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Abstract

Purpose — This study aims to automate the visual inspection of piling sheets in water channel construction using
artificial intelligence (AI). By employing image classification and object detection techniques, the research
focuses on extracting and analysing geometric features to enhance the accuracy and efficiency of the inspection
process. It also addresses key challenges associated with the unique characteristics of construction materials and
the limited variability of available inspection datasets.

Design/methodology/approach — Convolutional neural networks (CNNs) with varying complexities are
employed for image classification, across four and six classes, and for object detection of piling sheets in water
channel environments. A dataset provided by Witteveen + Bos is preprocessed to generate training sets, and the
CNN architectures are optimized for enhanced performance. The accuracy and efficiency of the proposed
models are evaluated and compared against traditional manual inspection methods.

Findings — The Al-driven approach significantly reduces processing time, evaluating 40,000 images in just
11.9 h, compared to approximately one month using manual assessment. The 4-class classification model
achieves an accuracy of 96%, while the 6-class model attains 72%. The object detection model produces a mean
average precision (mAP) of 79%. These results meet the performance standards set by the Dutch company
Witteveen + Bos, which demonstrate the effectiveness of Al in automating the inspection of piling sheets.
Originality/value — This study introduces a novel Al-based approach for assessing piling sheets, demonstrating
substantial improvements over traditional inspection methods. It introduces a systematic evaluation of various
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SASBE CNN architectures and hyperparameters to optimize the models specifically for piling sheet inspection rather
than relying on off-the-shelf solutions. The use of CNNs for both image classification and object detection
adheres to relevant Dutch engineering standards. Notably, the reduction in processing time, from one month to
around 12 h, represents a major advancement in the efficiency of civil engineering inspections.

Keywords Deep learning, Structural health monitoring, Object detection, Piling sheet
Paper type Research article

1. Introduction

Visual inspection is widely recognized as one of the most cost-effective non-destructive
evaluation (NDE) methods utilized across various industries, including aerospace, civil
engineering and manufacturing (Kumar and Mahto, 2013; Roberge, 2007a, b; Tabatabaeian
etal., 2024). This technique is favoured for its affordability and straightforward implementation,
making it a preferred approach for assessing structural integrity and identifying potential defects.
Nevertheless, despite these benefits, visual inspection can become a labour-intensive and
monotonous task, especially in extensive construction projects where precision and consistency
are crucial (Megaw, 1979; See et al., 2017; John and Herman, 2017).

A representative case study is the visual inspection of water channel pilling sheets, which
exemplifies such challenges. These piling sheets are crucial components in water channel
construction, extending for kilometres and subjected to environmental degradation over time.
Regular inspections are therefore crucial to ensure their continued integrity. At
Witteveen + Bos, a Dutch engineering firm, the current practice involves manual visual
inspection carried out by skilled assessors. The inspection system comprises a boat with
multiple cameras and a global positioning system (GPS) unit, which travels along the channel
capturing georeferenced images. Although this setup streamlines data collection, the
subsequent manual review of tens of thousands of images, for example, 40,000 images
within a month, remains a time-consuming and labour-intensive task.

According to the Witteveen + Bos assessment team, manual image reviews present several
challenges: they are costly due to the extensive time required, not reporting all problems due to
unawareness or hesitance of the inspector, fatigue due to repetitiveness and long periods, and
subject to inconsistency between individual inspectors. To address these limitations, this study
proposes the use of convolutional neural networks (CNNs) to automatically classify acquired
images of damaged and undamaged pilling sheets. The objective is to identify which components
of the CNN architecture should be optimized to obtain the most accurate and reliable inspection
outcomes, while also considering factors such as training dataset requirements and computational
efficiency. This approach aims to develop a robust model and dataset pipeline from raw image
data, ultimately to automate visual inspection for planning and predictive maintenance.

1.1 Literature review

The automation of visual inspections in construction has gained considerable attention,
particularly in the assessment of heritage and infrastructure contexts, through the application
of artificial intelligence (AI) and advanced imaging techniques. A key area within Al is deep
learning, which leverages deep artificial neural networks to model complex patterns in data
(Amiri-Simkooei et al., 2024). Its recent success can be attributed to several factors, including
the increased computational power of graphical processing units (GPUs), the abundance of
available data, and advances in optimization algorithms. Deep learning has many applications
in the domain of computer vision and image processing, where three fundamental techniques
play a significant role (Chollet, 2021):

(1) Image classification: adding a single or multiple labels to an image.
(2) Image segmentation: grouping the pixels of an image into specific classes.

(3) Object detection: identifying and localizing objects within an image using bounding
boxes.
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In deep learning, different architectures can be employed for classification tasks, with the Smart and
CNNs being the most widely used due to their effectiveness in image-based applications  Sustainable Built
(Khallaf and Khallaf, 2021). For example, an Al-based automatic visual inspection system for Environment
built heritage was developed by Mansuri and Patel (2022). They utilized object detection
techniques like Faster R-CNN to enhance inspection accuracy and efficiency. Similarly, a
digitally enhanced framework for the visual inspection of masonry bridges was proposed by
Talebi et al. (2022). They integrated non-destructive testing (NDT) technologies to improve
safety and reduce human error. Furthermore, Mohy et al. (2024) demonstrated the application
of deep learning and computer vision for safety management on construction sites,
emphasizing the role of Al in identifying hazards and ensuring safety compliance.

