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The problem of accurate labor cost estimation in manufacturing is com-
plicated by the challenge of preparing heterogeneous data (CAD models,
ERP data, textual technical requirements) for machine learning models.
This paper presents the architecture and implementation methods of a
software suite designed to automate the process of forming and version-
ing multimodal datasets. The methodology includes the implementation
of an ETL pipeline for extracting distributed data, as well as the applica-
tion of two Al software agents for intelligent data enrichment: a convolu-
tional neural network to calculate a geometric complexity index from
CAD models, and a large language model to extract structured techno-
logical parameters from textual descriptions. To ensure the reproducibil-
ity of research, a data version control system based on DVC and Git has
been implemented. The suite's functionality is demonstrated on model
examples of parts with varying complexity, showcasing its effectiveness in
automatically generating enriched, analysis-ready datasets. It is conclud-
ed that the proposed approach significantly reduces data preparation
labor, improves data quality and objectivity, and establishes a solid foun-
dation for building high-precision predictive models.
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Introduction

Improving the accuracy of estimating the complexity of design
and technological preparation of production is a necessary condi-
tion for ensuring the economic efficiency of machine-building en-
terprises. In conditions of small-scale production and when solv-
ing problems of reverse engineering, where there is no accumu-
lated statistics on analogues, a reliable forecast of labor costs in
the early stages determines the profitability of the project. The ap-
plication of modern methods of data analysis and machine learn-
ing to solve this problem is fraught with significant difficulties due
to the specifics of the source information [1, 2].

Production data is inherently heterogeneous and multimodal.
They include structured parameters from regulatory reference da-
tabases, semi-structured attribute information from PDM systems,
as well as unstructured data in the form of two-dimensional and
three-dimensional CAD models and text descriptions in techno-
logical maps. This information, as a rule, is distributed across iso-
lated enterprise information systems (ERP, PDM, MES), does not
have unified formats and direct logical connections, which forms
significant barriers to its automated processing and the construc-
tion of adequate mathematical models based on it [3, 4].

Historically, the task of preparing data for labor intensity as-
sessment systems has been solved through expert selection of the
dominant design and technological features. This process involved
the classification of parts, the formation of a list of potentially sig-
nificant parameters and their subsequent verification by interview-
ing process engineers. This approach is characterized by high la-
bor intensity, dependence on the qualifications and subjective ex-
perience of experts and, as a result, a low level of reproducibility
of the results. The lack of formalized procedures and software
tools made it impossible to systematize the process and ensure its
scalability.

Overcoming these limitations requires the development of a
specialized software package designed to automate procedures for
extracting, converting, intelligently enriching and uploading
(ETL) multimodal data. The functionality of such a complex
should ensure not only the aggregation of information from di-
verse sources, but also the implementation of versioning practices
that guarantee reproducibility and traceability of both the datasets
themselves and the models trained on them. The purpose of this
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work is to present the architectural principles and methods of soft-
ware implementation of such a complex, as well as to describe
approaches to intellectual data enrichment using modern Al tools
[4-6].

Materials and methods

The research methodology consists in the design and software
implementation of a modular complex designed to automate the
process of forming multimodal datasets. The main objective of
this complex is to perform sequential operations of extracting,
converting, and loading (ETL) distributed and heterogeneous en-
terprise data into a centralized, structured repository suitable for
subsequent analysis and training of machine learning models. The
architecture of the complex assumes sequential data processing,
starting from connection to primary sources and ending with the
creation of versioned, ready-to-use datasets.

The data typical for the production cycle of a machine-build-
ing enterprise act as the initial materials for the operation of the
complex. These materials differ fundamentally in their structure,
presentation formats, and sources of origin, which requires the use
of various methods for their extraction and processing. Their con-
ditional classification, as well as the problems solved by the soft-
ware package at the processing stage, are presented in Table 1.

