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Data-driven decision support can substantially aid in smart and efficient maintenance planning of road bridges.
However, many infrastructure managers primary rely on information obtained during visual inspection to
subjectively decide on the follow-up maintenance actions. The subjective approach is likely to lack the appropriate use of inspection data and does not promise cost-effective maintenance plans. In this paper, we show that
the historical and operational data, readily available at the agencies, is of vital importance and can be used
effectively for the recommendations of maintenance advises for bridges. This is achieved by developing a machine learning system that is trained on the past asset management data and provide support to the decisionmakers in the condition assessment, risk analysis, and maintenance planning tasks. We have evaluated several
traditional learning algorithms as well as the deep neural networks with entity embedding to find the optimal
predictive models in terms of predictive capability. Additionally, we have explored the multi-task learning
framework that has a shared representation of related prediction tasks to develop a powerful unified model. The
analysis of results shows that a unified multi-task learning model performed best for the considered problems
followed by task-specific neural networks with entity embedding and class weights. The results of models are
further evaluated by instance-level explanations, which provide insights about essential features and explain the
importance of data attributes for a particular task.

1. Introduction
Functional and serviceable transport infrastructure presents one of
the essential predispositions for the economic growth of a country.
Among other infrastructure objects, bridges represent a vital link in any
roadway network. They provide the crossings at critical locations, reduce the travel times, and maintain the traffic flow [1]. Under limited
financial resources [2], agencies have to take prudent investment and
maintenance planning decisions to improve the availability of the
bridges, to minimize their life-cycle cost, and to maximize the return on
investments. To handle the amount of information required to achieve
these objectives, many infrastructure owners use the computerized
management systems to manage and process relevant data and to
support the decision-making processes [3].
Many agencies have developed the Bridge Management System
(BMS) tailored to their specific management needs. Mirzaei et al. [3]
provides an overview of BMS being used in sixteen countries. Similarly,
Markow and Hyman [4] explore how assets owners use the capabilities
of BMS to get support in the decision-making of bridges management

⁎

programs. Many BMS primarily rely on information obtained during the
visual inspection process to decide on the follow-up maintenance actions [5]. These systems prompt inspectors to describe the physical state
of the structure, which is quantified based on condition score card [6].
The traditional quantification methods from visual inspection to condition rating rely on a subjective process, with a main assumption that a
bridge inspector is experienced and trained personnel and has detailed
knowledge of the structure [7]. Since there is often no systematic
procedure to record experts' preferences, their comprehension of
structures, and related performance objectives, the maintenance decisions become difficult to follow, justify, and replicate in the future.
Several useful reliability assessment and maintenance optimization
models have been proposed in the literature [8–12]. However, frequently, the reliability assessment models are not part of BMS; therefore, not every bridge gets an opportunity to have a detailed future
performance profile. Likewise, the maintenance optimization models
introduce complex mathematical heuristics to formulate and solve the
problem. Therefore, the agencies still prefer to use traditional methods
based on subjective ranking and preferences of domain experts for the
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maintenance decision-making [13–15]. Multiple efforts have been reported in the literature to improve the functionalities of BMS for the
decision-making tasks [7,16]. However, the focus has mainly been on
extending BMS capabilities to support in long term maintenance planning, and the whole life cycle costing of assets.
The theoretical progress and agency's practices highlighted three
key challenges in the context of decision-support for maintenance
planning. Firstly, a little attention is paid to investigate the solution that
could improve the subjective assessment procedures from visual inspection of assets towards maintenance planning. Secondly, the historical data collected during the past visual inspections are not used for
the decision-making process due to data access and analysis limitations
[17]. Thirdly, the condition and maintenance optimization models do
not scale up to the network-level, and they provide limited support in
detailed condition assessment and maintenance planning. To tackle
these challenges, we developed a machine learning (ML) system that is
trained on historical data and can provide recommendations to the
decision-makers on the condition assessment and maintenance planning tasks. ML techniques can solve classification and regression problems by inferring the patterns and rules from the data. The learned
model can be used to predict a discrete class (such as condition state) or
continuous target class (such as displacements), respectively. The capability of learning discriminative features directly from the data enables
the development of systems that can either automate the decisions or
provide recommendations to the human decision-maker. The terms
classification and predictions are used interchangeably in this paper. It is
because classification is a machine learning problem, which entails the
prediction of a discrete class label. In other words, the predictive models
are developed to solve the classification problem.
We used a large dataset of concrete bridges from the road agency to
illustrate the development methodology. The dataset is collected over
the years as a result of the Inspection to Maintenance Advice (IMA)
process, which is implemented in a BMS. The IMA process collects the
data of visual inspection, where a decision-maker assesses the data and
decides on the condition state, risk level and recommends maintenance
advice on the bases of his/her technical knowledge and judgments. The
objective of this study is to develop classification models that can
provide support in the subjective assessment procedure of bridge
maintenance planning. This work deals with three prediction tasks,
namely, assessment of condition state, analysis of risk level, and recommendation of maintenance advice, all by using the damage details
noted during visual inspection activity.
The main contributions of this paper are following:

methodology by highlighting the learning algorithms, the neural network's architectural details, and the evaluation strategy. The details of
the experiments and results for each prediction tasks are provided in
Section 5. The interpretability of the models' results is explained in
Section 6. The key remarks and general observation are provided in
Section 7. Section 8 highlights the major outcome of this work and
provides a future research agenda.
2. Related work
Machine learning (ML) techniques have achieved significant success
in many industries ranging from health-care, finance, manufacturing,
marketing, transport, and agriculture. Due to advancements in communication and sensor technologies, machine learning algorithms are
increasingly being adopted for the management of economic infrastructures, including transportation [18,19], energy [20–22], water
management [23,24] and smart city services [25,26]. In this section, we
discuss the studies that apply the ML techniques for the management of
road and railway structures.
Masino et al. [27] proposed an infrastructure monitoring system
based on vehicle sensors and supervised learning algorithms in order to
estimate the road quality. Similarly, Souza et al. [28] introduced a lowcost system to evaluate the pavement condition by using the vibration
readings from the accelerometer sensor of smartphones. Morales et al.
[29] proposed a methodology to automate the prediction of maintenance interventions for the road pavements using the operational and
historical maintenance data. From the railway domain, few notable
studies are failure prediction models using heterogeneous data from
multiple-detectors systems [30], predictive models to detect metro door
failure [31], recurrent neural networks to identify and capture the
failures in railway track circuits [32], finding and localizing damages in
railway bridges [33], assessment of remaining useful lifetime of an
electrical power switch [34], and maintenance need and type prediction for switches and crossings [35].
It can be noted that the majority of these studies employ additional
data collection means to continuously monitor the assets for predictive
modeling. Though useful for experimentation, it is expensive and impractical to mount monitoring devices on multiple assets across the
network and continuously collect the data for a longer period of time
[32]. Additionally, these studies do not address the topic of interpretability to explain the decision logic of the models. Therefore, the focus
of this paper is on utilizing only historical data and proposing a
methodology that can be implemented within a transport agency for the
decision-making of bridge maintenance planning. Furthermore, special
attention is given towards the model interpretability in order to avoid
developing black-box models by elaborating on the results of the model
at an instance.

• We
•
•
•

have developed several machine learning models and deep
neural networks that can learn from the visual inspection data of the
bridges. These models are introduced as a tool to support assetowners in the subjective decision-making process.
We have presented a generic development methodology that utilizes
only the existing data generated from an in-use business process of a
transport agency. This results in predictive models that are aligned
with the current decision-making practices of the agency. Unlike
other studies, this study does not perform additional data collection.
This study is unique in comparing and applying logistic regression,
tree-based models, neural networks with entity embedding and
multi-task learning framework to find the best performing predictive
model for bridge maintenance planning.
We also provided the instance-level interpretability to explain the
results of the optimal model for each task. The interpretability of the
models highlights the important features and explains how a model
makes certain predictions.

