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Abstract. Modern mechanical engineering enterprises are characterized by highly complex technological processes
and intensive interaction between production and logistics flows. This article proposes an integrated method for
optimizing production and logistics systems based on the NSGA-I1I evolutionary algorithm, simulation modeling,
and neural network methods for predicting machining parameters. The proposed approach enables the creation of
multiple rational production system configurations and the selection of optimal solutions, taking into account
tradeoffs between production time, costs, and machining quality.
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Introduction

The development of mechanical engineering production in the context of the digital transformation of industry
requires the application of new methods for analyzing and optimizing technological and organizational processes.
Modern production systems are characterized by highly complex process flow structures, a significant number of
interconnected machining operations, and intensive logistics flows arising from the movement of blanks and semi-
finished products between work centers [1, 2, 3].

However, the practical implementation of technological processes at mechanical engineering enterprises
inevitably involves the movement of materials between work centers, the organization of buffer zones, and the use of
in-plant transport. Therefore, the optimization of technological processes must be carried out in conjunction with the
optimization of the production logistics structure. Ignoring logistics factors can lead to increased production cycle
times, increased work-in-progress volumes, and decreased equipment efficiency.

One promising approach to solving this problem is the use of multi-criteria optimization methods, which take into
account several interrelated performance indicators of the production system [4, 5]. In particular, for mechanical
engineering enterprises, such criteria may include product manufacturing time, production and logistics costs,
processing quality indicators, and the level of work in progress. Since these criteria often conflict with each other, the
optimization problem should be solved within the framework of the Pareto optimality concept, which allows for the
formation of a multitude of rational solutions [6, 7-12].

Issues of increasing the efficiency of mechanical engineering production and optimizing technological processes
are actively studied in the scientific literature. A significant number of studies are devoted to the development of
methods for optimizing machining parameters, as well as improving the technological preparation of production [13-
17].

One traditional area of research is the optimization of cutting conditions and parameters of technological
operations. Another important area of research is the development of methods for optimizing process routes for
product processing. In these studies, the technological process is considered as a sequence of operations performed on
various types of equipment [13, 28]. In recent years, increasing attention has been paid to the integration of
technological and logistical processes within a single production system model.

In recent years, digital modeling methods for production systems have seen significant advances, particularly
the concept of a digital twin, which allows for the creation of virtual models of enterprises and the analysis of their
performance in various operating modes. Evolutionary algorithms for multi-criteria optimization are effectively used
to find Pareto-optimal configurations of production systems, among which the NSGA-1I (Non-Dominated Sorting
Genetic Algorithm 11) holds a special place. This algorithm allows for the efficient exploration of complex
multidimensional solution spaces and the generation of an approximate Pareto surface reflecting the trade-offs
between various performance criteria.

Artificial intelligence methods used for the analysis and optimization of technological processes are actively
developing. In particular, artificial neural networks are used to predict machining parameters, assess surface quality,
and select optimal cutting conditions.

129



Material and Mechanical Engineering Technology, Ne3, 2026

Despite a significant amount of research in this area, most existing studies consider technological processes,
logistics systems, and optimization methods separately. At the same time, the comprehensive integration of
technological models, logistics flows, multi-criteria optimization methods, and digital twins of production systems
remains understudied.

1. Integrated structural-parametric model of the technological process and formation of structural elements

The manufacturing process of mechanical engineering enterprises is a structurally complex system, the
efficiency of which is determined not only by the parameters of individual operations but also by the nature of the
interrelationships between all process elements. Previous studies have examined this problem at two complementary
levels [18]. On the one hand, the manufacturing process was presented as a hierarchically organized system, including
a processing route, process operations, process steps, and work passes (Fig. 1).
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Fig. 1. - Structural hierarchical model of the process of forming a design element

