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Abstract: The increasing amount of data and the growing use of them in the information era have
raised questions about the quality of data and its impact on the decision-making process. Currently,
the importance of high-quality data is widely recognized by researchers and decision-makers. Sewer
inspection data have been collected for over three decades, but the reliability of the data was ques-
tionable. It was estimated that between 25% and 50% of sewer inspection data is not usable due to
data quality problems. In order to address reliability problems, a data quality evaluation framework
is developed. Data quality evaluation is a multi-dimensional concept that includes both subjective
perceptions and objective measurements. Five data quality metrics were defined to assess different
quality dimensions of the sewer inspection data, including Accuracy, Consistency, Completeness,
Uniqueness, and Validity. These data quality metrics were calculated for the collected sewer in-
spection data, and it was found that consistency and uniqueness are the major problems based on
the current practices with sewer pipeline inspection. This paper contributes to the overall body of
knowledge by providing a robust data quality evaluation framework for sewer system data for the
first time, which will result in quality data for sewer asset management.

Keywords: data quality; sewer infrastructure; pipeline assessment certification program; sewer
asset management

1. Introduction

The general condition of America’s infrastructure is alarmingly poor. According to the
American Society of Civil Engineers (ASCE) 2021 Infrastructure Report Card, the average
grade point for the overall infrastructure is C-. It is estimated that $2.6 trillion is needed for
the next 10 years to restore the nation’s infrastructure systems to good condition. Among
these systems, wastewater received a grade of D+ and needs more than $270 billion in
improvements over the next 10 years. Sewer pipelines are the primary component of
wastewater systems, and they consume approximately 80% of the capital investment for
wastewater. There are nearly 800,000 miles of public sewer pipelines, and many of them
are at the end of their service life [1]. As a result, understanding the current condition
of the sewer system is a critical step for infrastructure asset management strategies and
improving national wastewater systems [2].

Quality data that document the current condition of sewer pipelines is fundamental
for the development of sewer asset management tools and strategies [3]. Significant efforts
have been made to evaluate the condition of sewer systems and determine the factors
affecting them. Several different deterioration models have been developed to assess pipe
conditions. These models can be divided into two groups: (1) function-based models,
and (2) data-based models [4,5]. Function-based models use statistical methods such as
regressions and Markov chains, while data-based models use artificial intelligence (AI)
and machine learning techniques such as artificial neural networks (ANN) or random
forests [6–11]. These models determined the main factors that have significant effects on
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pipe condition, such as age, depth, length, soil type, location, size, and material; however, a
common concern raised by those studies was data availability and data quality [7,9,12,13].

Artificial intelligence (AI) and machine learning have recently gained popularity as
methods for data analysis; yet, in most cases, the necessary data infrastructure is not present
to use such tools. Before adopting AI and machine learning algorithms, a solid foundation
for data is necessary [14]. Data science requirements are shown in Figure 1. Data collection
is at the bottom of the pyramid. Then, reliable data flow and structured data storage
are needed to make it accessible. Data quality management, an underrated side of data
science, and data preparation is the next step in making it reliable for optimization and
analytics. Although these two procedures are essential to data science, they are frequently
neglected. While the amount of collected data is increasing rapidly, evaluating data quality
is becoming a big issue [15]. Any data analytics tools, charts, and algorithms will be
worthless if they have been developed based on low-quality data.
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The accessibility and reliability of the current sewer inspection data are questionable
due to several different factors, such as operator experience, input errors, data schema
problems, data standard versions, and data collection software incompatibilities. Due to the
quality issues in the current data collection practices, it is estimated that between 25% and
50% of data is eliminated to make the data ready for analysis [16,17]. This approach may
result in underestimation of the severity of the current condition of the system and false
outputs. To address this problem and to resolve reliability issues in the collected databases,
a comprehensive data quality evaluation framework must be developed.

The evaluation of data quality is typically taken into account in response to the issues
that arose throughout the decision-making process. This reactive strategy may address the
problems with the present database, but it will not go to the root of the issue and prevent
further quality problems. Since data defects can happen at any time and have an impact on
the quality of the data, data quality evaluation is a continual endeavor [18].

Data quality should be considered through the intended use of the data and will be
defined based on the relevance to the context of the data to be used [19]. Data quality is a
long-lasting issue in the field of civil infrastructure condition assessment [20].