3. Problem domain and data description
A road agency has shared a large dataset of concrete bridges to
analyze the applicability of machine learning approaches for providing
decision-support in the assessment of condition states, risk levels, and
maintenance actions. Here the data and name of the agency are anonymized owing to the confidentiality agreement.
The agency uses a customized BMS to store inventory, condition
states, risk profiles, and maintenance plans of road bridges. In total, the
highway network consists of approximately 3800 bridges. All the civil
structures (physical objects) are introduced with standard decomposition to support the network-oriented asset management approach [36].
An example of the decomposition of a road network is presented in
Table 1. The focus of this study is on the object and sub-levels specifically for the bridges, as depicted with bold text. Depending on the
structural details, a bridge consists of several elements and components.
It is important to note that not all the given elements of the bridge are
equally important in the overall structural integrity of a bridge. A

The paper is structured as follows: Section 2 presents an overview of
the studies that utilize the ML techniques for transport infrastructure
maintenance. The problem domain and the detailed data description
are discussed in Section 3. Section 4 provides an overview of the
2
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type of damage, and its extent are noted at the component level.
Afterward, the condition score of a bridge component is quantified on a
standard scorecard based on subjective analysis, quantitative standards,
and service level agreements. Next, the desk study is performed in
which the noted damages and condition states are accessed for their
probability of failures to quantify the level of risks. The noted risk on the
element of the bridge is controlled by taking certain maintenance
measures. The asset owners and inspection managers issue maintenance
advice from a standard list to trigger the maintenance actions. However,
the process from Inspection to Maintenance Advice is subjective, where
due to risk consideration, a direct link between damage, condition, and
risk level may not be established. The asset owners have to conduct
many interviews and consult quantitative and quantitative standards
along with the performance requirements to support the decision aspects of the IMA process [40].
Essentially, IMA follows the risk-based inspection procedure, where
the performance of the structure is the main focus. This implies that
even when a component has significant damage and poor condition
state, but with no impact on its performance the risk is regarded as
negligible [40]. This procedure ensures that the maintenance actions
are not driven by condition scores only; instead the estimated risk
profiles and the future maintenance plans are taken into account. The
IMA process is an initial step in a holistic asset management approach
followed by the agency. An interested reader may refer to [36,41] for a
broader understanding of assets management and life cycle costing
method of the agency. The output from the IMA process is used for the
maintenance planning based on reliability, availability, maintainability
and safety aspects. The optimal planning of maintenance of the assets is
out of the scope of this study, though the aforementioned approach can
be found in [37].
In this paper, we aim to develop classification models that could
learn only from historical data of the IMA process to assist in the decision-making of condition assessment, risk level, and maintenance
advice. Fig. 1 depicts the decision aspects of the IMA process with a
diamond shape that will be supported by the ML classification models.
Additionally, for the development of predictive models, we utilized the
basic details of a bridge such as age, route, type, material, and the noted
damage as depicted with rectangle shape in Fig. 1. Further discussion on

Table 1
Example of decomposition of road network [36].
Level

Example

Network
Sub network
Network branch
Object
Element
Component

Highway network
Ring road system
Highway between interchanges
Bridge, tunnel, road section
Superstructure, abutment, bearing, pavement
Top layer, seal of joints

weighted average method, conducted to elicit the relative importance
of bridge components, reveals the superstructure, bearing, abutment,
and joints as the most relevant elements for structural performance of
the bridge (see Table 3 of Allah Bukhsh et al. [37]). Therefore, the
problem domain of this study covers the predictive modeling of bridges
having superstructure, bearing, abutment, and joints as the main elements. The amount of available data also motivated the selection of the
named elements. However, the authors do acknowledge the importance
of foundation as one of the most critical bridge elements. In our case,
bridges are crossing over still water (canals) and are not exposed to the
risk of scour failure. In many countries, due to climate change impacts
and extreme rainfall events, bridge foundations may be exposed to high
risk of scour [38]. Therefore special attention should be given to the
foundation condition assessment and inclusion of this data in the analysis [39].
3.1. The process of Inspection to Maintenance Advice (IMA)
Inspection is an integral tool for the infrastructure asset management. The inspection framework of the considered road agency consists
of three types of inspection, namely routine, general and principal inspections. Routine and general inspections are aimed at the detection of
unexpected failures. The principal inspection is targeted towards
prognosis of future maintenance need of the infrastructure.
A detailed process of the BMS from inspection of an asset to the
maintenance advice is outlined in Fig. 1. The details of inspection are
recorded at the element level, whereas any noted damages, their cause,

After Principal
Inspection

Details of Inspected
Components

Inferring Damage
Details

Assessment of
Damage Level

Action Based
on Advice

Maintenance
Advice?

Analysis of Risk
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Risk?

Subjective
Judgement

Service Level
Agreements

Legend

Input

Processing

Qualitative
Standards

Decision

Fig. 1. Process of Inspection to Maintenance Advice (IMA).
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3.3. Features engineering

Table 2
Selected features set from IMA dataset.
No.

Feature name

Type

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

Bridge-code
Element-code
Component-code
Bridge-material
Segment-material
Element-material
Component-material
Bridge-nature
Bridge-Age
Bridge-route
Element-name
Component-name
Inspection-point
Inspection-detail
Temperature-insp
Weather-insp
Damage-category
Damage-cause
Damage-level
Damage-type

Discrete
Discrete
Discrete
Categorical
Categorical
Categorical
Categorical
Categorical
Continuous
Categorical
Categorical
Categorical
Categorical
Categorical
Continuous
Categorical
Categorical
Categorical
Categorical
Categorical

Feature engineering is one of the most crucial steps in machine
learning (ML) model development pipeline. The feature engineering
task constitutes of preparing data for learning algorithms through extracting useful features from the given data, combining similar features,
and eliminating the least relevant features. The quality and quantity of
features play an intrinsic role in the predictive ability of the model.
Feature engineering mainly takes into account the domain knowledge
of experts who decide about the relevance of features for the dependent
variable (i.e., class label).
We performed the feature engineering task on the data collected
from the IMA process during the period from 2007 to 2017. Guided by
several interactive sessions with experts, we eliminated duplicated
features such as the condition codes and their explanations and other
irrelevant features, e.g., the location coordinates, the dimensional
properties, and unique identifiers related to the inspection activities.
We also eliminated those instances for the bridges that were constructed before the year 1900, as they follow special maintenance
procedures and have a lot of missing data. Additionally, we eliminated
all the data instances that do not have any noted damages, relevant risk
details, or maintenance advice. Without the specific damage details, the
condition assessment is purely subjective process with no available data
for the ML model development.
The decision-makers and experts of BMS also facilitated in determining the relevance of features for the classification tasks. The irrelevant features such as coordinates, bridge name, descriptions are
eliminated, whereas other features like bridge-age and bridge-route are
elicited from data. The exhaustive feature selection procedure reduced
the total number of features (data columns) from 69 to 20, excluding
the class labels. These final set of twenty features are referred as selected
features since they are diligently chosen by experts. The tasks of condition state, risk level, and maintenance advice prediction are sequential, as depicted in Fig. 1, which means the output of one task may be
used for the prediction of the other task. However, for the sake of robust
classifier and to avoid data leakage problem [42], all prediction tasks
are trained on the same set of features data (see Table 2), where the
output of one model is not used as a feature for learning the other task.
Table 2 provides the selected features set along with their data type.
Bridge, element and component code express a tree-like data structure to
present the decomposition of a bridge in the dataset as shown in
Table 1. The example of materials of a bridge and its respective elements include concrete, steel, asphalt, rubber, etc. Further details related to inspection activity are also included in terms of its specific
location over the bridge, description of notable aspects, temperature,
and weather during the inspection activity. Additionally, damage details in terms of its category (e.g., normal aging, construction error,
etc.), its cause, type, and intensity are also considered for predictive
modeling. Further insights on causes of damages are provided in the
following Section.
The selected features are then pre-processed based on their data
types. The features with categorical types are assigned with representative numerical codes while considering their ordinal properties. For example, bridge nature as wet and dry are numerically encoded
as 1 and 2, respectively. For the continuous features, we performed
feature scaling depending on the requirements of the used algorithm, as
discussed in Section 4. For instance, tree-based algorithms such as decision tree, random forest are invariant to feature scales [43], whereas
the neural network demands the data normalization. For a neural network, the z-score data normalization is applied to the numeric features
using the following equation:

the used data and its characteristics are presented in the following
sections.
3.2. Data acquisition from BMS
The data generated from the IMA process is used for the development of classification models. BMS stores all the relevant data in SQL
relational database system. Since the different data are recorded based
on the decomposition of the road network (as shown in Table 1), we
have to execute several SQL queries to obtain all the required data. In
the following, a brief detail of the acquired data is provided.