On the other hand, it was shown that increasing the efficiency of the mechanical processing process is impossible
without a detailed analysis of the process of forming individual structural elements of the product, since they are the
carriers of the functionally significant geometric and qualitative characteristics of the part (Fig. 2).
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c)
a) at the first control level, the studied object has two states Swy — the state of the design element before the formation
process (blank) and SPE'— the state of the design element after the formation process; b) at the second control level,
the parameters of the process transition are optimized, where S,,,..., S,,, are intermediate states formed during the
implementation of individual process transitions; ¢) at the third control level, the parameters of the working stroke are
optimized, and the studied object

Fig. 2 - Graph of the process of forming a design element: has r intermediate states
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This approach allows us to move from the traditional consideration of the technological process as a linear
sequence of operations to a more meaningful model in which the manufacture of a product is described as a set of
interconnected processes of changing the state of both the product as a whole and the individual structural elements
that form its structure (1):

StrEl/bas __
MDEl -

= {TPRF, {{TechTrR " |TechTrn® € TPRYF'}}, (WStPE [WStPE! € TechTrnt'}} (1)

where M[S,tETlEl/bas— a set of basic structural elements of the process of forming individual design elements that form

the structure of a product;

TPRL-‘ZIEI — parametric model of the technological route for forming the g-th design element of the i-th type;

TechTr2E! - parametric model of the m-th technological transition implemented within the framework of the
technological route of shaping a design element;

WStPEL - parametric model of the r-th working stroke, implemented within the framework of the technological
transition performed in the process of forming a design element.

As a result, it's appropriate to describe the machining process as an integrated system of two hierarchical
subsystems: the product processing process and the process of shaping its structural elements. The first subsystem
defines the overall structure of the product manufacturing process, while the second ensures parametric and structural
optimization of those local process areas that directly shape the required geometry, precision, and surface quality (Fig.
3).

Fig. 3 - Integrated model for optimizing the parameters of the mechanical processing process of a product

Within the first subsystem, a product is considered as an object undergoing a sequence of states from the
initial workpiece to the finished part. The transition between states is ensured by the implementation of process
operations and transitions performed on specific pieces of equipment using appropriate basing schemes, fixtures,
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and tools. Within the second subsystem, each structural element of the product is considered as an independent
object of process analysis, for which its own shaping route is developed, including a sequence of process transitions
and work passes.

Therefore, the integration of these two models into a single structure is a logical development of the previously
obtained results. While the problem of selecting the optimal sequence of process transitions and cutting parameters is
solved at the level of an individual structural element, at the level of the product as a whole, the task arises of
coordinating these decisions within the overall structure of the process flow for manufacturing the part. It is this
coordination that enables the transition from local optimization of individual elements to comprehensive optimization
of the product manufacturing process. Thus, modeling the technological process of product processing and the process
of forming structural elements form the methodological basis of an integrated model of a production system, in which
the technological structure of the process becomes the initial basis for multi-criteria optimization of intra-production
logistics flows.

2. Mathematical model of logistics flows of a mechanical engineering enterprise

The manufacturing process of mechanical engineering enterprises can be represented as an integrated system
of interconnected processes involving the processing of the product and the shaping of its structural elements.
However, in real-world production conditions, the execution of technological operations inevitably involves the
movement of blanks and semi-finished products between various work centers. Therefore, the technological structure
of the process cannot be considered in isolation from the intra-production logistics system.

In mechanical engineering production, technological operations are performed on equipment located in
various areas of the production shop, where blanks and semi-finished products are constantly in motion from one work
station to another. Consequently, the technological process is effectively implemented as a material flow moving
through a network of production areas.

The following set of basic structural elements of a logistics system is defined (2):

LL()g/bas _ {I/V;Ttog, {Béog c I'Lf;?tog}r {Trri,og = LLog}’ Path;’:og e 1’1/7;:9}

Sys Sys

where LLog/basgy - a set of basic structural elements of the workshop's logistics syst;

Wsikog - parametric model of warehouses (input blanks and finished products);

Bxlog - parametric model of the k-th interoperation buffer (accumulator);

Trvko9 - parametric model of the v-th vehicle (e.g. AGV trolley, conveyor, forklift);

Pathlogg - parametric model of the s-th logistic route (trajectory of movement of a material batch).

