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Predictive assessment of the complexity of design and techno-
logical training is the basis for cost formation, determining the
timing of the project and making informed management deci-
sions about the feasibility of its launch. This article examines
modern methods for automating and optimizing production
processes in the import substitution of machine parts for agri-
cultural machinery. An artificial intelligence-based algorithm
has been developed to estimate labor inputs across various
industries, such as general machinery, automotive, and tractor
manufacturing. The analysis of factors influencing task com-
plexity and labor intensity is conducted. Particular attention is
paid to the optimization of labor inputs to reduce the lead time
for manufacturing machine-building products. This approach
enhances the quality and efficiency of producing domestic
equivalents of machine parts and improves the accuracy of
resource and timeline planning during the development and
design stages.
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Introduction 

The strategic course towards achieving technological sover-
eignty and the need for rapid response to disruptions in production 
chains pose complex challenges for the modern machine-building 
industry related to the accelerated development and production of 
a new product range. In this context, reverse engineering is be-
coming not just one of the technical tools, but a key element of the 
import substitution strategy. The success of such projects is largely 
determined by the quality of planning at the earliest stages, when 
the economic foundation for future production is being laid. The 
central task of this stage is a predictive assessment of the com-
plexity of design and technological training, since this assessment 
is the basis for cost formation, determining the timing of the pro-
ject and making informed management decisions about the feasi-
bility of its launch. 

Historically, a paradigm based on the use of integrated calcu-
lation methods, such as the method of specific normalization, the 
method of mass accounting, multifactorial and regression analy-
sis, has developed in engineering practice to solve this problem. 
These approaches are based on the hypothesis that it is possible to 
approximate labor intensity based on statistical data on previously 
manufactured analog products and their key physical or opera-
tional parameters. The effectiveness of these methods has been re-
peatedly confirmed in conditions of stable large-scale and mass 
production, characterized by a limited range and a high level of 
repeatability of technological processes. 

However, with the transition to the conditions of modern 
small-scale production and, in particular, in relation to the tasks of 
reverse engineering, the fundamental assumptions underlying tra-
ditional approaches cease to be fulfilled. This leads to a number of 
system limitations that critically reduce the reliability of the esti-
mates obtained. Firstly, the basic requirement of having a statisti-
cally significant and relevant database of analog products is vio-
lated, since reverse engineering facilities are often unique to the 
enterprise. Secondly, these methods demonstrate a high sensitivity 
to the subjective factor: the completeness of the set of parameters 
and the values of correction coefficients are determined by the 
qualifications and experience of a particular expert technologist, 
which introduces a systematic error into the calculations and 
makes the result irreproducible. 

The most significant disadvantage is the inability of traditional 
methods to work with the primary carrier of information about the 
complexity of a product – its geometric and topological represen-
tation. Models that operate solely on a set of scalar parameters 
(mass, dimensions) completely ignore the unstructured infor-
mation contained in engineering graphics (drawings, CAD mod-
els, polygonal grids after 3D scanning). This leads to the fact that 
two products with the same weight, but with radically different 
geometry complexity, will receive a similar assessment of labor 
intensity, which is fundamentally wrong [1]. 

The identified methodological gap necessitates the formation 
of a new scientific approach capable of overcoming these limita-
tions. It requires a transition to a class of models capable of auto-
matically extracting features from heterogeneous, including un-
structured, data sources and approximating complex nonlinear de-
pendencies without a priori assumptions about their form. The 
purpose of this paper is to present the methodological foundations 
and mathematical apparatus for building such a system, which 
makes it possible to move from subjective expert assessment to 

objective, data-based predictive labor management in projects of 
design and technological preparation of production [2]. 

Materials and methods 

At the initial stages of production preparation, various meth-
ods of integrated calculation are used to assess labor intensity, 
which allow us to obtain initial but fairly accurate estimates of the 
time and resources spent.  

A. The method of mass accounting 
This methodological approach (1) is based on the hypothesis 

that there is a correlation between the labor intensity of the pro-
duction process and the dynamics of changes in the mass of the 
final product. 