• Bridge inventory: It presents the necessary details of the bridges, in•
•
•

cluding their location, construction year, route, and connection to a
network branch. Besides, the bridge inventory data also provides the
data of sub-levels of a bridge object in the form of related elements
and components.
Inspection data: The principal inspection is performed every six years
for each element of the bridge. The inspection data file provides the
details of the principal inspections conducted from 2007 to 2017. It
constitutes features like inspection year, element code, inspection
type, inspection location, and temperature on the day of inspection.
Damage data: During the inspection of the elements, the damages are
also inspected and recorded at the component level. The damage
data file presents component code, damage types, its possible cause,
a detailed description, and intensity of the damage. The damage
details help in the assessment of the physical state of the element.
Risk data: With the inspection and damage data, the risk of bridge
elements is assessed during a desk study. The risk data file outlines
the records of all noted risks on elements, their analysis, the risk
status, and the risk type. Furthermore, an estimation of the severity
of the risk is also noted. To eliminate the observed risk on bridge
elements, the asset and inspector manager determine the appropriate maintenance advice.

The aforementioned data sources are interconnected with a unique
object identifier (code) for element, component, inspection, damage
and risk details. Since, a SQL database consists of a collection of tables,
these unique identifiers have enabled us to execute join operations and
retrieve all the relevant data for each component. The obtained datasets
underwent an extensive filtering and cleaning process to extract only
those data instances and features that are relevant for the development
of classification models.

z=

x

µ

where μ is the mean (average), and σ is the standard deviation from the
mean. The standardization normalizes the numeric feature values
4
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figures also introduce the class labels of predictive tasks, where the
meaning of the labels is self-explanatory.
The visual analysis presented in Figs. 4a, 5a, 6a reveals that the class
distributions of condition state, risk level and maintenance advice is
highly imbalanced. The good condition state class has more than 40,000
instances and represents more than 50% of the overall dataset as shown
in Fig. 4b. The risk level classes have an even higher imbalance, where
the majority class (i.e., limited) represents 64% of the overall dataset
(see Fig. 5b). Likewise, the maintenance advice classes are also imbalanced, where maintenance class has 14,000 instances, which covers
approximately 59% of all the data, as depicted in Fig. 6b.
In addition to using the complete (imbalanced) dataset, we also
performed random under-sampling of the majority classes iteratively to
determine the optimal under-sampling ratio that will improve the
learning ability of the predictive models. In random sampling, each
data point has an equal probability of selection, when the data instances
are independent and identically distributed [45]. For condition state,
risk-level, and maintenance advice prediction, a majority class is undersampled, where only 35%–40% of its instances are randomly selected.
Though the under-sampling does not balance the dataset, it improves
the representation of the minority classes to a certain extent. To put this
in perspective, Figs. 4c, 5c and 6c provides the under-sampled class
distributions. It is essential to note that even though each element has a
certain condition state, not every element has an associated risk. Hence,
the number of data instances available for developing condition state
models is higher than the other classification tasks.

Fig. 2. Age range of the bridges in years.

around 0 with a standard deviation of 1. Z-score normalization coverts
all features into a single scale, which enables comparison among them.
For textual features, we initially calculated the term frequency-inverse
document frequency (tf-idf) [44]. However, during the earlier exploration, we noted that the text features do not contribute towards the
models' performance. Therefore, these attributes were removed from
further analysis.
3.4. Visual analytics
This section provides some useful insights about the IMA dataset.
The visual analytics helps in interpreting and analyzing the characteristics and distribution of data. Fig. 2 presents the age distribution of
2960 bridges that are part of the IMA dataset. Approximately 75% of all
bridges are between the age of 21 to 60 years, whereas less than 10% of
bridges are within 1 to 20 years of age.
The principal inspection of the bridges leads to the identification of
multiple damages. To provide an overview of the noted damages, Fig. 3
present 15 most occurring damage causes. Aging is one of the most
frequent causes of bridge damage. It can be further verified by the age
distribution of the bridges, where at least 50% of them are older than
40 years.
The supervised learning algorithms require the labeled data for
model training and testing purposes. In our case, the condition state,
risk level, and maintenance advice are the class labels for which the
distinct models are developed. The predictive models learn well (i.e.,
generalize to unseen data instances) when each class has at least onetenth representation in the overall dataset [45]. A balanced dataset has
an equal representation of all classes. However, in the case of an imbalanced dataset, the model tends to be biased towards the class having
major representation, thus performing poorly for the minority classes.
We present the frequency distribution and the percentage distribution
for all three classification problems in Figs. 4, 5 and 6. Besides, these

4. Methodology for prediction of maintenance related tasks
Machine Learning (ML) is a scientific study of algorithms that can
extract useful patterns from the raw data in order to facilitate datadriven decision-making. The ML techniques have enabled computers to
tackle complex problems using real-world data. In supervised learning,
a ML model learns from the labeled training data to find the relationship between x features and y target class. A well-trained model f must
be able to make accurate prediction y , given unseen future data instance x . Depending on the specific learning problem, there are number
of algorithms to elicit f from the dataset [46]. The choice of an optimal
algorithm depends on the target output and the size and format of the
available dataset. According to the No free lunch theorem, no single
algorithm is significantly superior to others [46]. In practice, we have
to try a handful of different algorithms to train, evaluate, and select the
best performing model. This section presents the overall methodology
to develop accurate predictive models for the IMA dataset in order to
support the subjective decision-making process of bridge maintenance
planning.
The data generated from the IMA process is annotated and has a
structured nature. We selected supervised algorithms from traditional
machine learning and from deep learning paradigm to find the best
performing model for the prediction of condition state, risk level, and
maintenance advice. In the following sections, we first briefly introduce
the ML algorithms that are used for the development of predictive
models. Next, we present the deep learning paradigm and also motivate
our choice of utilizing neural networks for the structured dataset. The
detailed explanation of each algorithm is out of the scope of this study;
instead, an interested reader may refer to Trevor et al. [47]. Finally, we
discuss the various evaluation approaches and performance measures
that are applied to gauge the predictive ability of the developed models.
4.1. Machine learning techniques
Among the several ML techniques, the utilized algorithms include
logistic regression, decision tree, random forest, and gradient boosting
trees. The logistic regression algorithm is selected to establish the
baseline performance. The tree-based algorithms consisting of decision-

Fig. 3. Most frequently identified damages causes on elements and components
of bridges.
5
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Fig. 4. Representation of condition state classes in the overall data set.

tree, random forest, and gradient boosting trees are chosen because of
their proven prediction performance on structured datasets in many
industry challenges and academic literature [48,49]. This section
briefly introduces the ML techniques that will be applied to develop
predictive models. Furthermore, we explain the details of the development and hyper-parameters tuning of each model.
Logistic regression is a classification algorithm that performs well
for the linearly separable classes. It takes a linear combination of
weights and values, maps them to real-valued number, and outputs the
predicted probabilities. The resulting probability presents a likelihood
that a particular sample belongs to a specific class. By applying a binary
threshold function, the discrete classification can also be obtained from

the predicted probability.
Decision Tree works on a simple strategy of divide-and-conquer by
employing the recursive partitioning of the data. The key idea is to split
the dataset number of times, where the resulting sets are homogeneous
and belong to the same target class. The algorithm applies the top-down
greedy search to determine the best split of nodes until the maximum
allowable length of a decision tree is reached, and the terminal nodes
are the target classes [50].
Random Forest is an ensemble approach. Unlike the decision tree
that builds a single tree for an entire dataset, random forest randomly
selects the instances and features of data to construct multiple trees in a
parallel fashion. The central idea of random forest is to average the