Object detection using CNNs offers substantial benefits for inspectors performing visual
assessments across various domains, including wind turbines, buildings, and aircraft. This
technology focuses on accurately localizing objects within images. Several CNN architectures
have been developed for image classification, including AlexNet (Krizhevsky et al., 2012),
FuseNet (Rahimian et al., 2020), ZF Net (Zeiler and Fergus, 2014) and ResNet (He et al.,
2016). For example, Fotouhi et al. (2021) utilized AlexNet and ResNet to detect damage in
composite materials using visual imagery. This approach achieved over 87% precision in
identifying embedded defects without the need for human intervention.

In the construction industry, CNNs have shown promising advancements in applications
such as safety, progress monitoring, productivity tracking, and quality inspection (Paneru and
Jeelani, 2021). For example, Yin et al. (2020) demonstrated the effectiveness of CNNs for
automated defect detection in sewer pipes, leading to enhanced quality control processes.
Despite these advances, the adoption of CNN models in construction remains limited
compared to other industries (Abioye et al., 2021). Several challenges hinder broader
implementation, including the lack of robust guidelines and the limited availability of high-
quality datasets, as highlighted by Paneru and Jeelani (2021) and other researchers (Bilal and
Oyedele, 2020).

In the Netherlands, NEN-2767 is a national standard for life-cycle asset management,
designed to assess and document the condition of assets in an objective and systematic manner
(NEN.nl, 2019). This assessment is based on a scale of intensity, which assigns condition
scores to various asset components. Witteveen + Bos utilizes this standard through Digigids, a
digital tool that incorporates NEN-2767 to monitor the condition of piling sheets. The system
decomposes assets into smaller components and categorizes their conditions into four classes:
good, acceptable, moderate and bad (Digigids.hetwaterschapshuis.nl, 2022). These
classifications, established in consultation with Witteveen + Bos experts, serve as the basis
for image classification tasks in this research.

A major challenge in developing autonomous inspection systems for piling sheets is the
lack of publicly available and domain-specific image datasets. Although Witteveen + Bos has
standardized visual inspection protocols, there remains a significant gap in datasets tailored for
object detection models. Moreover, the existing literature reflects limited exploration of
automated inspection methods specific to piling sheets. Most related studies focus on similar
applications such as corrosion detection in industrial pipelines. For example, the inspection of
localized corrosion on industrial pipes using deep learning analysis stands as a comparable
case (Bastian et al., 2019). The suggested deep learning method efficiently replaces manual
inspections and other non-vision-based non-destructive evaluation methods for pipeline
corrosion. In a related study, Simonyan and Zisserman (2014) trained a CNN to classify four
distinct categories of corrosion, each representing different levels of severity. Building upon
this foundation, Wang et al. (2022) pursued a similar CNN approach, though with a revised
corrosion grading system that addresses uniform corrosion patterns. While these studies
employed custom CNN architectures, alternative models such as ResNet (He et al., 2015) and
Inception (Szegedy et al., 2014) offer promising avenues for exploration due to their superior
performance in general computer vision tasks. In another study, Forkan et al. (2022) employed
the Masked R-CNN architecture to automate corrosion detection in telecommunication
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SASBE towers. While methodologies for distance estimation from images, exemplified by “You Only
Look Once” (YOLO) (Qiao and Zulkernine, 2020), have been explored, yet there is currently
no systematic investigation into extracting condition-related data from images of piling sheets.

1.2 Research gap and contribution of this work

The current literature reveals significant gaps, including a lack of real-life datasets, clearly
defined classification guidelines and the use of CNNs with varying complexities. This study
represents the first effort to automate the inspection of piling sheets using CNN models with
varying degrees of complexity and computational time to find optimal classification solutions.
The application of CNN to the piling sheets inspection in this work is twofold:

First, to ensure the effectiveness of our CNN model, we conduct a systematic evaluation of
multiple architectures and tuning strategies. Rather than relying on predefined structures,
various CNN configurations are tested, which include adjusting the number of layers, kernel
sizes, activation functions, and regularization techniques. This iterative process allows us to
identify optimal architecture tailored to our specific engineering application. In addition, we
perform a hyperparameter tuning study, varying key parameters such as learning rate, batch
size, number of filters and optimization algorithms. Each configuration is assessed using
performance metrics such as accuracy, loss convergence, and generalization capability on
unseen data. The results from this parametric study not only facilitate the selection of an
effective CNN model but also provide insights into the influence of different hyperparameters
on model performance. This structured methodology aligns with best practices in engineering
applications of machine learning, where models are increasingly used to analyse complex
patterns and extract meaningful insights.

