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Abstract: Deep learning (DL), a major part of artificial intelligence (Al) is considered as a transformational
technology in different areas of science, such as structural engineering. This critical review uncovers the
potential contribution of deep learning in solving complex issues facing structural engineering, such as
optimizing structural design, predicting and monitoring material behaviour, and monitoring in real-time the
structural health. Through developed neural network architectures such as generative adversarial networks
(GANS), recurrent neural networks (RNNs), and convolutional neural networks (CNNs), engineers can identify
solutions based on traditional deterministic data extraction. However, issues like computational requirements,
model interpretability and data scarcity are widely adopted. This review highlights recent advancements,
practical applications, and the limitations of deep learning in structural engineering, proposing pathways for
future research to enhance its efficacy and integration in real-world scenarios.
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' Kadeapa CTpOHTENBCTBA H HEKEHEPHOI TEXHHKH,
YuuBepcuterckuii komtemk Manent Anewm, 1. barnag, TPAK.
* Kadbeipa MHXKEHEPHBIX TEXHOJIOTHIT CTPOMTENLCTBA 3IAHMUIT U COOPYKEHHIA,
CpenHuii TeXHUYECKU YHUBEpCHUTET, I. barman, NPAK.
? [1Ikona rpasIaHCKOro CTpOMTeNbCTBa, MHKeHepHbIH Koliemk, Bacutckoro yausepeutera, r. barman, TPAK
4yHI/IBepCI/ITeT Texnonorun MAPA, 40450 Illax-Anam, Cenanrop, MAJIAN3USL
*AHCTHTYT MHDPACTPYKTYPHOI HHKEHEPHH U YCTOMUHBOTO yIIPABICHH,
YuuepcuteT Teknonorun MAPA, 40450 Ilax-Anam, Cenanrop, MAJIAM3US

Annoranus: ['myourHOe 00yuenue (DL), ocHOBHas 9acTh MCKyCCTBeHHOTO HHTeIUIekTa (Al), paccMaTpuBaeTcs
KaK TEXHOJIOTHs TpaHCHOPMALWK B PA3NIUYHBIX OOJACTSIX HAYKH, TAKUX KaK CTPOUTEILHOE MPOCKTHPOBAHHE.
JlaHHBII KpUTHYECKUH 0030p pacKpbIBaeT MOTEHIMAIBHBIA BKJIAJ ITTyOMHHOTO OOYYEHHS B PEIICHUE CIIOMKHBIX
npo0OiieM, CTOSAIIMX Iepel] CTPOHMTEIBHBIM IPOSKTUPOBAHUEM, TAKUX KaK ONTHUMHU3aLUs KOHCTPYKIHH,
NPOTHO3MPOBAaHHE W MOHUTOPHHI IOBEICHUS MAaTepHaloB, a TAakKE€ MOHHUTOPUHI COCTOSHHS KOHCTPYKLHH B
peXHMe peallbHOro BpeMeHH. bnaromapsi pa3paboTaHHBIM apXUTEKTypaM HEHPOHHBIX CEeTeH, TakuM Kak
reHepatuBHble anBepcuBHbie ceTH (GAN), pexyppenTHble HelpoHHBIE ceTd (RNN) U KOHBOJIOIMOHHBIC
HeliporHble cetd (CNN), wuHXEHeppl MOTYT HAaxXONUTh pEIICHHS Ha OCHOBE TPaIULHOHHOTO
JeTePMUHUPOBAHHOTO M3BJICUYEHUS JaHHBIX. OHAKO TIPH ATOM IIMPOKO PACIPOCTPAHEHBI TaKKE MPOOIEMBI, KaK
BBIYKCIIUTENbHbIE TPeOOBaHMs, WHTEPIPETHPYEMOCTh MOJENell M HexBaTKa JaHHBIX. B naHHOM 0030pe
OCBEILAIOTCSl TIOCIIEHIE JAOCTHXKEHHSI, NPAKTUYECKUE MPUMEHEHHsT M OTpaHUueHHs] TIIyOMHHOro oOy4eHUs B
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CTPOUTEIHHOM IPOCKTUPOBAHHUM, NPEIIAraloTCsl IyTH OyAyNIMX WCCIECAOBAaHWI JUIS TIOBBIMICHUS €T0
3¢ PEKTUBHOCTN M UHTETPAIMH B peabHBIC IPAKTUYECKHE 3a/1a4H.

