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Abstract

The object of the study is the technical condition of the exterior brick walls of buildings. To solve the problem of
determining their overall technical condition, a model based on a hybrid approach that combines the interpretability of fuzzy
logic and the learnability of neural networks is proposed.

A neuro-fuzzy network with five layers and six fuzzy inference rules has been developed. The technical condition of the
exterior walls is determined based on 12 diagnostic indicators. A training dataset of 100 facades was formed by analyzing data
from 20 real buildings. Class weighting factors were used to eliminate class imbalance during training. The software
implementation was carried out in the VS Code environment in Python using the TensorFlow and Keras libraries.

The accuracy of the model on the test dataset reached 80-88% (depending on weight initialization), while prediction
confidence ranged from 0.80 to 0.99. The accuracy is 4-8 percentage points higher than that of the Random Forest and
AutoGluon machine learning models trained on the same data. When tested on two real buildings that were not included in the
training dataset, the predicted technical condition categories fully coincided with expert opinions. In borderline cases,
prediction confidence decreased to 0.65-0.72. For the first time, neuro-fuzzy logic has been adapted to the diagnosis of brick
walls, thereby combining the interpretability of fuzzy rules with the learnability of neural networks and minimizing the
subjectivity of expert assessments.

Keywords: brick walls, technical condition, model, neuro-fuzzy networks, decision support system, diagnostics.
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AHHOTanus

OOBEKTOM HCC/Ie/I0BaHUs SB/ISIETCS TEXHUUECKOe COCTOSIHME HapY’>KHbIX KUPIIMYHBIX CTeH 37jaHui. [IJ1s pellieHus 3afiauut
orpefie/ieHUss MX OOIIero TeXHUUYECKOro COCTOSHMSL TIpefjIoKeHa MOfesb, WCIOJb3yollas TUOpUAHBIA  ToAXo[,
00beIUHSIONINI UHTEPIPETUPYEMOCTb HEUETKOM JIOTUKHU M 00y4aeMOCTh HEMPOHHBIX CeTe.

Pa3paboTaHa HeHpo-HeueTKass CeTb C MATHIO CJIOSMH W LIeCTbIO TIpaBWIaMH HEUYeTKOro BbiBoga. OrmpezeneHue
TEeXHUUYECKOTO COCTOSIHMSI Hapy)KHBIX CTeH BBITIOJHSIETCS Ha OCHOBaHMM 12 guarHoctryeckux npusHakoB. CdopmupoBaHa
obyuarorrast Boibopka u3 100 dacasoB Ha ocHOBe aHasm3a JaHHBIX 20 pea/bHBIX 00BEKTOB. [lyist ycTpaHeHus AvicbanaHca
K/1aCCOB Mpu 06yueHUM NMPUMEHSTUCh BeCOBbIe K03 uLeHThl. [IporpaMMHast peasm3ariyis BeiriosiHeHa B cpefie VS Code Ha
s3pike Python c ucronp3oBanvem 6ubmorek TensorFlow u Keras.

TouHOCTh MoOZienn Ha TecToBOI BbIOOpKe Aocturia 80-88% (B 3aBUCMMOCTH OT MHHLMAIM3alMM BECOB), YBEPEHHOCTh
nporHo3a cocraBuia 0.80-0.99. TouHoCTh Ha 4—8 MPOLIEHTHBIX MyHKTA BhIIIE, YeM Y Mo/iesiel MalMHHOTro 00y4yeHust Random
Forest 1 AutoGluon, oOyueHHbIX Ha TeX >e [aHHbIX. [IpU TIpOBEpPKe Ha /[BYX peasibHbIX 3/IaHHSX, HE BXOJAWBIINX B
obyuaromlyto BBIOODKY, TIpe/icKa3aHHble KaTeropud TeXHUYeCKOTO COCTOSIHMSL TIOJTHOCTBIO COBMAMM C 3KCIIE€PTHBIMH
3aK/II0YeHUsIMU. B rorpaHrnyHBIX C/Tydyasix yBEpEeHHOCTh ITPOTHO3a CHIKanach 7o 0.65—0.72. BriepBble Helipo-HeueTKast JIOrMKa
a/lanTHPOBaHa A/ AUArHOCTUKU KUPIUYHBIX CTeH, UTO 00ecreunBaeT COYeTaHHe WHTEPIPETUPYEMOCTH HEeUeTKHUX MPaBUII C
06yuaeMOCTBIO HEMPOHHBIX CETeH U MO3BOJISIeT MUHUMU3UPOBATh CYOBEKTUBHOCTD SKCIIEPTHBIX OLIEHOK.