Currently, closed-circuit television inspection (CCTV) is the major source of infor-
mation (more than 60%) for defining maintenance and rehabilitation projects for sewer
systems [21]. As a result, the quality of the obtained CCTV data plays a crucial part in the
correctness of the final conclusions. It has been found that the likelihood to overestimate a
pipe in bad condition is 20%, and the probability to underestimate a pipe in good condition
is 15%. It has been noticed that to generate the data for this evaluation, only 65% of total
inspections have been analyzed, and the rest of the data has been neglected due to incon-
sistency, incompleteness, and lack of reference keys [17]. This data elimination practice
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would result in underestimating the severity of the system by neglecting the assets that
could have more severe conditions in the system.

It has been acknowledged that each database’s data quality needs to be assessed to
remedy this issue in sewer inspection data. The objective of data quality evaluation is to
ensure that the inspection data are accurate and consistent with other datasets. This process
is a significant step in developing sewer systems data inventory by integrating existing
datasets [22,23].

The objective of this research is to provide a framework for evaluating the data quality
of the collected sewer system databases for the first time. The data quality metrics were
developed based on the literature and sewer inspection data requirements. Then, the data
were evaluated based on the defined metrics to determine the quality problems within the
database. The results were reported, and the root cause of each quality issue was identified
to provide the correction suggestion and implement the resolution.

2. Literature Review

Municipalities have been recording multiple forms of data on sewer pipe conditions,
including closed-circuit TV, sonar, laser, and acoustic, as a basis for capital improvement
and asset management plans. However, the benefits of data-driven decisions can only
be obtained if data quality is guaranteed. In previous studies on the quality issues of
sewer inspection data, it was concluded that the quality problems mainly occurred due to
the operators’ level of experience [24–26]. Fisher explained that the quality of inspection
data depends on the skill and motivation of the operator [24]. Comparing sewer pipe
inspections by various operators, only 16% of the 307 inspections found similar numbers of
defects. The following suggestions have also been made to improve the quality of sewer
pipe inspections [26].

1. The inspection coding system should be simplified to avoid misclassification of
the defects.

2. The defect image should be evaluated with the defect information to avoid misinter-
pretation of the defects.

3. The sewer inspectors should be provided with reliable feedback on their inspection evaluations.

Although these suggestions can improve the quality of the inspection records, they do
not address the current issues within the sewer inspection databases.

As the usage of data analysis of the collected infrastructure data for asset management
decisions is trending up, poor data quality can have a negative impact on the condition
of infrastructure due to ineffective decisions and poorly performing decision models [27].
It is challenging to assess data quality if it is not quantitatively defined. Moreover, the
data context should be taken into account when enhancing data quality [28]. The data
quality evaluation consists of three steps: (a) identify, (b) measure, and c) resolve. Decision
making and data quality management are facilitated by this procedure. The procedure for
evaluating data quality is shown in Figure 2 [29,30]. This study focused on identifying and
measuring data quality problems.
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The quality evaluation for every database differs. Thus, domain experts should
identify the database rule, metrics, and evaluation process. These rules and metrics could
be domain-independent or domain-specific based on the database requirements [31]. Then,
the quality measures identified and established in the previous step were used to evaluate
a database. Finally, the cause of data quality problems can be identified and addressed
to avoid future problems as well. The quality assessment process is the main focus of
this work.

Data quality evaluation has become the center of attention, specifically in business and
healthcare sectors where data analysis is the main decision support tool [32–35]. Developing
an evaluation process and defining a set of data quality metrics is a regular practice in
many academic and professional fields. Data quality is a rational approach to defining a
set of dimensions to measure and improve the quality of data. Defining the data quality
dimensions for a database is the first difficult step [36], since dimensions should consider
specific applications and uses of the data.

Data quality is a multi-dimensional concept that includes both subjective perceptions
and objective measurements. The experience of the individuals involved with the data
forms a subjective assessment of the data quality. Objective assessment can be divided
into two categories: (1) task-dependent or (2) task-independent. Task-independent metrics
are developed without considering database rules or restrictions, while task-dependent
metrics include them. Pipino et al. [23] provided three functional forms for objective data
quality metrics that consider objective and subjective assessments:

1. Simple Ratio: The ratio of the positive outcome to the total outcome is a simple way to
measure different dimensions. It considers that 1 or 100% is the total desired outcome,
and the ratio will show positive outcomes.