Ta + Km = T, (1) 

where Ta – the labor intensity of a product that is an analog of the 
one being designed or obtained statistically for products that have 
common design and technological features with the analyzed 
product; Km  – a coefficient that takes into account differences in 
the size or weight of the compared structures. 

B. The method of specific rationing 
The method of specific rationing is a more universal method-

ology in comparison with the method of mass accounting. The cal-
culation of labor costs (2) for the production of a product using the 
method of specific rationing involves the preliminary determina-
tion, rationing and establishment of standard labor indicators for 
similar product designs. It is assumed that the specific rate is the 
same for the analogue and the product in question. 

 ሺ𝑇௔/𝑃௔ሻ ൈ 𝑃 ൌ 𝑇௔
௨ௗ ൈ 𝑃 ൌ 𝑇#        ሺ2ሻ 

where Ta – the labor intensity of a product that is an analog of the 
one being designed or obtained statistically for products that have 
common design and technological features with the analyzed 
product; 𝑇௔

௨ௗ – the specific labor intensity of an analog product; 
P – the value of the main technical parameter of the product, or 
the beneficial effect realized by the product when used for its in-
tended purpose; Pa – the value of the main technical parameter of 
the analog product. 

If the mass of the product is selected as such a parameter (P), 
the method of specific rationing is transformed into the method of 
mass accounting.  

C. The method of multifactorial analysis 
A more accurate assessment of labor intensity is provided by 

the method of multifactorial analysis, which allows taking into ac-
count the impact of several key product parameters on labor inten-
sity at once [3]. In this context, labor intensity (3) is defined as a 
complex function depending on the combination of these parame-
ters. 

Tu – K0 = T (3) 

where Tu – the initial indicator of the labor intensity of a product 
of a basic (characteristic) design under certain conditions of work; 
Ko – a correction factor that takes into account the impact of spe-
cific work conditions (4). 

      ሺ𝐾௖/𝐾்ሻ ൈ 𝐾௚௢ ൈ 𝐾ே ൌ 𝐾௢ #     ሺ4ሻ 
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where 𝐾ே – a coefficient that takes into account the change in T 
depending on the product release program; 

𝐾௚௢ – a coefficient that takes into account the change in T de-
pending on the duration of product release in production. 

𝐾௖ – a coefficient that takes into account the change in T de-
pending on the serial production of products. 

𝐾் – a coefficient that takes into account the technological 
equipment of the work. 

The calculations do not include the cost of performing a scan 
or adapting the results of polygonal models into a full-fledged 3D 
model. The absence of these variables makes it impossible to ac-
curately estimate the labor costs and deadlines for reverse engi-
neering projects. 

For a preliminary assessment of the complexity of products in 
the early stages of reverse engineering, when the working draw-
ings have not yet been developed, the method of element coeffi-
cients is used. This method takes into account the complexity of 
the reverse engineering process and allows us to obtain reasonable 
data on the required resources and time for the implementation of 
the project [4].  

The number of elements and their complexity are taken as a 
measure of complexity in the method of element coefficients.  

e
eisx

e

T
K

T
 (5) 

where 𝑇௘ – the complexity of the element;  𝑇௘
௜௦௫ – ore intensity of 

the element taken as the source; 𝐾௘ – the element coefficient. 
Knowing the element coefficients 𝐾э௜ and the parameters (em-

ployee's qualifications, the complexity of the part, the dimensions 
of the part), you can calculate the complexity and estimated labor 
intensity of the product in manufacturing. 

ூ
      ෍ 𝐾௜𝑁௜ ൌ  𝐾௦௟ #    

௜ୀଵ
  ሺ6ሻ 

      𝐾௘௜𝑇௘
௜௦௫ ൌ 𝐾௘     ሺ7ሻ 

where 𝑁э௜ – the number of identical elements in the ith group; 
I – the number of groups of elements.  

The regression analysis method is used to plan the time and 
resources needed to produce a part or product. This method uses 
statistical data to estimate the labor intensity of production, taking 
into account factors such as shape, material, and purpose of the 
product. The use of regression analysis helps to more accurately 
predict production costs and make reasonable use of resources, 
which makes production more efficient [5]. 