KimoueBble c10Ba: KUPIUUHbIE CTeHbI, TEXHUYECKOE COCTOSIHWE, MO/e/b, Helpo-HeueTKUe CeTH, CUCTeMa MOAJEepP KU
TIPUHSATUS pellleHuH, JUarHOCTHKa.

Introduction

Evaluating the technical condition of building structures remains a challenging engineering task with direct implications
for structural safety. The primary indicator used to quantify the level of structural risk is the category of technical condition.
Currently, this category is assigned predominantly through expert evaluation. Accurate classification requires simultaneous

1


https://doi.org/10.60797/IRJ.2026.170.118
https://elibrary.ru/BBPPVO
https://creativecommons.org/licenses/by/4.0/deed.en

International Research Journal = Ne 8 (170) = August © Authors of the article / Authors of the article

consideration of multiple interdependent parameters, solid professional expertise, and extensive practical experience gained
during inspections.

These challenges have stimulated increasing attention to decision-support approaches. In recent years, decision support
systems (DSS) that incorporate artificial intelligence methods have gained significant traction. As noted by A.R. Hairudin and
et al., traditional methods for assessing the condition of structures and buildings are time-consuming, subjective, and poorly
scalable, whereas machine learning opens up opportunities for automation and improved diagnostic accuracy [4]. The
implementation of such systems in practice will not only solve the identified problems, but also become an indispensable tool
for both novice and experienced experts. Automated diagnostic systems and decision-support platforms have already been
successfully applied in numerous other engineering fields, thereby demonstrating the practical viability of the concept. A
complete DSS typically comprises an interactive user interface, data storage modules, and a set of regulatory or normative
constraints. While the long-term objective is the development of a comprehensive decision-support system, the present study
concentrates on constructing a novel model that constitutes its core analytical component.

Fuzzy logic is an effective, accurate and interpretable method for formalizing expert knowledge and dealing with
uncertainty in construction diagnostics. For example, Lendo-Siwicka M. et al. proposed a method for assessing the technical
condition of historic buildings (architectural monuments) based on fuzzy logic. The authors emphasize that expert evaluations
collected during inspections tend to be formulated with a degree of vagueness. By applying fuzzy inference, these qualitative
statements can be formalized, which helps to diminish their subjective impact. Assessments of the technical condition of
individual building elements — including the underground part, load-bearing walls, floors, roof and other components — were
taken as input variables, whereas an integral indicator characterizing the condition of the building as a whole constituted the
output. A total of 125 rules underpinned the diagnostic process. The proposed technique was examined on five historic
buildings situated in Warsaw. The authors emphasize that continued accumulation of assessments generated by this method
will allow the formation of a knowledge base intended for the subsequent application of neural networks in forecasting [11].

Earlier, G.G. Kashevarova and Yu.L. Tonkov developed a mathematical model based on fuzzy set theory and fuzzy logic to
assign a technical condition category to building structures. The model calculates a crisp value of the condition category
(normative, serviceable, limited-serviceable, emergency) of flexural reinforced concrete structures (beams, slabs) based on
fuzzy linguistic evaluations of parameters (crack width, concrete strength, etc.). The system processes more than 90 controlled
parameters using more than 5,000 rules in a fuzzy knowledge base and individual membership functions for each parameter
[7]. However, fuzzy systems are difficult to develop and extend because the design of rule bases and membership functions is
labour-intensive, depends heavily on expert input, and may introduce subjective bias.

Alongside the further development of fuzzy logic, machine-learning approaches such as artificial neural networks,
Random Forest algorithms, and other techniques based on learning from accumulated data have gained increasing attention.
The key advantage of these methods lies in the ability to self-learn and identify complex, non-obvious patterns directly from
large amounts of heterogeneous data, which is especially valuable under multifactor and uncertain conditions inherent in the
assessment of technical condition. For example, in recent studies by H. Begi¢ Juri¢i¢ and H. Krsti¢ the authors proposed the
use of machine learning methods for a comprehensive assessment of the condition of school buildings. The model used 7 input
parameters, including: the age of the building, the history of repairs, and the technical condition of its main structural elements
(doors, windows, exterior walls, roof, roofing, and floor). The output variable was the predicted overall condition rating of the
building [1]. In another study, L. Chomacki et al. used artificial intelligence to assess the risk of damage to masonry buildings
during underground mining using a naive Bayes classifier and Bayesian networks. The input data included 26 parameters:
geometric and structural parameters of buildings, year of construction, technical condition, impacts from mining, etc. At the
output, one of four possible categories of risk of damage to the building was determined [3]. S. Wang et al. proposed using a
machine learning method to assess the safety of buildings and structures. The proposed multilevel cascade system first
classifies damage images and then performs their precise pixel segmentation. Then, based on the extracted parameters, the
safety level is determined using the Random Forest model. The paper considered 7 key parameters: the type of material, the
number of cracks, the total length of the cracks, the maximum crack width, the delaminated area, the orientation of the crack,
and the presence of exposed reinforcement [16]. It should be noted that machine learning is most often used in the
development of DSS to determine the technical condition of building structures and buildings, while there are no studies aimed
at assessing the technical condition of exterior brick walls based on existing defects and strength characteristics of materials.