The software package is based on a modular architecture im-
plemented using the Python programming language and related li-
braries for data processing and machine learning. This architecture
includes a layer of data extraction (connectors), a layer of data
transformation and enrichment (transformers), and a layer of load-
ing and versioning (loaders). This work focuses on the first two
layers responsible for the formation of the primary, enriched da-
taset [7].

At the first stage of the complex's operation, a data extraction
layer functions, implemented as a set of software connectors. To
access structured data from ERP and MES systems, standard li-
braries such as pyodbc and psycopg?2 are used, allowing direct
SQL queries to databases. Semi-structured data is extracted from
PDM systems via HTTP requests to their REST API, followed by
parsing responses in JSON or XML formats. This approach allows
you to automatically aggregate disparate information into a single
intermediate storage area [8, 9].

Table 1

Classification and characterization of the source data

normalization archives

Data type A source Format Examples The main problem
of information for processing is
Structured ERP, MES-systems, | SQL tables, CSV Nomenclature part number, oper- | The absence of direct links (keys)

ational time standards, techno-
logical operation code

with design data in PDM systems.

Semi-structured | PDM/PLM systems

internal database formats

API requests, XML/JSON,

Inconsistent attribute naming; pro-
grammatic restrictions on data access
via the APL

Part name, material grade, type
of workpiece, main overall
dimensions, applicability

KB and TB archives, | Vector

file storage

Unstructured (DWG,

DOCX)

STEP),
Raster (TIFF), Text (PDF,

The information is implicit and re-
quires the use of computer vision and
natural language processing tech-
niques to extract it.

Geometry and topology of the
part, special technical require-
ments, descriptions of operations

—
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This automated approach to information collection is a direct
development of historically established practices where this step
was performed manually. Within the framework of the classical
approach, an expert analysis of a limited sample of drawings and
technological maps was performed in order to manually generate
a table of features for the subsequent construction of a regression
model. The software implementation of connectors makes it pos-
sible to completely eliminate the subjective factor and time-con-
suming manual operations from the process of collecting primary
information, ensuring the completeness and objectivity of the
source data.

Since the original geometry of the part, containing information
about its complexity, is represented in vector formats (DWG,
STEP), transformation is required for its use in deep learning mod-
els (Fig. 1).

ERP Extraction
module
POM
Intermediate
PLM storage
Archive

Fig. 1. Diagram of the operation of the data extraction and primary
transformation module

The diagram shows the data flows:

1) tables with time standards are extracted from the ERP sys-
tem.;

2) The attributes of the parts are extracted from the PDM/PLM
system via the API,

3) CAD files re extracted from the file archive.

All streams are sent to the central block "Extraction and Trans-
formation Module", at the output of which an intermediate storage
is formed containing ID-related parts of SQL tables with metadata
and a folder with rasterized images of drawings.

Next to the primary data extraction is their intellectual enrich-
ment. The purpose of this stage is to transform implicit infor-
mation hidden in unstructured formats into explicit, quantitative
features that can be directly used by machine learning models.
This process replaces traditional manual analysis and subjective
expert assessment with automated, reproducible procedures per-
formed by software agents based on artificial intelligence models.
The complex includes two independent agents, each of which spe-
cializes in its own type of data modality: visual and textual [10-12].

The first software agent, the Geometric Complexity Estimator,
is designed to obtain a quantitative metric that characterizes the
topological and geometric complexity of a part. The agent uses
rasterized CAD model images obtained at the previous stage as
input data. The agent is based on a convolutional neural network
(CNN) of the ResNet-50 architecture, pre-trained on a large-scale

image dataset. The network is used in feature extraction mode: the
input image is converted into a high-dimensional vector represen-
tation (embedding) extracted from the penultimate fully connected
layer of the network. This vector accumulates generalized charac-
teristics of the shape and structure of an object, invariant to its
position and scale [13-14].