Second, the study leverages real-world data collected during field inspections, with image
classification labels aligned with the official inspection criteria of Witteveen + Bos. To
automate the inspection process, both the surface and underwater structures of the port were
scanned with a multi-sensor system (MSS). The resulting point clouds were autonomously
classified into damaged and undamaged areas. Following the approach proposed by Duan
et al. (2022), the dataset is categorized into general and domain-specific image datasets. The
CNN-based image classification and object detection techniques are subsequently applied to
extract critical geometric information from the piling sheets. By tuning model parameters to
optimize the image classification model and using object detection to retrieve dimensional
information, the CNN models are effectively customized for the automated inspection of
piling sheets in water channel environments.

2. Background and methodology

2.1 Methodology

Without delving into details, this project draws inspiration from three influential CNN
architectures:

(1) AlexNet, pioneering the use of stacked convolutional layers combined with max-
pooling operations, significantly improves performance in image classification tasks
(Krizhevsky et al., 2012).

(2) ResNet, introducing residual connections to mitigate the vanishing gradient problem,
enables the training of much deeper networks (He et al., 2016).

(3) GoogLeNet, which proposed the inception module, is a network-in-network structure
that processes information through parallel convolutional paths of varying kernel
sizes, which enhance both efficiency and accuracy (Szegedy et al., 2014).

There are several metrics available to investigate the performance of the model, including
accuracy, precision, loss, recall and F1 score. The accuracy of a model is determined by
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comparing the number of correct predictions (both positives and negatives) with the total Smart and

number of predictions made. It is calculated using the following formula: Sustainable Built
Environment
TP + FN
Accuracy = 9]
TP+ 1N + FP + FN

where TPis the true positive, FP s the false positive, TN is the true negative, and FN is the false
negative. The loss value is used to measure the disparity between the target and the model’s
prediction (Chollet, 2021). When dealing with data where the output represents probabilities
of multiple classes, the widely used loss function is Shannon entropy. In scenarios with more
than two classes (i.e. one-hot encoded true label, which holds for this study), categorical
Shannon entropy is recommended. The cross-entropy loss is defined as:

Loss = = _ylog3, @

i=1

where y; is the target value for the class i, y; is the predicted probability for class i, and c is the
number of classes.

Object detection involves identifying and localizing objects within an image using
bounding boxes. Two primary types of object detectors are commonly: two-stage detectors
and single-shot detectors. Two-stage detectors first divide the image into smaller regions and
apply a classification algorithm to label each proposed region. An example of this approach is
the Fast Region-based CNN (FR-CNN), which refines both object localization and
classification in a sequential process (Girshick, 2015). In contrast, single-shot detectors aim
to directly estimate the bounding boxes of objects in a single forward pass through the network,
which makes them significantly faster and more suitable for real-time applications. A
prominent example of this category is the You Only Look Once (YOLO) algorithm, which
directly predicts bounding boxes and class probabilities from the entire image in one
evaluation.

Several evaluation metrics have been considered in object detection tasks. In this study,
precision and recall metrics are employed to assess model performance. Precision measures
the proportion of correctly identified positive instances among all predicted positives, which
reflects the accuracy of the model’s positive predictions. On the other hand, recall quantifies
the proportion of actual positive instances that are correctly identified by the model, which
indicates its effectiveness in capturing relevant objects. Both metrics are necessary to assess
the model’s performance in correctly identifying objects and minimizing false positives and
false negatives. These metrics are respectively expressed as

. TP TN
Precision = ——— Recall = —— 3)
TP + FP TP + FN
The Flscore is a single metric that captures the trade-off between precision and recall, and it
offers a comprehensive evaluation of the model’s performance. By combining both precision
and recall into a harmonic mean, it provides a balanced measure of the model’s effectiveness in
object detection tasks. Flscore is defined as

Fl.\'cm‘e = 2M (4)
Precision + Recall

The mean Average Precision (mAP) is another key metric that provides an overall assessment
of the model’s performance across all detected classes. It is computed by first calculating the
average precision (AP) for each individual class (APi) and then taking the mean of these
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SASBE values. This metric captures both precision and recall over multiple thresholds and is formally
expressed as

1 N
mAP =~ Y AP, 5
nZ; (5)

which offers insights into the general performance of the model. The intersection over union
(IoU) is another important measure in object detection, which estimates the distance from the
bounding boxes. It is computed as the ratio of the area of overlap (AoO) and the area of union
(AoU), expressed as follows:

IoU = — (6)
The above metrics will be presented to assess the performance of the object detection results.