Although a considerable body of work has examined fuzzy-logic and machine-learning techniques for evaluating the
technical condition of building structures — particularly brick masonry — several practical shortcomings persist. First, expert
judgments remain subjective and often inconsistent because a unified, standardized set of diagnostic indicators is lacking;
consequently, inspection results obtained at different times or by different specialists are difficult to compare on a common
scale. Secondly, machine learning-based methods can demonstrate high accuracy, but lack sufficient interpretability for
engineering solutions. At the same time, approaches based only on expert rules are limited in scalability and flexibility when
dealing with new types of defects or materials. Thirdly, there are no specialized solutions for brickwork. Most of the existing
studies have been performed either not for brickwork, or use input parameters that do not include its strength characteristics,
which are equally important in determining the technical condition.

These difficulties require the search for new solutions capable of providing both high accuracy, transparency and
reproducibility of the results. A practical way to address these limitations is to employ neuro-fuzzy models, which integrate
fuzzy inference with the learning capability of neural networks. This approach makes it possible to formalize expert knowledge
in the form of fuzzy rules, while providing automatic adjustment of the parameters of these rules based on empirical data. This
creates the prerequisites for automating the decision-making process based on the inspection results, minimizing the influence
of subjective factors and increasing the reliability of expert opinions, which is confirmed by available research. For example, in
the study by A. Baghdadi et al., the effectiveness of the adaptive neuro-fuzzy inference system (ANFIS) in determining the
strength of concrete beams was demonstrated. The authors also emphasize that ANFIS shows high stability of results, while the
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classical neural network yields chaotic errors when repeating the same task [2]. In another study, Y. Peng and H. Gao
developed models for predicting the bearing capacity of driven piles using machine learning methods and the ANFIS. The
results of the study showed that ANFIS is superior to machine learning methods [12]. In a study by R. Trach et al. [15], a
hybrid approach based on fuzzy logic and neural networks demonstrated high efficiency in assessing the condition of
engineering structures, namely bridges, ensuring accuracy and interpretability. Considering this, a similar approach is proposed
in this paper for the diagnosis of brick walls.

The study addresses the assessment of exterior brick masonry walls. It seeks to develop a neuro-fuzzy model for
classifying their technical condition from inspection-based data.

The work includes the following stages:

+ compiling a dataset from inspection reports for existing buildings;

* developing and training a neuro-fuzzy inference model;

+ comparing its performance with that of previously developed machine-learning models on the same dataset;

« validating the model using inspection data for two buildings that were not included in training.

Research methods and principles

The input variables describing the technical condition of the exterior brick wall are 12 diagnostic indicators: damage to the
protective and finishing layers, the length of cracks, the width of crack openings, the presence of moistened wall sections, the
condition of horizontal waterproofing, the deviation of the wall masonry from the vertical, the presence of cracks at the
intersection of longitudinal and transverse walls, the amount of reduction in the cross-section of the brick masonry, the strength
of the masonry, the amount of reduction in the bearing capacity of the masonry, damage to the masonry of the support units,
damage to the lintels. The training dataset was manually compiled from technical inspection reports for 20 buildings. To
increase the number of observations and obtain facade-level assessments, each facade was treated as an independent diagnostic
unit. As a result, a dataset of 100 facades was formed, which is available in the Zenodo open repository [9].

When processing the technical condition reports, factors that negatively affect the training of models were identified. The
main one was the imbalance of classes: serviceable and limited-serviceable conditions prevail over standard and emergency
conditions. In such conditions, the error rate alone cannot serve as an objective measure of classification quality, since the
model, striving to minimize the average error, will ignore rare classes and predict the most frequent one. To solve this problem,
class weights were introduced, providing a greater penalty for errors in rare classes compared to frequent ones.