2. Min or Max Operations: This form is used when the data quality dimension is a
combination of several variables. The min or max values will be compared to the
preassigned values.

3. Weighted average: The weighted average can be calculated for dimensions with
multiple variables. Each variable is weighted according to its importance between
0 and 1 with the sum of 1. This form can provide an appropriate measurement if
precisely developed.

In previous studies, several different sets of data quality metrics have been developed
for data quality evaluations. Table 1 shows the most common data quality metrics.

Table 1. Data quality metrics examples.

References Data Quality Metrics

Pipino, Lee [23]

Accessibility, Appropriate Amount of Data, Believability,
Completeness, Concise Representation, Consistent
Representation, Ease of Manipulation, Free-of-Error,
Interpretability, Objectivity, Relevancy, Security,
Timeliness, Understandability, Value-Added

Piprani and Ernst [37]
Accuracy, Completeness, Consistency, Precision,
Reliability, Temporal Relatability, Timeliness,
Uniqueness, Validity

Nousak and Phelps [30] Validity, Completeness, Consistency, Uniqueness,
Timeliness, Accuracy, Precision

Loshin [17] Uniqueness, Accuracy, Consistency, Completeness,
Timeliness, Currency, Conformance

These metrics are used to assess different data quality dimensions. In order to measure
these metrics, definitions should be provided, and the measurement techniques should
be defined. These techniques can be quantitative or qualitative based on the provided
definition [35].
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3. Data and Methods
3.1. Data

In 2002, the National Association of Sewer Service Companies (NASSCO) developed
the Pipeline Assessment and Certification Program (PACP) to become a standard for the
evaluation of sewer pipe closed-circuit television (CCTV) inspections [38]. Prior to the
PACP, there was no standardized protocol in the United States for the collection and
management of data related to pipelines’ internal inspections. The primary purpose of
PACP is to ensure that all data describing the conditions within a pipe are collected and
coded in a consistent and reliable manner. PACP became the industry standard for sewer
condition data, and it was implemented by more than 200 cities and utility districts in the
United States and Canada [39].

Four different sewer pipe inspection databases (shown in Table 2 were used to test
the data quality evaluation framework to be described in Section 3.2. The data were
collected from municipalities in the US. Three of them were collected through PACP-
Certified software and are in the PACP 6 standard. However, DB3 was not in the PACP
data structure, and the data transformed into the standard format. The other database is
for a small municipality that has a total of 775 miles of sanitary sewer lines (ranging from
6′′ to 54′′), 9100 manholes, and 70 lift stations. Data are not in PACP format and are hardly
understandable. However, it provides cross-check references to evaluate data quality
metrics. The city provided 2.2 miles of inspections from the downtown area. In Table 2, the
number of conditions refers to the total number of codes associated with inspections. In
other words, an inspection record typically has multiple condition records to describe the
defects that appear in one inspection.

Table 2. Sewer pipe databases.

Database State No. of Inspections No. of Conditions PACP Version

DB1 Texas 72 724 N/A
DB2 Indiana 5232 84,785 PACP 6
DB3 California 6418 85,255 PACP 6
DB4 Pennsylvania 1169 14,341 PACP 6

3.2. Data Quality Metrics

The development of well-defined data quality metrics is essential for making signifi-
cant data-driven decisions. These metrics could evaluate the data based on the context and
schema and provide subjective and objective assessment [40]. To improve the data quality
of sewer inspection data, this paper follows a 5-pillar data quality management technique
defined by Lebied [41]:

1. The people: The quality of data relies on the individuals who implement it
2. Data profiling: Reviewing data and comparing data to metadata
3. Defining data quality: Developing data quality rules and metrics based on the context

and use of data (business rules).
4. Data reporting: Identifying data errors and reporting for the resolution process
5. Data repair: Addressing data error in the most efficient way

In this study, more than 100,000 inspection records were evaluated in order to build
an efficient data quality management strategy for sewer system data, and more than
50 industry experts offered their opinions on the efficacy of the gathered sewer data
(Pillar 1). Based on industry needs and regulations, primary data quality issues were
identified (Pillar 2). Then, based on earlier discoveries (Pillar 3), data quality metrics were
developed and reported (Pillar 4). Finally, a workable solution for several data quality
challenges has been offered and put into practice (Pillar 5).

