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A B S T R A C T   

Urban underground infrastructure is a critical component in cities to provide essential services to residents. 
Research efforts have been made to facilitate different activities of underground infrastructure projects using 
various methods, particularly digital technologies. To obtain deeper insights from existing research and provide 
directions for future research, this study conducts a comprehensive review of research on underground infra-
structure construction and Operation & Maintenance (O&M) with a focus on digital technologies. The in-depth 
review was conducted based on 145 publications from the perspective of locating and mapping, construction and 
coordination, as well as O&M. Consequently, critical limitations and challenges are revealed, such as the lack of 
as-built and as-is information, the requirement of data quality and quantity for deep learning methods, the lack of 
fully automated robotic systems, etc. Afterwards, a status matrix was presented to identify the level of different 
digital technologies being studied and their future application potential for key activities of underground 
infrastructure projects. In the end, future research trends are proposed, including (1) digital twinning of un-
derground infrastructure, (2) quality and uncertainty of inspection data, (3) data generation and semi-supervised 
learning, (4) predictive maintenance, and (5) fully automated robotic systems for inspection and maintenance. 
This study contributes to the body of knowledge by identifying the challenges and limitations of existing studies 
through a systematic review, providing a clear view of the achievements and potentials of digital technologies for 
underground infrastructure, and proposing future research directions to facilitate digital transformation in this 
area.   

1. Introduction 

With the increasing speed of urbanization, urban underground in-
frastructures, such as underground utility networks and tunnels, have 
been an important part of cities to provide essential services to urban 
life. Similar to other infrastructure, the lifecycle of underground infra-
structure projects includes different stages, such as planning, design, 
construction, and operation & maintenance (O&M) [1]. Due to the 
characteristics of being buried underground, the activities at each stage 
can be highly complex and challenging. First, obtaining the accurate 
location of underground infrastructure is foremost essential for many 
activities, which can help optimize the routing of new infrastructure, 
avoid collision with existing ones, and provide references for inspection 
and maintenance activities. Nevertheless, accurate locating is chal-
lenging due to the complex distribution and extensive amount of various 
buried assets and the influence of the surrounding environment, such as 

the soil and underwater [2]. Second, in many practices, underground 
infrastructure information is still shared and managed through paper- 
based or 2D CAD drawings, making it difficult to visualize and under-
stand the situation of buried assets due to their complex and dense 
distribution. In addition, striking existing buried infrastructure during 
excavation is one of the utmost concerns causing severe consequences, 
such as water pipe bursting, explosion, and fire. This issue is mainly due 
to the lack of accurate as-built and as-is information as well as effective 
methods to visualize underground structures [3]. In the UK, the cost of 
accidental strikes on underground pipes and cables can lead to a loss of 
1.2 billion British pounds a year [4]. Besides, at the operation & main-
tenance (O&M) stage, massive human efforts are required for manually 
inspecting and assessing infrastructure conditions, and inspectors may 
be exposed to health and safety threats. Based on the inspection and 
assessment, maintenance activities are typically conducted after the 
infrastructure breaks down or according to a fixed schedule based on 
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previous experience. Such a conventional reactive maintenance strategy 
is hard to prevent abrupt infrastructure failure or fully utilize limited 
available resources to achieve optimized performance. 

Currently, the architecture, construction and engineering (AEC) in-
dustry is eager to improve productivity through digital transformation, 
hence various digital technologies have been increasingly adopted. 
Several clusters of digital technologies in the context of Industry 4.0 
have been identified for the construction industry, including smart 
factory (e.g. Radio-Frequency Identification (RFID), Internet of Things 
(IoT), automation, modularization, robotics, etc.), simulation and 
modeling (e.g. simulation tools, building information modeling (BIM), 
Augmented/Virtual/Mixed Reality (AR/VR/MR)), digitization and vir-
tualization (e.g. cloud computing, big data, digitization, etc.) [5]. Not all 
the aforementioned digital technologies are applicable for the under-
ground infrastructure, but some of them can be particularly useful to 
address the challenges in different activities of underground infra-
structure projects [6]. For example, BIM and geographical information 
system (GIS) have drawn attention to modeling the information of un-
derground infrastructures, such as to provide better visualization and 
enable simulation at different levels. However, their applications are 
still in infancy [7]. To improve locating accuracy, new technologies, e.g. 
RFID and global positioning system (GPS), are used to complement 
conventional methods such as ground penetrating radar (GPR) [8]. In 
addition, to reduce strikes on buried infrastructure during excavation, 
AR technologies are studied to enhance the visualization of the under-
ground situation along with the physical environment and provide 
valuable information [9]. Additionally, to improve efficiency in in-
spection and assessment, digital non-destructive technologies (e.g. vi-
sual devices and sensors) and automatic interpretation of inspection 
data have been increasingly explored for O&M of underground 
infrastructure. 

Previous research efforts have been made to tackle the problems at 
different stages of underground infrastructure by leveraging digital 
technologies and methods, such as accurate locating of buried assets, 
information modeling, reducing damages during construction, auto-
mated inspection and assessment, optimizing maintenance, etc. Several 
reviews have been conducted regarding locating technologies [10], AR 
visualization methods [11], inspection and condition assessment 
[10,12,13], deterioration modeling [14,15] and condition prediction 
[16], factors influencing sewer pipe condition [17,18], automated 
vision-based methods for condition assessment [19–22], etc. Huang 
et al. reviewed applications of BIM, machine learning and computer 
vision in underground construction [6]. It can be seen that, among all 
the stages across the project lifecycle, most research efforts have focused 
on the construction and O&M stage, mainly because of the more chal-
lenging issues these two stages face and the longer duration occupied by 
them. In addition, most previous reviews only focused on one particular 
topic, which is hard to provide a holistic view of the research in this area. 
Therefore, this paper conducts a systematic review of research related to 
underground infrastructure construction and the O&M stage to obtain 
deeper insights by connecting and integrating the main research topics 
and eventually providing directions for future research in this area. 

The remainder of this paper is organized as follows. Section 2 pre-
sents the methods for collecting relevant literature. Section 3 introduces 
the studies related to locating and mapping underground infrastructure. 
Section 4 reviews research on construction and coordination, followed 
by different research topics at the O&M stage in Section 5. Section 6 
presents the status matrix of different digital technologies for under-
ground infrastructure, based on which research challenges and future 
trends are identified. Section 7 concludes the paper and summarizes the 
contributions. 

2. Methods and data 

In this study, several databases (e.g. Google Scholar, Web of Science, 
and Scopus) are used to collect related literature, among which Google 

Scholar is the major. The scope of the research is framed within the 
underground infrastructure, mainly focusing on tunnel and utility 
infrastructure, such as underground wastewater and sewer systems, 
underground cables, etc. The keywords for searching the related liter-
ature are: (“underground utility” or “subsurface utility” or “under-
ground assets” or “subsurface assets” or “utility tunnel” or “tunnel” or 
“sewer pipe” or “sewer line” or “waterpipe” or “wastewater pipe” or 
“underground cable” or “subsurface cable” or “buried cable” or “un-
derground infrastructure” or “subsurface infrastructure”) and (“under-
ground” or “subsurface” or “buried”) and (“construction” or 
“maintenance” or “inspection” or “condition assessment”) and not 
(“subway” or “railway” or “metro” or “parking”). Journal papers are 
selected as the primary source in the presented searching strategy since 
the journal papers are often more informative and have higher impacts 
than conference papers [23]. After retrieving the original data from 
Scopus, a data cleaning process was conducted to filter out the unrelated 
literature. In the end, 145 papers remained for the systematic in-depth 
review. Fig. 1 illustrates the yearly number of publications selected for 
review in this study. The selected publications span from 1998 to April 
2022 (the writing time of this paper) and there has been a tremendous 
increase in research in this area since 2018. 