KuroueBsie ciioBa: ['iyOuHHOE 00ydeHue, MalImHHOE 00y4YeHNe, HEHPOHHBIE CETH,
MPOEKTUPOBAHHUE KOHCTPYKIMIT, MOHUTOPHHT COCTOSIHUS KOHCTPYKIMi{, ONTUMU3AUs KOHCTPYKIIUH

1. INTRODUCTION

Structural engineering has long relied on tried-
and-error methods such as finite element analysis
[1, 2], deterministic models [3], and material
science [4] to design safe and reliable structures
[5].  Yet, with increasingly  complex
infrastructures and unpredictable environmental
factors, the limits of these traditional techniques
are being tested [6]. Therefore, deep learning, a
cutting-edge technology rooted in artificial
intelligence (Al), offer a new paradigm for
problem-solving in structural engineering [7].
However, employing deep learning in this field is
still in its nascent stages, yet its potential to
revolutionize the industry is significant [8]. From
optimizing the structural design to predicting the
behavior of materials under stress, deep learning
provides a data-driven approach to challenges
that have historically been difficult to model
using traditional engineering tools.

This review will explore the current applications
for deep learning regarding structural
engineering, discuss the advantages and
limitations of integrating Al technologies, and
suggest pathways for future research.

2. OVERVIEW OF DEEP LEARNING

Being a branch of Machine Learning, Deep
Learning employs neural networks to execute
various assignment like regression, classification,
and learning [9]. It is known by this term because
it has many layers of neurons similar to those in
the human brain. Thus, it can also be called
'Artificial Neural Networks' [See Figure 1]. Its
foundation is rooted in 1943 when McCulloch and
Pitts published a paper that introduced the neural
network first mathematical model [10].

A method called threshold logic (a combination of
algorithms and mathematics) was used to simulate

the human brain thought process. Later in 1957, a
simple version of deep learning called Perceptron
was suggested by Frank Rosenblatt which can
learn from experience and adjust its weights to
make precise predictions [11]. The breakthrough
came in 1986 when backpropagation was
introduced by Geoffrey Hinton [12]. This
algorithm efficiently computes the network’s
weights gradients. Thus facilitating multi-layer
neural networks training. Another progress was
achieved in 2006 when scientists began applying
deep learning models on the GPUs (graphics
processing units) of computers, which eventually,
led to the application of Convolutional Neural
Networks (CNNs) in image recognition [13]. Till
now, the demand for Deep Learning is still

increasing and still improving with the
introduction of new algorithms [14].
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Figure 1. A compression between diagrams of
biological neuron vs artificial neuron [14]

At its core, deep learning represents a dramatic
departure from traditional machine learning
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techniques. While conventional machine learning
algorithms require structured data and manual
feature selection, deep learning models excel at
finding patterns in large, unstructured datasets like
images, sensor data, or time-series signals from
infrastructure monitoring systems. This makes
them particularly suited for applications in
structural engineering, where the real world rarely
conforms to neat, clean data inputs.
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Figure 2. Different types of neural networks [15]

For instance, convolutional neural networks
(CNNs) can detect minute cracks in bridges,
while recurrent neural networks (RNNs) can
forecast the behavior of buildings during
seismic  events. =~ Moreover,  generative
adversarial networks (GANs) were utilized for
generative  design, automatically creating
thousands of structural layouts that meet
specific  performance criteria. Figure 2
illustrates different types of neural networks
used in structural engineering.

3. DEEP LEARNING APPLICATIONS IN
STRUCTURAL ENGINEERING

3.1 Structural Health Monitoring

SHM has traditionally been a reactive process.
However, deep learning is transforming it into a
proactive discipline, using CNNs to process
high-resolution images of structures to identify
signs of damage such as cracks or corrosion. For
instance, in Sydney Harbour Bridge, where
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CNNs were employed to analyze real-time
sensor data, predicting damage before it occurs.
These models can now offer early maintenance
solutions, reducing downtime and enhancing
infrastructure reliability [16, 17]. Dorafshan,
Thomas [18] have conducted an image-based
concrete crack detection by developing a Deep
Convolutional Neural Network (DCCN). It was
shown that it can predict and detect cracks
better than the traditional edge detection
methods (Gaussian, Butterworth Sobel, Prewitt,
Roberts, and Laplacian of Gaussian).