2.2 Life-cycle asset management
Life-cycle asset management refers to the practice of maximizing the value and performance of
an asset through information about its conditions and remaining life span (Roberge, 2007a, b).
This approach is built upon two key components: the total cost of the asset over its service life-
cycle, and the assessment of its physical condition. By integrating these two components, life-
cycle asset management supports informed decision-making regarding maintenance,
modernization and replacement strategies. Information about an asset’s condition can be
gathered using various methods, typically categorized as either destructive or non-destructive
methods. Destructive methods require involve removing the asset from service to perform tests,
whereas non-destructive methods allow for in situ assessment without impairing the asset’s
functionality (Roberge, 2007a, b). Among non-destructive evaluation techniques, visual
inspection is one of the most widely used due to its simplicity and low cost. However, this
method heavily relies on the expertise and judgment of the inspector, who must be able to detect
critical defects and identify signs of impending failure. A key limitation of visual inspection is
that it can be labour-intensive and repetitive, particularly in large-scale infrastructure projects.
Witteveen + Bos has defined specific requirements for applying image classification and
object detection techniques in the inspection of pilling sheets. These include utilizing
Digigids-based classes, namely, good, acceptable, moderate and bad, as shown in Figure 1, and
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Figure 1. The scoring of a component within the asset (Nen.nl, 2019). Source: Authors’ own creation/work
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achieving performance metrics consistent with benchmarks from related studies, where Smart and
classification accuracy of around 90% is commonly reported (Borges Oliveira et al., 2021). ~ Sustainable Built
Additionally, Witteveen + Bos aimed to extract geometric information from piling sheet Environment
images through object detection and post-processing techniques. The key objectives include
estimating the height above the waterline and identifying the type of piling sheet. To support
the above-mentioned tasks, object detection algorithms were implemented and further refined
through post-processing methods. The system was configured to ensure reliable estimation of
height and accurate classification of piling sheet types. The importance of mAP and IoU as
standard evaluation metrics for object detection was also recognized. Although reported mAP
and IoU values vary significantly across the literature, the target was to achieve a minimum
performance threshold of 70%, which is in line with accepted standards in comparable
applications.

Several general requirements were also determined, covering aspects such as the
development, environment, programming language, and data storage. The programming
language used was Python with the libraries such as Keras (Chollet, 2015), OpenCV (Bradski,
2000), Sklearn (Pedregosa et al., 2011) and Pandas (Pandas Development Team, 2020. These
libraries were chosen for their extensive documentation, robust functionality, and active user
communities, which facilitated rapid development and troubleshooting. A cloud-based
computing environment was used for model training, along with cloud storage to manage the
training datasets. Although this setup differed from the internal systems currently used at
Witteveen + Bos, it offered a cost-effective and scalable solution for training deep learning
models.

2.3 Data sets

The dataset for image classification was developed in close collaboration with the experts from
Witteveen + Bos. The company is responsible for monitoring the “Hoofdvaarweg Lemmer-
Delfzijl” (HLD) waterway, as shown in Figure 2. As part of their comprehensive inspection
program covering different structural elements such as bridges, piling sheets and aqueducts, a
boat equipped with high-resolution imaging sensors was deployed along the waterway to
capture images and create a point cloud. These images were manually reviewed according to
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Figure 2. The Hoofdvaarweg Lemmer—Delfzijl (HLD) route, a major inland shipping route in the Netherlands.
Source: Rijkswaterstaat.nl. Authors’ own creation/work
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SASBE Digigids guidelines and georeferenced using a geographic information system (GIS). To
optimize storage space, the images were resized before being uploaded to a cloud-based
storage platform.

The initial review of the dataset resulted in the identification of three broad classes: Grass,
Rock and Metal. Although the waterway also contains piling sheets made of wood and
concrete, the focus of this study was on metal piling sheets, which are particularly susceptible
to corrosion. The metal images were initially classified into four classes including “metal
good”, “metal acceptable”, “metal moderate”, and “metal bad”. Figures 3 and 4 show sample
images of the classified groups for the metals. These classifications were based on expert
assessment and aligned with Digigids evaluation criteria. It was however noted that the dataset
was imbalanced, with a limited number of samples in the “metal bad” class. To maintain class
balance and minimize potential negative impacts on model performance, the classes were
consolidated, inspired by the guidance provided by Buda et al. (2018), who systematically
analysed the effects of class imbalance in CNNs. Their study recommends mitigating
imbalance through class consolidation or resampling to ensure more effective learning and to
reduce performance bias toward overrepresented classes. This indicates that “metal bad” and
“metal moderate” were merged into a single class called “metal bad” whereas the classes
“metal good” and “metal acceptable” were combined into a class named “metal good”. This
adjustment, as shown in Figure 5, resulted in a more balanced distribution of images across
classes and hence improved the robustness and generalizability of the image
classification model.

Table 1 provides the total number of images used for the classification task. To ensure
model training and validation, a standard 70 and 30% split was employed, which is commonly
used in image classification tasks. Using this setup, 70% of the dataset is allocated to train the
model and the remaining 30% is reserved to validate the model’s performance. The dataset was
shuffled and split three times to achieve the desired cross-validation setup. This method
provides deeper insights into the dataset’s characteristics. Notably, substantial variations in
performance across different folds may indicate either a highly heterogeneous dataset or an
unstable training algorithm.

