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Abstract

Introduction. Precast reinforced concrete ribbed slabs are broadly used as floors and coverings for industrial, residential
and public buildings. Their use in this capacity is due to the high technological efficiency of manufacturing, efficient use
of concrete and the possibility of automating factory production. One of the critical tasks in designing such structures is
to calculate the bearing capacity of normal cross sections. Traditional calculation methods are reliable, but they are out-
dated. Machine learning methods are increasingly being employed in engineering, where researchers are opting for arti-
ficial neural networks (ANNS). The use of traditional methods in processing structured data such as tables and databases
has its limitations. Neural networks are capable of analyzing unstructured data such as text, images, and videos, which
opens up new prospects for analyzing and comprehending information. The article sets forth an approach to neural net-
work modeling of the bearing capacity of normal sections of prefabricated reinforced concrete ribbed slabs.

Materials and Methods. A structured and processed data array (dataset) includes 20 samples for which a computational
model based on a multilayer perceptron has been developed and verified. The input parameters are the geometric as well
as physical and mechanical characteristics of the slabs and the applied load, the output parameter is the limiting bending
moment calculated using the limit state method.

Research Results. Training on a limited sample did not lead to retraining of the model due to the correct division of data
into test, training and control batches and the use of the quasi-Newton optimization method. The model has displayed a
high level accuracy and reliability. Artificial neural networks are capable of identifying nonlinear dependencies between
the parameters with no a priori assumptions.

Discussion and Conclusion. The suggested model is not a substitute for the existing calculations, but it serves as an
efficient digital tool for quick verification of design solutions, optimization of reinforcement and improvement of struc-
tural reliability. Its implementation into BIM systems and digital construction platforms is in compliance with the require-
ments of Industry 4.0 and creates new opportunities for designing prefabricated reinforced concrete structures.
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AHHOTALUA