The selected publications are categorized into three main categories 
according to their topics, including (1) locating and mapping, (2) con-
struction and coordination, and (3) operation and maintenance. The 
categorization of the topics is based on the development of the con-
struction project lifecycle, which usually includes planning, design, 
construction, maintenance, and demolishment. Particularly, this study 
reviews the research on the construction and maintenance stages of the 
underground infrastructure. Thus, the identified research papers are 
categorized into two sets, including construction and coordination, and 
operation and maintenance. Meanwhile, locating and mapping is a 
unique topic for underground infrastructure related research. Due to the 
nature of such projects being buried underground, locating and mapping 
are usually essential operations during the construction as well as 
maintenance process for underground infrastructure. Therefore, 
locating and mapping is listed as a stand-alone category in this review. 
Under the third category, studies are formulated as smaller groups, 
including (1) automated inspection data interpretation, (2) condition 
assessment and prediction, (3) robotic systems for inspection and 
assessment, (4) inspection and maintenance planning, as well as (5) 
information modeling for maintenance management. For each group, 
existing studies are reviewed, focusing on digital technologies and 
methods, after which research limitations and challenges are revealed. 
Following that, digital technologies previously used for underground 
infrastructure are categorized, and a status matrix is presented to indi-
cate the level of each technology being studied and its future potential 
for specific activities in construction and O&M. Combining the limita-
tions and challenges revealed by the review as well as the findings from 
the status matrix, research trends are identified for future research di-
rections. Based on such a systematic review of research across the con-
struction and O&M stage of underground infrastructure, this study is 
expected to obtain a deep understanding of research progress in this area 
and provide insights for future development by synthesizing specific 
research topics. 

3. Locating and mapping of underground infrastructure 

Locating buried assets is the foremost important task for different 
activities in underground infrastructure projects, such as the design and 
construction of new infrastructure, and inspection and maintenance of 
existing ones. Accurate locating helps understand the distribution and 
location of existing buried assets in the target region, such as to reduce 
risks and improve efficiency in subsequent activities. Different types of 
technologies have been investigated to assist in locating buried assets. 
Traditionally, GPR is the dominant technique used to detect, locate and 
characterize buried assets by scanning the target area and analyzing the 
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generated image. Due to the difficulty and inefficiency in manually 
interpreting GPR scans, various data processing techniques have been 
studied to improve the interpretation process, including signal pro-
cessing, e.g. the Translation Invariant Wavelet Packet Detection 
(TIWPD) [24], discrete wavelet transform (DWT) and fractional Fourier 
transform (FRFT) [25] as well as image processing methods followed by 
classifiers [26]. Tavakoli Taba et al. [27] incorporated prior knowledge 
of pipe and underground environment (e.g. construction practices, 
geophysical principles, and electromagnetic wave propagation 
behavior) for analyzing GRP scans, which allows them to focus on pre-
defined zones to locate utilities, leading to higher accuracy. Multiple 
types of information were utilized for mapping utilities to handle the 
uncertainty of detecting buried utilities. For example, different infor-
mation sources (i.e. explored location, drawings, GPR) were fused in 
approximate reasoning with Mamdani inference for locating utilities 
[28]. In an approach for automated creation of utility maps [29], raw 
sensor data and available statutory records (e.g. utility maps) were in-
tegrated to estimate the rough location of utilities, followed by recon-
structing the map using automated image segmentation techniques and 
Bayesian classifiers. 

To improve the localization capability, other devices or techniques 
were developed to integrate with GPR. A sensing suite consisting of a 
camera and a GRP was developed for both surface and subsurface 
infrastructure inspection, where novel methods were developed for the 
GPR-camera calibration and sensor data fusion [30]. The system was 
able to reduce errors in infrastructure inspection and realize 3D recon-
struction of structures. In addition, a geospatial system was developed 
for mapping and uncertainty-aware visualization of underground utili-
ties by integrating GPR, GPS, and GIS [8]. 3D probabilistic uncertainty 
bands enclosing the utility line were used to indicate the positional 
uncertainties and were visualized using multi-patch surface models in 
GIS for end-users to avoid utility strikes during excavations. Further-
more, by collecting GPS data with the GPR scanning, a hybrid approach 
was proposed to simultaneously estimate the radius and depth of un-
derground utilities using the very important point (VIP) algorithm [31]. 
The approach has improved the accuracy of estimating utility features 
under a general scanning condition. 

In addition, some studies started to explore augmented reality (AR) 
for the underground domain [32]. AR and 3D GIS have been studied for 
interactive surveying and visualization of underground infrastructure, 
which has significant advantages over 2D maps. An integrated system, 

XR-GIS, was developed based on AR and GIS to map and capture un-
derground utilities using a mobile device and share the captured data 
through a cloud-based system [9]. However, the system was only vali-
dated through focus group discussion and questionnaire, instead of 
application to actual projects. As accurate registration of virtual objects 
in the real world remains challenging, the horizontal accuracy of the 
data captured by the AR phone application XR-GIS was evaluated for 
mapping underground utilities [33]. It was found that AR applications 
on smartphones should be linked with external GPS devices to improve 
mapping accuracy. 

Considering that different locating technologies have their limita-
tions and advantages, a decision tool was developed based on a 
knowledge base and different criteria to select an appropriate technol-
ogy for locating underground infrastructure [34]. Similarly, a decision- 
tree approach was proposed based on different criteria (e.g. soil type, 
material, access to the manhole) for identifying the optimal methods (e. 
g. trace wires, GPR, acoustics) for locating underground conduits 
considering the ease of use, accuracy, and cost [35]. It was suggested 
that a comprehensive inventory of all segments and junction boxes 
should be available to select a preferred method. 

Overall, research efforts are shifting from using individual devices (e. 
g. GPR) to integrating multiple sensing technologies (e.g. GPS, GIS, AR, 
etc.) to improve the accuracy of locating underground infrastructure. 
Data processing methods such as image and signal processing are 
developed to facilitate interpreting the obtained data. Nevertheless, new 
technologies are facing technical challenges when applied to under-
ground infrastructures, such as the registration accuracy of AR devices. 
In addition, approaches need to be developed for processing and inte-
grating data from multiple devices more efficiently. 

4. Construction and coordination of underground infrastructure 

Due to the nature of being buried, underground assets are easy to be 
struck during excavations. Current deficiencies in damage prevention 
efforts for excavation and possible root causes were identified, such as 
insufficient excavation practices, locating practices, and notification 
errors [36]. Potential solutions to reduce damages to utilities include 
improving education material, addressing locating delay and inaccuracy 
by construction firms and utility owners, and incorporating the Sub-
surface Utility Engineering standard [36]. To address the problems 
caused by excavations, a visual system was proposed to avoid the 
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excavator-utility collision, where 3D models of underground utilities 
were created with geospatial data and superimposed on the excavator’s 
workspace using AR with real-time Kinematic GPS [37]. The system 
provided visual information on the location and type of existing utilities 
to facilitate the excavation process. Following that, Talmaki et al. [38] 
designed a scalable visualization framework to characterize and utilize 
available geospatial utility data to support urban excavation, where 
georeferenced 3D models of buried utilities were created with color- 
coded bands as well as attributes and uncertainty buffers. Displaying 
the uncertainty of the visualized utility location data could guide the 
excavator operators to reduce damage to buried assets. In addition, an 
analytical approach was proposed to augment site photos with 
computer-generated 3D graphics [39], where the image-forming process 
of a camera was simulated, and a virtual photo of the underground scene 
was generated and merged with the actual site photo. With a richer and 
more integral view of the site situation, the approach can visualize the 
construction progress of underground infrastructure and help the 
registration for AR applications. 

As underground infrastructure project usually involves multiple 
stakeholders, coordination among stakeholders is important to ensure 
the smooth progress of the project. A 4D CAD-based coordination 
method was developed to support project plan scoping, formalizing, and 
synchronizing [40]. Ethnographic action research was used to imple-
ment the method in four projects, which found that 4D models could 
identify project interfaces, conflicts, and schedule shortcomings. With 
the wide applications of BIM in the building sector, the potential of BIM 
was also investigated for underground construction. Applications of BIM 
for underground construction were developed by integrating surface 
and subsurface asset information as well as geological and ground 
conditions [41]. The approach can facilitate activities at different stages 
such as aligning new utilities, risk analysis during construction, and data 
repository for future project and maintenance planning. In addition, 4D 
BIM was developed along with GIS for utility relocation management, 
which can provide visualization of existing buried assets, clash detec-
tion, and 4D simulation to improve project scheduling and coordination 
[42]. In addition to information modeling, different special purpose 
simulation (SPS) tools for underground infrastructure construction were 
also proposed [43], which were used for different applications, such as 
tunnel construction operations, pipe routing, horizontal directional 
drilling operations, and trenchless pipe replacement. It was demon-
strated that simulation is an efficient and cost-effective method for 
decision-making and analyzing real systems. 