As mentioned above, a set of data quality metrics is required to assess the data quality
of the collected sewer inspection data based on the rules and database requirements. The fol-
lowing rules were considered during the development process of data quality metrics [28]:
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metrics should (1) be insensitive to changes in the number of records in the database,
(2) accurately reflect the degree of the data quality requirements, (3) be independent of each
other, (4) be limited to a reasonable number, and (5) address database rules.

Defining a proper set of data quality metrics simplifies the measurement of the qual-
ity of the data and provides a quantitative structure for data quality evaluation. Data
quality rules are integrated into quality metrics and provide a tool for data quality manage-
ment [17]. Based on the five rules described above, the authors developed a proper set of
data quality metrics, shown in Table 3, based on relevancy to the data collected on sewer
systems. However, it is important to mention that these metrics can be calculated based on
data availability.

Table 3. Data quality metrics.

Name Description

Accuracy Data element values are properly assigned

Consistency Data element is free from variation and contradiction based on the
condition of another data element

Completeness Data element is required based on the condition of another data
element and database rules (required and optional data)

Uniqueness Data element is unique
Validity Data element passes all requirements for acceptability (PACP Rules) *

Note: * Pipeline Assessment Certification Program.

The description of each metric is as follows:
Accuracy (ACC) indicates whether the data have significant errors. It can be measured

by source documentation or a comparison of the attributes in a database. It can also be
checked logically to see if it falls within accepted bounds and makes sense. The metric
is defined as the number of errors divided by the total number of attributes subtracted
from 1:

Accuracy = 1− (total number o f errors)
(total number o f attributes)

(1)

Consistency (CNS) indicates whether the data are presented in the same format. The
metric is defined as the number of violations divided by the total number of consistency
checks subtracted from 1:

Consistency = 1− (total number o f violations)
(total number o f consistency checks)

(2)

Completeness (COM) indicates whether there are any missing values in the database.
Completeness is defined based on the database rules, as not all the attributes are required
for database fields. The metric is calculated by the ratio of the incomplete units to the total
number of units and subtracting from 1:

Completeness = 1− (incomplete units)
(total number o f units)

(3)

Uniqueness (UNI) indicates whether a data record is represented uniquely in the
database and no entity exists more than once. In other words, uniqueness captures redun-
dancy in the database. It is important to identify duplicates and either merge them or delete
the duplicates. Redundancy measures the occurrence of data, and uniqueness is calculated
by subtracting redundancy from 1:

Uniquness = 1− (Number o f occurrance)
(total number o f entities)

(4)

Validity (VAL) indicates whether the database complies with standards. Pipeline
Assessment Certification Program (PACP) is a widely accepted standard for collecting
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CCTV inspections in the US. Thus, this metric is only applicable to databases that have
been collected in the PACP standard. To measure this metric, all PACP requirements should
be evaluated to calculate the validity of the database. The metric is calculated as follows:

Validity = 1− (Number o f invalid attributes)
(total number o f attributes)

(5)

To calculate the invalid attributes in the collected databases, a referential database was
created that included all PACP (V6) requirements in 5 tables (Figure 3). The ‘pacp_code’
table assigns a primary key to each of the codes that can be referenced in the ‘pacp_rule’
table for different versions of PACP. The ‘pacp_rule’ table records the PACP requirement
for every defect, including clock positions, values, and Joint. The ‘rule_details’ table is used
to evaluate the limits for each field in the ‘pacp_rule’ table. For example, deformation (D)
requires a value_percent of less than or equal to 40%. This information is retrieved from
‘rule_details’. There are also some requirements in the PACP that some codes can or cannot
be used together. The common defect is the collapse (XP) in the pipe, and no code other
than MSA (survey abandoned) should be used after that. These data are recorded in the
‘cross_check’ table. Some codes are related to specific materials, and the ‘material’ table
provides this information.
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In order to evaluate the validity metric, a Python script was developed that checked
all PACP requirements in the database. Moreover, a sample database was developed for
the validation process of the developed code for all types of material and all the structural
defects in the PACP manual. The developed code detected 100% of the invalid attributes in
the sample database and can be applied to the collected sewer inspection data.