Fig. 5. Representation of risk level classes in the overall data set.
6
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Fig. 6. Representation of maintenance advice classes in the overall data set.

result of many decision trees, which individually suffer from high
variance [50]. This ensemble learning approach results in a robust
model that is less susceptible to over-fitting.
Gradient Boosting Trees is an alternative ensemble learning
technique that consecutively produces weak tree classifiers in a stagewise fashion [43]. The boosting approach strategically resamples and
sequentially builds multiple trees for instances that are difficult to estimate with previous ones by minimizing some arbitrary differentiable
loss functions, e.g., cross-entropy or sum of squared errors. In other
words, the idea is to convert the weak learners into a strong learner
sequentially, where each weak learner tries to improve upon its predecessor.
Fig. 7 shows the visual representation of tree-based models. The
decision tree develops a single tree of a whole dataset, whereas the
random forest develops multiple trees at a time over the randomly selected data. The gradient boosting trees also develops several estimators
but in a sequential manner. All the models are applied to the IMA
process dataset using the scikit-learn library of python [52]. The hyperparameters of the models are selected using the random search method
[53]. The parameters are tuned over the subset of training data, also
called validation set, to empirically optimizing the results of models.

4.2. Deep learning techniques
Deep learning is a subfield of ML whose algorithms are inspired by
the structure and function of the brain called Neural Networks (NN).
The pioneer researchers of deep learning define NN as “algorithms that
seek to exploit the unknown structure in the input distribution in order
to discover good representations, often at multiple levels” [54]. To put
simply, the deep learning algorithm follows several layers of abstraction to learn complex function mappings, rather than direct input to
output [55]. The NN extract the useful features from data automatically
and can improve themselves without human interventions, whereas ML
algorithms require the clear set of manually extracted features and may
require additional data to improve its predictive performance [56]
(Chapter 1). The motivation to explore NN for the given prediction
tasks is due to their state-of-the-art performance in computer vision
[57,58], speech recognition [59,60], and natural language processing
[61,62].
In this study, we hypothesize that compared to traditional learning
algorithms for the structured data, the NN combined with entity embedding can result in better and robust predictive models. The ability of
NN to learn complex non-linear representations from the data certainly

Fig. 7. Conceptual representation of tree-based learning techniques [51].
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improves the prediction task at hand. Additionally, the learned data
representations can also be transferred for the related prediction tasks,
where the data is insufficient, outdated, or unlabeled in nature [63]. In
this section, we briefly introduce the basic structure of the neural network, followed by explanations of entity embedding for the categorical
data. Along the lines, we present the concept of cost-sensitive learning
(also called class weights) in order to manage the imbalanced nature of
the IMA dataset. Next, we explain the multi-task learning framework of
NN, which tries to learn several tasks simultaneously instead of developing a discrete model for each task.
A neural network is typically represented by a network diagram
consisting of several layers. The basic computation unit is a node (also
called neuron), which contains an activation function such as a sigmoid
function or a rectified linear unit (ReLU). The supervised learning
procedure within NN has a cyclic pattern, where the forward activation
flow of output and backward error propagation for the weights adjustments is repeated number of times. The backpropagation is based on
a learning rule such as perceptron learning, delta learning, etc., which
modifies the weights of the edges based on the input pattern. To put in
other words, when the data is presented to the NN for the first time, the
output layer provides a mere guess of the output. This procedure is
called forward activation flow. Based on the output, appropriate adjustments are made concerning the logic of learning rule and associated
weights, which is referred to as backpropagation.
In principle, a neural network can approximate any continuous function since the data continuity guarantees the convergence of the optimization (see Nielsen [64] for an interactive visualization). However, structured data with their categorical features lack the required continuity,
which limits the application of NN. Even with coded categorical features,
the NN do not work well as the numerical coding eliminates the informative relations among the features. Guo and Berkhahn [65] proposed
to use the entity embedding to learn the representation of categorical
features in a multi-dimensional space. Given that IMA dataset comprises of
categorical and numerical features, we implemented neural networks
with entity embeddings (NN-EE) in this paper. The architecture of NN
with entity embedding is depicted in Fig. 8.

All the categorical features in the dataset (see Table 2) are assigned
with numerical codes that are mapped as vectors to develop entity
embedding. The mapping is equivalent to an extra layer of neurons,
which is added on the top of the input layer and is learned in an end-toend manner. The numerical features are fed directly to the fully connected layers with 20 hidden units. The output of the embedding layers
and the fully connected layer are concatenated and connected to two
fully connected layers, each having 128 and 64 hidden neurons. After
each dense layer, we applied dropout with 0.1% probability, which
randomly drops the neuron from the layers to avoid overfitting and to
improve the generalizability of the model. We also applied L2 regularization to the weights of dense layers. At the output layer, the
softmax function is applied to obtain the normalized output probabilities, where a class having the highest probability is the predicted
class. To tackle the class imbalance problem, mentioned in Section 3.4,
we applied cost-sensitive learning by using weighted categorical crossentropy loss function. In this case, the weights are assigned to the
classes based on their distribution in the training set, where the higher
weights are assigned to the minority classes and lower weights to the
majority class. The NN-EE with class weights (NN-EE(cw)) handles
the data imbalance problem at the algorithmic level without performing any under or oversampling of the actual data. For all the prediction tasks, we perform experiments using NN-EE with and without
class weights to analyze the difference in predictive performance.
In the above-mentioned learning settings, there is one task to solve
by minimizing a single loss function. Though the prediction of condition state, risk level, and maintenance advice are related, the single-task
models treat them independently. In other words, three independent
models (i.e., NN-EE) are developed for aforementioned classification
tasks, where the representations learned for one task are not shared or
used for learning another (similar) task. The framework of multi-task
learning argues that single task learning may ignore the potentially
useful information that is available from the related tasks [66]. It is
inspired by human-learning principles, where we use the knowledge
obtained from previous tasks to learn related tasks efficiently. Multitask learning aims to develop a unified model by using shared hidden

Fig. 8. Architecture of neural network with entity embeddings (NN-EE).
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Fig. 9. Multi-task neural networks with entity embedding and two shared layers.

layers that are trained in parallel on all the related tasks. Therefore, the
multi-task learning neural networks (MTL-NN) consists of common
layers across multiple tasks as well as task-specific layers. Fig. 9 presents the architecture of MTL-NN, which seeks to develop a single
unified model for the prediction of all three tasks. MTL-NN is performed
through hard or soft parameter sharing [66]. We applied hard-parameter sharing in which initial hidden layers are shared across all the
tasks, whereas the final layers are problem-specific. The entity embedding layers, as well as dense layers for the numeric features, are
shared among the tasks. Likewise, the task-specific layers have the same
configuration, as noted in single-task architecture. We applied L2-regularization on shared and on task-specific layers to avoid over-fitting.
Finally, the optimization of the loss function is done simultaneously by
alternating between different tasks randomly. The categorical
(weighted) cross-entropy is optimized as an objective function by
‘Adam’ optimizer. Similar to a single task NN-EE, we applied class
weights to MTL-NN to tackle the class imbalance problem. The architecture of NN-EE and MTL-NN is shown in Figs. 8 and 9 and their
parametric details are implemented with python neural network API
keras [67].
The objective of MTL-NN is to benefit from the shared representations, where the features learned for one task may improve the learning
of other tasks. The shared representation in MTL-NN is shown to improve the generalization performance of multiple tasks when they are
related [68]. Due to joint representation among related tasks, MTL-NN
is likely to perform better compared to single-task specific NN-EE(cw).
Additionally, these pre-trained shared layers from our multi-task network can be used as an initialization (transfer learning) for rapidly
solving other related tasks, where labeled data is scarce.