Gao and Mosalam [19] have developed a Visual
Geometry Group (VGG) based architecture to
detect the damage in structural components [See
Figure 3]. Furthermore, transfer learning was
applied to obtain a robust recognition performance
with a small training dataset, and collecting
images for the training process was done by
building an image dataset which is called
Structural ImageNet. The acquired data have
established the potential of using transfer learning
in image-based structural damage recognition.
Deng, Ju [20] have conducted an abnormal data
recovery framework of an ancient palace wall by
applying a gated recurrent unit (GRU). It was
established that the selected method is adequate of
obtaining accurate results of data recovery for
ancient buildings.

3.2 Load Prediction and Structural Behavior
Modeling

Several studies were conducted to determine the
best Al techniques for forecasting loads. RNNs
and long short-term memory (LSTM) models
were found to be greatly adopted for load
prediction, especially under dynamic conditions
such as earthquakes. By analyzing historical data,
these models can predict structural responses with
high accuracy. This predictive power is crucial in
regions prone to seismic activity, where deep
learning has demonstrated an ability to improve
the safety and resilience of buildings. Zhang,
Chen [21] have employed a Deep LSTM to
predict nonlinear seismic performance. Two
different schemes (different input/output formats)
were developed and it was shown that the
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proposed network provides a reliable and efficient
solution for nonlinear structural response
prediction. Another research has demonstrated the
accuracy of the LSTM algorithm in predicting the
thermal loading of a building [22, 23].

Other studies have determined the efficiency of
CNN in predicting the strength of concrete [24].
For instance, Deng, He [25] have suggested
developing a CNN using a SoftMax regression
model to predict the recycled concrete compressive
strength before construction. The software has been
trained using characteristics such as the water-
cement ratio, the replacement ratio recycled fine
aggregate, coarse aggregate, the fly ash and their
mixtures. The suggested model has demonstrated
efficient results and precision. Other researchers
have determined that employing CNNs provides
accurate and reliable results regarding the dynamic
structural performance of reinforced concrete
(R.C.) slabs under blast loads [25, 26].

3.2 Load Prediction and Structural Behavior
Modeling

Several studies were conducted to determine the
best Al techniques for forecasting loads. RNNs and
long short-term memory (LSTM) models were
found to be greatly adopted for load prediction,
especially under dynamic conditions such as
earthquakes. By analyzing historical data, these
models can predict structural responses with high
accuracy. This predictive power is crucial in
regions prone to seismic activity, where deep
learning has demonstrated an ability to improve the
safety and resilience of buildings. Zhang, Chen
[21] have employed a Deep LSTM to predict
nonlinear seismic performance. Two different
schemes (different input/output formats) were
developed and it was shown that the proposed
network provides a reliable and efficient solution
for nonlinear structural response prediction.
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Figure 3. Detecting damage using Transfer Learning [19]
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Figure 5. Flowchart used of CNN-based optimizer [28]

Another research has demonstrated the accuracy
of the LSTM algorithm in predicting the thermal
loading of a building [22, 23].

Other studies have determined the efficiency of
CNN in predicting the strength of concrete [24].
For instance, Deng, He [25] have suggested
developing a CNN using a SoftMax regression
model to predict the recycled concrete
compressive strength before construction. The
software has been trained using characteristics
such as the water-cement ratio, the replacement
ratio recycled fine aggregate, coarse aggregate, the
fly ash and their mixtures. The suggested model
has demonstrated efficient results and precision.
Other researchers have determined that employing
CNNs provides accurate and reliable results
regarding the dynamic structural performance of
R.C. slabs under blast loads [25, 26].

3.3 Optimization of Structural Design

Optimization in design isn't just about making
structures stronger; it's about making them
smarter. Deep learning algorithms such as
GANs enable engineers to generate and test
thousands of design configurations in seconds,
optimizing for parameters like material
properties, load capacities, and cost constraints
[29, 30]. A study conducted in 2018 by Vafa

150

employed ANN to develop the optimum steel
deck cross-sections for the Profiled Steel
Sheeting Dry Board (PSSDB) floor panels [see
Figure 4] [27]. Non-dominated Sorting Genetic
Algorithm II (A multi-objective  genetic
algorithm) was employed for this research. It
was shown the efficacy of ANNs in improving
structural design [27].

Another study conducted by Ferreiro-Cabello,
Fraile-Garcia [31] have employed deep learning
techniques to develop metamodels with the aim
to facilitate the optimization of one-way slabs.
Five DNNs were developed which were capable
of predicting CO2 emissions, embodied energy,
cost and deflection. The suggested method
showed reliable results with only 0.5% error.
Abueidda, Koric [28] have applied CNN to
predict the optimized materials design subjected
to small/large deformations (with/without stress
constraints) Figure 5. The developed models
demonstrate an accurate prediction of the
optimized designs, and they can be employed in
other design domains and nonlinear mechanics
scenarios. Mai, Lieu [32] have applied a deep
novel unsupervised learning (DUL)-based
framework to optimize a truss structures design
subjected to various constraints, and it was
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shown that a computational cost in most
problems can be saved using such algorithms.