Overall, prior research focused on reducing damages to buried assets 
during construction as well as improving the coordination among 
stakeholders with the assistance of 3D modeling, advanced positioning 
and visualization techniques. However, the lack of accurate as-built and 
as-is information of underground infrastructure makes it challenging to 
locate and detect existing buried assets. Future research is expected to 
investigate the methods to obtain and maintain updated as-built and as- 
is data of underground infrastructure. 

5. Operation & maintenance of underground infrastructure 

Operation & Maintenance (O&M) accounts for a significant portion 
of the underground infrastructure lifecycle, with various procedures and 
activities to ensure the normal functioning of infrastructure, such as 
daily inspection and monitoring, condition assessment, and mainte-
nance planning. To improve efficiency in those activities, different 
digital technologies and methods have been explored, especially auto-
mation and information modeling approaches. Specifically, existing 
research on O&M of underground infrastructure mainly focuses on (1) 
automated inspection data interpretation, (2) automated condition 
assessment and prediction, (3) robotic systems for inspection and 
assessment, (4) intelligent inspection and maintenance planning, and 
(5) information modeling for maintenance management. 

5.1. Automated inspection data interpretation 

To evaluate the condition of underground infrastructure, the work-
flow (see Fig. 2) usually starts with interpreting inspection data using 
different methods to identify defect information such as defect type, 
location, and number, followed by characterization and rating of defects 
based on features (e.g. area, length, width, etc.). Afterwards, infra-
structure conditions will be quantified and evaluated according to spe-
cific standards. This section will present research efforts made for the 
first and second stages, i.e. data interpretation and defect character-
ization. Section 5.2 will introduce the previous research on condition 
assessment and prediction. 

Currently, an inspection of underground infrastructure is usually 
conducted manually with the aid of various devices, which can be 
categorized as visual (e.g. CCTV and SSET), electromagnetic and radio 
frequency, acoustic, etc. [12]. Inspectors need to identify defects 
manually during the inspection and review the captured data afterwards 
to evaluate infrastructure conditions based on their experience and 
expertise. Such traditional inspection practices have been considered 
inefficient, requiring massive time, effort, and expertise, yet still suffer 
from human errors [44–46]. To address such problems, methods have 
been developed to automatically interpret different types of inspection 
data (e.g. CCTV videos, GPR images and acoustic signals) to identify the 
defect’s existence, type, or location. The interpretation also includes 
recognizing infrastructure components, such as joint and tap of pipes. 
Different types of interpretation methods have been studied depending 
on the characteristics of the obtained data. 

Computer vision-based approaches are the dominant methods for 
automatically interpreting visual inspection data (e.g. images and 
videos), which can be categorized as conventional image processing 
techniques and deep learning-based approaches. A typical workflow (see 
Fig. 3) for defect classification using traditional computer vision in-
cludes multiple stages, such as preprocessing, feature extraction, and 
classification or detection using machine learning techniques. Tradi-
tional image processing methods are commonly used for feature 
extraction, such as morphological operations, edge detection, thresh-
olding techniques, etc. Morphological methods have been applied 
individually or with other techniques like edge detection for feature 
extraction in many studies [47–50]. With the extracted features, ma-
chine learning classifiers such as neural network [51,52], support vector 
machine (SVM) [47,53,54], and random forest (RF) [55] are trained to 
detect the existence of defects or classify defect types. The multi-stage 
traditional workflow requires constructing features manually and 
adjusting classifier parameters specifically for a particular case [56]. 

In recent years, there has been an emerging interest in deep learning- 
based approaches for automating the data interpretation process due to 
its capability of learning features and producing desired results auto-
matically without manual intervention [57]. Compared with traditional 
workflow, deep learning-based methods are more straightforward by 
training the model with annotated data and then applying the trained 
model to generate results. CNN-based models are leveraged to facilitate 
different levels of visual interpretation tasks for underground infra-
structure, including defect classification [58–60], detection [45,61–64], 
and segmentation [65–68]. Among them, classification is an image-level 
task to recognize if the image contains defects or predict the defect type 
for the whole image, while detection is object-level, aiming to simulta-
neously classify defect type and localize location with bounding boxes 
for each defect. Semantic segmentation is a pixel-level task, which 
predicts the label for each pixel. Hence it is helpful in analyzing the area 
occupied by different defects in the image. Considering their charac-
teristics, these methods can be utilized in various scenarios depending 
on the data interpretation purpose. Classification can be used for real- 
time on-site inspection to recognize if any defect exists in the camera 
view, while detection is helpful in finding the defect type and location to 
check with manual results during the review of the captured videos. 
Segmentation can obtain specific defect features (e.g. area, length, 
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width), making it suitable for evaluating defect severity and infra-
structure condition. Additionally, a framework was proposed to track 
defects in CCTV videos, which first detected defects in each frame and 
matched each unique defect across consecutive frames in the whole 
video [69]. In addition to location and type, their method can generate 
an identification (ID) number for each defect, which is useful for 
obtaining the number of defects in the video. Fig. 4 illustrates these 
methods. 

To reduce the impact of data imbalance, a two-level hierarchical 
deep learning approach was proposed [60,70], which firstly discrimi-
nated images with defects from normal images and then predicted the 
defect classes assuming the image has defects. Such a hierarchical 
method obtained higher accuracy in classifying defect labels. With the 
aim to improve the detection accuracy, a feature fusion method was 
developed to integrate local features from backbone convolutional 
layers and global features from their proposed strengthen region pro-
posal network [71]. Their approach achieved better defect classification 
and localization performance than several other classical learning-based 
methods. During the data interoperation process, defect features can be 
extracted. Particularly, the segmentation results directly provide pixel- 
level features e.g. defect area, length and width. In addition, the depth 

of surface-breaking cracks in concrete pipes was evaluated with a non- 
destructive method, which was validated based on experiments and 
numerical simulations [72]. Meanwhile, the size of sewer pipe defects 
(e.g. bubbles, wrinkling, and delamination) was estimated using image 
processing techniques on infrared thermography images [73]. 

In addition to visual data, methods for other data types were also 
studied, such as deep learning-based approaches for defect classification 
and detection from synthetic point clouds [74,75]. Besides, signal pro-
cessing methods were applied for ultrasonic data [76] and acoustic data 
[77] to detect defects and identify structural aspects of a sewer pipe such 
as a manhole and lateral connection. The aerial thermal imaging (ATI) 
technique [78] was also used to identify the leakage points in sewer 
pipelines by analyzing the surface thermal diffusion behavior of the 
ground surface. 

In summary, compared with traditional computer vision methods, 
deep learning based approaches have been increasingly investigated for 
inspection data interpretation tasks, e.g. defect classification, detection, 
segmentation, etc. Nevertheless, the performance of deep learning 
models is impacted by the size and quality of the training dataset. 
Methods to facilitate data preparation and ensure data quality should be 
further studied. It’s also desired to develop deep learning methods with 

Fig. 2. Typical workflow of infrastructure condition assessment.  

Fig. 3. Inspection data interpretation based on traditional computer vision.  

Fig. 4. Visual inspection data interpretation based on deep learning.  
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a better training strategy to handle the case with limited data. 

5.2. Automated condition assessment and prediction 

5.2.1. Automated condition assessment and diagnose 
After interpreting inspection data, infrastructure conditions will be 

evaluated and quantified according to regulations and standards. A 
quantitative assessment system called PIRAT was presented to evaluate 
infrastructure condition, where an in-pipe vehicle with laser and sonar 
scanner was used to capture data [79]. An interpretation system with 
machine vision and neural network techniques was included to measure 
the internal geometry of the sewer as well as to detect, classify, and rate 
defects automatically. In addition, a workflow was developed for intel-
ligent condition monitoring of buried pipeline systems, consisting of 
data acquisition, interpretation, and utilization of the data for an intel-
ligent renewal of buried infrastructure [80]. More recently, a framework 
was developed for automated condition assessment of underground 
sewer pipes based on closed-circuit television (CCTV) images [46]. Deep 
learning-based defect detection and segmentation are included in the 
framework to automatically identify defects and quantify severity, after 
which the pipe condition is evaluated according to standards used in the 
industry. 