The analysis of the training sample showed that the distribution of input variables is heterogeneous and disparate, and the
relationship between them and the final category of technical condition has a complex nonlinear character. It is difficult to
identify such dependencies using traditional statistical methods, which confirms the expediency of using approaches based on
intelligent systems.

Before training the model, the collected data were preprocessed. At the first stage, normalization was carried out, which
means bringing all feature values to a single range from 0 to 1 to eliminate the influence of their scale. The data were then
randomly divided into training (75%) and test (25%) samples. An additional 15% of the training sample was allocated for fine-
tuning the model parameters as a validation set.

The neuro-fuzzy-logic-based program was implemented in the Visual Studio Code (VS Code) development environment in
the Python programming language using the TensorFlow library version 2.19.0 and the built-in Keras API version 3.10.0,
which provides ready-made tools for building and training deep learning models.

When evaluating the models, accuracy was determined — the proportion of correctly classified examples, the value of the
loss function, and confidence in the prediction — the maximum probability of the predicted class.

Main results

A neuro-fuzzy network (NFN) was selected to implement the proposed approach because it enables fuzzy rules to be
adjusted using data from field inspections. The NFN is a five-layer feedforward network, similar to ANFIS (adaptive network
based on a fuzzy inference system), but adapted to work with 12 input parameters. This approach enabled the number of
membership functions and fuzzy rules to be configured more flexibly than in a conventional ANFIS implementation. For a
problem with 12 input variables, direct ANFIS construction may lead to a rapid growth in the number of rules [6]. The NFN
architecture, adapted to solve the problem, is shown in Figure 1.


https://creativecommons.org/licenses/by/4.0/deed.en

International Research Journal = Ne 8 (170) = August © Authors of the article / Authors of the article

Y

Output value:
Technical condition
category

‘ Layer 1 | Layer 2 ‘ Layer 3 ‘ Layer & Layer 5

Figure 1 - Architecture of a neuro-fuzzy network
DOI: https://doi.org/10.60797/IRJ.2026.170.118.1

At the first layer, crisp input values are converted into membership degrees for the selected fuzzy sets. The initial data are
used to define the input ranges and preliminary membership-function parameters. The second layer combines the relevant
membership degrees to obtain the firing strength of each fuzzy rule. The third layer normalizes these strengths, thereby
expressing the relative weight of every rule in the final inference result. Each node of this layer corresponds to one rule.

The fourth layer calculates the consequent of each Takagi-Sugeno rule as a linear function of the input variables [14]. The
contribution of each consequent is weighted by the normalized firing strength of the corresponding rule. At this stage, all the
parameters are adjusted during the training process.

The fifth layer contains a single node that calculates the final crisp value by summing the results of all the rules of the
previous layer. The resulting output value of Y represents a crisp quantitative assessment of the technical condition. On its
basis, defuzzification is performed, that is, the transformation into a linguistic variable in the form of a category of technical
condition.

Thus, the applied architecture of the NFN allows the model to automatically adjust both the parameters of the membership
functions and the weights of the rules, which ensures high interpretability and accuracy. Unlike the machine-learning methods
considered in the review, the proposed model retains interpretability because its fuzzy rules can be extracted and analyzed by
an expert.

It achieved accuracies of 99% and 95% for the training and validation datasets, respectively. The final accuracy on the
independent test dataset ranged from 80 to 88%, depending on the random initialization of the weights. The model's confidence
in the prediction varies from 0.8 to 0.99 and only in rare borderline cases decreases to 0.6 with a general range from O to 1.

To conduct a comparative analysis on the same dataset, the models described in detail in [8] and implementing machine
learning methods, namely Random Forest and AutoGluon, were used. A comparison of the results obtained in the test sample is
presented in Table 1.

Table 1 - Accuracy on the test set
DOT: https://doi.org/10.60797/IRJ.2026.170.118.2

Model Accuracy on the test set, % Prediction confidence
Random Forest 70 t0 76 0.6 to 0.86, rarely decreased to
0.48
AutoGluon 76 to 80 0.6 to 0.9, rarely decreased to 0.45
Neuro-fuzzy logic 80 to 88 0.80 to 0.99, rzg%ly decreased to

The experiment conducted on a single dataset demonstrates that a hybrid approach based on neuro-fuzzy logic provides
higher classification accuracy and generates significantly more confident predictions, which is critically important for
diagnostic and decision support tasks.

