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Use of Deep Encoder-Decoder Network for
Sub-Surface Inspection and Evaluation of
Bridge Decks

HABIB AHMED, HUNG MANH LA and ALIREZA TAVAKOLLI

ABSTRACT

The automation of various processes underlying maintenance and inspection of
bridges using different robots have gained considerable attention in recent literature. For
the development of effective methods to automate existing manual processes, a number
of different solutions have been proposed. In this paper, the automation of rebar
detection and localization will be discussed, which is one of the process for sub-surface
health inspection of bridges. This study explores the utilization of Deep Encoder-
Decoder Networks for the segmentation of GPR data in the form of B-scan images to
extract parabolic rebar profiles. This research area is problematic, as the B-scan image
data is fraught with noise, signal reflection and other artefacts that hinder the effective
extraction of these rebar profiles. The data is collected in this study using Ground
Penetrating Radar (GPR) sensor, which is employed in this study consist of data from 8
different bridges from different parts of the United States. A “leave-one-out” approach
was used for the training and validation of the performance of the proposed system; the
data from seven bridges was used for training and validation was performed on the
remaining single bridge data. A number of different encoder modules have been trained
and evaluated using SegNet as the backbone architecture. The performance of the
proposed rebar detection and localization system has been evaluated in terms of
different qualitative and quantitative metrics. On average, for the different encoder
modules, the mean intersection-over-union (mIOU) values range between 60%-70%.
The qualitative examination has highlighted the level of similarity between the ground
truth and outputs from the different encoder modules within the SegNet framework.

INTRODUCTION

The monitoring, maintenance and rehabilitation of bridges is of paramount
importance at the national and international level with different robots and automation
solutions being developed in the recent past [1-25]. Of the different types of civil
infrastructure, the need for maintenance and evaluation of bridges has been stressed by
studies in the recent past [26-29]. At the national level within the United States, in
particular for the bridges, there are a large number of disasters, which have occurred in
the past fifty-year history. Based on the recent statistics outlined by the National Bridge
Inventory (NBI) statistics, there are more than 307,000 bridges in the entirety of the
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United States [26]. Another recent report revealed that out of every ten bridges within
the United States, one can be classified as structurally deficient in nature [28, 29].

The existing studies have utilized block-based approach for learning and
classification between rebar and non-rebar regions within the larger B-scan images. The
block-based approach examines portions of images for the presence or absence of rebar
hyperbolic signatures. At the same time, variations in the intensity of hyperbolic
signatures, presence of noise artefacts and reflective signals cause challenges towards
effective rebar detection and localization within existing block-based approaches [33].
Consequently, leveraging Deep Encoder-Decoder framework will allow an effective
pixel-level rebar and non-rebar classification. This study will examine the superior
performance of pixel-level frameworks in comparison with their counterparts that
leverage block-based learning approaches.

RELATED WORKS

Research by Gibb and La [34] proposed a method for rebar detection using Naive
Bayesian classifier trained on HOG features for the detection and classification of GPR-
based B-scan images. Support Vector Machines (SVM) has also been used in the prior
studies [10] [11]. Kaur et al. [35] developed an automated system for rebar analysis
using HOG features and SVM for rebar classification using data from 3 bridges. A
number of neural network frameworks have also been used for rebar classification [36-
39]. However, many of the methods fail to effectively leverage the capabilities of neural
network models by the use of edge features [36] [37] [40]. Some recent studies have
made use of Deep Convolutional Neural Networks (CNNs) for rebar detection [36-40].
Study by Dinh et al. [33] proposed the usage of 24-layer deep CNN model for rebar
classification. Masked R-CNN with distance-guided intersection over union (IoU) was
used for performance evaluation of the developed method in another study [34].

There are other studies that focus on development of rebar detection and localization
systems in a collective fashion [35, 35-37]. The study by Wang et al. [35] made use of
partial differential equations and template matching technique with sum of square
similarity index for hyperbola localization. The template matching techniques for rebar
localization can result in high false positive and low true positive rates [10]. Yuan et al.
[21] proposed the drop-flow algorithm using edge features to extract individual
hyperbolas and cater to over-segmentation. However, the edge-feature-based
localization methods suffer from lack of generalizability to rebar size, dimensions and
location as well as variations in the noise levels. An expectation-maximization
algorithm was proposed by Chen and Cohn [37], which has various limitations for
implementation in real-time systems, in terms of computational complexity, difficulty
in convergence and sensitivity to the variations in configuration points. A column-
connecting clustering algorithm with orthogonal hyperbola fitting was developed in
[23]. Another study proposed a precise hyperbola localization algorithm [34], which
made use of hyperbola fitting and local maxima. However, this method cannot provide
real-time results, especially for large-size GPR radargrams. The proposed study will
rely on large-scaled B-scan images for training and validation. As, in real-time data
collection using GPR sensor, the B-scan output is saved into the sensor or robot system
as large-scale images.
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Figure I. The proposed system for rebar detection and localization.