metrics. In the following sections, a description of the evaluation approach and performance metrics is provided.
4.3.1. Stratified random sampling
In the Stratified Random Sampling (SRS) approach, the entire dataset is randomly split into training and test sets. In contrast to the
standard sampling, the SRS ensures that each data split has equal target
class representation. The training set is used to train the model, and the
test set is used to evaluate the model's performance. Typically, 70% of
the data instances are selected for training, and the rest 30% is used for
testing. We also further split the training set to get the validation set,
which is used to tune the hyper-parameters of different models by applying a random search strategy [53]. In the final evaluation phase, the
validation set was then combined, and the model is trained on the
whole training set and evaluated on the held-out test set.
4.3.2. Stratified cross validation
In Stratified Cross-Validation (SCV), the whole dataset is randomly
split into a number of equally sized units referred as ‘folds’. By having N
number of folds, the N − 1 are used for the training, while the Nth fold
is used for the model testing. This process is repeated N times until each
fold had the opportunity of being used as Nth test and training fold.
Finally, the output is averaged across all folds to estimate the performance of the model. This method ensures that every data point is used
at least once as a training example and once as a test example. The SCV
is performed for the completeness of validations and the evaluation of
the model's robustness.
4.3.3. Performance metrics
Several metrics can be used to evaluate the performance of the
predictive model. For the classification tasks, the confusion matrix
analysis is used, which represents the models' predicted classes on test
data for which the true values are already known. It is essential to introduce the confusion matrix first in order to explain relevant performance measures. Table 3 shows the confusion matrix for the binary

4.3. Evaluation approaches
An optimal predictive model must be able to generalize well for new
(unseen) data. We applied stratified random sampling and cross-validation to evaluate the performance of the models based on various
9
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In the case of imbalanced datasets, the kappa is a robust measure
compared to F-score and accuracy. It can be said that kappa determines
how well a model performed (po) as compared to how well it could have
performed by chance (pe) while considering the marginal distribution of
a target class. The value of cohen's kappa ranges between −1 and 1.

Table 3
Confusion matrix for binary classification problem.

Actual negative
Actual positive

Predicted negative

Predicted positive

True negatives (TN)
False negatives (FN)

False positives (FP)
True positives (TP)

5. Results

classification problem having positive and negative as target classes.
The values at principal diagonal confusion matrix (i.e., TN and TP)
represent the correct classification by a model. However, the secondary
diagonal values (i.e., FP and FN) show the misclassifications. To elaborate further, the False Positives (FP) are positive samples that are
incorrectly classified as a negative class. Similarly, False Negative (FN)
are negative class samples incorrectly classified as positive. A normalized
confusion matrix with perfect classification has TN and TP of value one
and FP and FN of value zero. With the confusion matrix, a number of
performance measures can be calculated [69]. The metrics used in this
study are explained as follows:
Accuracy is a measure of correct predictions compared to the
available data instances. It shows how often the model classifies the
instances correctly. The accuracy is a good measure when the data is
balanced for each class. However, in the case of an imbalanced dataset,
this metric without other performance measures can be misleading. The
accuracy is computed as follows:

Accuracy =

For three classification tasks, several predictive models are developed by applying learning algorithms. The evaluations of predictive
models for each task and the results of multi-task learning neural networks are reported in this section.
5.1. Condition state prediction
The condition state prediction is a multi-class classification problem
where an instance can belong to any of the five possible condition states
(see Fig. 4). The objective of the classifier is to accurately predict the
condition state of an unseen instance given the data of selected features
(see Table 2). We developed five distinct models for this purpose, where
the logistic regression and decision trees are applied as baseline techniques.
Table 4 shows the evaluation results with a Stratified Random
Sampling (SRS) approach. In SRS, the dataset is randomly divided into
train and test sets to ensure the equal class representation. Additionally,
we also evaluated our model by under-sampling the majority class up to
40% in order to tackle the class imbalance problem (discussed in detail
in Section 3.4). The logistic regression obtains inferior kappa value,
which depicts a random approximation by the model. All the tree-based
classification models have negligible performance differences for the
test set. The under-sampling approach has improved the accuracy of
tree-based models. For instance, the kappa value of gradient boosting
trees is improved from 0.56 on the test set to 0.64 on the under-sampled
set. The neural network with entity embedding (NN-EE) performed
significantly good among all the models. The performance of NN-EE is
further improved by assigning class weights, which tackle the data
imbalance problem at the algorithmic level, as shown with bold text in
Table 4. By the addition of class weights to NN-EE, the accuracy and Fscore is approximately 80% with the kappa value of 0.70 on the test set.
In other words, the NN-EE (cw) model can classify the correct condition
state of an element with 80% accuracy given the inspection details.
The same set of models is further evaluated with a 10-fold Stratified
Cross-Validation (SCV) approach introduced in Section 4.3. Table 5
shows the averaged scores across the 10-folds along with standard deviations on the test set and the under-sampled set. The NN-EE (cw) has
performed best among all the models with 81% accuracy, 82% F-score,
and 0.73 kappa values on the complete test set. Approximately, all the
models show slightly improved performance scores compared to SRS.
This is due to the difference of validation approach, where the SRS
approach evaluates the model on an unseen test set, and the SCV approach trains and test the model iteratively on a randomly chosen
subset of data.
Fig. 10 presents the confusion matrix analysis of logistic regression

TP + TN
TP + TN + FP + FN

F-score is a combination of precision (or positive predictive value)
and recall (sensitivity) measures [70]. The precision determines the
exactness of the model. It is a ratio of correctly predicted positive instances (TP) to the total positively predicted instances (TP + FP). In
contrast, the recall provides a measure of the model's completeness. It is
a ratio of correctly predicted positive instance (TP) to the total instance
of the positive class (TP + FN) in test data. In other words, the precision represents the model's performance with respects to false positives,
whereas the recall shows the performance with regards to false negatives. The F-score conveys the balance between precision and recall by
taking their weighted harmonic mean. F-score is calculated as follows:

F

score =

2 × Precision×Recall
Precision + Recall

Similar to the accuracy, F-score performs well with the fairly balanced dataset. In the case of an imbalanced dataset, the adjusted Fmeasure is utilized.
Cohen's Kappa presents an inter-rater agreement between qualitative items, which measures the relative observed agreement (po) with
the hypothetical probability of chance agreement (pe) [71]. The kappa
measure does not only calculate the percentage accuracy but also
considers the possibility of an agreement between raters (qualitative
items) by chance. The value of kappa is calculated as follows:

K appa =

po

pe

1

pe

Table 4
Results of condition state prediction with SRS on complete and under-sampled test set.
Classifiers

Logistic Regression (LR)
Decision Tree (DT)
Random Forest (RF)
Gradient Boosting Trees (GBT)
NN with Entity Embeddings (NN-EE)
NN-EE with class weights (NN-EE (cw))

Test set

Under-sampled majority class

Accuracy

F-Score

Kappa

Accuracy

F-Score

Kappa

0.5082
0.6980
0.7196
0.7271
0.7877
0.7967

0.3724
0.7037
0.7103
0.7180
0.7914
0.8081

0.0362
0.5488
0.5579
0.5674
0.6811
0.7089

0.3511
0.7022
0.7323
0.7326
0.7906
0.791

0.3126
0.7032
0.7317
0.7327
0.7929
0.7946

0.1046
0.6034
0.6422
0.6446
0.7224
0.7244
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Table 5
Results of condition state prediction with SCV on complete and under-sampled test set.
Classifiers

Test set
Accuracy

LR
DT
RF
GBT
NN-EE
NN-EE(cw)