Therefore, for comprehensive optimization of the production process, it is necessary to consider not only the
processing parameters of structural elements, but also the structure of material flows between work stations. Graph
models are convenient for describing such processes.

Let's describe the production and logistics system as a directed weighted graph (3):

G =(V,E), (3)

where V - a set of graph vertices corresponding to the production nodes of the system;
E - a set of graph arcs corresponding to possible routes of movement of material flows.
The vertices of the graph represent:
- Win, Wout - warehouses (warehouse for blanks and warehouse for finished products).
- M ={Mi, My, ..., M} - work centers (machines, machining centers) where technological operations are carried
out.
- B = {Bu, By, ..., B} - buffer zones (inter-operational storage areas).
The graph arcs reflect possible routes for moving workpieces between the corresponding nodes of the system -
these are material flows (logistics links) (Fig. 4).
Each arc ej € E connecting vertices Vjand Vj is associated with a set of parameters characterizing the
process of moving a workpiece between work centers:
- transport time tiog;
- transport cost Ciog;
- parts flow rate Vpatch.
Passing through vertex Mi, the part changes its state (S1, Sn) (e.g., the formation of the next structural element
is completed), after which it moves along arc E to the next node.
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Fig. 4 — Graph of the production and logistics system

Parameters t, C, and V represent the weighting characteristics of logistics links and, in the mathematical
model of the production system, represent multi-criteria optimization criteria (in this case, NSGA-II).

Thus, the production system graph reflects the set of possible material flow trajectories implementing the
technological process of product manufacturing.

3. Integrated mathematical model of production and logistics flows

Developing an integrated mathematical model requires combining machine-level process parameters (micro-
and meso-levels) with material flow parameters at the production shop level (macro-level) [18]. This problem is solved
using a multi-criteria optimization framework, where local-level vector criteria are combined into a global Pareto-
based compromise system [8, 9].

The proposed formalized model has a three-level hierarchical structure.

3.1. Microlevel: Optimization of the design element formation process. At the lower level, the control object is

the process of physical stock removal (technological transition and cutting stroke). The microlevel control variable
vector Umicro includes cutting modes (4):

Unicro = {U, Sz. tp, i}, (4)

where v - cutting speed;
S, — feed;
tp - cutting depth;
i - number of working strokes.
Local vector optimization criteria are aimed at resolving the conflict between productivity and surface
quality [10].
Minimization of the main processing time (5):

f1M(Unmicro) = Tmach(v, Sa, i) — min. (5)

Minimization of the height of microroughness (roughness Ra (6):
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fzmicrO(Umicro) = Ra(v, S;) — min. (6)

The limitations are the maximum permissible cutting power (Ncut < Nmax), the service life of the cutting tool
and the required shape accuracy.

3.2. Meso-level: Optimization of the product's process flow. At this level, work steps and transitions are
combined into process operations performed at specific work centers Mk € M.

he vector of control variables Umeso has the form (7):

Uneso = {Seqop, Mk, Tool}, (7)

where Seqqp - Sequence of technological operations (route);
My - selected type of equipment;
Toolk - instrumental adjustment.
Then the minimization of local optimization criteria [11, 18] will take the following form.
Minimization of the unit time of the operation (including auxiliary time Taux for installing and removing the part)

(8):
0 (Uneso, Unicro) = X(Tinacn + Taw) — i ®)
Minimization of technological processing costs (Ciecn) (9):
£37¢5°(Upneso, Umicro) = Crech (0, Trmach, T0Ol) —> min. (9)

3.3. Macro-level: Optimization of the production and logistics system. At the highest level, routes are
integrated into the enterprise's transport and storage system, described by a directed graph G = (V, E). The macro-
level control vector U defines logistics (10):