Beeoenue. CoopHbIe xeae300eTOHHbIE PeOPUCTHIE TUTUTHI MOTYYUIIN IIUPOKOE IPUMEHEHUE B KAYeCTBE MEPEKPHITUI 1
MOKPBITHH 3/JaHUH MPOMBIIUICHHOTO, XHUJIOTO U OOIIECTBEHHOTO Ha3HAuYeHHs. VX UCIOIb30BaHUE B JaHHOM KauecTBE
00yCIJIOBJICHO BBICOKOI TEXHOJIOTMYHOCTBIO U3rOTOBJICHHS, () (EKTUBHBIM HCIIOJIb30BaHHEM OETOHA M BO3MOXKHOCTBIO
aBTOMaTH3alluX NPOU3BOACTBA Ha 3aBojax. OJHOM M3 BaXKHBIX 3a4a4 IPU MPOCKTUPOBAHUU TaKUX KOHCTPYKIMH SIBIIS-
eTcsl pacyeT Hecyleil cnocoOHOCTH HOpMAaNbHBIX ceueHu. TpaauIioHHbIe METO Bl pacuéTa ABISAI0TCA HaIC)KHBIMHU, HO
MopaibHO yctapenu. Celqac B HH)KEHEPHOH IPaKTHKE BCE Yalle MPUMEHSIIOTCS METOIbl MAIIMHHOTO 00Y4eHHs, T/Ie HC-
CJIEZIOBATEIN JIENAIOT BHIOOP B MONB3Y MCKycCTBEHHBIX HelpoHHbIX cereil (MHC). Mcnonp30Banne TpaguinOHHBIX Me-
TOJIOB TIpH 00pabOTKE CTPYKTYPHUPOBAHHBIX JAHHBIX, TAKUX KaK TaOIHIBI M 0a3bl JaHHBIX, HIMEET CBOM OIPaHUYCHHUS.
Heiipocetn crocoOHBI aHATM3UPOBATh HECTPYKTYPHPOBAHHBIE AAaHHbIC, TAKHE KaK TEKCT, M300paKeHUS W BHUAEO, UTO
OTKpPBIBAET HOBBIC BO3MOKHOCTH JJIsI aHAJM3a M MOHUMaHUs HHpopMauu. B craTbe mpeasnokeH moaxon K HelpoceTe-
BOMY MOJICJTUPOBAHHUIO HECYIIEH CIIOCOOHOCTH HOPMAJIbHBIX CCUCHHM COOPHBIX JKeJIe300CTOHHBIX PEOPHUCTHIX IIJIHT.
Mamepuanot u memoowvt. CTpyKTYpUPOBaHHbBIN 1 00paOOTaHHBII MAaCCHB JaHHBIX (naTaceT) BKIoyaeT 20 00pa3nos, 1t
KOTOPBIX pa3paboTaHa 1 Bepu(ULMpPOBaHa pacu&THAst MOJIENIb HA OCHOBE MHOTOCJIOIHOTO repcenTpoHa. BxomHbMu napa-
METpaMH CIIy>KaT FreOMETpHIECKHe U (pU3NKO-MeXaHUUECKUE XapPaKTEPUCTHKHU IUTUT U BEJIMYMHBI IPUIOKEHHBIX HAIPY30K,
BBIXOZIHOM MapaMeTp — MpeIeNIbHbII H3rnOatouii MOMEHT, BBIYHCIICHHBIN 110 METOLy IIPE/IC/IbHBIX COCTOSIHUI.
Peszynomamut uccnedoganus. O0ydeHne Ha OTpaHMUCHHON BBIOOPKE HE NMPUBEIIO K IIEPe00yIESHHIO MOJIenH Onaroxaps
KOPPEKTHOMY Pa3JIeJICHUIO JaHHBIX HAa TECTOBYIO, OOYJArONIyI0 N KOHTPOJIbHYIO MAPTHH M HCIIOJIB30BAHUIO KBa3HHBIO-
TOHOBCKOTO METOJa ONTUMU3aNH. Moaens NpoJeMOHCTPHPOBaia BEICOKYIO TOYHOCTh U Haf€KHOCTh. MICKyCCTBEHHBIE
HEWpOHHBIE CETH YCIICIITHO BBISBIISIOT HEJMHEIHBIE 3aBUCUMOCTH MEX/y TTapaMeTpaMy 0e3 alpHOPHBIX JOMYIIECHHH.
Obcyscoenue u 3axniouenue. IIpennoxxeHHas MOENb HE 3aMEHsIET CYNIECTBYIOLINE PacyEThI, HO CITYXKUT 3((PEKTHBHBIM
U(GPOBEIM HHCTPYMEHTOM JUI OBICTPON NMPOBEPKM MPOEKTHBIX pPEIIeHWH, ONTHMU3AIMHA apPMHUPOBAHUS U TIOBBIMLICHUS
Haa&KHOCTH KOHCTpyKumit. E€ BHenpenue B cuctembl BIM 1 1udpoBbie miiathopmMbl CTPOUTENIBCTBA COOTBETCTBYET TpE-
6oBanusaM MHmyctprn 4.0 1 co3aeT HOBBIE BO3MOYKHOCTH IS IPOEKTUPOBAHUSI COOPHBIX JKeNIe300€TOHHBIX KOHCTPYKITHH.

KiroueBble ciioBa: peOpucTast sxesie300eTOHHAs IUTNTa MEPEKPHITUS, H3TH0aeMble 3IEMEHTHI, HCKYCCTBEHHBIE HEHPOH-
HbIE CE€TH, MAIIMHHOE 00y4YeHHE