As uncertainties in defect detection models could influence condition 
rating, fuzzy inference rules were developed to estimate sewer pipe 
conditions [81]. The defect attributes obtained from multiple artificial 
neural networks (ANNs) were used as inputs, which were aggregated 
and de-fuzzified in a fuzzy operator to generate the final condition score. 
Hierarchical evidential reasoning (HER) was another method used to 
deal with the uncertainty, by aggregating and handling various bodies of 
evidence in a hierarchical manner. An approach based on HER and 
Dempster-Shafer (D–S) theory was proposed to infer the condition 
rating of buried pipes by combining different distress indicators at 
different hierarchical levels [82]. A similar method was proposed to 
evaluate the coverall condition of sewer pipelines by integrating the 
conditions of defects [83]. Their method was expected to improve ac-
curacy in condition assessment by uncertainty mitigation and robust 
aggregation. A fuzzy expert system was also applied to predict the 
condition of erosion voids outside sewer pipelines, where fuzzy mem-
bership functions were developed for identified factors to aggregate 
their weights and generate the condition of voids [84]. 

Different from condition assessment, condition diagnosis aims to 
investigate the causes and mechanism of different defects or failures, 
which can then guide maintenance or provide insights to prevent future 
defects based on expertise and previous experience. An ontology-based 
information integration framework was developed to infer surface 
subsidence cause for underground tunnels as well as to determine the 
solutions to mitigate potential risks [85]. Similarly, a Tunnel Defects 
Diagnosis System (TDDS) was proposed by [86] based on Industry 
Foundation Classes (IFC) and Semantic Web technologies. Based on a 
tunnel diagnosis ontology (TDO) and semantic rules, the system can 
perform automatic reasoning to identify causes for tunnel defects, which 
would support condition evaluation and decision making. 

Compared with inspection data interpretation, fewer research efforts 
were made for condition assessment and diagnosis. More studies are 
expected to improve the efficiency in condition assessment, such as 
automatically evaluating the severity of defects and estimating the 
overall infrastructure condition. Uncertainties in the inspection process 
would impact the data quality and the subsequent assessment. Research 
can be performed to study the uncertainties in manual and automated 
assessments and the potential mitigation measures. 

5.2.2. Automated condition prediction and deterioration modeling 

5.2.2.1. Current condition prediction. The studies above focus on eval-
uating conditions based on collected data. However, only a small portion 

of underground infrastructure can be inspected yearly due to limited 
time, budget, and labor. Therefore, another stream of research focuses 
on condition rating for infrastructures that have not been inspected or 
the inspection data are outdated. Machine learning-based approaches 
were developed to predict (or identify) current conditions based on data 
of infrastructure that have been inspected. 

Four SVM models were developed for predicting sewer condition 
grade, where different variables were used in each model to investigate 
their influence on prediction performance [87]. The results showed that 
using additional attributes did not improve the model performance, 
probably because more attributes increased the input dimension while 
the amount of data was limited, which indicated the importance of 
choosing appropriate input attributes. Random forest (RF) was also 
studied for predicting sewer conditions [88,89]. The model performance 
was improved by first classifying good or bad structural conditions and 
then using the receiver-operating characteristic (ROC) curve to establish 
alternative cut-offs for the RF model to predict pipe conditions [89]. In 
addition, logistic regression (LR) and its variants have been commonly 
applied. For example, a LR model was developed to predict the likeli-
hood that a section of pipe is in a poor condition [90] while multiple 
logistic regression (MLR) was proposed for predicting the structural 
condition of individual stormwater pipe [91]. The MLR model was 
calibrated with the maximum likelihood method and compared with the 
probabilistic neural network (PNN) trained with a genetic algorithm 
(GA). The results showed that the PNN model was more suitable to 
model stormwater pipe deterioration and the training process was 
improved by GA. Besides, ANN was applied to predict the condition of 
water mains in an integrated model [92,93]. A condition rating model 
was first developed to assess the condition of water mains based on the 
analytical hierarchy process (AHP), and deterioration curves for water 
mains were generated based on predicted conditions. Neural network 
modeling was also used to predict serviceability conditions of storm-
water pipes, in which the model calibrated by Bayesian weight estima-
tion performed better than conventional calibration backpropagation 
[94]. Meanwhile, the ranking of input factors indicated that pipe size, 
slope, the number of trees, and climatic condition were important for 
serviceability deterioration. Similarly, a Bayesian update technique was 
used to incorporate individual pipe history in the negative binomial 
regression model to predict the failure probability of sewer pipes [95]. 

5.2.2.2. Future condition prediction and deterioration modeling. Predict-
ing current conditions can help reduce inspection time and cost, but such 
a reactive maintenance mode is not sufficient to avoid infrastructure 
breakdown in advance. Instead, a proactive or predictive maintenance 
method by predicting future infrastructure conditions is necessary to 
help decide appropriate maintenance strategies and prevent abrupt 
breakdown. 

One primary method for predicting future conditions is based on the 
deterioration modeling of infrastructure. Different statistic methods 
were studied for structural deterioration modeling of urban drainage 
pipes including the cohort survival model, Markov-chain based models, 
the semi-Markov model, the logistic regression model, and multiple 
discriminant analysis [15]. Survival models have been typically applied 
for modeling the deterioration of buried infrastructure. A survival 
analysis model [96] was developed to predict the overall structural state 
of a sewer network using camera inspection data, where a calibration 
procedure was proposed to handle the censored nature of data while the 
waiting times in the deterioration state were represented by the Expo-
nential and Weibull functions. The model was demonstrated robust to 
smaller calibration sample sizes, indicating its potential for predicting 
sewer deterioration when only a small portion of pipes was inspected. 
Similarly, random survival forest and the Weibull regression were 
evaluated for modeling sewer deterioration, in which the former is a 
machine learning method for survival analysis while the latter is an 
established parametric method where the survival times follow the 
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Weibull distribution [97]. The two models generated similar results, but 
the former performed slightly better. Parametric survival models with 
different distribution functions (e.g. Weibull, exponential, lognormal, 
etc.) were also evaluated for generating the survival curves to predict the 
likelihood of failure of underground pipeline groups [98]. To assess the 
performance of sewer deterioration models, a set of metrics were 
developed to benchmark the performance of a statistical model (i.e. the 
GompitZ model based on survival analysis and Markov-chains) and a 
machine learning model i.e. random forest [99,100]. Both models ach-
ieved satisfactory results for network-level prediction, while the ma-
chine learning model performed better for predicting conditions at the 
individual pipe level. However, the main limitation of random forest is 
the high False Positive rate as well as the deficiency in predicting long- 
term future conditions. 

In addition to survival analysis models, regression methods were 
investigated for deterioration modeling. Multiple regression models 
were developed to predict the structural and operational conditions of 
sewer pipes and generate deterioration curves for sewers with different 
materials [101]. Dynamic deterioration models were proposed using 
regression methods for individual and group pipes after clustering sewer 
pipes according to location attributes and operational conditions [102]. 
The model for individuals aimed to predict the actual age of current 
pipes based on physical and operational attributes while the group 
prediction model could predict that of pipes without condition assess-
ment data. The former is appropriate for maintenance scheduling for 
existing pipes while the latter can be used for planning new pipe 
installation. Additionally, a linear regression model was developed to 
predict sewer pipe conditions at a neighborhood level, while a neural 
network with a backward variable elimination process was proposed for 
individual pipes [103]. Deterioration curves of individual pipes were 
generated, which could help prioritize maintenance works according to 
predicted future conditions. More comprehensive data with more input 
variables is desired to improve model performance. Besides, a Bayesian 
geo-additive regression model with penalized splines smooth functions 
was applied to predict sewer deterioration based on physical, mainte-
nance, and environmental data [104]. The spatial autocorrelation in 
their study indicated that similar pipes with the same physical and 
maintenance data may have different deterioration rates if installed at 
different locations. 

In addition to deterioration modeling, some studies focused on more 
specific condition predictions, such as infrastructure failure and breaks 
in the future. The time to failure of water mains was predicted using 
ANN considering pipe attributes, protection, and previous failure [105] 
as well as ridge regression (L2) and ensemble decision tree (EDT) [106]. 
In addition, the number of breaks of municipal drinking water mains 
was predicted by evolutional polynomial regression (EPR) [107]. 
Sensitivity analysis was performed in most studies to identify the most 
sensitive or important variables (e.g. material, length, diameter, etc.) 
affecting the model performance. Besides, corrosion initiation time and 
corrosion rate were predicted by ANN, multiple linear regression, and 
adaptive neuro fuzzy inference system (ANFIS), which were trained 
using data obtained in a laboratory corrosion chamber and verified with 
filed measurement data in real sewers [108,109]. The three models and 
the interaction between environmental parameters were evaluated, and 
ANN and ANFIS were found to perform better than MLR models for 
predicting sewer service life. 