4. Results
4.1. Accuracy, Consistency, Completeness, and Uniqueness Metrics

In order to evaluate the first four data quality metrics that were developed for sewer
system data, DB1 was used. The reason that the first four metrics were only calculated
for DB1 is that multiple databases were available, including manhole data, asset data,
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and CCTV inspections. Cross-referencing is the main criterion for calculating the first
four metrics. Since the PACP databases only included the CCTV inspections (Inspection
table and Condition table), only validity metrics were calculated. Figure 4 shows the data
structure preferred by the city.

Water 2023, 15, x FOR PEER REVIEW 8 of 15 
 

 

In order to evaluate the validity metric, a Python script was developed that checked 
all PACP requirements in the database. Moreover, a sample database was developed for 
the validation process of the developed code for all types of material and all the structural 
defects in the PACP manual. The developed code detected 100% of the invalid attributes 
in the sample database and can be applied to the collected sewer inspection data. 

4. Results 
4.1. Accuracy, Consistency, Completeness, and Uniqueness Metrics 

In order to evaluate the first four data quality metrics that were developed for sewer 
system data, DB1 was used. The reason that the first four metrics were only calculated for 
DB1 is that multiple databases were available, including manhole data, asset data, and 
CCTV inspections. Cross-referencing is the main criterion for calculating the first four 
metrics. Since the PACP databases only included the CCTV inspections (Inspection table 
and Condition table), only validity metrics were calculated. Figure 4 shows the data struc-
ture preferred by the city. 

The ‘ASSET’ table includes data related to the sewer pipe constant features. The 
‘MANHOLE’ table provides manhole IDs. ‘MAIN_INSPECTION’ stores the inspection 
data each time it is done, and the ‘OBSERVATION’ table contains the pipe’s internal con-
ditions for each inspection. These tables are connected based on the primary key of each 
table as a point of reference. In order to evaluate the data quality of this database, each 
table was assessed separately. The percentages show the metric values and do not appli-
cate (N/A) represent the fields that could not be calculated due to lack of references. Figure 
5 shows the data quality evaluation process of DB1. 

 
Figure 4. DB1 data structure. Figure 4. DB1 data structure.

The ‘ASSET’ table includes data related to the sewer pipe constant features. The
‘MANHOLE’ table provides manhole IDs. ‘MAIN_INSPECTION’ stores the inspection data
each time it is done, and the ‘OBSERVATION’ table contains the pipe’s internal conditions
for each inspection. These tables are connected based on the primary key of each table as
a point of reference. In order to evaluate the data quality of this database, each table was
assessed separately. The percentages show the metric values and do not applicate (N/A)
represent the fields that could not be calculated due to lack of references. Figure 5 shows
the data quality evaluation process of DB1.
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4.1.1. ‘MANHOLE’ Table

This table contains 143 records and includes the manhole IDs that should be unique
for each manhole.

Key: A unique number is assigned to each manhole to identify them.
MANHOLE_ID: The ID is not well defined. The ID is supposed to be unique, so it

can be used as an identifier for the manholes in the system. However, the ID is developed
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based on the address, and only the street name or the intersection has been used. It has
been noticed that the software required unique values; therefore, different variations of
manhole names have been used by the operators, such as “Iturbide M/H”, “Iturbide M/H
,.”, “Iturbide M/H„”, and “Iturbide M/H...”.

As mentioned above, all the metrics are not applicable to each data set. There is one
missing manhole ID, 117 inconsistencies in data format, and only 68 unique values. Table 4
provides the results of the data quality evaluation.

Table 4. Data quality evaluation of the ‘MANHOLE’ table.

Column Description COM CNS UNI ACC

KEY Primary Key 100% 100% 100% N/A

MANHOLE_ID It represents the
manhole address 99.30% 18.75% 47.55% N/A

Note: Com = Completeness, CNS = Consistency, Uni = Uniqueness, Acc = Accuracy.

4.1.2. ‘ASSET’ Table

This table has 72 records and provides pipe features, including manhole information,
material, shape, dimension, and length. Each field was evaluated separately, and the results
of the data quality evaluation are described in Table 5.

Table 5. Data quality evaluation of the ‘ASSET’ table.

Column Description COM CNS UNI ACC

KEY Primary key 100% 100% 100% N/A

SEGMENTID Developed based on
MAHONHOLE_ID 100% 25% 59.72% 62.5%

WIDTH
The width is not required
for circular pipes (all pipes
in the database)

100% 100% 0% 91.67%

ADDRESS Based on SEGMENTID 100% 30.56% 0% 94%
ASSET_LENGTH The total length of the pipe 80.56% 100% 0% 0%

KEY: It is the primary key of the table and any data error in this field can result in data
integrity issues.