A comparison of the results obtained with data from other researchers, which were also obtained on limited sets of initial
data, confirms that the achieved accuracy is acceptable for the tasks of preliminary assessment of technical condition. Thus, in
the study by H. Begi¢ Juri¢i¢ and H. Krsti¢ the accuracy of determining the technical condition of school buildings using
artificial neural networks in the test sample reached 94%, and in the new data it decreased to 79.9% with the initial sample of
166 examples [1]. In the article by L. Chomacki et al., two models for assessing the risk of damage to masonry buildings
during underground mining were trained on 594 examples (inspection data). In the test sample, the naive Bayes classifier
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showed an accuracy of 75.86%, and the Bayesian networks showed an accuracy of 87.07% [3]. Despite the fact that some of
these methods show comparable or higher accuracy, they are inferior to the proposed model in interpretability, and also require
a significantly larger amount of training data.

Note that in the study [16], when assessing the safety of buildings, Random Forest showed an accuracy of 87% with 7
input parameters, in our work it showed an accuracy of 70-76% with 12 input parameters. This difference is primarily due to
the difference in the training samples, as well as the larger number of factors taken into account in our task, which significantly
complicates the classification. In this regard, a direct comparison of our results with those of [16] is not entirely correct, but
even with this in mind, the difference in accuracy of about 11% is not critical, given the difference in the complexity of the
tasks and the increase in the number of input parameters by more than one and a half times.

To confirm the practical applicability and operability of the developed model, an additional test was carried out on two real
buildings that were not included in the training and test samples: a three-storey brick building in Moscow (Russia) and a four-
storey brick building in Saint Petersburg (Russia). Three facades were considered for each object, as no damage was detected
on the other facades during the inspections. Technical inspection reports for both buildings, together with completed tabular
forms containing the examination results for their exterior brick masonry walls, are available in the Zenodo open repository
and were used as input data for the proposed neuro-fuzzy model [10].

Table 2 shows a comparison of the diagnostic results of the technical condition of exterior brick walls obtained using the
developed model with the categories of condition determined during the field survey.

Table 2 - Comparison of predicted and actual categories of technical condition of facades
DOI: https://doi.org/10.60797/IRJ.2026.170.118.3

Technical condition category

FExamined Facad Confidence for class _ Actual
facility acade axes Predicted category
1 2 3 4 category |according to
inspection
Three-storey|  AK 0.000 0.123 0.876 0.001
brick K-A 0.001 0.098 0.898 0.002 o o
building 2-1 0.008 0.079 0.903 0010 | Limited | Limited
serviceable | serviceable
Four-storey | 17K-A 0.007 0.009 0.982 0.002
brick A/1-20 0.001 0.277 0.721 0.001
building [/20-4 0.138 0.654 0.202 0.006 | Serviceable | Serviceable

The analysis of the results presented in the comparative table confirms the operability of the developed model for
determining the technical condition of the exterior walls of brick buildings. On all six facades, the category predicted by the
model completely coincided with the experts conclusions. In four cases, the model's confidence in the correct prediction
exceeded 0.85, which indicates the high reliability of the proposed approach.

The lower confidence in the diagnosis of facades along the axes A/1-20 (0.721) and G/20-4 (0.654) is explained by two
factors. Firstly, the technical condition of these facades is characterized by the borderline values of accumulated defects, which
complicates the unambiguous classification. Secondly, when forming the training sample, the results of field surveys were
used, in which there was some variability in the conclusions of different experts for similar borderline cases.

Conclusion

This study aimed to develop a neuro-fuzzy model for assigning technical-condition categories to exterior brick masonry
walls on the basis of inspection data in order to support decision-making, reduce subjectivity, and improve the comparability of
the obtained results. The main results and conclusions are as follows:

1. A model based on a hybrid approach combining artificial neural networks and fuzzy logic has been developed to
determine the technical condition of the exterior walls of brick buildings. Its effectiveness has been empirically demonstrated:
the accuracy on an independent test dataset ranged from 80% to 88%, which is 4-8 percentage points higher than that of the
other models under consideration. In addition to accuracy, the developed model provides significantly greater confidence in
predictions (on average 0.8—-0.99 versus 0.6-0.9 for analogous models), which is critically important for building safety tasks.

2. The model's operability was confirmed during an additional verification test on two brick buildings that were not
included in the training dataset. On all the facades under consideration, the category of technical condition predicted by the
model completely coincided with the conclusions of the experts who conducted the inspections. A decrease in the model's
confidence in the prediction to 0.65-0.72 is observed for facades with borderline values of defects.