The object detection dataset was created using Labellmg (Tzutalin, 2022), a widely used
annotation tool that enables the creation of bounding boxes for object detection tasks. Each
image in the dataset requires a corresponding annotation file that defines the coordinates and
labels of all detected objects. Labellmg provides a flexible tool for accomplishing this task,
supporting various annotation formats. For this research, the object detection task focused on
identifying two specific types of objects, selected based on their relevance to piling sheet
inspection:

Figure 3. Two sample images of classes good (left) and acceptable (right) for the six-class dataset. Source:
Authors’ own creation/work
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Figure 4. Two sample images of classes moderate (left) and bad (right) for six-class dataset. Source: Authors’
own creation/work

M_bad

M_moderate

Rock

M_acceptable

Grass

M_good

Four classes Six classes

(2) (b)

Figure 5. Pie chart to check the balance (%) of datasets classification for the (a) four classes and (b) six classes.
Source: Authors’ own creation/work

Table 1. Training and validation set for four and six classes

Total Number of Percentage
Classes images Selection images (%)
4 2,534 Training 1,774 70
4 2,534 Validation 760 30
6 1,801 Training 1,301 70
6 1,801 Validation 540 30

Source(s): Authors’ own creation/work

(1) Bumps: The distance between bumps can be used to decide on the dimension and scale
of the object.
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SASBE (2) Anchors: They serve as a reference object to convert the pixel distance to the actual
distance.

Around 250 images were manually annotated for training purposes, with an additional 100
images reserved for testing the performance of the object detection models. The annotation
process involved manually drawing bounding boxes around the target objects in each image,
which was a labour-intensive task that required precision and consistency. The process was
further complicated by vegetation obscuring some objects, making accurate annotation
particularly challenging. The models were tested on a separate set of 100 images, distinct from
those used in the training of both the classification and object detection models. Unlike the
common practice of splitting data into training, validation, and testing sets using percentage
ratios, folder-based approach was adopted. This strategy was chosen to better reflect real-
world application by simulating the processing of folders from the Witteveen + Bos servers.
The specific filenames of the images were necessary to couple them with additional data, such
as geographic coordinates. The models were designed to automatically analyse all files and
store the results in a structured data frame. The complete datasets used in this study have been
made publicly available on 4TU.ResearchData (Maskam et al., 2022) and Kaggle, to support
further research and replication.

2.4 Model architecture
CNN-based classification models with three block variations were tested, and YOLOv4 was
used as the backbone for object detection. The image classification model was developed
through iterative experimentation with architectural structure, filter sizes, and the number of
layers. The architecture was initially designed with a block containing two convolution layers
followed by a maxpooling layer. Subsequently, a second block was added, incorporating a
residual connection to enhance learning stability. Finally, a third block was created by adding a
convolution layer within the residual connection, which further enriches the model’s capacity
for feature extraction. The different blocks and structures are illustrated in Figure 6.
Throughout each run, slight modifications were made, including changes to the type and
number of blocks, the filter sizes in the convolution layers and the use of an augmentation
layer. An overview of the different architectural variations tested is shown in Figure 7. It
should be noted that the execution of this task in the cloud environment was affected by certain
limitations. Constraints on memory resources and GPU usage time imposed by the platform
influenced the scope and complexity of model development. As a result, careful resource
optimization and management were essential during the model training and evaluation phases.
For the object detection task, an off-the-shelf algorithm called YOLOv4 was employed.
This choice was made to quickly obtain a proof of concept on the applicability of the method

Hidden Layers
Global
Input RSt Rescale average Output
P layer Block 1 —— ... —> Blockn —> o
layer 5 layer pooling layer
(optional) s

Figure 6. Overview of the CNN architecture, showing the sequential arrangement of convolution, pooling, and
residual blocks used in this study. Source: Authors’ own creation/work
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Figure 7. Variations of the CNN block architecture tested in this study, showing different configurations of
convolutional layers, residual connections, and filter sizes building on the general framework in Figure 6.
Source: Authors’ own creation/work

(Tulbure et al., 2022). To configure the algorithm, the steps provided by Alexey Bochkovskiy
were used to make the necessary adjustments and settings (Bochkovskiy, 2017). Figure 8
illustrates the flowchart of the YOLO algorithm. The YOLO algorithm outputs a vector
containing the class label and the coordinates of the bounding boxes. The coordinates were
used to extract important information such as the heights and distances. The heights were
calculated by taking the average height of the boxes, while the distances between the bumps
were obtained by measuring the distance between the coordinates of the first two boxes. To
ensure accurate measurements, predefined thresholds were introduced and if the calculated
distance was too small/large, it would not be used. To establish the relationship between the
real-world distance and the pixel distance, a reference object was used. By calculating the ratio
between the actual distance and the pixel distance of the reference object, the algorithm could
estimate the height and distance between the bumps. This enabled precise estimates by
accounting for the scaling factor between physical dimensions and the corresponding pixel
distances captured by the YOLO algorithm. Figure 9 presents an example of the results
obtained from the YOLO algorithm for object detection. In this case, all relevant objects were
correctly identified, with an estimated height of 56.1 cm and a distance of 85.5 cm between the
detected bumps. According to experts at Witteveen + Bos, these values are considered
plausible, indicating that object detection, when combined with a known reference, can
provide reliable geometrical data for asset evaluation.