Factors contributing to defects and infrastructure conditions are 
investigated to understand the deterioration mechanism of underground 
infrastructure. For example, factors that influence blockage rate were 
identified through a web survey, which indicated that influential factors 
included asset attributes (e.g. type, diameter, age), climatic conditions, 
water consumption, and soil type [110]. The importance and influence 
of different parameters (e.g. diameter, buried depth, material, etc.) on 
pipe structural performance were investigated using backpropagation 
and probabilistic neural network models, where material attribute was 
found to have the highest impact, followed by geometric and physical 

attributes [111]. Reviews were conducted regarding the factors influ-
encing the structural deterioration and collapse of rigid sewer pipes as 
well as the condition of sewer pipes [17,112]. 

To address the challenge of data availability, water supply network 
data was enhanced for deterioration modeling and predicting the 
rehabilitation rates [113]. The fragmented and implausible data prob-
lem was handled by filling the gaps in network data and failure records 
with plausible values, after which a simplified approach was developed 
to estimate rehabilitation rates with only basic data e.g. pipe length, 
type, and construction year. The data enhancement method proved to 
improve data of pipes with one or two missing data values, but could not 
reconstruct failure types or more than two missing pipe values. Rule- 
based Monte Carlo simulation and probability analysis were used to 
predict the present and future condition rating and rehabilitation cost of 
sewer pipes in the City of Edmonton [114]. The method generated 
reasonable outcomes, indicating simulation can be a useful tool for 
prediction in the case of limited available data. 

To summarize, machine learning based methods were developed for 
predicting the current condition of infrastructures that have not been 
inspected. Meanwhile, statistical and machine learning approaches were 
also studied for future condition prediction and deterioration modeling. 
Most of the above-mentioned methods were based on historical in-
spection data and infrastructure characteristics, but such data may not 
always be available, consistent, or accurate. More research is expected to 
enhance the quality of existing data, propose methods for the limited- 
data circumstance and improve future data management. 

5.3. Robotic systems for inspection and assessment 

Despite approaches proposed for automating the data interpretation 
process, inspectors still need to operate equipment or control devices to 
collect data and perform inspections. Hence, research efforts have been 
made to develop robotic inspection systems. Most studies focused on 
robotic systems equipped with different devices or sensors, such as 
cameras, laser, sonar, GPR, etc. A detailed review of these robotic sys-
tems can be referred to [115]. Although such platforms alleviated the 
efforts in data collection, there are still several challenges. Most systems 
are teleoperated where one or more inspectors need to be at the in-
spection site [115]. The movement range of robots controlled by wired 
cables is constrained by the cable length, while wireless robots suffer 
from signal weakening issues when working underground. Hence, fully 
automated inspection systems need to be investigated. A robot-aided 
tunnel system was developed for inspection and maintenance with 
minimum influence on the traffic [116]. A lightweight robotic tool with 
sensing devices allows the operator to control the system to perform 
inspection and maintenance. Meanwhile, a human-machine interface 
enables the operator to identify specific defects and problems during the 
inspection and maintenance process. Nevertheless, their system was 
only partially autonomous and still required control from operators. The 
idea of a fully automated robotic intelligent vision and control system 
ROBINSPECT was proposed for tunnel inspection and evaluation [117]. 
The system was expected to be equipped with multiple vision and ul-
trasonic sensors to detect and measure features of defects (e.g. crack 
width and depth), after which the information is sent back to the control 
station to help with condition assessment. Several robotic devices are 
also developed for pipe inspection [118]. For example, a laser range 
finder was developed to be used on a robotic platform for water pipe 
inspection [119]. The accurate distance measurement by the laser range 
finder can help locate the robot and generate a profile of the pipe’s inner 
surface to detect and characterize anomalies. Nevertheless, there is still 
a lack of fully automated robotic systems for underground infrastructure 
inspection and assessment, which would have the intelligence to 
conduct inspection itself without manual intervention. In the future, 
achieving a higher level of automation of such robotic systems is a 
desired research direction. 
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5.4. Intelligent inspection and maintenance planning 

Due to limited resources (e.g. budget, time, and labor) for under-
ground infrastructure inspection and maintenance, it is important to 
allocate resources wisely and obtain the optimum maintenance strategy. 
Previous studies proposed different methods for optimizing schedules of 
inspection and maintenance activities in an intelligent way, with a 
general workflow (see Fig. 5). 

An optimization method was proposed to determine the most 
appropriate condition assessment technology and inspection interval 
based on the partially observable Markov decision process (POMDP) and 
GA, for both individual and network pipe levels considering the direct 
and indirect cost of an infrastructure failure [120]. In addition, a risk- 
based methodology was developed for optimizing the inspections of 
large underground infrastructure networks with incomplete information 
about the network [121]. Multi Attribute Value Theory was used to 
evaluate the risk of each pipe in the network, after which the optimal 
inspection strategy was generated using Portfolio Decision Analysis 
(PDA). To address the limitation of traditional periodic inspection, a 
non-periodic inspection policy was developed for tunnels, where the 
adaptability of different inspection scheduling functions for three 
degradation modes (i.e. stationery, accelerated, decelerated) was stud-
ied [122]. The effects of three types of inspection scheduling functions 
for the degradation modes were analyzed, and one type of convex 
function performed the best regardless of the degradation mode, 
providing insights for effective inspection scheduling. 

In addition to inspection, studies were also performed for planning 
underground infrastructure maintenance e.g. replacement and renewal. 
Methods were proposed to optimize sanitary sewer maintenance and 
rehabilitation based on demand forecasting and life cycle cost analysis 
[123]. The sewer demand was forecasted using ANN to identify critical 
areas, for which the sewer deterioration was modeled by Markov chain. 
Afterwards, probabilistic dynamic programming was used to analyze life 
cycle costs and develop the optimal maintenance strategy with a limited 
budget. Additionally, a water pipe renewal strategy was proposed using 
evolutionary algorithms considering cost function and hydraulic crite-
rion [124]. A probabilistic break model with a Bayesian parameter 
estimation was developed to evaluate pipe structural deterioration. 
Three optimization methods based on GA were utilized to identify the 
pipe number to be replaced and the optimal time for renewal. It was 
pointed out that other factors should also be considered such as the 
water demands, diameter variation for the replacement pipe, and 
maintenance works of other infrastructure simultaneously. In addition, a 
multi-objective genetic algorithm (MOGA) was proposed for efficient 
replacement scheduling of individual water mains considering econo-
mies of scale and other known infrastructure works [125]. However, the 
assumptions about cost-contiguity implications may be overly simplified 
and other factors should also be considered e.g. hydraulics, larger 
diameter replacement pipes, reliability, etc. for replacement planning. 
Instead of focusing on individual pipes, a replacement decision optimi-
zation model for group scheduling (RDOM-GS) was proposed for water 
pipelines by integrating new cost functions, service interruption model, 
and optimization algorithm [126]. Different pipe groups were formed 
and the failure probability of each pipe in each year was predicted to 
calculate the total cost and service interruption influence for each group. 

Then, the nondominated sorting GA was applied to identify the optimum 
replacement strategy with minimum total life-cycle cost and service 
interruption. 

Similar optimization methods were developed for different utility 
networks. A multi-objective optimization model was developed for 
sewer network maintenance planning considering condition, service 
life, and maintenance cost [127]. The sewer condition deterioration was 
predicted by the Markov chain while Monte Carlo simulation was used 
to calculate the expected cost for the M&R policy, after which the life 
cycle M&R cost was estimated. In the end, GA was applied to select the 
near-optimum M&R strategy. Meanwhile, a risk-informed decision 
support framework was presented for water distribution systems (WDS) 
maintenance prioritization [128]. Risk assessment was performed based 
on the likelihood of failure and consequence of failure, followed by 
geospatial dependency analysis between the road network and WDS to 
generate an interdependent network, based on which the impact of pipe 
and road failure on the interdependent network was analyzed. Conse-
quently, the maintenance was prioritized according to the risk analysis 
and combined impact of pipe failure. One limitation is that only the 
failure of the pipeline was considered while that of other components e. 
g. valves, pumps, and joints also have impacts on the maintenance. With 
the purpose to identify certain intervention actions to maintain existing 
infrastructure and restore the overall network performance (ONP), a 
decision support system was proposed by modeling the ONP based on 
asset condition and criticality and modeling the network deterioration 
with Weibull analysis [129]. Afterwards, particle swarm optimization 
(PSO) was performed to maximize ONP and minimize the total lifecycle 
cost. In the end, the capital improvement plans were made to decide on a 
maintenance method and allocate the budget. 