Umacro = {Pathij, Vbatch, Bk, Whrans}, (10)

where Path;; - logistic route (choice of arcs e;j € E);
Vbatch - VOlume of production and transport batch;
B - capacity of interoperation buffers;
Wtrans = VehIC|e
The criteria for macro-level optimization are minimization of the logistics cycle time and minimization of
internal production costs.
Minimizing logistics cycle time (11):

flmacro(Umacro) = Ztlog(e) + thait(b) — min. (11)
Minimization of internal production costs (Clog) (12):
flmacm(umacro) = chog (e, Vbatch) + CWIP(Vbatch, twail;) — min (12)

where twait - interoperative lying time;
Cwip - Work-in-Process (WIP) costs.
Integration of levels allows us to formulate the global problem of finding the vector Us={Unmicro, Umeso, Umacro}-
The global objective function @(Us) minimizes the production cycle time (Makespan, Cma), total costs (Cy), and
quality loss (Qiess) (13):

@(Uy) = [Crax(Uy), Cx( Us), Qioss (Uy)] — min. (13)

Since the criteria are conflicting (for example, increasing the batch size reduces specific transportation costs, but
exponentially increases waiting time and the production cycle), the problem is solved using the NSGA-II (Non-
dominated Sorting Genetic Algorithm I1) evolutionary algorithm. This method has proven its effectiveness in
engineering problems [8, 12], allowing the generation of a set of non-dominated solutions (Pareto front), from which
the decision maker (DM) selects the optimal system configuration depending on current production priorities.

Such integration allows the production process to be described as a single material flow transformation system,
including both technological operations and logistics movements.

134



Material and Mechanical Engineering Technology, Ne3, 2026

We will conduct structural and parametric optimization of the machining of a complex-shaped part, the
"Housing." For this, we will model the process of face milling of the main mating surface, as this is one of the most
critical operations where a classic conflict of technological criteria arises: the need to ensure high productivity
(minimize time) and the required quality (minimize roughness).

When using the evolutionary The NSGA-II algorithm filters out "dominated™ (obviously worst) solutions from
thousands of possible parameter combinations. This results in a Pareto frontier—a set of non-dominated alternatives.

Below is the calculated array of points forming the Pareto frontier for the "Housing" part. The two-dimensional
Pareto frontier shows the technological tradeoff between productivity (machining time) and surface quality (Ra
roughness) during milling of the "Housing" part. The points on the graph represent the set of non-dominated solutions
generated by the evolutionary algorithm (Fig. 5).

Feaslble solutions
—8— Pareto front

20
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Machining time (T). min

Fig.5 - 2D Pareto Front

Micro-level optimization reveals a strict nonlinear relationship: attempting to minimize surface roughness to
0.18 um leads to an exponential increase in processing time. In turn, choosing a compromise mode allows for
acceptable quality (Ra = 1.0 um) while reducing processing time by more than half.

A conceptual diagram of the multi-criteria conflicts in a production and logistics system is presented in Figure
6, where the trade-off triangle between cycle time (Cmax), quality (R_a), and cost is resolved using the integrated
NSGA-II model.

Integrated
H5GA-II Model
30 Pareto Front

Generation \

Optimization Vector

Criterion 1: TIME
Optimization Vector Minimize Cyele Time C_max
Priority: Productivity

- *
Trade-off:
Optimization Vector Fast machining
degrades surface quality
e ]
Trade-off:
Large batches are cheaper
but freeze capital in WIP

Criterian 2: QUALITY
Minimize Roughness R_a
Priority: Part Reliability

[3
Trade-off:
Hizh precision requires
expensive tooling
.
Criterion 3; COST
Minimize Specific Cost
Priority: Economics

Fig.6 - 3D Trade-off Graph
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The transition from local optimization to the macro level is accompanied by the emergence of complex multi-
criteria conflicts (Fig. 6). Increasing the cutting speed or the transport batch locally improves some indicators (for
example, reducing production costs), but inevitably worsens others (increasing the volume of work in progress or
reducing accuracy). An integrated model based on NSGA-II allows for algorithmic balancing of this "triangle of
contradictions,” generating optimal control strategies.