3. Implementation and results

The datasets were compiled with the support of Witteveen 4+ Bos experts and annotation
software. The optimal model architecture was achieved through iterative experimentation with
different structures, depths, and filter sizes. One of the best-performing models was identified;
it underwent further evaluation to assess its effectiveness. For the image classification model,
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. - X i Object ce inf Data-
ir:]napgl.lets Fesd | Classifier oredict Iables plllngsheet Fesd o detédor storeinfo o —
images
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Process and
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Figure 8. Flowchart of the YOLOV4 algorithm. Source: Authors’ own creation/work
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Figure 9. Example output of the YOLOvV4 object detection model, showing detected bumps (Dim, used for
dimensional estimation) and anchors (Ref, used as reference objects for scaling). Source: Authors’ own
creation/work

cross-validation and confusion matrices were employed. Cross-validation involved training
the model on different shuffled subsets of the original data to optimize its weights, while
confusion matrices offered insights into the model’s classification accuracy and served as a
tool for improvement. For object detection, performance was evaluated using metrics such as
precision, recall and the Aps, calculated via the Darknet framework. These metrics were used
to assess the model’s accuracy in both detecting and localizing objects.

In addition to the standard performance evaluation metrics, a preliminary time-cost
analysis was conducted to investigate the computational efficiency of the models. Expert
reviews were also collected to obtain insights and recommendations specifically aligned with
the practical needs of Witteveen + Bos. To evaluate the performance of the four-class models,
various configurations were tested and compared. Table 2 summarizes these configurations.
Among them, the best-performing model featured a residual connection (ResCon type)
architecture with five blocks, no augmentation and a consistent filter size of 32 across all
layers. Table 3 shows the different configurations used for the six-class model. The best-
performing model used a ResCon structure with six blocks, an augmentation layer, and
varying filter sizes per block. In addition, the Inception model also provided satisfactory
results, while certain variants of the VGGI16 architecture demonstrated reasonable
performance.

Table 4 presents the results for the four-class model when trained and validated on different
shuffled data. In this case, performance remained consistent across different folds, with no
significant variation observed. However, a slight difference between training-validation and
model test (MT) accuracy was observed. Table 5 presents the performance of the six-class
model under the same conditions, highlighting its effectiveness across multiple datasets, albeit
with some discrepancies in MT. Compared to the four-class model, this discrepancy became
more pronounced in the six-class model, where significant differences are clear between the
accuracy scores of the training and validation phases compared to the MT accuracy. While the
train and validation accuracy averaged around 95%, the MT accuracy ranged from 50% to
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Table 2. Models with different structures, blocks, augmentation and filters for the four classes Smart and
Sustainable Built

Train Validation ~ MT Environment
Trainable Augment accuracy  accuracy accuracy

Type Blocks parameters layer Fillers (%) (%) (%)
VGG16 5 0.65 No 32-64-128-256-256 25 25 22
VGG16 5 0.02 No 32-32-32-32-32 93 92 84
VGG16 5 0.05 Yes 32-32-32-32-32 25 25 13
VGG16 4 0.32 Yes 32-64-128-256 25 25 13
ResCon 4 0.33 No 32-64-128-256 98 98 87
ResCon 4 0.33 Yes 32-64-128-256 97 97 83
ResCon 5 0.02 No 32-32-32-32-32 98.3 94.4 96
ResCon 5 0.66 No 32-64-128-256-256  98.6 97.7 85
ResCon 5 0.66 Yes 32-64-128-256-256  96.8 95.5 67
ResCon 5 0.02 Yes 32-32-32-32-32 94.4 92.7 9
Inception 5 0.03 No 32-32-32-32-32 96.8 95.7 91
Inception 4 0.43 Yes 32-64-128-256 92.9 87 80
Inception 5 0.86 No 32-64-128-256-256  27.17 25.26 22
Inception 5 0.86 Yes 32-64-128-256-256  88.7 82.5 80

Source(s): Authors’ own creation/work

Table 3. Models with different structures, blocks, augmentation and filters for the six classes

Train Validation ~ MT
Trainable Augment accuracy  accuracy accuracy

Type Blocks parameters layer Fillers (%) (%) (%)
VGG16 5 0.02 No 32-32-32-32-32 90 90 57
VGG16 6 0.03 No 32-32-32-32-32-32  98.8 87.5 52
ResCon 6 1 Yes 32-64-128-3x256 97.5 95.3 68
ResCon 6 1 No 32-64-128-3x256 98 95 65
ResCon 6 0.03 No 32-32-32-32-32-32  99.99 95 65
Inception 5 0.03 No 32-32-32-32-32 95 93 65
Inception 6 0.04 No 32-32-32-32-32-32 99 94 66
Inception 6 0.04 Yes 32-32-32-32-32-32  92.4 91.8 66