In addition to single types of networks, integrating information of 
multiple types of networks has been an emerging trend for underground 
infrastructure maintenance in recent years. Based on the priority of 
sewer, water and road networks, an integrated priority model was 
developed for rehabilitation planning of street sections, where different 
factors were considered, such as the deterioration of pipes, their 
connection to houses, and the importance of road segments [130]. The 
model was expected to prioritize the rehabilitation of multiple networks 
together or single networks. A similar idea was proposed to perform 
maintenance works for multiple types of networks, e.g. water and sewer 
networks, at the same time with the help of GIS data [131]. The inte-
grated approach was demonstrated to greatly reduce the cost for the 
second and third types of utility compared with the cost of the same 
activity implemented separately. However, more research is desired to 
investigate the interdependencies among different types of infrastruc-
ture and their influence on maintenance planning and management 
[132]. 

To select an optimum maintenance strategy, Abraham et al. [133] 
proposed an integrated sewer management system, which included 
network identification and classification, condition rating, deterioration 
modeling, condition prediction, and optimization of the life-cycle cost of 
sewer rehabilitation. The system was applied to the sewer data from the 
city of Indianapolis, where dynamic programming was used to identify 
appropriate rehabilitation methods for sewers at different stages. A 
similar system was later proposed [134] to select optimal multi-year 
pipe maintenance and rehabilitation projects by optimizing the total 

Fig. 5. General workflow of optimizing inspection and maintenance activities.  

M. Wang and X. Yin                                                                                                                                                                                                                           



Automation in Construction 141 (2022) 104464

9

cost, which, however, was not validated with data from practical pro-
jects. In the maintenance framework for shield tunnels, both structural 
performance and life cycle cost (LCC) were considered [135]. A deteri-
oration model for steel corrosion was selected to evaluate the structural 
performance, after which the structural performance-based strength cost 
was used to select an appropriate maintenance plan. Structural reli-
ability analysis was also performed to validate the framework and study 
the influence of the deterioration model. In the future, the deterioration 
models are expected to be improved by incorporating material science 
and condition data. 

To summarize, previous studies mainly focused on optimizing in-
spection and maintenance activities considering multiple constraints, e. 
g. future conditions, cost hydraulic performance, etc. Optimization 
methods such as GA and PSO were commonly utilized for maintenance 
sequencing and resource allocation. Most previous research focused on 
one type of infrastructure, while more research should be conducted to 
study the interdependencies among different types of infrastructure and 
their influence on maintenance planning. 

5.5. Information modeling for maintenance management 

Different activities at each stage, especially the operation and 
maintenance, heavily rely on various data and information. Hence, in-
formation modeling becomes important to manage all the data effi-
ciently and facilitate different tasks. Although BIM has been widely 
applied in the building sector, its applications in infrastructure espe-
cially underground infrastructure are still limited. Meanwhile, GIS can 
model urban environments and entities, indicating its great potential in 
representing underground infrastructure information and surroundings. 
Several studies explored the applications of BIM and GIS for under-
ground infrastructure. A BIM-GIS underground utility management 
framework was proposed to fully utilize the advantages of BIM and GIS, 
where BIM and GIS were integrated to support visualization and clash 
detection [136]. The framework was later extended by proposing data 
models based on IFC and CityGML to represent various utility infor-
mation and support condition assessment and decision making [2]. 
Additionally, BIM and GIS were also studied to improve maintenance 
management for utility tunnels, where methods for acquiring, process-
ing, and integrating BIM and GIS data were proposed and a prototype 
system was validated with an actual utility tunnel project [137]. Simi-
larly, a BIM-based framework was developed for sustainable O&M of 
utility tunnels, including a monitoring system, BIM platform, and O&M 
database [138]. Data from the three modules can be exchanged through 
the API to facilitate maintenance activities. 

Considering heterogeneous data and domain knowledge involved in 
an infrastructure project, developing new information models and se-
mantic web approaches is another research direction for infrastructure 
management. The road information model (RIM) concept based on BIM 
was expected to provide the map data of underground pipelines in 3D 
format and visualize them as 3D objects to reflect their topology [139]. 
RIM was designed to improve the maintenance of roads, but it would 
also benefit the associated pipelines. In addition, a smart sewer asset 
information model (SSAIM) was developed by mapping entities and 
relationships to IFC4, based on which smart sensors were connected to 
the SSAIM for real-time monitoring of sewer asset performance [140]. 
To support decision making considering multiple infrastructures, a 
knowledge-based DSS was developed for integrated infrastructure inter- 
asset management, where module ontologies were built to represent 
knowledge of each sub-domain, such as infrastructure assets, triggers (e. 
g. pipe leaking), and consequences [141]. The qualitative likelihood was 
assigned to semantic rules to represent the uncertainty of knowledge, 
based on which an inference engine was developed to predict the po-
tential consequences of a trigger. A prototype web-based system was 
developed to apply the proposed functions and support decision-making 
in asset management. More recently, an ontology-based framework was 
proposed for underground utility maintenance and management [142]. 

A domain ontology, UOMO, was developed to represent different con-
cepts (e.g. processes, products, actors, resources, etc.) and their re-
lationships while semantic rules were developed to represent domain 
knowledge (e.g. defect rating, maintenance prioritization, method se-
lection, etc.). Following that, a user interface was developed to enable 
inference of useful knowledge from existing data, and eventually sup-
port decision making in the maintenance and management of utilities. 
Despite the efforts above, more research is desired to fully leverage the 
potential of information modeling and semantic web approaches to 
support underground infrastructure maintenance management and de-
cision making. 

6. Challenges and future research trends 

6.1. Status matrix of digital technologies and methods for underground 
infrastructure 

The review revealed that various digital technologies and methods 
have been studied in previous research, indicating the digital trans-
formation trend in this sector. According to the functions of different 
technologies for underground infrastructure, this study categorized the 
technologies into several categories, including information modeling, 
visualization, locating and positioning, sensing, data interpretation and 
analysis, and robotic systems. Following that, a status matrix is devel-
oped as shown in Fig. 6. Four status types are identified according to the 
level of a specific technology being studied and its future potential in 
different activities for underground infrastructure. 

The first type includes well studied and relatively mature technolo-
gies, such as GPR and GPS for locating and mapping, CCTV, SSET and 
acoustic systems for infrastructure condition assessment, and optimi-
zation algorithms for inspection and maintenance planning. The second 
type represents commonly studied technologies but still has certain 
challenges or limitations requiring further improvements. For example, 
although computer vision techniques are increasingly applied for auto-
matically interpreting inspection data and assessing infrastructure con-
ditions, there are several challenges, such as the low efficiency of 
conventional image processing techniques and the problem of data 
quality and data preparation for methods driven by machine learning. 
The third type refers to technologies that have been drawing attention in 
recent years, but there are only a few limited studies, such as AR, VR and 
RFID for locating and constructing underground infrastructure, as well 
as BIM and GIS for maintenance management. For example, some 
studies explored AR and VR to facilitate locating and mapping buried 
infrastructure and assist the construction process in avoiding strikes on 
existing assets. Nevertheless, the applications are still at an early stage, 
and their feasibility and effectiveness need to be validated through more 
research. The last type of technologies refer to those have not been 
studied in a specific area, but should be investigated due to their enor-
mous potentials, such as digital twin and fully automated robotic sys-
tems. A digital twin of underground infrastructure would facilitate most 
activities at the O&M stage through different functions, such as 
providing real-time data for structure health monitoring and accumu-
lating historical data for developing AI-based deterioration models. 
Fully automated robotic systems would be helpful in different activities, 
particularly for the inspection and assessment, where the robots can 
navigate automatically and evaluate the infrastructure condition in real- 
time. Another example is integrating BIM and GIS for more compre-
hensive condition assessment and diagnosis, such as modeling infra-
structure condition data in BIM models and inferring deterioration 
causes based on BIM and GIS information. 