0.5083
0.7005
0.7185
0.7219
0.8158
0.8128

±
±
±
±
±
±

F-score
0.0020
0.0044
0.0055
0.0098
0.0062
0.0050

0.3768
0.7062
0.7143
0.7112
0.8069
0.8243

Under-sampled majority class
Kappa

±
±
±
±
±
±

0.0024
0.0046
0.0048
0.0117
0.0062
0.0048

0.0439
0.5499
0.5616
0.5563
0.7165
0.7328

±
±
±
±
±
±

0.0034
0.0067
0.0078
0.0182
0.0074
0.0067

(LR), gradient boosting trees (GBT) and neural networks with entity
embedding and class weights (NN-EE(cw)). The analysis provides a
summary of correctly and incorrectly classified instances for each class.
Fig. 10a presents the confusion matrix of LR as a baseline, where the LR
model shows the poor classification performance. For instance, an instance having condition state very good (first row of Fig. 10a) is only 2%
of times correctly classified, whereas it is 50% times classified as good,
35% as reasonable, and 13% times as bad. The results of GBT presented
in Fig. 10b are significantly better; however, the first three classes are
still relatively poorly classified with below 80% accuracy. The result of
NN-EE (cw) in Fig. 10c shows further improvements, where the model
can correctly classify the last three classes (i.e., reasonable, bad and
very bad) with more than 80% of times. The confusion matrix also
reveals that the model often (24% of times) confuses an instance of class
good as very good. This can be attributed to similar damage details that
cause the misclassification of these classes.

Accuracy

F-score

Kappa

0.3553 ± 0.008
0.7131 ± 0.0068
0.748 ± 0.0038
0.7345 ± 0.0146
0.8222 ± 0.0036
0.8253 ± 0.0029

0.3243 ± 0.0090
0.714 ± 0.0067
0.7473 ± 0.0041
0.7343 ± 0.0147
0.8238 ± 0.0037
0.8283 ± 0.0029

0.1113
0.6178
0.6632
0.6471
0.7639
0.7695

±
±
±
±
±
±

0.0109
0.0090
0.0052
0.0194
0.0047
0.0038

which might have eliminated the benefits of cost-sensitivity learning
applied to NN-EE.
The developed models are also evaluated with SCV approach on a
complete and under-sampled set. The averaged values of SCV across 10folds and their standard deviation are provided in Table 7. The NN-EE
(cw) performed best among all the models with 0.78 kappa, whereas the
GBT has the best predictive performance among tree-based models with
0.60 kappa value on the test set. The obtained results further validate the
robustness of the models, which are trained and tested on the various
folds of IMA dataset.
In addition to the numerical performance measures, we have performed confusion matrices analysis to explore the classes that are difficult to classify for predictive models. The confusion matrices for LR as
a baseline, GBT as a best tree-based model, and NN-EE(cw) model as
best classifiers are provided in Fig. 11. The LR model poorly classifies
all risk levels as limited and increased. This can be attributed to highclass imbalance, which introduces a bias in favor of the majority
classes. The confusion matrix of GBT shows better classification compared to LR.
However, the risk level class unacceptable is 84% of times predicted
as increased class. The prediction of high risk level is also misclassified as
increased risk level for at least 28% of the times. The confusion matrix of
NN-EE(cw) shows better classification of instances to its respective risk
levels. This is because NN-EE (cw) become invariant to class imbalance
when aided with class weights.

5.2. Risk level prediction
The prediction models can classify the risk level of a bridge (element) to five classes namely negligible, limited, increased, high, and unacceptable (see Fig. 5). Table 6 provides the results of models' evaluation
with the SRS approach on the complete and under-sampled data.
Comparative to condition state prediction, all the prediction models
attain relatively better performance scores. This means it is easier for a
classifier to relate damage features to risk levels directly. The NN-EE
(cw) shows the best performance among all the models with an accuracy of 87% and a kappa value of 0.76 on the test set, as depicted by bold
text in Table 6. Additionally, the NN-EE (cw) obtained significantly
improved kappa score (0.76) compared to the NN-EE without class
weights (0.68). By applying the under-sampling approach, all the
models show improved performance except for the NN-EE (cw). It can
be due to a relatively balanced dataset resulting from under-sampling,

5.3. Maintenance advice prediction
Typically, the decision-makers suggest the appropriate maintenance
advice after analyzing the details of the damages noted during the inspection. We trained the models on the historical maintenance advice
data and damages details. In the test phase, the model is presented only
with the inspection data having damage details. A good classifier must

Fig. 10. Confusion matrices of condition state prediction with SRS on under-sampled test set.
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Table 6
Results of risk level prediction with SRS on the complete and under-sampled test sets.
Classifiers

Test set

Logistic Regression (LR)
Decision Tree (DT)
Random Forest (RF)
Gradient Boosting Trees (GBT)
NN with Entity Embeddings (NN-EE)
NN-EE with class weights (NN-EE (cw))

Under-sampled majority class

Accuracy

F-Score

Kappa

Accuracy

F-Score

Kappa

0.6272
0.7452
0.7497
0.8076
0.8420
0.8705

0.4999
0.7433
0.7417
0.8056
0.8407
0.8738

0.0236
0.4949
0.4839
0.6157
0.6888
0.7626

0.5221
0.6997
0.7516
0.8037
0.8516
0.8309

0.4654
0.6991
0.7481
0.8026
0.8487
0.8317

0.0884
0.4908
0.567
0.664
0.7446
0.7187

Table 7
Results of risk level prediction with SCV on complete and under-sampled test sets.
Classifiers

Test set

Under-sampled majority class

Accuracy
LR
DT
RF
GBT
NN-EE
NN-EE(cw)

0.6266
0.7529
0.7464
0.8041
0.8597
0.8806

±
±
±
±
±
±

0.0028
0.0082
0.0108
0.0105
0.0067
0.0066

F-Score

Kappa

0.5019 ± 0.0044
0.7512 ± 0.008
0.74 ± 0.011
0.8023 ± 0.0119
0.8594 ± 0.0069
0.8841 ± 0.0065

0.0251
0.5119
0.4828
0.6089
0.7279
0.7835

Accuracy
±
±
±
±
±
±

0.0076
0.0154
0.0219
0.0244
0.013
0.0117

predict the correct maintenance advice for an inspection instance.
These classifiers can assign an instance to one of the seven categories
which are no action, technical inspection, fixed maintenance plan, monitor,
further investigation, maintenance, and replace (see Fig. 6). In following,
several classifiers are evaluated for the prediction performance using
SRS and SCV evaluation approaches.
Table 8 shows the results of various models that are trained and
evaluated on a complete and under-sampled dataset for the prediction
of maintenance advice. The tree-based models performed significantly
better with accuracy above 80% and kappa value above 0.70 on the
under-sampled set. The NN-EE (cw) model is the best performing model
with accuracy and F-score of 88% and kappa of 0.84 on under-sampled
set, as shown by bold text in Table 8.
The maintenance advice classifiers are further evaluated for their
robustness with SCV approach on the complete and under-sampled set.
The evaluation results using SCV are presented in Table 9. As noted for
all the above cases, the NN-EE (cw) performed best among all the
evaluated models with accuracy and F-score of 87% and kappa of 0.80
for both complete and under-sampled set.
For further investigation of the classification capability of the
models, we performed confusion matrix analysis. Fig. 12 shows the