Source(s): Authors’ own creation/work

Table 4. Best-performing four-class model with different shuffled training and validation data

Train Validation MT
accuracy accuracy accuracy
Seed (%) (%) (%)
0 98.3 94.4 96
1 97.3 95 92
2 96.3 95.6 85

Source(s): Authors’ own creation/work

70%. This clear contrast could stem from several factors, for example, insufficient training
data or the presence of overfitting, a common problem in machine learning models.
Furthermore, a significant difference of 20% was observed in the accuracy of different folds in
the model test, indicating that certain portions of the dataset may possess better quality or
suitability for training the model.
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SASBE Table 5. Best performing six-class model with different shuffled training and validation data

Train Validation MT
accuracy accuracy accuracy
Seed (%) (%) (%)
0 97.5 95.3 68
1 97.5 95.3 50
2 97.5 95.3 72

Source(s): Authors’ own creation/work

4. Discussion of results

This section discusses the findings from the models. It includes analyses of confusion
matrices, object detection metrics, and the time-cost implications. Expert reviews were also
conducted. These reviews provided practical insights and helped contextualize the results.

4.1 Confusion matrix

The confusion matrix is used to compare true labels with predicted labels. Figures 10 and 11
display the confusion matrices for material type and rust grade classification, respectively. The
confusion matrices in Figures 10 and 11 are based on an independent subset of 100 test images,
separated using a folder-based approach, to better reflect the real-world application of
processing image batches from Witteveen + Bos servers. The four-class model achieved
higher overall accuracy, although some misclassifications occurred within the metal classes. In
contrast, the six-class model showed weaker performance, with a higher incidence of false
positives, particularly in the rust grade classes. This difficulty in accurately predicting rust
grades is likely due to the limited dataset and the subtle differences between the Digigids-
defined classes.

4.2 Object detection metrics

The object detection performance was evaluated using metrics provided by Darknet, the
framework used to train the YOLOv4 model. These metrics include the mAP and IoU, which
are standard indicators to assess object detection quality.
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Figure 10. Confusion matrix of the material type for 4 and 6 classes. Source: Authors’ own creation/work
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Figure 11. Confusion matrix of rust grade for the 4 and 6 classes. Source: Authors’ own creation/work

As shown in Table 6, the model achieved an average mAP of approximately 79.2% at a 50%
confidence threshold, which indicates that the majority of predicted bounding boxes were
correctly aligned with ground truth annotations. The corresponding IoU was around 66.4%,
reflecting a reasonable overlap between predicted and actual object locations. These results
suggest that the YOLOv4 model performed effectively to detect the target objects within the
given dataset.

This project aligns with broader deep learning initiatives focused on image-based analysis,
particularly those involving large image datasets. Despite working with a smaller dataset of
around 300 images, the model achieved an mAP exceeding 70%, meeting the performance
requirements by Witteveen + Bos. A distinguishing feature of this study is that the dataset was
collected from real-world field conditions, unlike many previous studies that rely on synthetic
datasets. For comparison, Wang et al. (2022) developed a four-class corrosion detection model
for industrial pipes using over 100,000 images, achieving an mAP of 90.96%. Guo et al.
(2021) achieved a 90% mAP in detecting rail track components with 1,000 images, while
Zhang et al. (2022) reached an mAP of 90.7% in aircraft tube fault detection using 3,000
images. In another study, Qiao and Zulkernine (2020) achieved an mAP of 99.16% in vehicle
detection using the Microsoft Common Objects in Context (MS COCO) dataset. These
comparisons highlight a clear trend: larger and more diverse training datasets tend to yield
higher detection accuracy. Nevertheless, the good performance achieved in this study, despite

Table 6. Model with confidence threshold 25%

Model confidence threshold: 25

Precision 0.84
Recall 0.91
F1-score 0.88
TP 768

FP 144

FN 72

avg IoU 66.40%
MAP@O0.50 79.23%

Source(s): Authors’ own creation/work
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SASBE limited training data, demonstrates the model’s robustness and the value of a high-quality
dataset.

The best-performing configurations from Tables 5 and 6 were used in a cross-validation
setup to evaluate the effects of training on different subsets of the data. The MT accuracy
results from both Table 4 (four-class model) and Table 5 (six-class model) reveal significant
differences. In particular, the six-class model illustrates a discrepancy of 22% across different
folds, which may suggest a potential imbalance in the dataset or greater difficulty in
distinguishing between the defined classes. In contrast, the four-class model exhibits a smaller
variation of 11%, which implies that models trained on fewer and more distinct classes tend to
generalize more consistently. These findings highlight the challenges in classification tasks
when class boundaries are less clear and when sample sizes are limited.

4.3 Time-cost analysis

A preliminary time-cost analysis was conducted to compare the conventional (current) method
with the proposed approach. Currently, assessing 40,000 images requires two experts working
for one month. In contrast, the proposed classification and object detection model processes
100 images in approximately 77—107 s (see Table 7). Extrapolating this to 40,000 images, the
total computation time would be around 8-12 h. This represents a significant improvement in
processing efficiency.