4. CHALLENGES AND LIMITATIONS

Despite its potential, Deep Learning faces
various challenges that can be summarized in
the following:

4.1 Data Availability and Quality
High-quality and large datasets are essential for
deep learning. Nevertheless, data scarcity is a
major challenge in structural engineering,
especially when it comes to rare events like
structural failures [33]. Techniques like transfer
learning, where models are adapted from similar
domains, offer a potential solution [34].

4.2 Model Interpretability

One of the issues that discourage adapting deep
learning in engineering applications is its "black
box" nature [35]. Engineers must trust these
models for safety-critical decisions, yet their
inner workings are often opaque, making
regulatory approval difficult.

4.3 Generalization and Scalability

Generalization to new environments and
scalability to larger, more complex structures
remain significant hurdles. Models trained on
one type of structure may not perform as well
on another, raising concerns about their
robustness in real-world applications.

4.4 Underfitting & Overfitting

Both Overfitting & underfitting can pose an
obstacle to deep learning. The former occurs
when the models cannot capture the underlying
patterns due to their simplicity, while the latter
occurs when training the model demands a large
amount of time and contains noisy data because
of its complexity [36]. Therefore, it is important
to provide an optimal solution by employing
balanced-complex models to avoid either case
Figure 6.

4.5 Ethical & Bias Issues

Biases can occur during the learning algorithm
of the model to prioritize solutions with certain
characteristics over others. Such an issue is
considered unethical since it can cause unfair
results. Thus, addressing such issues is essential
to achieve fairness.

4.6 Hardware Limitations

High-performance CPUs are essential for
training models. However, having access to
such hardware is hard for many researchers.

5. FUTURE RESEARCH DIRECTIONS

5.1 Hybrid Models

Hybrid models that combine deep learning with
traditional physics-based simulations hold
significant promise for enhancing both accuracy
and interpretability [37].

5.2 Transfer Learning

Transfer learning offers a way forward in
addressing the issue of limited data availability,
allowing models trained on one task to be
adapted for another.

5.3 Real-Time Applications in Smart Cities
As cities become more connected, deep learning
will significantly contribute in the real-time
monitoring and management of infrastructure
[38]. For instance, these models can optimize
traffic flow or monitor structural health in real
time. Consequently, decreasing the risk of
catastrophic failures by capacitate predictive
maintenance.

6. CONCLUSION

Deep learning is poised to transform structural
engineering by improving prediction accuracy,
optimizing designs, and enabling real-time
monitoring.  Although  challenges remain
particularly in data quality and model
interpretability, the benefits of Al are too
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significant to ignore. As deep learning continues
to advance, it will become even more integrated
into the field, leading to smarter, safer, and
more resilient infrastructure.

REFERENCES

1.

152

Ereiz, S., I. Duvnjak, and J.F. Jiménez-
Alonso.(2022) Review of finite element
model updating methods for structural
applications. in Structures. Elsevier. of
Conference.

Liu, W.K., S. Li, and H.S. Park,(2022)
Eighty years of the finite element method:
Birth, evolution, and future Archives of
Computational Methods in Engineering,
29, n0.6, p.p 4431-4453.

Wu, B., S. Luo, and C.S. Suh,(2024) A
Comprehensive Review of Propagation

Models in Complex Networks: From
Deterministic to Deep Learning
Approaches arXiv preprint
arXiv:2410.02118.

Fujinuma, N., et al.,(2022) Why big data
and compute are not necessarily the path to
big materials science Communications
Materials, 3, no.1, p.p 59.

Ditlevsen, O. and H.O. Madsen, Structural
reliability methods. Vol. 178. 1996: Wiley
New York.

Ghosn, M., et al.,(2016) Reliability-based
performance indicators for  structural
members Journal of Structural Engineering,
142, no.9, p.p F4016002.

Etim, B., et al.,(2024) Machine Learning-
Based Modeling for Structural Engineering:
A Comprehensive Survey and Applications
Overview Buildings, 14, no.11, p.p 3515.
Li, Q., et al.(2024) Classification and

Application of Deep Learning 1in
Construction Engineering and
Management—A  Systematic  Literature
Review and Future Innovations Case
Studies in Construction Materials, p.p
e04051.