Thus, the developed model represents the first step towards creating a DSS in the field of diagnostics of building structures
and can act as an effective assistant to an expert, contributing to the standardization of the examination procedure, minimizing
the human factor and increasing the objectivity of conclusions about the condition of building structures. Further development
of the work may be aimed at expanding the database of examples (especially borderline states) and adapting the model to
determine the state of other types of structures.


https://creativecommons.org/licenses/by/4.0/deed.en

International Research Journal = Ne 8 (170) = August © Authors of the article / Authors of the article

KoH(IUKT HHTEepecoB Conflict of Interest
He yka3aH. None declared.
Penjenzus Review
Bce cTaThy MPOXOAST pelieH3upoBaHue. Ho perieH3eHT Win All articles are peer-reviewed. But the reviewer or the author
aBTOP CTaThU MPe/TIOWIA He yOIMKOBaTh PEIieH3HI0 K STOU of the article chose not to publish a review of this article in
CTaThe B OTKPLITOM /IOCTYyTIe. PelieH3ust MOXeT ObITh the public domain. The review can be provided to the
rpeocTaB/ieHa KOMITIETeHTHBIM OpraHaM I10 3aIlpocCy. competent authorities upon request.

Cnucok siureparypsbl / References

1. Begi¢ Jurici¢ H. Developing a Framework for Building Condition Assessment of Schools in Osijek-Baranja County / H.
Begi¢ Jurici¢, H. Krsti¢ // Buildings. — 2025. — Vol. 15. — Ne 9. — DOI: 10.3390/buildings15091511.

2. Baghdadi A. Fuzzy Logic, Neural Network and ANFIS in Delegation of Standard Concrete Beam Calculations / A.
Baghdadi, N. Babovic, H. Kloft // Building. — 2023. — Vol. 14. — Ne 1. — DOI: 10.3390/buildings14010015.

3. Chomacki L. Selected artificial intelligence methods in the risk analysis of damage to masonry buildings subject to
long-term underground mining exploitation / L. Chomacki, J. Rusek, L. Stowik // Minerals. — 2021. — Vol. 11. — Ne 9. —
DOI: 10.3390/min11090958.

4. Hairudin A.R. A Systematic Literature Review: Machine Learning Approaches in Building Condition Assessment &
Survey Systems / A.R. Hairudin, A.I.C. Ani, RM. Zin [et al.] // paperASIA. — 2025. — P. 36-45. — DOI:
10.59953/paperasia.v41i4b.423.

5. Hosseini M. A. Next-generation building condition assessment: BIM and neural network integration / M.A. Hosseini, M.
Ravanshadnia, M. Rahimzadegan [et al.] // Journal of Performance of Constructed Facilities. — 2024. — Vol. 38. — Ne 6. —
DOI: 10.1061/JPCFEV.CFENG-4828.

6. Jang J.-S.R. Adaptive-network-based fuzzy inference system / J.-S.R. Jang // IEEE Transactions on Systems, Man and
Cybernetics. — 1993. — Vol. 23. — Ne 3. — P. 665-685. — DOI: 10.1109/21.256541.

7. KaweapoBa I'.I. VHTennekTyanbHbIe TEXHOJIOTHMU B 00C/I€10BaHUM CTPOUTENBHBIX KoHCTpykiumi / [.I. KarueBapoga,
FO.JI. Tonkos // ACADEMIA. Apxutekrypa u CtpoutensctBo. — 2018. — Ne 1. — C. 92-99. — DOI: 10.22337/2077-9038-
2018-1-92-99.

8. KpbutoB C.A. ABTOMarv3aisi Iporecca OLeHKHd TeXHHUeCKOTO COCTOSTHHS HapY)KHBIX CTeH KHPITUUHBIX 3[aHUM C
WCIOJb30BaHWeM TexHoyiornd MatnuHHoro obyuenuss / C.A. Kpseino, LI\ KamieBapoBa // BecTHuK JlarecTaHCKoOro

TOCY/lJapCTBEHHOIO TeXHUUYECKOro yHHBepcuTeTa. TexHuueckue Hayku. — 2025. — T. 52. — Ne 3. — C. 61-70. — DOI:
10.21822/2073-6185-2025-52-3-61-70.
9. Krylov S.A. Diagnostic signs of exterior brick walls / S.A. Krylov // Zenodo. — 2026. — DOI:

10.5281/zenodo.19651384.