Hdas umtupoBanus. Pummun B.U., Ycanos C.B., Beiapun A.H., Kepu A.E., Makaposa E.C. HeiipocereBoe moaenupo-
BaHHME NMPOYHOCTH HOPMAJbHBIX CEUCHHH COOPHBIX KeJIe300€TOHHBIX peOpHCThIX NT. CogpemenHbvle meHOeHyuu 6
cmpoumenvcmee, gpadocmpoumenvcmee u nianuposke meppumoputl. 2025;4(4):53-60. https://doi.org/10.23947/2949-
1835-2025-4-4-53-60

Introduction. In modern industrial and civil engineering, prefabricated reinforced concrete ribbed slabs are still one
of the most sought-after solutions for building floors and coverings due to a combination of cost-effectiveness, reliability
and adaptability they offer. Their use is justified by a high degree of factory readiness, ease of mass serial production,
and the optimal cross-sectional shape that minimizes concrete consumption while providing the necessary bearing capac-
ity and deformability.

The calculation of the strength of normal sections of ribbed slabs is an essential part of the calculations for the
1t group of limit states. Traditional calculation methods provided in SP (CIT) 63.13330.2018 "Concrete and Reinforced
Concrete Structures. Main Provisions" are reliable and reputable, but over the past two decades, machine learning
methods have been increasingly used in engineering. Researchers most often opt for artificial neural networks (ANNS).
The advantage of ANNS is their capacity to identify hidden non-linear relationships between a set of input parameters
and a target variable. Unlike analytical models, ANNs do not call for a priori specification of functional dependencies
making them of a particular value, especially for identifying the bearing capacity of building structures. The issues of
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information modeling in calculating building structures and using artificial intelligence in this field have been elabo-
rated in Russian [1-8] and overseas [9-16] technical literature.

The aim of the study is to develop and verify a neural network model for predicting the bearing capacity of normal
sections of prefabricated reinforced concrete ribbed slabs.

Materials and Methods. The objects of the study were 20 ribbed slabs with a cross-section width from 1460 to
1150 mm, a working height from 370 to 240 mm and a span from 4550 to 8100 mm. For more information about the
dataset, see Table 1.

Table 1
Characteristics of ribbed reinforced concrete slabs
No. | b, mm ho, mm b, mm lo, mm g, KN/m | Rp, MPa | Rs, MPa | Agp,cm? | My, KNm
1 1460 370 150 6250 16.95 17 695 4.40 124.15
2 1160 370 185 7080 19.60 17 870 6.08 147.39
3 1160 344 185 7900 11.93 22 1215 2.49 111.70
4 1150 270 150 5675 18.15 17 520 5.88 87.70
5 1360 344 185 8100 18.66 22 1300 4.51 214.25
6 1360 344 185 8100 17.40 17 1300 2.27 94.54
7 1450 240 150 5400 16.90 17 1250 2.88 92.40
8 1450 270 150 7050 16.89 17 1390 3.23 157.42
9 1450 270 150 4700 11.31 17 1390 1.15 46.84
10 1360 260 185 4690 17.54 22 1130 212 67.52
11 1460 370 150 6200 17.05 17 690 4.50 128.20
12 1160 370 185 7050 19.30 17 880 5.98 145.10
13 1160 344 185 7850 11.53 22 1190 2.53 115.10
14 1150 270 150 5700 18.25 17 530 6.05 90.30
15 1360 344 185 8000 18.82 22 1300 4.61 220.10
16 1360 350 185 8050 17.00 17 1250 2.05 93.38
17 1450 240 150 5350 16.50 17 1250 2.72 90.50
18 1450 270 150 7000 16.68 17 1390 3.18 156.10
19 1450 270 150 4750 11.33 17 1390 1.19 49.92
20 1360 260 185 4550 17.24 22 1130 1.95 65.23

The following parameters are provided for each plate: the reduced shelf width b (x1), working height ho (x2), reduced
rib width b (xs), estimated span lo (x4), applied evenly distributed load q (xs), prismatic concrete strength Ry (xe), yield
strength of steel reinforcement Rs (x7), cross-sectional area of the prestressed reinforcement As, (Xs) and the limit bending
moment Myt (y). The latter will be the result of the prediction of the neural network model in the future. The limit bending
moments are calculated using the limiting state method.