METHODOLOGY

In this section, the particular details of the proposed method will be discussed. The
building blocks for the proposed system for rebar detection and localization has been
outlined in figure 1. The original raw data is in the form of one-dimensional A-scan
signals, which is converted to GPR B-scan images with varying dimensions. Before
SegNet is able to train on the GPR image data, different pre-processing techniques (e.g.
editing, cropping and resizing) are used to convert the raw GPR B-scan image data from
different bridges each of varying dimensions to image data with fixed dimensions. In
contrast to most of the existing studies in this research area [35-39, 41-43, 45-50], which
utilize the bounding box approach of annotation, this study employs the pixel-level
annotation technique. This allows the system to train the different model parameters to
enable the pixel-level classification of input data into either belonging to foreground
(e.g. rebar signatures) or background (e.g. non-rebar regions, noise, signal reflection).
With the different encoder modules, the decoder module used is this study employs the
original native SegNet decoder that has been used in the original seminal study [51],
which includes 13 consecutive decoding and up-sampling layers from the original
VGG16 network. The data is divided between training and validation sets based on
“leave-one- out” approach, such that out of the total data from nine bridges, training of
SegNet [51] is conducted on eight bridges and validation is performed on data from one
bridge. This process is used to perform validation on all of the bridges to assess the
performance of the proposed system for rebar detection and localization.

The usage of Deep Encoder-Decoder Networks has gained increased importance
within diverse fields in the past few years. SegNet was first introduced for semantic
segmentation in a seminal work by [51]. Figure 2 outlines the basic overview of the
architectural details of SegNet. The GPR B-scan images, after undergoing different pre-
processing functions are given as input to the SegNet for training with seven bridge data
and the performance is validated using data from the other remaining bridge. This
ensures that the training and validation are performed on completely different data.
There are different encoder modules (e.g. Vanilla-CNN, VGG16, VGG19, ResNet50,
and ResNet-Xception modules) that have been used within the framework of SegNet.
After the B-scan images are segmented using SegNet, a number of different post-
processing operations (e.g. region pruning, removal of erroneous segmented artefacts
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Figure II. Architectural Details of the SegNet [51].

and noise) are performed to remove noise, reflection and other artefacts from the
segmented image. The detailed specifications of the computer system used for the
training and validation of the proposed rebar detection and localization system are given
as follows: Ubuntu 18.04 LTS, 32 GB memory, 350 GB hard disk, Intel ® Core 17—
8700 CPU with 3.2 GHz clock speed and NVIDIA® GeForce® GTX 1080 TI
Graphical Processing Unit (GPU). For the purpose of training and validation of the
proposed system for rebar detection and localization, Tensorflow and Keras libraries
have been used within Python programming language framework.

DATASET

For the development of the proposed system for rebar detection and localization,
GPR data was acquired from a number of different bridges in the US. It can be seen
from table 1 that the bridge data has been taken from different type of bridges (e.g.
suspension, beam, truss, girder). Table 1 outlines the important properties of the
different bridges in terms of the bridge name, geographical location, and physical
properties of the different bridges. Table 1 also highlights the quantity of images
acquired from the different bridges. The GPR data used in this research is one segment
of the overall GPR data collected from the inspection and evaluation performed on 40
different bridges in the United States between the time period of 2013 and 2014 [52,
53].

All of the data was collected using the RABIT platform (for details regarding data
collection, see [52, 53]). A portion of the GPR data has also been used in previous
studies [41, 42, 54]. In contrast with existing studies in this research area, this research
will utilize pixel-level annotation for data annotation of B-scan images that utilize all
visual information given in large-sized B-scan images (dimensions of 768 x 768 x 3),
instead of using small-sized bounding-box images for rebar and non-rebar regions. It is
for this reason, the size of the current dataset cannot be compared with existing studies,
which contain small-sized images (typically ranging in dimensions between 50 x 50 to
100 %100 pixels). The next part of the paper will examine results and discuss the
implications.
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TABLE I. DETAILS REGARDING DATASET USED IN THIS STUDY.