SEGMENTID: This ID is generated by the upstream or downstream MANHOLE_ID.
However, the data are not consistent with each other and the source field (MANHOLE.MAN
HOLE_ID). This field should be redefined to assign a unique ID to each pipe.

UPSTREAM_MANHOLE/DOWNSTREAM_MANHOLE: The current information
is continuous numbers assigned to the manholes, and each manhole should have its own
identification number to be distinguished from the others. This field cannot be evaluated
because the reference to each manhole is not available (GIS data are required).

WIDTH: For circular pipes, the width is considered redundant information and can be
eliminated. In addition, some inputs do not match the height of the pipes, which makes the
accuracy of the pipe shapes questionable.

ADDRESS: The current information is repeated data from another field (SEGMENTID).
Moreover, the data are not consistent with each other and the source data.

ASSET_LENGTH: For all the inspections, MAIN_INSPECTION.SURVEYED_FOOTAGE
has been assigned as ASSET_LENGTH. Since these two variables are different from each
other, it can be concluded that this field is inaccurate.

4.1.3. ‘MAIN_INSPECTION’ Table

This table contains 72 records, providing general information on the inspection such
as operator, weather, date, direction, and comments. It can be considered the header in the
PACP database. Table 6 provides an analysis of the data quality of this table.
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Table 6. Data quality evaluation of the ‘MAIN_INSPECTION’ table.

Column Description COM CNS UNI ACC

KEY Primary key 100% N/A 100% N/A

ASSET Foreign key to
ASSET table 100% 100% 100% 100%

COMMENT Direction and
location 100% 70% 18% 87%

OPERATOR The name of the
inspector 100% N/A N/A N/A

REASON The purpose of the
inspection 98% N/A N/A N/A

SURVEYED
FOOTAGE

The length of the
surveyed segment 98% 100% N/A 100%

KEY: It is the primary key of the table and any data error in this field can result in data
integrity issues.

COMMENT: The location and direction are considered redundant information. 100%
accurate direction can be extracted from the ‘OBSERVATION’ table. Other information on
the pipe condition and material is useful. This information can be extracted.

4.1.4. ‘OBSERVATION’ Table

This table contains 724 records, providing condition information, including defect
type, distance, clock positions, and severity. The data quality of the observations could
not be assessed through the same approach applied before. This table is similar to the
‘Condition’ table in the PACP database. In order to have a comprehensive data quality
evaluation of this table, each defect type should be evaluated separately. For all the codes,
no information was provided on the length, width, or percentage. Approximately 77% of
the observations are related to construction and miscellaneous features such as manhole
location, water level, direction, etc. Each code has been evaluated separately, and the results
are presented in Table 7. Accuracy is the only metric that could not be evaluated for the
codes based on the current database, as it requires another reference document.

Table 7. Data quality evaluation of ‘OBSERVATION’ table.

Code COM CNS UNI ACC

Abandoned Survey 75% 51% 75% 61%
STOP 100% 98% 0% 100%

Water Level 57% 50% 28% N/A
Water Mark 75% 25% 25% N/A

Camera Under Water 0% 100% 50% N/A
General Observation 88% 35% 12% N/A

Pipe Type 81% 52% 52% N/A
MANHOLE 91% 78% 13% 91%

Lateral 97% 88% 9% N/A
Lateral Connection Problem 100% 66% 0% N/A

Intruding Sewer Tap 100% 75% 0% N/A
Broken 65% 60% 90% N/A
Crack 37% 37% 100% N/A

Joint Offset 46% 46% 100% N/A
Joint Separated 27% 27% 100% N/A

Sag 50% 50% 100% N/A
Root in Lateral/Root in Joint 66% 66% 100% N/A

Obstacle 100% 100% 100% N/A

4.2. Validity Metric

In order to calculate the Validity metric, three sewer inspection databases were evalu-
ated. These databases were collected based on the PACP 6 standard through two different
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PACP-certified software programs. It was recognized that the PACP data collected with
one software is not compatible with another software due to the software’s violation of
the PACP rules. Table 8 shows the validity metric in each of these databases based on the
number of invalid attributes.

Table 8. Validity metric calculation.