In the process of reverse engineering, this method allows you 
to create mathematical models that relate design features to the 
time and resources required for its production [6]. This helps not 
only to estimate in advance how long it will take to produce, but 
also to identify important factors that affect labor intensity. 

The use of regression analysis also helps to optimize produc-
tion processes, for example, to make decisions about which tech-
nologies and materials to use, in the process of reverse engineer-
ing, production systems are more competitive and cost-effective 
[7]. The correlation relationship is expressed using a multiple re-
gression equation in two ways. 

   𝐴 ൈ 𝑃ଵ
௔ଵ ൈ … ൈ 𝑃௡

௡ଵ ൌ 𝑇     (8) 

 𝐴 ൅ 𝑎ଵ𝑃ଵ ൅ 𝑎ଶ𝑃ଶ ൅ ⋯ ൅ 𝑎௡𝑃௡ ൌ 𝑇          ሺ9ሻ 

where А – a certain constant that varies depending on which cate-
gory the analyzed part belongs to.; 𝑃௡… – parameters taken into 
account in the model; 𝑎௡ – indicators (coefficients) indicating the 
degree of influence of the parameters 𝑃௡ by the amount of labor 
intensity. 

Further detailing of the factors is carried out by highlighting 
the values of the complexity of the main and auxiliary work [8]. 
When analyzing and evaluating labor costs using reverse engi-
neering, it is necessary to take into account factors related to the 
methodology and specifics of this approach.  

The calculations of this method use coefficients reflecting the 
degree of influence of the engineer's qualifications on the amount 
of labor intensity, as well as a parameter characterizing the engi-
neer's qualifications [9].  

In the calculations of this method, it is proposed to use: 
• a coefficient reflecting the degree of influence of an engi-

neer's qualifications on the amount of labor intensity; 
• the p rameter characterizing the engineer's qualification;
• t e complexity factor of the part, which affects the complex-

ity of the process; 
• the duration factor of the 3D scan, reflecting the time required

to obtain a digital model of the part; 
• the drawing's occupancy rate, which takes into account the

density of information in the drawing and affects the speed of its 
analysis; 

• the format of the drawing, which can affect the convenience
and accuracy of working with it, and therefore the complexity of 
the process. 

In this case, each of the coefficients and parameters can have 
its own weight in the equation. 

Fig. 1. Factors influencing the calculation of labor costs  
for reverse engineering projects 

Results and discussion 

The analysis of existing approaches to assessing labor inten-
sity, including the correlation and regression method, shows their 
focus on establishing a formalized dependence of the type 

 𝑇 ൌ 𝑓ሺ𝑃ଵ, 𝑃ଶ, … 𝑃௡ሻ,      (10) 

Labor intensity 
of production

Drawing format The complexity 
of the details

Fullness
of the drawing

Employee 
qualifications



T-Comm Tом 19. #11-2025
54

CCOOMMPPUUTTEERR  SSCCIIEENNCCEE

where T – the total labor intensity, and P is the set of product pa-
rameters. This approach makes it possible to obtain a quantitative 
assessment, but its application is associated with a number of fun-
damental limitations that reduce accuracy and adaptability in mod-
ern small-scale and medium-scale production. 

The main limitations are the a priori defined structure of func-
tional dependence and subjectivity at the stage of feature selection. 
Models based on linear or polynomial regression are not able to 
accurately approximate the nonlinear relationships of complex to-
pology that exist between design parameters and technological 
complexity. In addition, the completeness and representativeness 
of the set of parameters P entirely depend on the expert's qualifi-
cations, which introduces an unavoidable systematic error into the 
model. These methods do not provide for direct analysis of un-
structured and semi-structured data formats, such as engineering 
graphics (drawings) or CAD system data, which leads to the loss 
of a significant amount of information [11-12]. 

These limitations, systematized in Table 1, necessitate the tran-
sition to a class of models capable of automatically extracting fea-
tures from heterogeneous data and approximating functions of ar-
bitrary complexity [13]. 