In order to design the neural network model, the STATISTICA 14.0 software package was used with the Neural
Networks module providing the implementation of the architecture as a multi-layer perceptron with reverse error prop-
agation. Designing the neural network as a multi-layer perceptron is due to the special features of the task at hand. The
artificial neural network includes three layers. The input layer consisted of the above 8 independent variables. The
number of neurons in the hidden layer ranged from 1 to 20. After passing through the hidden layer, the signal, trans-
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formed at each stage with the corresponding activation functions, entered the output layer containing a single depend-
ent variable, My (y). Each of the neurons of the hidden and output layers is connected to all of the neurons in the
previous layer.

The dataset size allowed us to obtain the optimal ratio of the training, test, and control samples in percentage rates of
70, 15, and 15, respectively. The number of epochs (training cycles) is 1000 (Fig. 1). All the activation functions were
tested at each stage to process the incoming signals (Fig. 2).

% SANN - Automated Network Search (ANS): Spreadsheet_RS ? X - E SAMN - Data selection: Spreadsheet_RS 7 X
Active neural networks Quick  Sampling (CNN and ANS) | Subsampling
Met. D Met. name Training perf.  Testped.  Validation pef.  Algorthm Emor funct. . oK
Sampling method
1 MLP 3-7-1 0.954085 0996291 0998309 BFGS 15 508 X
2 MLPE10-1 0399673 0993388 0388253 BFGSTE 503 FETETIERT Cancel
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Fig. 1. Characteristics of the neural network model: a — for a random selection; b — for the hidden layer and the ANN training
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Fig. 2. Selected activation functions of the hidden and output layer of the neurons

The Broyden-Fletcher-Goldfarb-Shanno algorithm (BFGS) is one of the most efficient quasi-Newton optimization
methods for training artificial neural networks. The loss function with weights is iteratively minimized. As part of the
ongoing study, this algorithm was used in order to adaptively update network parameters based on the approximation of
the inverse Hesse matrix allowing us to account for the second derivatives of the error function without explicitly calcu-
lating them. The Sum of squares (SOS) given by formula (1) was used as the objective function:

E(w;j) = X (i — v 1)
where yi is the output value of the i-th neuron of the output layer; y;i” is the required value of the i-th neuron of the output layer.
The training was carried out iteratively, i.e., at each stage (epoch), all the observations were the sequential input, and
the resulting values were compared with the target ones and the corresponding error was calculated. In the STATISTICA
software package, the calculation results are presented in a table. The accuracy of the neural network forecasting results
was estimated by comparing the results of the designed model with the experimental values and was calculated using the
formula (2):
S = YiuHc'_Yi . 100%, (2)

Yi

where yiann is the value of the destructive bending moment obtained during prediction using ANN in the first test; y; is
the actual value of the breaking bending moment in the ith test.
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10 MLP architectures with the number of hidden layers from 2 to 19 were tested (Fig. 3 and 4). The best results were
shown by a neural network with the MLP 8-9-1 architecture highlighted in a green frame.