0.5238
0.7238
0.7701
0.8235
0.8593
0.8807

±
±
±
±
±
±

F-Score
0.0107
0.0117
0.006
0.0088
0.0087
0.0058

0.4656
0.7236
0.7677
0.8232
0.8585
0.8844

Kappa
±
±
±
±
±
±

0.0105
0.012
0.0058
0.0091
0.0084
0.0056

0.0912
0.5311
0.6014
0.6974
0.7273
0.7840

±
±
±
±
±
±

0.0195
0.0183
0.0099
0.0153
0.0169
0.01

confusion matrix of LR as a baseline, GBT as a best tree-based model,
and NN-EE (cw) as the best performing model. Even after under-sampling of the majority class (i.e. maintenance), the LR confusion matrix,
presented in Fig. 12a, shows very poor performance. This is due to class
imbalance as the under-sampling approach does not completely balance
all the classes, and a model tends to favor the majority classes over the
minority classes. On the other hand, the GBT model with the same
dataset shows very good classification except for fixed maintenance, no
action and monitor classes (see Fig. 12b). The NN-EE (cw) model shows
significant performance improvement as shown in Fig. 12c.
5.4. Multi-task learning
The models, discussed thus far, treat each prediction problem independent of each other. In the multi-task learning framework, we
developed a unified neural network that learns shared representation as
well as problem-specific features to further improve the model performance (see Fig. 9 for architectural details). This section reports the
results of multi-task learning (MTL-NN) applied for the prediction of
condition state, risk level, and maintenance advice prediction.
Table 10 presents the MTL-NN evaluation results on SRS on a

Fig. 11. Confusion matrices of risk level prediction with SRS on under-sampled test set.
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Table 8
Results of maintenance advice prediction with SRS on complete and under-sampled test set.
Classifiers

Test set

Logistic Regression (LR)
Decision Tree (DT)
Random Forest (RF)
Gradient Boosting Trees (GBT)
NN with Entity Embeddings (NN-EE)
NN-EE with class weighs (NN-EE(cw))

Under-sampled majority class

Accuracy

F-score

Kappa

Accuracy

F-score

Kappa

0.5804
0.797
0.8002
0.8089
0.85
0.8634

0.4505
0.8012
0.7997
0.8102
0.8507
0.8695

0.0222
0.6707
0.6664
0.6842
0.7522
0.7909

0.4969
0.807
0.8303
0.8341
0.871
0.883

0.4389
0.8074
0.8288
0.8335
0.872
0.8842

0.2518
0.7404
0.7704
0.7756
0.8266
0.8442

Table 9
Results of maintenance advice prediction with SCV on complete and under-sampled test set.
Classifiers

Test set

Under-sampled majority class

Accuracy
LR
DT
RF
GBT
NN-EE
NN-EE(cw)

0.5903
0.7912
0.7927
0.8048
0.8650
0.8690

±
±
±
±
±
±

0.004
0.0101
0.0079
0.0134
0.0073
0.0083

F-score

Kappa

Accuracy

0.48 ± 0.0122
0.793 ± 0.0093
0.791 ± 0.0073
0.8052 ± 0.0116
0.8663 ± 0.0069
0.8755 ± 0.0075

0.0716 ± 0.0207
0.6559 ± 0.0153
0.6537 ± 0.0121
0.674 ± 0.0207
0.7802 ± 0.0119
0.8009 ± 0.0121

0.4869
0.8153
0.8333
0.8321
0.8685
0.8701

complete dataset. By comparing the results of NN-EE (cw) for condition
state prediction on complete test set (see Table 4), we found that MTLNN(cw) performed slightly better with the improvement of kappa value
0.1. The MTL-NN is shown to have improved performance compared to
NN-EE without class weights. The same trends are noted for risk level
prediction task. On the contrary, the MTL-NN (cw) for maintenance
advice shows a slight decline in performance accuracy when compared
with NN-EE(cw) (see Table 8).
In addition to numerical performance measures, the confusion matrices analysis of MTL-NN(cw) is performed for each prediction task.
The resulting confusion matrices are shown in Fig. 13. The confusion
matrix of condition prediction task in Fig. 13a shows significantly improved performance results specifically for the good, reasonable and very
bad classes. For the risk level task, the MTL-NN(cw) model shows significant improvement in classification for two risk classes namely increased and high risk (see Fig. 11c for comparison). The confusion matrix of maintenance advice task in Fig. 13c presents slightly decline in
performance compared to the NN-EE(cw) model of Fig. 12c. It can be
noted that some classes of maintenance advice task shows decline in
performance (such as investigation, and monitor), where others (such as

±
±
±
±
±
±

0.0162
0.0121
0.01
0.0075
0.0085
0.008

F-score

Kappa

0.421 ± 0.0167
0.8161 ± 0.0118
0.8324 ± 0.01
0.8311 ± 0.0076
0.8684 ± 0.0071
0.8765 ± 0.0071

0.2322
0.7507
0.7746
0.7731
0.7828
0.8026

±
±
±
±
±
±

0.0257
0.0161
0.0131
0.0093
0.0115
0.0114

fixed maintenance and technical inspection) shows improvements in
classification accuracy.
In summary, the multi-task learning aims to improve the learning
efficiency and prediction accuracy by optimizing multiple objectives
from shared features representation. The goal to develop MTL-NN was
not only to develop a unified model but also to improve the performance on individual tasks by learning shared representations. The MTLNN (cw) model shows the improvement in classification results for two
prediction tasks (condition state and risk level) compared to single-task
learning.
6. Interpretability of models results
For the safety-critical domains such as health, manufacturing, and
transportation, the decision-aid systems must be transparent and interpretable. The models developed using ML techniques are known for
being black boxes, which provide little to no explanation of their prediction logic. The interpretable and explainable ML models are active
research areas [72–74]. Miller [75] defines the interpretability as the
degree to which a human can understand the cause of the decision. In

Fig. 12. Confusion matrices of maintenance advice prediction with SRS on under-sampled test set.
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Table 10
Results of multi-task learning (MTL-NN) with SRS on complete test set.
Classifiers

MTL-NN
MTL-NN(cw)

Condition state

Risk level

Maintenance Advice

Accuracy

F-score

Kappa

Accuracy

F-score

Kappa

Accuracy

F-score

Kappa

0.8127
0.798

0.789
0.8092

0.7034
0.7132

0.8587
0.8765

0.8545
0.88

0.7171
0.7753

0.8611
0.8572

0.8615
0.8638

0.7727
0.7809

Fig. 13. Confusion matrices of all prediction tasks with SRS on test set by MTL-NN(cw) model.

other words, a model is said to be easily interpretable if a human decision-maker can comprehend and reason about the model's predictions
drawn from his domain knowledge.
There are several model-agnostic techniques to interpret the performance of any ML model (see chapter 2 of Molnar [74] for a detailed
overview). However, most of the techniques are mainly suitable for regression tasks. In our study, we provide the single instance level explanation of the NN-EE(cw) model by employing the Local Interpretable ModelAgnostic Explanations (LIME) framework [76]. By giving a new test instance to the trained NN-EE(cw), the LIME framework can explain the
positively and negatively contributing features weights to classify an instance to a respective predictive class. The instance-level explanation enables the domain experts and decision-makers to understand, interpret, and
possibly further improve the model's performance. Additionally, the LIME
explanation also decides if the model is trustworthy since the model may
sometimes pick the spurious correlation.

The instance-level explanation of NN-EE(cw) model for condition
state, risk level and maintenance advice prediction are presented in
Figs. 14, 15, and 16 respectively. We provide the explanation of model
results for two randomly chosen instances from the test set for each
prediction problem. The LIME explanations show the actual class of a
test instance and the model's prediction confidence in terms of probability. The higher predicted probability shows that the model is confident in its predictions and vice versa. The LIME framework assigns
weights to each feature, which quantifies features' importance in the
overall prediction of the model. The positive value represents that the
feature positively contributes to the model predictions, whereas the
negative value shows that the features do not contribute towards the
model's prediction.
In addition to the features' weight, the instance level explanation
also provides the actual data values that are used for the model prediction. The value of feature code is omitted for the sake of brevity. It is

Fig. 14. Instance-level explanation of NN-EE(cw) model for condition state prediction using the LIME framework.
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Fig. 15. Instance-level explanation of NN-EE(cw) model for risk level prediction using the LIME framework.