The resulting vector of high-dimensional features is not used
directly. To obtain a final scalar estimate of complexity, the dimen-
sionality reduction method is used. Embedding goes to the input
of a small fully connected neural perceptron (MLP), consisting of
two hidden layers and one output neuron with a linear activation
function. In the process of pre—training this MLP (using a sample
marked up by experts or using indirect metrics such as the number
of structural elements), it learns to display a multidimensional fea-
ture vector into a single number - the "geometric complexity in-
dex". This index is added as a new feature to the dataset for each
detail.

The second software agent, the LLM parser of technological
requirements, solves the problem of extracting structured data
from unstructured text fields, such as notes on drawings or de-
scriptions of operations in technological maps. The agent is built
on the basis of a large language model (LLM) operating in the
"instrumental agent" mode. An engineering prompt is generated
for the model, which contains clear instructions: analyze the input
text from the perspective of a process engineer and extract a pre-
defined set of entities (for example, roughness requirements, ac-
curacy standards, special tolerances) [15].

A special feature of the implementation is the requirement for
the model to return the result in a strictly defined JSON format
(JavaScript Object Notation). This is achieved by including exam-
ples (few-shot prompting) in the prompt and explicitly specifying
the JSON schema. This approach ensures reliable machine parsing
of the result and its subsequent integration into a structured data-
base. The agent's work allows for the automatic digitization and sys-
tematization of critical technological information, which in tradi-
tional approaches was either ignored or required manual analysis.
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Fig. 2. Architecture of the intelligent data enrichment module

The diagram in Figure 2 illustrates two parallel streams.
Stream 1: Rasterized images from the "Intermediate Storage" are
sent to the "Agent 1: Geometric Complexity Evaluator
(CNN+MLP)" block, at the output of which a "Geometric Com-
plexity Index" is generated. Stream 2: Text data from technologi-
cal maps is sent to the "Agent 2: LLM parser" block, at the output
of which a "Structured JSON with technological parameters" is
formed. Both results are sent to the "Aggregation Module" block,
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which combines them with data from ERP and PDM, forming an
"Enriched Detail Record" [16].

Upon completion of the agents, the enriched data is aggregated
and uploaded to the target storage. At this stage, the DVC (Data
Version Control) data version control system is used, integrated
with the Git code version control system. Each ETL pipeline
launch that results in a change in the dataset is recorded. DVC
stores checksums (hashes) of data files, while Git stores small text
meta files indicating a specific version of the data. This mecha-
nism ensures full reproducibility of any experiment: having access
to the Git repository, you can at any time restore the exact version
of the code and the corresponding dataset on which a particular
model was trained or tested.

The final result of the software package is the creation of a
versioned, multimodal dataset, presented in the form of a rela-
tional metadata table and an associated repository of binary arti-
facts. This structure is fully prepared for use in training cycles and
evaluation of labor intensity forecasting models, ensuring high-
quality source data and transparency of the research process.

Results and discussion

To test and demonstrate the functionality of the developed soft-
ware package, a computational experiment was conducted on a set
of model examples simulating real production data. Three parts
representing different classes of design and technological com-
plexity were selected: "Smooth bushing” (simple), "Straight-tooth
gear" (medium complexity) and "Gearbox housing" (complex).
The initial information on each part was distributed among
sources simulating industrial information systems (ERP, PDM,
KB archive)[16].

At the first stage of the complex's operation, the extraction and
transformation module successfully aggregated attribute data and
rasterized CAD models. The resulting bitmap images and text
fields were transferred to the input of the intellectual enrichment
module. The summary results of the work of Al software agents
on data enrichment for all three details are presented in Table 2.

The analysis of the results presented in the table allows you to
make several conclusions. First, the "Geometric Complexity Eval-
uator" demonstrated the ability to adequately differentiate details.
The index generated by him increases monotonously from a sim-
ple "body of rotation" type part to a complex body part, which
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corresponds to engineering intuition. This quantitative feature, ob-
tained completely automatically from visual data, is an objective
measure that replaces subjective expert assessments of complexity.