DB2 DB3 DB4

Total Number of Attributes 836,313 857,147 145,435
Total Number of Invalid Attributes 90 55,216 7551

Validity 100% 94% 95%

5. Discussion

Data quality is one of the major challenges in the asset management process since
decision-makers rely more on data to implement their objectives. Data error rates exceeding
75% have been observed in the civil engineering industry, and errors of up to 30% are
usual [42]. Asset management’s primary goal is to provide a proper level of service by
effectively managing the infrastructure through repair and replacement. The structural and
hydraulic performance of the sewer network serves as the basis for these initiatives, with
structural performance serving as the primary budgetary consideration [17,43].

The data quality evaluation framework was developed based on five data quality
metrics. These metrics are defined quantitatively to measure the different quality dimen-
sions of sewer inspection data. Each metric was calculated based on data availability and
relevancy. Table 9 shows the total quality evaluation of DB1.

Table 9. Total quality evaluation of DB1.

Data Table COM CNS UNI ACC MEAN

‘MANHOLE’ Table 99.65% 59.38% 73.78% N/A 77.60%
‘ASSET’ Table 96.11% 71.11% 31.94% 62.04% 65.30%

‘MAIN_INSPECTION’ Table 99.33% 90.00% 72.67% 95.67% 89.42%
‘OBSERVATION’ Table 82% 75% 34% 94% 71.25%

Redundancy and inconsistency are major issues in the data. Redundancy is mainly
related to the schema and can be addressed through normalization. This metric can help
municipalities avoid further mistakes in the decision-making problem. One significant
problem regarding redundancy is determining asset location. It has been noticed that poor
data management has resulted in mislocating assets. High-quality GIS data can resolve this
problem. In DB1, it has been calculated that manholes have only 47.55% uniqueness and
pipes have 59.72%.

Inconsistency can cause issues when integrating databases into a common repository.
The same data has been stored in different locations and formats. This can also cause
problems in query and script development to retrieve data. In the ‘ASSET’ table, the
SEGMENTID was developed based on inconsistent criteria. Some were related to the
Downstream Manhole or Upstream Manhole, and the others were a combination of those
two or even unrelated. This type of inconsistency can also cause incompatibility issues
when different databases are being analyzed together. Developing proper metadata can
resolve the inconsistency problems.

Validity evaluates the database to comply with the data rules and standards. While
municipalities are using the PACP coding system, their final database is not always PACP
compatible. The validity metric can provide the PACP compatibility of the database. This
can help municipalities understand the condition of their data and provide them with a
solution to access their data across different software platforms. It can also help operators
understand the common mistakes at the time of collecting data.
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6. Conclusions

The effectiveness of sewer asset management decisions hinges upon the quality of
condition assessment data collected on the sewer infrastructure. However, the quality of
the data collected by the municipalities varies among municipalities. This research showed
that 11% to 35% of sewer inspection records have quality issues that need to be addressed
in order to develop optimum asset management decisions. Thus, it is important to develop
a data quality evaluation framework to identify and measure the current problems within
the collected databases and to provide a feasible resolution to address them and prevent
similar problems in the future.

In this paper, a data quality evaluation framework was developed based on five quality
metrics to provide a quantitative assessment of current problems. Each metric was calcu-
lated based on the data context. It has been noticed that data consistency and uniqueness
are the major problems in the collected databases. These two can be addressed by imple-
menting robust database management practices. Database normalization can help reduce
data redundancy and improve data integrity. In addition, GIS integration will resolve
inconsistencies and improve the accuracy of the data. By addressing these problems, the
development of infrastructure asset management plans can be facilitated.

One of the main problems in evaluating data quality is data accessibility. This problem
was found in all the collected databases, specifically in DB1, where the city could only
extract a few amounts of data. This is one of the major limitations in the evaluation and
analysis of sewer system databases. Differences in data management practices among
municipalities are another challenge. For instance, while some providers stored their data
in a single data repository (DB1 and DB2), others kept their data in separate datasets based
on different criteria (DB3 and DB4). This practice resulted in several small databases,
which made the proposed data quality evaluation more complicated. Although most of
the databases were collected in the PACP standard, some interoperability issues occurred
because the data were exported from different software into nonstandard data structures,
which proved to be a common problem.

This study contributed to developing a quantitative analysis of the quality problems
in sewer inspection data and, for the first time, providing tools for industry stakeholders to
address these problems.
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