method, see in fig. 2, where the probability for
selection of an individual is proportional to its fitness. The method is inspired
by real-world roulettes. That means, however, that all slots have the same
probability of being selected. Instead, we can implement a weighted version of
the roulette. With it, the larger the fitness of an individual is, the more likely is
its selection. In a population with n individuals, for each chromosome x with a
corresponding fitness value f,., we compute the corresponding probability px of
selection (eqg. (2)).
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Fig. 2. Roulette Selection

In the next step we have to define the coding strategy. For optimizing a
petroleum supply chain that includes refining, logistics, transportation, and
supply to gas stations, the coding uses real numbers for raw material distribution
ratios (e.g. 0.3, 0.2, 0.5), binary coding for logistics management and route
selection decisions ([1, 0, 1] for choosing specific logistics strategies and [1, O,
0, 1] for selecting routes), and real numbers again for the frequency and quantity
of gas station supplies, like [5, 40] to indicate 40 kiloliters supplied five days a
week.

SIMULATION RESUTLS

Suppose we have a medium-sized petroleum company that faces a supply
problem in the following situation, see tables 1 and 2.

Table 1
Crude oil prices and refining efficiency
Price Refining efficiency
Pl 20 USD/barrel 80%
P2 15 USD/barrel 70%
P3 30 USD/barrel 85%

Refining cost of 5 USD/barrel of crude oil and product selling price 100
USD/barrel.

Table 2
Terminal management costs and transportation costs

C1: 1,000 USD/day

C2: 900 USD/day

Gl

200 USD/barrel

200 USD/barrel

G2

150 USD/barrel

150 USD/barrel
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Set the parameter values as N = 100, nmut = 0.01, Mcross=0.7, Gene = 100.

The results of the calculations are [0.598, 0.131, 0.271,0, 1,0, 1,0, 0, 7, 3,
21.43, 83.3]. The maximum profit is $1284.43.

CONCLUSION
This research highlights genetic algorithms effectiveness in enhancing

human-machine system controls, particularly for a petroleum supply company.
GAs helped overcome design challenges like redundancy and inflexibility,
significantly improving system efficiency, adaptability, and user experience.
Future directions include exploring GA implementations in real scenarios,
examining human factors like user acceptance, and employing more complex
models (increasing the number of terminals, adding KPlIs, etc.) to deepen our
understanding.
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