Secondly, the "LLM parser of technological requirements" has
shown high efficiency in extracting structured information from
an informal text. The agent correctly identified and extracted nu-
merical values of accuracy qualities and roughness parameters, as
well as highlighted the presence of additional technological re-
quirements. It is important to note that the model has successfully
coped with the variability of formulations, which demonstrates its
flexibility compared to traditional parsing methods based on reg-
ular expressions [17].

The final result of the complex's work is the formation of en-
riched, versioned records in the target dataset. For each part, all
extracted and generated features were aggregated into a single rec-
ord associated with the primary key. The download process was
recorded by the DVC versioning system, which ensures full trace-
ability and reproducibility. This approach allows us to accumulate
high-quality, verified data, forming a reliable foundation for the
subsequent training of high-precision labor intensity forecasting
models [18-19].

During the discussion of the results, it should be recognized
that the testing of the software package using model examples,
although it demonstrates its fundamental operability, does not
cover the full range of problems associated with full-scale indus-
trial implementation. The transition from a controlled environ-
ment to working with real production archives numbering tens of
thousands of items will require solving the problems of scaling
ETL processes and ensuring their fault tolerance. Special attention
should be paid to the development of mechanisms for processing
"noisy" and incomplete data: CAD models made with deviations
from ESCD standards, scanned drawings of poor quality and tech-
nological descriptions with variable terminology. Therefore, a
promising area for further work is the development and integration
into the complex of an additional validation module that imple-
ments the concept of "human-in-the-loop". This module will allow
the process engineer to verify the results of the work of Al agents,
correct abnormal emissions and form a feedback loop for their fur-
ther training and adaptation to the specifics of the data of a partic-
ular enterprise.

Table 2

Summary results of the work of Al agents on data enrichment for various types of parts

Part (ID) Input data (Text from notes) Agent 1's result | Agent 2 Result (LLM) (Extracted by tech.

(geom index. parameters in JSON format)
difficulties)

The sleeve "Turning of the outer and inner and end surfaces. Accuracy ac- 12.5 {"accuracy grade": {"IT": 11},

is smooth cording to IT11. Roughness Ra 6.3." "surface_roughness":

TUE-40-120- {"Ra": 6.3},

CHAPTER "extra_operations": null

The gear "Op. 025 Zubofrezernaya. Module m=8. To ensure the accuracy 68.7 {"accuracy grade": {"IT": 8},"surface rough-

is straight- | of the 8th grade (IT8). The roughness of the working surfaces ness": {"Ra": 1.6},"extra_operations": ["HDTV

toothed of the teeth is no more than Ra 1.6. Carry out heat treatment: hardening "]

SP-08-15-40 | “HDPE hardening”

Gearbox "Milling of support planes and drilling of mounting holes. Bor- 89.1 {"accuracy grade": {"H": 7},"surface rough-

housing ing of seats for bearings with H7 tolerance. Control of the cen- ness": {"Ra": 1.25},"extra_operations": ["cen-

KR-05-250 | terline distance. Roughness of the landing surfaces Ra 1.25." ter-to-center distance control"]}

—
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Conclusion

This paper presents methods for software implementation of a
complex that solves the urgent problem of automated generation
and versioning of multimodal datasets for tasks of labor intensity
assessment in mechanical engineering. The conducted research
has shown that traditional manual approaches to data preparation
are characterized by high labor intensity, subjectivity and lack of
reproducibility, which is a significant barrier to the effective ap-
plication of modern machine learning methods.

The main result is the demonstrated functionality of the soft-
ware package, which successfully automates the full cycle of the
ETL process: from extracting heterogenecous data from simulated
industrial sources to uploading them to versioned storage. The
novelty in the proposed solution is the use of two software Al
agents for intelligent data enrichment. The CNN-based Geometric
complexity estimator made it possible to transform unstructured
visual data into an objective quantitative feature, while the LLM
parser effectively extracted structured technological information
from non-formalized text descriptions. These methods make it
possible to move from manual feature design to the paradigm of
automatic representation learning.