Table 1 

System limitations of traditional labor intensity 
assessment methods 

Disadvantage Description A consequence for  
assessing labor intensity

The fixed 
shape of the 
model 

The need for an a priori 
choice of the type of func-
tion (linear, polynomial), 
linking the parameters 
and complexity. 

Low accuracy in the pres-
ence of complex, nonlinear 
dependencies; risk of over-
fitting or underfitting the 
model. 

Manual 
selection of 
features 

The subjective choice of a 
set of parameters is made 
by an expert technologist 
based on his experience. 

Loss of information due to 
an incomplete set of fea-
tures; dependence of the ac-
curacy of the model on the 
expert's qualifications.

Working with 
structured 
data 

Inability to directly ana-
lyze raw data such as 
drawings, 3D models, or 
textual specifications. 

Ignoring a significant 
amount of information con-
tained in the initial design 
documentation; the need for 
time-consuming prelimi-
nary data preparation.

To overcome these limitations, an architecture based on the 
principle of functional decomposition is proposed. This approach 
involves dividing the overall task of optimizing labor costs into 
two consecutive subtasks: 

1) accurate prediction of the complexity of atomic technologi-
cal operations; 

2) formation of an optimal sequence of these operations and
resource allocation. 

The proposed concept is based on the interaction of two key 
modules: predictive and optimization. The predictive module, im-
plemented on the basis of a multimodal neural network, solves the 
regression problem by approximating the labor intensity function 
based on heterogeneous input data (structural, visual). The opti-
mization module, which uses the mathematical apparatus of Rein-
forcement Learning, solves the management problem by develop-
ing an optimal stochastic task allocation policy among performers, 
taking into account their individual competencies [14].  

The main task of the predictive module is to construct a func-
tion approximating the dependence of the complexity of a techno-
logical operation on the heterogeneous characteristics of the input 
data. Unlike classical regression models that operate exclusively 
with structured features, the proposed architecture implements a 
multimodal approach that allows for comprehensive data analysis 
of various types: structured tabular data and unstructured visual 
data (engineering graphics).  

The architecture of the module is a pipeline processing of data 
by several parallel processing branches, each of which is special-
ized in a specific type of data. The output representations of the 
data from each branch are combined (concatenated) and fed into a 
common block to form a final forecast. This multimodal approach 
marks a conceptual transition from the paradigm of manual feature 
engineering to the paradigm of automatic representation learning. 
In traditional methods of analysis, there is a semantic gap between 
a set of formal, easily measurable product parameters (weight, di-
mensions) and an abstract, difficult-to-formalize concept of its 
"technological complexity".  

An expert technologist tries to bridge this gap intuitively, 
based on his experience. The proposed architecture, in particular 
its convolutional branch, solves this problem systematically. Dur-
ing the learning process, a convolutional neural network inde-
pendently forms a hierarchical system of features, moving from 
low-level graphical primitives (lines, arcs) to complex structural 
elements (holes, edges, chamfers) and their spatial combinations 
(Fig. 2).  

Fig. 2. Data processing pipeline 

Mathematically, if the traditional model can be represented as 
a function described in formula (10), whose argument is a vector 
of structured parameters, then the proposed model is a function Φ 
of a data set that includes both a vector P and a tensor I represent-
ing visual data (for example, a raster image of a drawing): 

 𝑇௣௥௘ௗ ൌ Φሺ𝑃, 𝐼ሻ          ሺ11ሻ 
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This function Φ is implemented by a composition of functions 
corresponding to the elements of the architecture. The feature vec-
tors extracted by each branch are defined as: 

( ; )

( ; )

mlp mlp mlp

mlp mlp mlp

Ph

P





 
 h 

   (12) 

where 𝜑௠௟௣ и 𝜑௖௡௡– nonlinear functions implemented by MLP 
and CNN networks with sets of trainable parame-
ters Θ௠௟௣ и Θ௖௡௡ accordingly. The final forecast is formed based 
on a concatenated feature vector. ℎ௙௨௦௘ௗ, obtained by combining 
vectors from each branch: 