10.

11.

12.

13.

14.

15.

16.

17.

18.

Sarker, LH.,(2021) Deep learning: a
comprehensive overview on techniques,
taxonomy, applications and research directions
SN computer science, 2, no.6, p.p 420.
McCulloch, W.S. and W. Pitts,(1943) A
logical calculus of the ideas immanent in
nervous  activity The  bulletin  of
mathematical biophysics, 5, p.p 115-133.
Rosenblatt, F.,(1958) The perceptron: a
probabilistic model for information storage
and organization in the brain Psychological
review, 65, no.6, p.p 386.

Rumelhart, D.E., G.E. Hinton, and R.J.
Williams,(1986) Learning representations
by back-propagating errors nature, 323,
n0.6088, p.p 533-536.

Zhao, X., et al.(2024) A review of
convolutional neural networks in computer
vision Artificial Intelligence Review, 57,

no.4, p.p 99.
Sundaray, S. History of Deep Learning.
2023; Available from:

https://medium.com/@sreyan806/history-
of-deep-learning-c176e2d3cddf.

Akinosho, T.D., et al.(2020) Deep
learning in the construction industry: A
review of present status and future

innovations Journal of  Building
Engineering, 32, p.p 101827.

Khoa, N.L., et al.,(2014) Robust
dimensionality reduction and damage

detection approaches in structural health
monitoring Structural Health Monitoring,
13, no.4, p.p 406-417.

Abbas, H.A., Z. Mohamed, and S.A.
Kudus,(2023) Deformation behaviour,
crack initiation and crack damage of
weathered composite sandstone-shale by
using the ultrasonic wave and the acoustic
emission under uniaxial compressive stress
International Journal of Rock Mechanics
and Mining Sciences, 170, p.p 105497.
Dorafshan, S., R.J. Thomas, and M.
Maguire,(2018) Comparison of deep
convolutional neural networks and edge
detectors for image-based crack detection in

International Journal for Computational Civil and Structural Engineering



A Critical Review of Deep Learning Applications, Challenges, and Future Directions in Structural Engineering

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

concrete  Construction and
Materials, 186, p.p 1031-1045.
Gao, Y. and K.M. Mosalam,(2018) Deep
transfer learning for image-based structural
damage recognition Computer-Aided Civil
and Infrastructure Engineering, 33, no.9,
p.p 748-768.

Deng, Y., et al.(2024) Abnormal data
recovery of structural health monitoring for
ancient city wall using deep learning neural
network International Journal of Architectural
Heritage, 18, no0.3, p.p 389-407.

Zhang, R., et al.,(2019) Deep long short-
term memory networks for nonlinear
structural seismic response prediction
Computers & Structures, 220, p.p 55-68.
Wang, Z., T. Hong, and M.A.
Piette,(2020) Building thermal load
prediction  through shallow machine
learning and deep learning Applied Energy,
263, p.p 114683.

Lv, R., et al.,(2022) Building thermal load
prediction using deep learning method
considering time-shifting correlation in
feature variables Journal of Building
Engineering, 61, p.p 105316.

Raju, M.R., et al.(2023) Estimation of
concrete materials uniaxial compressive
strength using soft computing techniques
Heliyon, 9, no.11.

Deng, F., et al.(2018) Compressive
strength prediction of recycled concrete
based on deep learning Construction and
Building Materials, 175, p.p 562-569.
Ahmed, B., T. Park, and J.-S.
Jeon,(2023) Blast response and damage
assessment of reinforced concrete slabs
using convolutional neural networks
International Journal of  Damage
Mechanics, p.p 10567895231204640.

Vafa, M., Optimization of the Profiled Steel
Sheeting Dry Board (PSSDB) floor system,
in  Civil Engineering 2018, Universiti
Kebangsaan Malaysia (UKM): Malaysia.
Abueidda, D.W., S. Koric, and N.A.
Sobh, (2020) Topology optimization of 2D
structures with nonlinearities using deep

Building

29.

30.

31.

32.

33.

34.

35.

36.

37.

learning Computers & Structures, 237, p.p
106283.

Almasri, W., et al.(2021) Deep learning
architecture for topological optimized
mechanical design generation with complex
shape criterion. in International Conference
on Industrial, Engineering and Other
Applications of  Applied Intelligent
Systems. Springer. of Conference.