| Net. name | Training perf Test perf. Val perf Training error Test error Validation error Training algonthm Error function Hidden activation Output activation
[ MLP 871 0,994085  0,996291 0,998809 10,62153 16,48046 9,93623 BFGS 15 S0s Logistic , Identity
-10-1 0.9996(9 0 99949y Q.yug2sy 0690492 [TRPL 15,3048 BEGS 9 508 lann 1
I MLP 8-9-1 0983134 0.995300 0.999878 31.72447 12.67781 58.40971 BFGS 15 SOS Identity T:Eh
MLP 8-17-1 0,996219  0,998305 0,996374 6,83131 18,37588 20,66575 BFGS 11 S0S Tanh Identity
MLP 8-14-1 0.992155  0.,997018 0.998773 13,76911 21,46851 20.28928 BFGS 11 SOSs Identity Identity
MLP 8-131 0,984357  0,998660 0,999682 28,9871 6,83088 53,70908 BFGS 21 SO0S Tanh Tant
MLP 8-11-1 0.992339  0.997115 0.999887 13,50086 16.44569 11,82677 BFGS 11 S0s Tanh Identity
MLP 8-19-1 0,995462  0,996490 0,998304 8,10334 15,24956 9,80945 BFGS 11 S0Ss Logistic Identity
MLP 8-9-1 0.998522  0,997551 0,998666 2,71952 7.02600 9,66670 BFGS 34 S0s Tanh Exponentia
MLP 8-2-1 0.999066  0.998745 0.998871 1.76863 4.50505 440192 BFGS 58 S0S Loaistic Exponentia

Fig. 3. Characteristics of the resulting ANNs

[ Met name | Training perf. | Test perf | Validation perf. | Training error | Testeror | Validation eror | Training algorithm | Error function | Hidden activation | Output activation
! MLP §-9-1 0,983134 0.995300 0.999878 31,72447 1267781 5840971 BFGS 15 505 Identity Tanh

Fig. 4. Characteristics of the best ANN

The values of the limiting bending moment according to the calculation and forecast of the selected ANN are shown
in Table 2. It can also be seen whether each case belongs to the training or test series.

Table 2

Prediction results for the selected ANN
Case Mt Mult - Qutput

name Target 3. MLP 8-3-1

1 [ 124 1500 127.8000
2 1473900 149 7304
3 111,7000 118.3796
4 a7, 7000 81,9504
b 94 5400 1003477
[ 92 4000 101.5405
9 46,8400 41 1607
10 67,5200 71,4283
12 145 1000 1472489
13 1151000 114 5124
14 90,3000 90,6634
15 2201000 196.9605
16 93,3800 84,6343
20 65,2300 62,0702

The average relative error of MLP 8-10-1 calculated using formula (2) is 5.6%. According to the graph (Fig. 6), the
obtained model is highly accurate and is good at the task at hand. It is plain to see that there is only one case that is slightly
removed from the diagonal, which is the ideal location of the prediction points. The other values predicted using the
model only slightly deviate from the diagonal.

Mult (Target) vs. Mult (Output)
Samples: Train

220
210
200 5
190
180

Mult (Output)
]
o
Q

20 40 60 80 100 120 140 160 180 200 220 240
Mult (Target)

Fig. 6. The actual and prediction values Muit ratio
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The selected ANN has been "trained" to account for the existing implicit dependencies between all the parameters. It
does not just "memorize" the data, but discovers physically justified patterns. The neural network model does not make
use of any assumptions (regarding the shape of the stress plot, etc.), it is only trained on actual data. At the same time, as
the size of the dataset increases, a significant rise in the accuracy of the suggested model is to be expected.

It is to be noted separately that it is not only the accuracy of the model that is an advantage, but also the calculation
time using all the known methods, including numerical modeling, is inferior to neural networks. This is yet another argu-
ment in favor of further implementing ANNSs in the design.

Research Results. The results serve to prove that artificial neural networks are a new viable approach to identifying
the bearing capacity of bent elements and are an efficient method of the problem solution. The average ratios of actual
and calculated destructive bending moments and their variation coefficients turned out to be 0.993 and 0.069, respectively.
In spite of its high accuracy, to date ANN has not been able to substitute the other methods of calculating structures, but
can be recommended as an additional digital tool for testing design solutions, optimizing reinforced concrete elements
and improving structural reliability.

Discussion and Conclusion. The developed model can be integrated into BIM systems, which corresponds to the
strategy of Industry 4.0. The successful application of ANNSs in construction is a natural stage in the engineering science
evolution. A further step might be developing an open API for accessing the model within a digital platform.
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