4. Integration of a mathematical model with Digital Twin technology

Although the proposed multi-level mathematical model and the application of the NSGA-II evolutionary
algorithm enable the development of highly efficient Pareto-optimal solutions, classical multi-criteria optimization
has one significant limitation: it relies on deterministic (standard) values for processing times and logistics flow
parameters. However, in the real-world conditions of a mechanical engineering enterprise, production and logistics
flows are subject to constant stochastic disturbances: progressive wear of cutting tools, unforeseen equipment failures,
delays in intrashop transport, and changes in production order priorities [19].

To bridge the gap between calculated plans and the actual production environment, a transition from static pre-
planning to adaptive real-time control is necessary. A logical development of the developed model is its integration
into the architecture of a cyber-physical production system (CPPS) based on Digital Twin (DT) technology [20]. In
the integrated system, the Digital Twin acts as a link between the physical shop floor and the multi-criteria
optimization algorithm. The architecture of the proposed system includes four basic hierarchical levels [21]:

1) Physical Shop Floor: real work centers (MKk), inter-operational storage units (BK), and logistics transport
systems that perform the physical formation and movement of parts.

2) Industrial Internet of Things Layer (IloT Layer): distributed sensor networks (RFID tags on pallets, spindle
power consumption sensors, CNC controllers) that ensure the continuous collection of raw data on the current system
state.

3) Virtual Layer (Digital Twin): a high-fidelity discrete-event simulation model of the shop floor, mirroring
physical production with minimal time lag [22].

4) Optimization Engine: a computational decision-making engine based on the proposed mathematical model and
the NSGA-II algorithm.

The implementation of the Digital Twin concept fundamentally changes the mechanism for calculating objective
functions. The role of the virtual layer is to act as a "fitness function evaluator” for the evolutionary algorithm [23].
The NSGA-I11 algorithm generates a population of potential control vectors Us (including various transport batch sizes
Vhatch, lOgistics routes Path, and cutting modes v, Sz). Instead of calculating cycle time (Cmax) and total costs (Cx)
using rigid analytical formulas, the optimizer translates these parameters into the Digital Twin (Fig. 7).

Integrated
NSGA-Il Model
3D Pareto Front
Generation
Optimization Vector Optimization Vector Optimization Vector
Criterion 1: TIME Criterion 2: QUALITY Criterion 3: COST
Minimize Cycle Time C_max Minimize Roughness R_a Minimize Specific Cost
Priority: Productivity Priority: Part Reliability Priority: Economics

Fig. 7 - Architecture of a closed-loop management system for a production and logistics system based on Digital Twin technology

The model runs virtual production using proposed scenarios, taking into account the actual state of the workshop
at a given point in time (for example, the occupancy of a specific buffer or the current wear of a milling cutter), and
returns highly accurate performance criteria values to the algorithm. From a mathematical perspective, the static
constants in the objective functions are transformed into dynamic variables.

Thus, the six-level process model developed in previous studies is integrated with the macro-level-the logistics
flow optimization model-and the set of basic structural elements of the logistics system can be represented as follows
(14):
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LG = {WE B € VY {Trk e L), Pathly € B}

(14)

where Trtog - parametric model of the v-th vehicle (AGV).
The mathematical interpretation of logistic optimization will be represented by a set of parameters for
controlling the logistic process for the z-th product (UL,g), forming the vector (15):

ULOG' <%at<‘h’ i J ) Twait (Bk) ‘Ufmns> (15)

where Vbamhz - volume of the transfer lot;
x*"ij- Boolean routing variable (x € {0,1});
Twalt(Bk) batch shelf life;

Vtrans - transport speed.