Long, T., Y. Zhang, and H. Zhang,(2024)
Generative deep learning for the inverse

design of materials arXiv preprint
arXiv:2409.19124.
Ferreiro-Cabello, J., et al., (2018)

Metamodel-based design optimization of
structural one-way slabs based on deep
learning neural networks to reduce
environmental impact Engineering
Structures, 155, p.p 91-101.

Mai, H.T., et al.,(2023) A novel deep
unsupervised learning-based framework for
optimization of truss structures Engineering
with Computers, 39, no.4, p.p 2585-2608.
Nandy, A., C. Duan, and H.J. Kulik,
(2022) Audacity of huge: overcoming
challenges of data scarcity and data quality
for machine learning in computational
materials discovery Current Opinion in
Chemical Engineering, 36, p.p 100778.
Rather, I.H., S. Kumar, and A.H. Gandomi,
(2024) Breaking the data barrier: a review of
deep learning techniques for democratizing Al
with small datasets Artificial Intelligence
Review, 57, 1n0.9, p.p 226.

Qamar, T. and N.Z. Bawany,(2023)
Understanding the black-box: towards
interpretable and reliable deep learning
models Peer] Computer Science, 9, p.p
e1629.

Ying, X.(2019) An overview of overfitting
and its solutions. in Journal of physics:
Conference series. IOP Publishing. of
Conference.

Giabbanelli, P.J.,(2022) Hybrid Models
That Combine Machine Learning and
Simulations Computing in Science &
Engineering, 24, no.5, p.p 72-76.

153



Manaf Raid Salman, Marwan Al-Shaikhli, Hasan Ali Abbas, Hussain Hamed Ahmad, Sakhiah Abdul Kudus

38. Rane, N., et al.,(2024) Artificial intelligence,

machine learning, and deep learning for
enabling smart and sustainable cities and
infrastructure  Artificial Intelligence and
Industry in Society, 5, p.p 2-25.

CIIMCOK JIMTEPATYPbI

1.

154

Ereiz, S., I. Duvnjak, and J.F. Jiménez-
Alonso.(2022) Review of finite element
model updating methods for structural
applications. in Structures. Elsevier. of
Conference.

Liu, W.K., S. Li, and H.S. Park,(2022)
Eighty years of the finite element method:
Birth, evolution, and future Archives of
Computational Methods in Engineering,
29, no.6, p.p 4431-4453.

Wu, B., S. Luo, and C.S. Suh,(2024) A
Comprehensive Review of Propagation

Models in Complex Networks: From
Deterministic to Deep Learning
Approaches arXiv preprint
arXiv:2410.02118.

Fujinuma, N., et al.,(2022) Why big data
and compute are not necessarily the path to
big materials science Communications
Materials, 3, no.l, p.p 59.

Ditlevsen, O. and H.O. Madsen, Structural
reliability methods. Vol. 178. 1996: Wiley
New York.

Ghosn, M., et al.,(2016) Reliability-based
performance indicators for structural
members Journal of Structural Engineering,
142, no.9, p.p F4016002.

Etim, B., et al.,(2024) Machine Learning-
Based Modeling for Structural Engineering:
A Comprehensive Survey and Applications
Overview Buildings, 14, no.11, p.p 3515.
Li, Q., et al.,(2024) Classification and

Application of Deep Learning in
Construction Engineering and
Management—A  Systematic  Literature
Review and Future Innovations Case
Studies in Construction Materials, p.p
e04051.

10.

11.

12.

13.

14.

15.

16.

17.

18.

Sarker, ILH.,(2021) Deep learning: a
comprehensive overview on techniques,
taxonomy, applications and research directions
SN computer science, 2, no.6, p.p 420.
McCulloch, W.S. and W. Pitts,(1943) A
logical calculus of the ideas immanent in
nervous  activity The  bulletin  of
mathematical biophysics, 5, p.p 115-133.
Rosenblatt, F.,(1958) The perceptron: a
probabilistic model for information storage
and organization in the brain Psychological
review, 65, no.6, p.p 386.

Rumelhart, D.E., G.E. Hinton, and R.J.
Williams,(1986) Learning representations
by back-propagating errors nature, 323,
n0.6088, p.p 533-536.

Zhao, X., et al.(2024) A review of
convolutional neural networks in computer
vision Artificial Intelligence Review, 57,

no.4, p.p 99.
Sundaray, S. History of Deep Learning.
2023; Available from:

https://medium.com/@sreyan806/history-
of-deep-learning-c176e2d3cddf.

Akinosho, T.D., et al.(2020) Deep
learning in the construction industry: A
review of present status and future
innovations Journal of  Building
Engineering, 32, p.p 101827.