A cost comparison was also conducted by evaluating the time required to train the models
against the time spent by employees on manual assessment. Although specific salary
information was not obtained for ethical reasons, an estimate was made using the average
monthly salary in the Netherlands for professionals in this field, based on a one-month
assessment period. Training costs vary depending on the method used. In total, moder training
took approximately nine hours. The first training option, i.e. using our cloud environment, is
free of charge but comes with resource limitations. For the second option, that is, cloud
computing services used in Witteveen + Bos, the costs range from €0.65 to €5.70 per hour.
Finally, a physical GPU such as the NVIDIA TESLA T4, which powers our cloud
environment, can be purchased for around USD 1670 for on-premise model training.

To evaluate the robustness of the proposed CNN model under varying environmental
conditions, a sensitivity analysis was conducted. We focus on the impact of daylight variation
on piling sheet inspection and classification results. Since lighting conditions can significantly
influence image-based inspection systems, assessing this effect is crucial for real-world
applicability. For this analysis, the lighting conditions of 100 images were artificially modified
to simulate a transition from daytime to nighttime illumination. The modified images were
then tested using the trained CNN model to quantify any performance degradation (so only on
the testing data). The results showed a 5% reduction in classification accuracy under altered
lighting conditions. This suggests that while the model maintains a reasonable level of
robustness, variations in illumination can still affect its performance. This highlights the need
for future research involving the collection of real-world experimental data under varying
lighting conditions and environmental factors.

Table 7. Expected inference times

4-class 6-class

algorithm algorithm
Classification 21s 32.3s
Object-detection 56s 75s
Total on 100 images 77 s 107.3s
Expected on 40 k 8.6h 119h

Source(s): Authors’ own creation/work

Downloaded from http://www.emerald.com/sasbe/article-pdf/doi/10.1108/SASBE-08-2024-0314/10396935/sasbe-08-2024-0314en.pdf by Delft University of Technology user on 09 Decel



4.4 Research potential and future directions Smart and
The effectiveness of this research and the applicability of the proposed model were Sustainable Built
investigated by academic and industrial experts. Their assessment focused on two key aspects: Environment
accessibility and feasibility.

For accessibility, industrial experts found that the algorithm largely met expectations.
However, they observed that some measurements estimated using the Euclidean distance
between bounding boxes did not fully align with the material specifications provided by the
piling sheet fabricator. It was also noted that the classification algorithm could help reduce the
subjectivity inherent in the NEN2767 standard. This standard relies on condition scores to
estimate an asset’s remaining life. This classification could assist less experienced inspectors
in making assessments more consistent with those of their peers.

Regarding feasibility, the classification component was considered effective. However,
experts suggested that six-class system could be improved and advised caution when
interpreting distance estimations. Potential applications beyond the initial scope were also
highlighted. This includes asset management tasks such as assessing the condition of roofs,
floors, and columns, as well as detecting people and safety equipment during roof renovations.
Additionally, the method used to structure the CNN was found beneficial. The ability to
observe how changes to layers and filters affected performance provided valuable insights for
fine-tuning models in future applications.

These insights highlight the need for further research on improved data sets, such as the
images with the potential for depth profile measurement of the piling sheets, and data
augmentation techniques or adaptive preprocessing methods to enhance model generalization
across different lighting conditions. Since variations in illumination and other environmental
conditions can affect classification performance, future research could also focus on
generating multiple samples by altering environmental conditions to define the best input data
set and its limitations, and to improve the model’s resilience and applicability across different
real-world settings.

5. Concluding remarks

This paper investigated the application of deep learning-based computer vision techniques for
life-cycle asset management of water channel piling sheets, which utilize both image
classification and object detection. A four-class and a six-class classification model were
developed, with the four-class model demonstrating superior performance and meeting the
requirements set by Witteveen + Bos. Additionally, a dataset was created for YOLOV4 to
detect dimensional features and calculate distances between bumps. Validation results
indicated that an accuracy of 96% was achieved by the four-class classification model, while
the object detector reached a mean average precision of 79.23%. Although distance
estimations were preliminary, effective detection of features and counting of objects were
accomplished, significantly reducing inspection time to over 25 times faster than manual
inspection. This approach was shown to be versatile, applicable to various assets, including
building elements like roofs, floors, windows and doors in real estate, as well as pavements,
bridges, and dikes in civil engineering. The research highlights the importance of a well-
developed dataset and appropriate model configurations in developing effective deep learning
solutions.

For future research, it is recommended that the dataset be expanded to include images from
various angles, locations and times of year to improve model robustness. A comprehensive
feasibility analysis should be conducted to evaluate the investment value of the automated
solution for Witteveen + Bos’s future projects. Additionally, the interoperability of the
developed model with other relevant management software should be explored to further
integrate and optimize its application. Future research should explore enhanced datasets,
adaptive preprocessing and data augmentation to improve model generalization and resilience
across varying environmental conditions.
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