The practical significance of the presented results lies in the
possibility of drastically reducing the time spent on data prepara-
tion and improving their quality by extracting previously unavail-
able implicit information. The implementation of the DVC ver-
sioning system ensures full transparency and reproducibility of ex-
periments, which is a prerequisite for building reliable MLOps so-
lutions in an industrial environment. Further development of this
area is associated with the transition to direct analysis of three-
dimensional models using graph neural networks and the expan-
sion of the functionality of LLM agents for data validation and
purification tasks.
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AHHOTauusa

MpobnemMa TOUHOM OLIEHKM TPYAOEMKOCTM B MALLMHOCTPOEHUM COMPAXKEHA CO CIIOKHOCTLIO MOATOTOBKM reteporeHHbix gaHHbix (CAMP-mMogenu,
ERP-gaHHble, TekcTOBble TeXHOMormyeckue TpeboBaHvs) Ans Mogenen MaluMHHOro obyyeHws. B ctatbe npeacTaBneHa apxuTekTypa U MeToApl
peanusaumMu NporpaMMHOro KOMIJIEKCa, MpeAHa3Ha4eHHOro JAns aBTOMaTM3auuu npouecca (POPMUPOBAHUA U  BEPCUOHUPOBAHUA
My/bTUMOZASbHbIX HABOPOB AaHHbIX. MeToponorus Bkntovaet peanusaumto ETL-nainnaita A4na u3BneyYeHus pacripefenerHbIX AaHHbIX, a TakkKe
NpUMeHeHne AByX nporpaMMHbix MI-areHToB 451s Ux MHTENIEKTyanbHOro o6oralleHuns: CBEpTO4HOM HEMPOHHOM CETU AJ1A BbIYUCIEHUA UHAEKCA
reoMeTpuyeckoit cnoxHoctu us CATlP-Mopeneit u 6Gonbluoi A3bIKOBOM MOAENWU ANA W3BMEYEHUA CTPYKTYPUPOBAHHbBIX TEXHOMOTMYECKUX
NnapaMeTpoB U3 TEKCTOBbIX OnuUCcaHun. p'l'lﬂ obecneveHus BOCMNpOM3BOAUMOCTU VICCJ'Iep,OBaHVIVI BHeJpeHa CUMCTeMa BEPCUOHUPOBAHUA AaHHbIX Ha
ocHoee DVC u Git. DyHKUMOHAN KOMMMIEKca NPOAEMOHCTPUPOBAH Ha MOZEbHbIX MPUMepax AeTaneil pasfiMyHOM CIIOXKHOCTM, MOKasaHa ero
3¢ PeKTMBHOCTb B aBTOMAaTM4eCKOM (POPMUPOBaHUM OBOraLLeHHbIX, FOTOBbIX K MCMOJIb30BaHMIO JaTaceToB. [lenaercs BbIBOA, YTO NpeAoKeHHbI
NOAXOZ, CyLLECTBEHHO COKPALLAET TPYA03aTPaThl Ha MOATOTOBKY AaHHbIX, MOBbILLAET UX KAYECTBO U OBLEKTUBHOCTL, OPMUPYS HAZEKHYIO OCHOBY
AJ1 MOCTPOEHMSA BbICOKOTOYHbIX MPEANKTUBHBIX MOAENEN.

Knioueebie cnoea: ouenka mpydoemkocmu, nod2omoeka OAHHbIX, My/lbmumoOdsibHble OAdHHblE, MAWUHHOE 0byyeHue, NPOo2PAMMHBLIL KOMNIIEKC,
8epcuoHuUposaHue 0aHHbIX, bosbuue A3bikosbie modenu (LLM), mawuHocmpoerue.
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