Khoa, N.L., et al,(2014) Robust
dimensionality reduction and damage
detection approaches in structural health
monitoring Structural Health Monitoring,
13, no.4, p.p 406-417.

Abbas, H.A., Z. Mohamed, and S.A.
Kudus,(2023) Deformation behaviour,
crack initiation and crack damage of
weathered composite sandstone-shale by
using the ultrasonic wave and the acoustic
emission under uniaxial compressive stress
International Journal of Rock Mechanics
and Mining Sciences, 170, p.p 105497.
Dorafshan, S., R.J. Thomas, and M.
Maguire,(2018) Comparison of deep
convolutional neural networks and edge
detectors for image-based crack detection in

International Journal for Computational Civil and Structural Engineering



A Critical Review of Deep Learning Applications, Challenges, and Future Directions in Structural Engineering

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

concrete  Construction and
Materials, 186, p.p 1031-1045.
Gao, Y. and K.M. Mosalam,(2018) Deep
transfer learning for image-based structural
damage recognition Computer-Aided Civil
and Infrastructure Engineering, 33, no.9,
p.p 748-768.

Deng, Y., et al.(2024) Abnormal data
recovery of structural health monitoring for
ancient city wall using deep learning neural
network International Journal of Architectural
Heritage, 18, no0.3, p.p 389-407.

Zhang, R., et al.,(2019) Deep long short-
term memory networks for nonlinear
structural seismic response prediction
Computers & Structures, 220, p.p 55-68.
Wang, Z., T. Hong, and M.A.
Piette,(2020) Building thermal load
prediction  through shallow machine
learning and deep learning Applied Energy,
263, p.p 114683.

Lv, R., et al.,(2022) Building thermal load
prediction using deep learning method
considering time-shifting correlation in
feature variables Journal of Building
Engineering, 61, p.p 105316.

Raju, M.R., et al.(2023) Estimation of
concrete materials uniaxial compressive
strength using soft computing techniques
Heliyon, 9, no.11.

Deng, F., et al.(2018) Compressive
strength prediction of recycled concrete
based on deep learning Construction and
Building Materials, 175, p.p 562-569.
Ahmed, B., T. Park, and J.-S.
Jeon,(2023) Blast response and damage
assessment of reinforced concrete slabs
using convolutional neural networks
International Journal of  Damage
Mechanics, p.p 10567895231204640.

Vafa, M., Optimization of the Profiled Steel
Sheeting Dry Board (PSSDB) floor system,
in  Civil Engineering 2018, Universiti
Kebangsaan Malaysia (UKM): Malaysia.
Abueidda, D.W., S. Koric, and N.A.
Sobh, (2020) Topology optimization of 2D
structures with nonlinearities using deep

Building

29.

30.

31.

32.

33.

34.

35.

36.

37.

learning Computers & Structures, 237, p.p
106283.

Almasri, W., et al.(2021) Deep learning
architecture for topological optimized
mechanical design generation with complex
shape criterion. in International Conference
on Industrial, Engineering and Other
Applications of  Applied Intelligent
Systems. Springer. of Conference.

Long, T., Y. Zhang, and H. Zhang,(2024)
Generative deep learning for the inverse

design of materials arXiv preprint
arXiv:2409.19124.
Ferreiro-Cabello, J., et al., (2018)

Metamodel-based design optimization of
structural one-way slabs based on deep
learning neural networks to reduce
environmental impact Engineering
Structures, 155, p.p 91-101.

Mai, H.T., et al.,(2023) A novel deep
unsupervised learning-based framework for
optimization of truss structures Engineering
with Computers, 39, no.4, p.p 2585-2608.
Nandy, A., C. Duan, and H.J. Kulik,
(2022) Audacity of huge: overcoming
challenges of data scarcity and data quality
for machine learning in computational
materials discovery Current Opinion in
Chemical Engineering, 36, p.p 100778.
Rather, I.H., S. Kumar, and A.H. Gandomi,
(2024) Breaking the data barrier: a review of
deep learning techniques for democratizing Al
with small datasets Artificial Intelligence
Review, 57, 1n0.9, p.p 226.

Qamar, T. and N.Z. Bawany,(2023)
Understanding the black-box: towards
interpretable and reliable deep learning
models Peer] Computer Science, 9, p.p
e1629.

Ying, X.(2019) An overview of overfitting
and its solutions. in Journal of physics:
Conference series. IOP Publishing. of
Conference.