Overall, the status matrix provides a clear view of the current 
research focus and future trends from the perspective of both the tech-
nologies and the critical activities for underground infrastructure. 
Generally, the matrix reflects that more research efforts are required for 
automating the inspection and assessment process by robotic systems 
with multiple types of sensing technologies and information models. 
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Meanwhile, the digital twinning of underground infrastructure is a new 
topic and worthy of investigating to benefit various construction and 
maintenance tasks. Specific future research trends are explained in the 
following subsection. 

6.2. Challenges and future trends 

The specific research focuses and limitations of existing studies in the 
categorized literature groups are listed in Table A1 in Appendix. The 

main findings of this research are summarized in Fig. 7. Research efforts 
have been made to assist different activities at the construction and 
O&M stage of underground infrastructure, e.g. accurate locating and 
mapping, more efficient construction and coordination, intelligent in-
spection and assessment, planning and optimization of inspection and 
maintenance, etc. Nevertheless, several challenges and limitations are 
revealed, such as the lack of as-built and as-is information of under-
ground infrastructure, the requirement of data quality and quantity for 
deep learning methods, the lack of fully automated robotic systems, etc. 

Fig. 6. Status matrix of different technologies and methods for different activities  

Fig. 7. Research findings and future research directions.  
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Based on the revealed limitations and challenges and the findings from 
the status matrix mentioned in Section 5.1, future research trends are 
identified as follows.  

(1) Digital twinning of underground infrastructure with as-built and 
as-is information 

Based on the literature review, there are limited studies on 3D 
modeling with updated as-built or as-is information of existing under-
ground assets. One reason is that 3D modeling of the infrastructure is 
different from that of buildings, where building information modeling is 
relatively mature and has established practices and standards. Another 
reason is that it is more difficult to obtain accurate and updated data (e. 
g. location, condition) of underground infrastructure than buildings or 
above-ground infrastructure. One direction of future research is the 
digital twinning of underground infrastructure by collecting different 
data types from multiple sensors and fusing the data for 3D recon-
struction. Specifically, reconstruction methods such as structure from 
motion (SfM) can be explored with inspection images and videos, while 
reconstruction based on point cloud can be improved by integrating 
image data. Deep learning approaches can be applied to estimate depth 
information from normal inspection images or videos, which would be 
helpful for the 3D reconstruction process. Consequently, the geometric 
digital twin of the infrastructure would be generated based on the 
reconstruction results. 

Besides, the geometric model should be enriched with semantic in-
formation and current condition (e.g. associated defect type, location, 
severity, condition rating, etc.). A challenge is modeling condition 
(defect) data as the data may not be available or accurate, and inte-
grating condition data with the infrastructure component model needs 
to be studied. The possible solution is obtaining the current condition 
data from IoT devices (if they are available) and inspection results. In 
terms of modeling of defect data, existing data standards such as IFC and 
CityGML can be extended, or new data models can be developed to 
represent defects, their characteristics and relationships with infra-
structure components. As a result, the semantic information and as-is 
condition are updated and visualized in the digital twin, greatly facili-
tating infrastructure management. Additionally, semantic web tech-
nologies or ontologies can also model semantic as-is conditions, but they 
are more useful for inferring meaningful information for decision mak-
ing or diagnosis and assessment of infrastructure.  

(2) Quality and uncertainty of inspection data 

Inspection data (e.g. CCTV images and videos) are essential for 
evaluating underground infrastructure conditions and subsequent 
maintenance planning. Hence the quality of inspection data has a sig-
nificant influence on those activities. A CCTV image quality index was 
previously proposed to assess the quality of inspection data, considering 
both the luminance distortion and the contrast distortion of a CCTV 
image compared with ideal reference images [143]. Based on that, 
multivariate statistical methods were used to evaluate the overall 
quality of CCTV images and define an acceptance criterion for CCTV 
videos [144]. The contrast was found to have the most significant impact 
on image quality, hence the improvement of contrast can effectively 
enhance the image quality. However, the reliability of such an image 
quality index needs to be further investigated in the future. More 
research is desired to quantify the image quality and validate the 
effectiveness. 

On the other hand, as most inspection and assessment processes are 
performed by inspectors, uncertainties of the evaluation results (e.g. 
defect type, location, severity rating) are unavoidable in such cases. 
Uncertainties in inspection would negatively affect maintenance plan-
ning and condition prediction, but overestimation has less negative 
impact than underestimation [145]. The uncertainty in sewer condition 
assessment was previously evaluated based on the probability of 

underestimating, overestimating or accurately estimating a pipe’s actual 
condition using visual inspection [146]. Regardless of the uncertainty in 
inspection, it was found that two or three most informative character-
istics are adequate to develop the condition prediction model [145]. 
Nevertheless, more in-depth studies on underground infrastructure in-
spection and assessment uncertainties are desired, especially regarding 
the reasons leading to uncertainties and mitigation measures. In addi-
tion, with more research on automated inspection approaches (e.g. 
computer vision and deep learning), related uncertainties can be quite 
different considering the difference between manual and automated 
inspection. Hence, research is needed to study the uncertainty from 
automated inspection, such as the specific uncertainty types, uncertainty 
sources, and impacts on infrastructure maintenance.  

(3) Data generation and semi-supervised learning 

Regardless of the emerging research on deep learning for automated 
interpretation of underground infrastructure data, such as locating data 
(e.g. GPR scans) and visual inspection data, one challenge of supervised 
deep learning is the requirement of a large amount of labeled training 
data. Considering the massive time, labor, and efforts of collecting real 
data, generating synthetic data can be a potential method to alleviate the 
workload on data collection and processing. One solution is creating 
virtual geometric models of infrastructure components with different 
characteristics (e.g. texture, material, condition, etc.) and simulating the 
inspection process in a virtual environment to capture synthetic data 
[147]. The main challenge is to ensure the quality of the virtual model 
and the simulation process. Particularly, modeling different defects is 
difficult considering their complex characteristics. Another method is 
leveraging generative AI models such as Generative Adversarial Net-
works (GANs) to produce synthetic data by training the model to learn 
features of existing images and generate similar ones. For example, Deep 
Convolutional GAN (DCGAN) was applied to create synthetic structural 
images [148], pavement cracks [149] and road potholes [150] to 
improve detection accuracy. Therefore, methods based on DCGAN and 
other types of GAN can be investigated to enrich underground infra-
structure data. One challenge is that visual features of underground 
infrastructure can vary a lot due to illumination changes in the buried 
environment, which may lead to difficulties in generating high-quality 
synthetic images. Hence, the method to improve the quality and real-
ness of synthetic images needs to be studied. 

In addition to creating synthetic data for supervised learning, 
another direction is applying semi-supervised or unsupervised learning, 
which would require fewer or no training data. Previously, a semi- 
supervised learning approach was developed for façade defect classifi-
cation based on the student-teacher model, which achieved high clas-
sification accuracy with a small amount of labeled data [151]. 
Meanwhile, a semi-supervised GAN (SSGAN) method obtained 
comparative accuracy for steel surface defect detection using 1/8 or ¼ 
training data [152]. Future research can investigate the feasibility of 
semi-supervised or unsupervised learning for detecting different types of 
underground infrastructure defects, the effectiveness of such a method, 
and complementary techniques that can further boost the performance.  

(4) Predictive maintenance for underground infrastructure 

Current maintenance strategies for underground infrastructure are 
reactive (i.e. maintenance is performed after infrastructure breakdown) 
or preventive (i.e. maintenance is conducted according to a schedule). 
Reactive maintenance can lead to severe consequences due to the un-
expected breakdown of infrastructure, while preventive maintenance is 
less flexible and requires more resources. On the contrary, predictive 
maintenance aims to predict future conditions and take appropriate 
measures to prevent structural failure and extend lifespan. With the 
availability of different categories of data (e.g. infrastructure features, 
inspection records, environmental data), predictive maintenance 

M. Wang and X. Yin                                                                                                                                                                                                                           



Automation in Construction 141 (2022) 104464

12

approaches can be developed to optimize maintenance planning by 
considering future conditions, the consequence of failure, and different 
costs. Yuan et al. [153] attempted to propose a predictive framework for 
shield tunnels, where a failure modes and effect analysis (FMEA) was 
included to quantify risks, and a reliability lifting model was developed 
to estimate the risk of failure and residual useful life of a tunnel segment. 
Afterwards, a lifting analysis was performed to evaluate the service limit 
and system-level risks, which were used to schedule an inspection and 
condition-based predictive maintenance (CBM). Instead of using sur-
vival models or traditional classifiers common in previous research, one 
alternative is developing deep learning approaches to model the dete-
rioration of infrastructure and predict the remaining useful life or like-
lihood of failure. Notably, deep learning models with the time-series 
forecasting ability would be useful to model and predict the infra-
structure condition within a period of future time.  