      ℎ௙௨௦௘ௗ ൌ ℎ௠௟௣ ⊕ ℎ௖௡௡                   (13) 

where ⊕ denotes a concatenation operation. This vector is fed to 
the input of the final block. 𝜑௛௘௔ௗ: 

 𝑇௣௥௘ௗ ൌ 𝜑௛௘௔ௗ൫ℎ௙௨௦௘ௗ; Θ௛௘௔ௗ൯      ሺ14ሻ 

The training of the predictive module is carried out within the 
framework of the Supervised Learning paradigm. A training sam-
ple is being formed D, consisting of N object-response pairs: 

 𝐷 ൌ ሼሺ𝑋௜, 𝑦௜ሻሽே
௜ୀଵ#    ሺ15ሻ 

௜where  𝑋௜ ൌ ሺ𝑃 , 𝐼௜ሻ – a multimodal description of the i-th techno-
logical operation, and yi=Ti is the corresponding actual labor in-
tensity value from historical data. 

Optimization of model parameters 

      𝛩 ൌ ൛𝛩௠௟௣, 𝛩௖௡௡, 𝛩௛௘௔ௗൟ#     ሺ16ሻ 

It is produced by minimizing the loss function L(Θ), which 
uses the root-mean-square error (Mean Squared Error, MSE): 

𝐿ሺΘሻ ൌ
1
𝑁

ே

෍ሺΦሺ𝑃௜, 𝐼௜ሻ െ 𝑇௜ሻଶ       
௜ୀଵ

  ሺ17ሻ 

Minimization is carried out iteratively using stochastic gradi-
ent descent methods, for example, the Adam algorithm. 

The optimization module solves the management problem, the 
purpose of which is to form an optimal work plan to minimize the 
final labor costs of the project. The task of forming such a plan is 
formalized in the form of the Markov Decision Process (MDP), 
which uses Reinforcement Learning (RL) to solve it. In this for-
mulation, the "virtual agent" is trained to make consistent deci-
sions on assigning performers to tasks [14, 15]. 

Markov's decision-making process (MDP) defined by a tuple 
ሺ𝑆, 𝐴, 𝑃, 𝑅, 𝛾ሻ where, respectively: 𝑆 is the state space, 𝐴 is the ac-
tion space, 𝑃 is the state transition function, 𝑅 is the reward func-
tion, 𝛾 is the discount factor. 

For each engineer ej, a competence vector Cj is introduced, 
characterizing his level of mastery of K key skills: 

 𝐶௝ ൌ ൣ𝑐௝ଵ, 𝑐௝ଶ, … , 𝑐௝௄൧#       ሺ18ሻ 

This vector is used to parameterize the reward function. The 
reward function is defined as the negative value of the predicted 
labor intensity obtained from the predictive module, which takes 
into account both the parameters of the task and the competence 
of the performer: 

 𝑅ሺ𝑠௧, 𝑎௧ሻ ൌ െΦ൫𝑃௞, 𝐼௞, 𝐶௝൯#     ሺ19ሻ 

where ሺ𝑃௞, 𝐼௞ሻ – multimodal task description 𝑗௞; Φ – neural net-
work function from the predictive module. 

The agent receives a higher reward for appointing a more com-
petent employee, since the predicted labor intensity (negative re-
muneration) will be lower (Fig. 3) [16]. 

Fig. 3. Interaction of the RL agent with the environment 

The purpose of the RL agent is to find the optimal pol-
icy. 𝜋∗ሺ𝑎 ∣ 𝑠ሻ, which assigns to each states an action a that max-
imizes the expected discounted amount of future rewards (re-
turn) 𝐺௧: 

௜ୀ଴

ஶ

 𝐺௧ ൌ ෍ 𝛾௜𝑅௧ା௜ାଵ          ሺ20ሻ 

Optimal policy π* is in the process of iterative interaction of 
the agent with the environment using algorithms such as Q-learn-
ing or its neural network analogues (Deep Q-Networks, DQN). As 
a result of the work of a trained agent, for a given initial state (the 
full pool of project tasks), a sequence of actions is generated that 
represents the optimal work allocation plan that minimizes the to-
tal projected labor costs. 