. . . Bridge No. of

Bridge Location Bridge Type Dimensions Images

1. Galena Creek Bridge, NV Twin Span Arch Bridge 1726.5 x62.0 | 133

2. East Helena Bridge, MT Concrete Tee-Beam 669 %400 |55

Bridge

3. Kendall Pond Rd. Bridge, NH | Girder Bridge 78.1 x 44.0 65

4. Piscataqua Bridge, ME Through-Arch Bridge 4503 x 98 90

5. Broadway Bridge, AR Arch Bridge 2786 x 40 165

6. Fordway Bridge, NH Beam Bridge 131 x 23 93

7. Dove Creek Rd Bridge BC Beam Bridge 50 x 45 50

8. Baxterville Bridge, CO Lost-through Truss Bridge | 117 x 15.4 114
RESULTS AND DISCUSSION
QUANTITATIVE RESULTS

For the quantitative aspect of performance, the performance will be examined in
terms of mean intersection-over-union (mlOU), which highlights the level of difference
between the masks obtained for the ground-truth and output from trained SegNet. Table
2 outlines the performance of the different Architecture-Encoder pairs from a
quantitative aspect. Different encoder modules have been used for the training of
SegNet for rebar detection and localization. For each encoder module (e.g. Vanilla-
CNN, VGG16, VGGI19, ResNet-50, and ResNet-Xception modules), the results
obtained for the validation for different bridges have been classified in terms of the
minimum, maximum and average values. Training time is another quantitative metric
used in table 2.

Figure 3 outlines the average, minimum and maximum values for the training time
for the different Architecture-Encoder pairs. Out of the different encoder modules,
SegNet framework utilizing ResNet-Xception module is able to provide the highest
performance in terms of mloU. However, the slight increase in the maximum value for

TABLE II. QUANTITATVE RESULTS.

Model Encoder Backbone mloU(%) Train Time (s)
SegNet Min. 62.1 12,600
Vanilla-CNN Max. 71.8 12,700
Avg. 66.9 12,600
Min. 51.8 24,300
VGG-16 Max. 72.0 47,100
Avg. 63.6 35,800
Min. 52.8 27,400
VGG-19 Max. 71.9 27,500
Avg. 62.6 27,500
Min. 53.7 38,100
ResNet-50 Max. 71.5 38,200
Avg, 65.1 38,100
Min. 62.4 39,400
Xception Max. 73.9 77,600
Avg. 67.2 60,200
Overall Average (Max.) 72.2 40,620
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Figure III. Training Time for Different Encoder Modules.

mlOU is followed with an exponential increase in the overall average training time.

Apart from that, there is varying difference in the maximum and minimum values
of mIOU for the different encoder modules. For majority cases, the lower values of the
mlIOU remain between 60%-70%. The values of mIOU greater than 50% are considered
as reliable results. There are also various issues in the dataset, which have been
adequately discussed in [54]. These issues provide challenges towards effective
detection and localization of rebar profiles by increasing the number of false positives
and addition of noise artefact.

The comparison between the training time of the different encoder modules can be
better appreciated in figure 3. It can be seen in figure 3 that the SegNet with Vanilla
CNN provides the lowest amount of training time as compared to other encoder-
modules with average training time slightly above 12,000 s. The highest training time
has been obtained by Xception encoder module with an average training time around
60,000 s.

QUALITATIVE RESULTS

For the qualitative performance of the proposed system, the quality of the rebar
signatures obtained from system validation will be discussed. Figure 4 outlines a
comparison between bridge 4 and 5 with results from different Encoder modules within
the SegNet architecture. It can be seen in figure 4 that out of the different results
obtained using different encoder modules within the SegNet framework, ResNet--
Xception module has shown the most promising results. The data from bridges 4 is
challenging, as the distance between individual rebar profiles is small, which can lead
to merger between adjacent rebar profiles. Figure 4 shows that in comparison with
bridge 4, the data from bridge 5 contains separated rebar signatures. Out of the different
encoder modules, Vanilla-CNN, VGG-16 and VGG- 19 modules demonstrate
considerable degradations. The results obtained from ResNet-50 and ResNet-Xception
have a higher quality of rebar profiles obtained from noisy and challenging dataset.
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Bridge 4 Bridge 5

Figure IV. Qualitative results for Different Encoder Modules with data from bridges 4 and 5.

CONCLUSION AND FUTURE WORKS

The infrastructural evaluation and inspection of bridges has led to the development
of efficient method for rebar detection and localization, which has been discussed in this
study. In order to rectify some of the challenges of the existing research, a preliminary
evaluation towards the use SegNet has been used in this study. The dataset has been
acquired from 8 real bridges. The use of different encoder modules has also been
discussed with SegNet. For quantitative aspect of the performance of proposed system,
the average value of mIOU for different encoder modules range between 60% -70%.
There are large variations in the training time for the different encoder modules. The
qualitative aspect of performance and comparison between the different encoder
modules has also been discussed.
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