Giabbanelli, P.J.,(2022) Hybrid Models
That Combine Machine Learning and
Simulations Computing in Science &
Engineering, 24, no.5, p.p 72-76.

155



Manaf Raid Salman, Marwan Al-Shaikhli, Hasan Ali Abbas, Hussain Hamed Ahmad, Sakhiah Abdul Kudus

38. Rane, N., et al.,(2024) Artificial intelligence, infrastructure  Artificial Intelligence and
machine learning, and deep learning for Industry in Society, 5, p.p 2-25.
enabling smart and sustainable cities and

Manaf  Raid Salman, M.Sc., Assistant Lecturer, Managp  Pauo  Canman, MarucTp HaykK, acCHCTEHT

Department of Building and Construction Techniques
Engineering, Madenat Alelem University College
(MAUCQ), 10006, Baghdad, Iraq. E-mail:
munaf.raad@mauc.edu.iq

Marwan Al-Shaikhli, Ph.D., Lecturer, Department of
Building and Construction Engineering Techniques,
Middle Technical University, Baghdad, Iraq. E-mail:
Marwan.samir@mauc.edu.iq. ORCID ID: 0000-0002-
3497-0043

Hasan Ali Abbas, Ph.D., Lecturer, Department of Building
and Construction Engineering Techniques, Middle
Technical University, Baghdad, Irag. ORCID ID: 0000-
0001-8909-4346. E-mail: hassan 2007a@yahoo.com

Hussain  Hamed Ahmad, Ph.D., Assistant Prof.,
Department of Building and Construction Techniques
Engineering, Madenat Alelem University College
(MAUQ), 10006, Baghdad, Iraq. E-mail:
hhahmad2006@mauc.edu.iq

Sakhiah binti Abdul Kudus, Ph.D., Lecturer, School of
Civil Engineering, College of Engineering, Universiti
Teknologi MARA, Shah Alam, 40450, Selangor,
Malaysia; Institute for Infrastructure Engineering and
Sustainable Management (IIESM), Universiti Teknologi
MARA (UiTM), Shah Alam, Selangor, Malaysia. E-mail:
sakhiah@uitm.edu.my

156

npernoiaBaTelisi, kKapeapa CTPOUTEIbCTBA U MHIKCHEPHBIX
TEXHOJIOTUH, YHUBEPCUTETCKUN KoJuiepk Maenat Anem
(MAUCQ), 10006, barnan, Upax. E-mail:
munaf.raad@mauc.edu.iq

Mapean Anv-Llaiixau, noxTop dumocodun, mpernoaBaTeb
Kaeapbl MHKEHEPHBIX TEXHOJIOIHH CTPOUTEIBCTBA 3MaHUH
u coopyxenuit, CpemHuil TEXHHYESCKUA YHUBEPCHUTET,
barman, HWpak. E-mail: Marwan.samir@mauc.edu.iq.
ORCID ID: 0000-0002-3497-0043

Xacan Anu Abb6ac, noxrop dunocopuu, npenoaaBareb,
Kadenpa TeXHONIOTMH  CTPOWUTENBCTBA  3NMAHWHA |
coopyxkenuii, CpenHudl TEXHUYECKHH YHUBEPCHUTET,
barnan, Upak. ORCID ID: 0000-0001-8909-4346. E-
mail: hassan_2007a@yahoo.com

Xycetin Xameo Axmao, noktop Guinocoduu, IOLCHT,
Kadenpa MHXKCHEPHBIX TEXHOJIOTHMH  CTPOHMTENILCTBA
3M1aHUA M COOPYXKEHUH, YHUBEPCUTETCKUN KOJIIEIK
Manenar Anem (MAUC), 10006, Barnan, Mpak. E-mail:
hhahmad2006@mauc.edu.iq

Caxuss  o6unmu A60yn Kyoyc, noktop ¢umocodun,
npenopasatenb, LlIkoma rpakaaHCKOTO CTPOUTEIHCTBA,
WnxenepHblil  Kojulek, YHuBepcurer TekHoorus
MAPA, Hlax Amam, 40450, Cenanrop, Mamnaii3us;
WHCTUTYT MHKEHEPHH MHPPACTPYKTYpPhl U YCTOWYHUBOTO
ynpasienus (IIESM), Yausepcurer Teknonorun MAPA
(UiTM), Illax-Anam, Cenanrop, Manai3us. E-mail:
sakhiah@uitm.edu.my

International Journal for Computational Civil and Structural Engineering