The system's state will be assessed using the following global vector criteria.
1. The integral criterion of logistic time, taking into account integration with the Digital Twin [24], the waiting
time is calculated as the dynamic integral of the difference in the intensities of the incoming A(t) and outgoing pi(t)

flows (16):
otat maw — Cap(By,
E?" ULog) Z Z Z ( ) +Z/C max ( W) dt — min

z=1¢,jeV v=1

trmiq

(16)
where D; - distance;

Q«(t) - queue length;

Cap(Bx) - maximum capacity of the k-th buffer.

2. Global Logistics Cost Criteria (17):
Viotal Cmazx Z Cmax

CIEUH(LILOQ) - Z / P (( fran:( ) AI(%GM‘!‘E)) 'C@dt+z / V;)fzﬁch(t) ' Ch-d't - min
w=1 0 0 (17)

where P, - AGV power consumption function depending on the batch weight M(V patch);
ch - specific cost of storing products.
The operation of a mathematical logistics model is subject to strict physical and topological constraints. The key
constraint is the integrating synchronization condition, linking the technological microlevel with the logistical
macrolevel (18):

p l,v p—1Lp 7 2,0 )
T.s!,url et fzmsh E f ( ' p l,p) + TlUfl-"'l(B‘P—l)

Ltrane (18)
Equation (18) guarantees that the pth process operation cannot begin until the previous operation (p — 1) is fully
completed and the batch is delivered.
Incorporating Digital Twin algorithms [25] into this model enables real-time adjustment of the ULog? vector.

To verify the model, a computational experiment was conducted using data from the "Body" part machining
area. The NSGA-I1 algorithm was implemented in Python. A discrete-event Digital Twin model was used as the virtual
environment. The verification results are presented in Figure 8.

An analysis of the optimized Pareto solution demonstrated the superiority of the proposed approach. Through
structural optimization of transitions, automated setups, and Vbatch batch size synchronization, the labor intensity of
the Cmax production cycle decreased by 19.8%, while the machining accuracy of critical surfaces increased by 16.4%.
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Fig. 8 - Pareto-optimal solutions for CDEI 1-4

This symbiosis of simulation modeling and evolutionary optimization (DT-driven NSGA-II) allows the
algorithm to generate a Pareto frontier based not on idealized equipment specifications, but on its actual technical
condition, balancing the cost of moving large batches with the time capital is tied up in work in progress.

Conclusion

This study addresses the pressing scientific and practical challenge of overcoming the isolation of production
preparation processes and intra-shop logistics. An integrated six-level model of structural-parametric optimization
was developed and mathematically substantiated, encompassing both the microlevels of physical part formation and
the macrolevel of production and logistics network management.

Based on the results of the study, the following key conclusions were formulated:

1. It was demonstrated that isolated optimization of cutting conditions at local work centers without considering
the throughput of the transport system leads to a shift in bottlenecks and an increase in work in progress. To
comprehensively address this problem, it was proposed to use topological graph models and evolutionary optimization
techniques.

2. Adaptation of the NSGA-I11 algorithm enabled the effective resolution of multi-criteria conflicts in Pareto space.
The resulting set of non-dominated solutions provides decision makers with a flexible tool for finding a compromise
between production cycle time, logistics costs, and machining quality. Using the "Case" component as an example, it
was demonstrated that comprehensive optimization reduces overall production labor intensity by 19.8% while
increasing the machining accuracy of critical surfaces by 16.4%.

3. The transition to cyber-physical control was theoretically substantiated and formalized. Integration of the
developed mathematical model with Digital Twin technology enables the replacement of static standard calculations
with dynamic simulation evaluation, making the system resilient to stochastic production disturbances (tool wear,
transport delays).

4. Future research areas include scaling the developed methodology for multi-product, small-batch production
and integrating predictive analytics algorithms to predict process equipment failures.

Funding. This research is funded by the Science Committee of the Ministry of Science and Higher Education of the
Republic of Kazakhstan under grant AP23490796 “Development of digital models of the production process based
on multi-criteria analysis of BigData management within the framework of technological preparation of production
of mechanical engineering enterprises” (2024—2026)
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