10. Krylov S.A. New data for checking the operability of the system for assessing the technical condition of the exterior
walls of brick buildings / S.A. Krylov // Zenodo. — 2026. — DOI: 10.5281/zenodo.19998677. [in Russian]

11. Lendo-Siwicka M. Assessment of the technical condition of heritage buildings with the use of fuzzy logic / M. Lendo-
Siwicka, R. Trach, K. Pawluk [et al.] // Archives of Civil Engineering. — 2023. — Vol. 69. — Ne 2. — P. 123-140. — DOI:
10.24425/ace.2023.145257.

12. Peng Y. Hybrid ANFIS systems: Evaluation of bearing capacity of driven piles / Y. Peng, H. Gao // Journal of Applied
Science and Engineering. — 2025. — Vol. 29. — No 2. — P. 483-498. — DOI: 10.6180/jase.202602_29(2).0023.

13. Tlobemunckuii B.B. Helipo-HeueTKass ceThb AJisi OLEHKM OCTAaTOYHOTO pecypca TpPakTOpPHbIX ABuraresiei / B.B.
IMobeaunckuii, I.A. Voenes, C.B. JIsaxos [u gp.] // JlecHo#t BectHuk. — 2022. — T. 26. — Ne 2. — C. 120-130. — DOI:
10.18698/2542-1468-2022-2-120-130.

14. Takagi T. Fuzzy identification of systems and its applications to modeling and control / T. Takagi, M. Sugeno // IEEE
Transactions on Systems, Man and Cybernetics. — 1985. — Vol. 15. — Ne 1. — P. 116-132. — DO
10.1109/TSMC.1985.6313399.

15. Trach R. A Hybrid Fuzzy Logic and Artificial Neural Network Approach for Engineering Structure Condition
Assessment Based on Long-Term Inspection Data / R. Trach, M. Mykhalova, I. Chupryna [et al.] // Applied sciences. — 2026.
— Vol. 16. — Ne 2. — P. 1-20. — DOI: 10.3390/app16020794.

16. Wang S. Structural damage detection and safety assessment method based on machine vision and machine learning /
S. Wang, M. Li, D. Le // PLoS One. — 2026. — Vol. 21. — Ne 2. — P. 1-22. — DOI: 10.1371/journal.pone.0341653.

17. Xiao C. Using hybrid artificial intelligence approaches to predict the fracture energy of concrete beams / C. Xiao, S.
Li, X. Lei [et al.] // Advances in Civil Engineering. — 2021. — Vol. 2021. — P. 1-12. — DOI: 10.1155/2021/6663767.

CrnucoK /iTeparyphl Ha aHIrymiickoM s3bike / References in English

1. Begic Juric¢i¢ H. Developing a Framework for Building Condition Assessment of Schools in Osijek-Baranja County / H.
Begic Jurici¢, H. Krsti¢ // Buildings. — 2025. — Vol. 15. — Ne 9. — DOI: 10.3390/buildings15091511.

2. Baghdadi A. Fuzzy Logic, Neural Network and ANFIS in Delegation of Standard Concrete Beam Calculations / A.
Baghdadi, N. Babovic, H. Kloft // Building. — 2023. — Vol. 14. — Ne 1. — DOI: 10.3390/buildings14010015.

3. Chomacki L. Selected artificial intelligence methods in the risk analysis of damage to masonry buildings subject to
long-term underground mining exploitation / L. Chomacki, J. Rusek, L. Stowik // Minerals. — 2021. — Vol. 11. — Ne 9. —
DOI: 10.3390/min11090958.


https://creativecommons.org/licenses/by/4.0/deed.en

International Research Journal = Ne 8 (170) = August © Authors of the article / Authors of the article

4. Hairudin A.R. A Systematic Literature Review: Machine Learning Approaches in Building Condition Assessment &
Survey Systems / A.R. Hairudin, A.I.C. Ani, R.M. Zin [et al.] // paperASIA. — 2025. — P. 36-45. — DOI:
10.59953/paperasia.v41i4b.423.

5. Hosseini M.A. Next-generation building condition assessment: BIM and neural network integration / M.A. Hosseini, M.
Ravanshadnia, M. Rahimzadegan [et al.] // Journal of Performance of Constructed Facilities. — 2024. — Vol. 38. — Ne 6. —
DOI: 10.1061/JPCFEV.CFENG-4828.

6. Jang J.-S.R. Adaptive-network-based fuzzy inference system / J.-S.R. Jang // IEEE Transactions on Systems, Man and
Cybernetics. — 1993. — Vol. 23. — Ne 3. — P. 665-685. — DOI: 10.1109/21.256541.