Conclusion 

In this paper, a study was conducted and a solution was pro-
posed to one of the most pressing tasks of modern mechanical en-
gineering – increasing the reliability of labor intensity estimates at 
the early stages of design and technological preparation of produc-
tion. The analysis showed that traditional approaches based on 
generalized calculations based on analogues demonstrate their in-
consistency in conditions of high uncertainty typical for reverse 
engineering and small-scale production projects. Their fundamen-
tal limitations, which consist in the a priori defined structure of the 
mathematical model, dependence on the subjective experience of 
an expert and inability to analyze primary design information, lead 
to significant errors in planning and, as a result, to economic costs. 

As an alternative, a neural network architecture is proposed, 
the methodological apparatus of which forms the core of this arti-
cle. The presented model is not just an improved forecasting tool, 



T-Comm Tом 19. #11-2025
56

CCOOMMPPUUTTEERR  SSCCIIEENNCCEE

but represents a conceptual shift in the approach to labor manage-
ment itself. The key scientific result is the development and for-
malization of a multimodal predictive module. For the first time, 
a mechanism has been proposed that allows for joint, synchronous 
analysis of heterogeneous data – structured tabular parameters and 
unstructured visual data (engineering graphics). This approach al-
lows us to move from indirect and often incomplete features 
(weight, dimensions) to a direct, objective analysis of the main 
labor–intensive factor – the complexity of the geometry of the 
product, extracting the relevant features automatically, without 
human intervention. 

The second significant element of the novelty is the integration 
of the predictive module with the optimization module, which op-
erates on the basis of Reinforcement Learning. This combination 
provides a transition from solving the passive regression problem 
(answering the question "how long will it take?") to solving the 
active management problem (answering the question "how to or-
ganize work to minimize time?"). The developed model does not 
just provide a forecast, but generates an optimal policy for distrib-
uting project tasks among performers, taking into account their in-
dividual competencies. This marks the transition from static ra-
tioning to dynamic, adaptive resource management in real time. 

The proposed architecture lays the theoretical foundation for 
the creation of intelligent decision support systems of a new gen-
eration. The practical significance of this approach lies in the po-
tential to significantly reduce the risks and costs of implementing 
import substitution projects, improve budgeting accuracy, and en-
sure more efficient use of human resources in design and technol-
ogy services. In a broader perspective, such systems are a neces-
sary step towards realizing the concept of a "Digital Twin" not 
only for the product, but also for the entire process of its develop-
ment and technological preparation. 

It should be noted that this work is primarily theoretical and 
methodological in nature. Further research should be aimed at 
practical verification and development of the proposed ideas. The 
primary task is the industrial testing of architecture on real datasets 
of machine-building enterprises in order to quantify the accuracy 
of forecasting and optimization efficiency. Subsequent scientific 
research can focus on expanding the functionality of the model, in 
particular, on detailing the forecast to the level of individual tech-
nological operations, as well as on exploring methods for integrat-
ing this system into the existing IT landscape of an enterprise 
(ERP, PDM, PLM systems). 
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Аннотация
В данной статье рассмотрены современные методы автоматизации и оптимизации производственных процессов при импортозамещении деталей
машин сельскохозяйственной техники. Разработан алгоритм на основе искусственного интеллекта, позволяющий оценить трудозатраты в
различных отраслях промышленности, таких как машиностроение, автомобилестроение и тракторостроение. Проведен анализ факторов,
влияющих на сложность и трудоемкость работы. Особое внимание уделяется оптимизации трудозатрат для сокращения времени выпуска
машиностроительных изделий, позволяющих повысить качество и эффективность производства отечественных аналогов деталей машин,
улучшает точность планирования ресурсов и сроков на этапах разработки и проектирования.

Ключевые слова: ИИ, machine parts, data processing methods, оптиматизация производственных процессов
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