(5) Fully automated multi-sensory robotic systems for inspection and 
maintenance 

In recent years, different non-destructive technologies have been 
developed for locating and inspecting buried assets, which improved the 
safety and efficiency of the inspection process. Nevertheless, inspectors 
still need to remotely control and manipulate the inspection equipment 
to collect data and evaluate infrastructure conditions. Although ap-
proaches are proposed for interpreting inspection data, many inspection 
equipment only has one or two types of sensing devices (e.g. camera, 
laser scanner, sonar, etc.) while different devices have their limitations 
and advantages [10]. The equipment with a single type of sensor limited 
the variety of inspection data and thus affected the effectiveness of 
automated data interpretation. Therefore, fully automatic multi-sensory 
robotic systems are desired in the future for the inspection and main-
tenance of buried assets. On the one hand, the robotic system would be 
equipped with multiple sensing devices (e.g. cameras, lasers, acoustics, 
etc.) to leverage the advantages of each device and collect different 
types of data (e.g. images, point cloud, acoustic data, etc.). Meanwhile, 
AI engines will be embedded with the robotic system to enable real-time 
defect detection and condition assessment with edge-computing or 
cloud-based computing. On the other hand, such a fully automated ro-
botic system is expected to navigate autonomously during the inspection 
instead of being operated all the time by the inspector. This feature 
means the system can understand the environment and respond to 
different situations (e.g. stopping when encountering defects, rotating or 
zooming the camera to capture data), which would require advanced 
algorithms for scene understanding and deep reinforcement learning. 

7. Conclusions 

This study conducted a systematic review of research on construction 
and O&M of underground infrastructure with the aim to understand 
current research progress and provide deep insights for future research 
in this area. The review was conducted based on 145 papers categorized 

according to key activities, including (1) locating and mapping, (2) 
construction and coordination, (3) automated inspection data interpre-
tation, (4) automated condition assessment and prediction, (5) robotic 
systems for inspection and assessment, (6) intelligent inspection and 
maintenance planning, as well as (7) information modeling for main-
tenance management. Based on the review, limitations and challenges of 
previous studies are identified, such as the lack of as-built and as-is in-
formation of underground infrastructure, the requirement of data 
quality and quantity for deep learning methods, and the lack of fully 
automated robotic systems, etc. Following that, a status matrix was 
presented, which identified the level of different technologies being 
studied and the future potential for specific activities during the con-
struction and O&M of underground infrastructure. The matrix revealed 
four types of digital technology status, i.e. relative mature (e.g. GPR for 
locating, CCTV and SSET for inspection), commonly studied but require 
further improvement (e.g. computer vision for inspection and assess-
ment), lack of adequate studies (e.g. AR and VR for locating and con-
struction, BIM and GIS for maintenance management), rarely studied 
but have great potential (e.g. digital twin and fully automated robotic 
systems). In the end, based on the systematic review and findings from 
the matrix, future research trends are proposed, including (1) digital 
twinning of underground infrastructure with as-built and as-is infor-
mation, (2) quality and uncertainty of inspection data, (3) data gener-
ation and semi-supervised learning, (4) predictive maintenance, and (5) 
fully automated multi-sensory robotic systems for inspection and 
maintenance. 

This study contributes to the body of knowledge in terms of:  

• providing a systematic review of research related to the construction 
and O&M of underground infrastructure from the perspective of key 
activities, based on which limitations and challenges are identified;  

• evaluating the status of different digital technologies in terms of their 
achievement and future potential for specific activities of under-
ground infrastructure projects;  

• identifying research trends to provide directions for future research 
in this area. 

The main limitation of this study is that the data source is mainly 
retrieved from one database. Thus, future studies are recommended to 
combine multiple data sources such as Scopus, Web of Science, etc., for 
input to conduct the review. In addition, experts’ opinions could 
contribute to the review process, such as steering the searching key-
words selection and proposing research directions, to make the review 
process more objective and comprehensive. 
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Appendix A. Summarized research focuses and limitations of existing studies  

Table A1 
Summarized research focuses and limitations of existing studies.  

Project Stage/Activity Major existing research focuses Limitations/Challenges 

Locating and mapping  • Interpreting locating data (e.g. GPR) using signal and image processing  
• Integrating new technologies or devices e.g. camera, GPS, GIS, AR, etc.  
• Selecting appropriate locating technologies  

• Limited capability of traditional image processing  
• Challenges of new technologies e.g. registration and accuracy of 

AR for buried assets 
Construction  • Preventing damages from excavation with 3D models and advanced 

visualization systems  
• Improving construction and coordination with information models e.g. CAD, 

BIM  

• Lack of as-built and as-is information  
• Difficulty in reconstructing buried infrastructure models 

(continued on next page) 
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Table A1 (continued ) 

Project Stage/Activity Major existing research focuses Limitations/Challenges 

Inspection data 
interpretation  

• Interpretating inspection data with traditional workflow  
o Feature extraction with image processing techniques  
o Classification with classifiers (e.g. ANN, SVM, random forest, etc.)  

• Interpretating inspection data with computer vision and deep learning for 
defect classification, detection, and segmentation  

• Extracting defect characteristics e.g. width, length, area, etc.  
• Investigating robotic inspection systems  

• Massive time and efforts required for collecting and preparing data 
for deep learning methods  

• Uncertainties exist in automated data interpretation  
• Limited research for evaluating data quality  
• As-is condition data (e.g. defect data) are not modeled or 

integrated with 3D models  
• Existing robotic systems are not fully automated 

Condition assessment 
and prediction  

• Proposing integrated condition assessment framework  
• Estimating condition rating by fuzzy inference approaches  
• Diagnosing infrastructure condition based on information modeling and 

semantic web  
• Current condition prediction  

o Machine learning methods for predicting current condition of uninspected 
infrastructure e.g. SVM, logistic regression, neural network, etc.  

• Future condition prediction  
o Deterioration modeling using survival models, machine learning methods, 

regression models, etc.  
o Condition prediction (e.g. time to failure, and number of breaks) using ANN, 

regression, decision tree, etc.  
• Investigating influential factors for buried infrastructure condition  

• Heavy reliance on historical data  
• Quality and uncertainties of existing condition rating data can 

affect assessment of other infrastructure and developing prediction 
models.  

• Influential factors for different infrastructure can be different but 
were not comprehensively considered in prediction 

Inspection and 
maintenance 
planning  

• Optimizing inspection schedule with partially observable Markov decision 
process (POMDP), genetic algorithm (GA).  

• Optimizing maintenance (e.g. rehabilitation, replacement) with a typical 
workflow:  
o Demand forecasting or grouping of infrastructure  
o Future condition prediction or deterioration modeling  
o Life cycle cost analysis  
o Evaluating potential options and optimizing maintenance activities with GA, 

particle swarm optimization (PSO), or multi-objective optimization 
approaches  

• More factors need to be considered for the optimization  
• Limited research on the interdependencies among different types 

of infrastructure and their influence on maintenance planning 

Maintenance 
management  

• Integrated management framework consisting of network classification, 
condition rating, deterioration modeling, condition prediction, and 
optimization of life-cycle cost of maintenance  

• Decision support system (DSS)  
o Risk assessment based on likelihood of failure and consequence of failure  
o Optimization of maintenance options  

• Infrastructure management with information models e.g. BIM, GIS, as well as 
new data models and semantic web approaches (e.g. ontology)  

• Lack of integrated management considering different types of 
infrastructure  

• Lack of effective maintenance strategy to extend infrastructure 
lifespan and prevent breakdown  

• Lack of comprehensive and accurate as-is information  
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