important to note that the LIME explanations illustrate only five most
and least contributing features that facilitate model in prediction,
where the NN-EE (cw) was trained on a set of twenty features (see
Table 2).
Fig. 14a shows the explanation of NN-EE(cw) model trained for the
condition state prediction. The explanation of a test instance shows that
the element code, bridge material, and segment material are positively
contributing features. In contrast, inspection details and other features
are negatively influencing the models' results. The model classified the
instance as good with 99% confidence. When given the other test instances, the same model may find a different set of features to be important, as shown in Fig. 14b. Therefore, the features that are negatively influencing one instance classification can positively contribute
to the classification of another instance.
The explanation of risk level prediction model, given in Fig. 15a and
b, finds the damage cause and age features quite important whereas the
component code, route, and inspection details are negatively influencing the classification. The model correctly classified an instance to
negligible risk class with 94% probability, and the other instance is
classified as increased risk class with 99% probability. The classification
logic of the maintenance advice model is also explained and presented
in Fig. 16. For the NoAction class, the model shows only 55% confidence, which means that the model is likely to confuse this instance
with other classes.
For each instance, a different set of features is most and least

important; therefore, it is difficult to establish an overall feature importance score. For several instances, the bridge, element, and component codes are shown to have high importance weights. There are
possibly two reasons for such behavior of the model. First, in practice,
the decision-makers assess the condition state, risk level, and maintenance advice in the IMA process based on their inherent understanding of specific bridge and their components. Second, the model
may find the data of similar codes from the dataset, establishes inherent
correlations, and learns their characteristics during training. It is also
interesting to note, for most of the cases, the element code is found to be
important compared to component code. This is due to the data collection process, where the details of the damages are noted at the
component level, whereas condition state and risk level is stored at the
element level. Additionally, the instance-level analysis may also reveal
the set of features that the predictive model finds useful, which may
also differ from the real decision-making practices.
With the ability to better interpret the results of predictive models,
domain experts and decision-makers can better interact with the process and trust the models' prediction. This gives a reliable decision-aid
in the subjective assessment of bridges maintenance planning.
Furthermore, the interpretability of the models can also reveal the
hidden discrepancies and can be used for feature selections and models
improvements activities.

Fig. 16. Instance-level explanation of NN-EE(cw) model for the maintenance advice prediction using the LIME framework.
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7. Discussion

To summarize, this paper develops several predictive models to
provide support in the subjective assessment procedure of bridge
maintenance planning. With each new principal inspection activity that
reports the inspection results, our models can reliably classify the
condition state, the risk level, and the optimal maintenance advise with
certain accuracy. These support models will streamline the subjective
assessment process and will also improve the data quality. Since the
models use the data from the standard IMA process, the proposed model
development approach is generic and can also be applied to related
types of structures such as culverts, tunnels, sluices, which are often
part of asset management system [3]. From the implementation perspective of these predictive models, it is worth noting that the real data
evolve over time; for instance, new condition classes may be introduced, or new features can be recorded. The proposed multi-task
learning network can be used to accommodate the evolving data as it
can improve the performance on the (related) future tasks instead of
training models from scratch.

This paper has investigated several tree-based algorithms and neural
networks with entity embedding for the development of predictive
models for bridge maintenance planning. Multiple learning algorithms
such as gradient boosting trees and neural networks were trained and
evaluated on the principal inspection data of bridges. The objective of
the predictive models is to support asset owners in subjective assessment tasks of Inspection to Maintenance Advice (IMA) process for bridge
maintenance decisions. Typically, the decision-maker retrieves the
principal inspection data on the case-by-case basis to assess the condition state, risk level, and to decide about the maintenance actions. In
contrast, the predictive models introduced in this paper can aid decision-makers in these subjective procedures by predicting the condition
state, risk level, and maintenance advice efficiently with more than
80% accuracy.
For the development of predictive models, we particularly focused
on utilizing only those datasets that are generated from the in-use
business process of BMS. The use of available data within the agencies
yields practical models that are well-aligned with the business practices
and can readily be implemented in practice. With the intention to deploy the predictive models as support to subjective assessment procedures of BMS, our work especially takes into account the interpretability of the models' outcomes on single case-basis through employing
the Local Interpretable Model-Agnostic Explanations (LIME) framework.
As result of model development process, few key points and details
of additional conducted experiments are provided below:

8. Conclusion
This paper shows how the historical and operational data available
at transport agencies can be used to support the asset owners from
condition assessment procedures to maintenance planning. We used a
large Inspection to Maintenance Advice (IMA) dataset of concrete
highway bridges from the road agency. Based on the IMA decision
procedure, we have developed several machine learning models that
can predict condition states, possible risk levels, and finally, recommend the most suitable maintenance actions.
We explored various supervised algorithms from traditional machine learning to deep learning paradigm in order to find the optimal
model for the prediction tasks. Among the tree-based methods, the
gradient boosting tree models performed best with 0.56, 0.61 and 0.68
kappa values on the complete dataset for condition state, risk level, and
maintenance advice prediction tasks, respectively. To develop predictive models with further improved predictive ability, we explored
the neural network with entity embeddings for learning from structured
data. Similarly, the class weights are implemented on NN-EE to tackle
the class imbalance problem. The NN-EE with class weights improved
the kappa score to 0.70, 0.76 and 0.79 with accuracy close to 80% for
condition state, risk level, and maintenance advice, respectively. For all
the given algorithms, the discrete predictive models, i.e., task-specific
classifiers, are developed. Considering that the bridge maintenance
planning may have numerous related tasks with shared features (input),
we have explored the prospect of implementing a Multi-Task Learning
framework (MTL). The MTL resulted in a unified model for all the
prediction tasks where the kappa is further improved to 0.71 and 0.77
for condition state and risk level tasks and reduced to 0.78 kappa value
for maintenance advice task. Also, the MTL model learns the shared
representations of related tasks which are useful for learning future
tasks in a low-data regime.
The developed predictive models can assist the asset owners in the
process of condition assessment from visual inspection by analyzing
similar cases from the past instantly. Instead of relying only on the
subjective assessment, the machine learning models successfully extract
useful insights from the raw inspection data and can predict the most
relevant class with a sufficient probability. The developed models can
readily be applied as a part of the IMA process to support the decisionmakers in maintenance planning tasks. Additionally, the predictions of
the models are evaluated by instance-level explanation to understand
which features are essential and why models predict certain classes. The
future work of this study aims to employ the monitoring data and
images captured during the inspections in order to further automate the
condition assessment procedure and to reduce the subjectivity.

• The overall IMA process (see Fig. 1) substantially relies on experts'
•

•

•

•

opinions and their technical knowledge to decide the condition
state, risk level, and maintenance advises. This makes the management of infrastructure vulnerable in case of leaving personnel or
having new inspection managers.
The IMA process records a large amount of data as a result of inspection, damage analysis, risk assessment, and risk control activities, which collectively consist of 73 features. A large number of
features may give rise to missing and sometimes inconsistent data.
Additionally, the manual feature analysis is time-consuming and
difficult for decision-makers. We performed careful feature engineering (see Section 3.3) on the IMA dataset and chose only 20
features for the development of machine learning models (see
Table 2).
The bridge as a structure is decomposed to elements and components (see Table 1). Assuming that each element has different
characteristics, we initially developed predictive models for each
element individually. Contrary to the expectations, the elementspecific classifiers performed relatively poorly due to a smaller
subset of data. Conversely, the single model, for all elements combined, showed much better performance as presented in Section 5.
The IMA dataset is collected via several subjective assessment procedures. Though the inspection officers are professionally trained,
the data is still likely to have an inconsistent assessment. We performed rigorous exploratory data analysis and cleaning to identify
and eliminate potentially inconsistent data instances. Several
meetings with domain experts were also conducted to ensure the
adequate quality of the dataset for the machine learning model.
The IMA dataset is found to be imbalanced in terms of class representation (see Section 3.4). In addition to applying under-sampling and cost-sensitive learning to tackle data imbalance problems,
we also applied the Synthetic Minority Over-Sampling Technique
(SMOTE) to generate the data instance of minority classes. However,
compared to under-sampling and class weights in objective functions, the SMOTE does not improve the predictive performance of
the models.
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