7. Kashevarova G.G. Intellektualnie tekhnologii v obsledovanii stroitelnikh konstruktsii [Intelligent technologies in the
examination of construction structures] / G.G. Kashevarova, Yu.L. Tonkov // ACADEMIA. Arkhitektura i Stroitelstvo
[Academia. Architecture and Construction]. — 2018. — Ne 1. — P. 92-99. — DOI: 10.22337/2077-9038-2018-1-92-99. [in
Russian]

8. Krylov S.A. Avtomatizatsiya protsessa otsenki tekhnicheskogo sostoyaniya naruzhnikh sten kirpichnikh zdanii s
ispolzovaniem tekhnologii mashinnogo obucheniya [Automating the Process of Assessing the Technical Condition of Exterior
Walls of Brick Buildings Using Machine Learning] / S.A. Krylov, G.G. Kashevarova // Vestnik Dagestanskogo
gosudarstvennogo tekhnicheskogo universiteta. Tekhnicheskie nauki [Bulletin of Daghestan State Technical University.
Technical Sciences]. — 2025. — Vol. 52. — Ne 3. — P. 61-70. — DOI: 10.21822/2073-6185-2025-52-3-61-70. [in Russian]

9. Krylov S.A. Diagnostic signs of exterior brick walls / S.A. Krylov // Zenodo. — 2026. — DOI:
10.5281/zenodo.19651384.

10. Krylov S.A. New data for checking the operability of the system for assessing the technical condition of the exterior
walls of brick buildings / S.A. Krylov // Zenodo. — 2026. — DOI: 10.5281/zenodo.19998677. [in Russian]

11. Lendo-Siwicka M. Assessment of the technical condition of heritage buildings with the use of fuzzy logic / M. Lendo-
Siwicka, R. Trach, K. Pawluk [et al.] // Archives of Civil Engineering. — 2023. — Vol. 69. — Ne 2. — P. 123-140. — DOI:
10.24425/ace.2023.145257.

12. Peng Y. Hybrid ANFIS systems: Evaluation of bearing capacity of driven piles / Y. Peng, H. Gao // Journal of Applied
Science and Engineering. — 2025. — Vol. 29. — No 2. — P. 483-498. — DOI: 10.6180/jase.202602_29(2).0023.

13. Pobedinsky V.V. Neiro-nechetkaya set dlya otsenki ostatochnogo resursa traktornikh dvigatelei [Neuro-fuzzy network
for estimating the residual life of tractor engines] / V.V. Pobedinsky, G.A. Iovlev, S.V. Lyakhov [et al.] // Lesnoi vestnik
[Forestry Bulletin]. — 2022. — Vol. 26. — Ne 2. — P. 120-130. — DOI: 10.18698/2542-1468-2022-2-120-130. [in Russian]

14. Takagi T. Fuzzy identification of systems and its applications to modeling and control / T. Takagi, M. Sugeno // IEEE
Transactions on Systems, Man and Cybernetics. — 1985. — Vol. 15. — Ne 1. — P. 116-132. — DOI:
10.1109/TSMC.1985.6313399.

15. Trach R. A Hybrid Fuzzy Logic and Artificial Neural Network Approach for Engineering Structure Condition
Assessment Based on Long-Term Inspection Data / R. Trach, M. Mykhalova, I. Chupryna [et al.] // Applied sciences. — 2026.
— Vol. 16. — Ne 2. — P. 1-20. — DOI: 10.3390/app16020794.

16. Wang S. Structural damage detection and safety assessment method based on machine vision and machine learning /
S. Wang, M. Li, D. Le // PLoS One. — 2026. — Vol. 21. — Ne 2. — P. 1-22. — DOI: 10.1371/journal.pone.0341653.

17. Xiao C. Using hybrid artificial intelligence approaches to predict the fracture energy of concrete beams / C. Xiao, S.
Li, X. Lei [et al.] // Advances in Civil Engineering. — 2021. — Vol. 2021. — P. 1-12. — DOI: 10.1155/2021/6663767.


https://creativecommons.org/licenses/by/4.0/deed.en

	СТРОИТЕЛЬНЫЕ КОНСТРУКЦИИ, ЗДАНИЯ И СООРУЖЕНИЯ/CONSTRUCTION STRUCTURES, BUILDINGS AND STRUCTURES
	Determining the Technical Condition of Building Structures Using Neuro‑Fuzzy Logic
	Krylov S.A.1, *, Kashevarova G.G.2
	Определение технического состояния конструкций зданий с использованием нейро‑нечёткой логики
	Крылов С.А.1, *, Кашеварова Г.Г.2

