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Abstract— The objective of civil infrastructure inspection is
to evaluate and periodically perform maintenance. This involves
properly collecting data on structures, documenting the data,
and analyzing the quantitative inspection data over an extended
period of operating time, all in order to maintain the structures
properly. Recent research on civil infrastructure inspection is
mainly based on manual visual inspections, which are often
influenced and limited by a professional inspector’s knowledge
and experience. Thus, the accuracy and reliability of their
results are affected. These inspection processes require significant individual labor, which can become quite costly as the
inspection areas often require traffic to be limited or evacuation
of certain business parking areas while the inspections are
performed. In this paper, we present a new development of
the autonomous mobile robotic system for automated data
collection and inspection. A 4 degree of freedom (DoF) arm
is designed and developed then integrated with the robot for
efficient image capture using both visual and thermal cameras.
The robotic system performs crack detection on the collected
data using a state-of-the-art method involving convolutional
neural networks (CNN), which is validated on a variety of
test images. As inspection results, the robot can output several
condition maps of the inspected infrastructure including crack
map, thermal map and deterioration map to provide the
overall picture of the structure health condition. Our robotic
system reduces the overall inspection time compared to the
current robotic inspection methods. We further validate our
data collection process through showing the correlation between
the data collected by each sensor in the system.

I. I NTRODUCTION
In order to maintain civil infrastructure properly, it is
necessary to assess the condition of the infrastructure. Regular inspections are necessary to ensure the health of civil
infrastructure and to guarantee the safety of those using
it. Inspections can be costly for a variety of reasons, including: the cost of closing the infrastructure during the
inspection, the cost of training individuals on the complex
equipment/sensors used to inspect the infrastructure, and the
cost of ensuring the safety of inspectors during the process.
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Not only is the inspection process costly, it is also time
consuming and heavily influenced by the accuracy, training,
and expertise of the person performing the inspection.
Previous work has indicated, the speed, accuracy, and
reliability of results all increase as a result of implementing
autonomous robotic systems for civil infrastructure inspection tasks [1]–[4]. In this research, we develop an efficient,
reliable data collection and inspection robot, which is capable
of speeding up the inspection process compared to the current
robotic inspection methods. The designed robotic system
is integrated with NDE sensors consisting of ground penetrating radar (GPR), electrical resistivity (ER) and thermal
camera, and high resolution visual camera. The NDE-based
inspection has been known to show correlation with visual
inspection methods [5]. The visual inspection can be applied
to speed up multi-functional inspection robots, such as the
system in [6]. Visual inspection is performed using two
kinds of images, high resolution images from a Canon digital
single-lens reflex (DSLR) camera, and thermal images from a
Flir thermal camera. These two cameras are mounted on the 4
degree of freedom (DoF) arm to allow the robot to efficiently
capture high resolution visual and thermal images of the
surface of the inspection area during this arm’s movement.
At a certain traveling distance (e.g., 3 meters), individual
visual images are stitched together, and then analyzed by the
robot to detect cracks using a state-of-the-art convolutional
neural network (CNN). Thermal images are processed and
plotted to visualize a thermal condition map of the surface.
Detected cracks from stitched images are used to construct
a crack map. The inspection mode of the robotic system
then depends on the correlation between individual maps.
GPR is used to generate a ground truth attenuation condition
map, which serves to validate the results from the visual
inspection. The developed robotic system is also equipped
with global positioning system (GPS), and an inertial measurement unit (IMU), which are fused with odometry data
using Extended Kalman Filter (EKF) [7] to allow the robot
to accurately localize and navigate on the inspection area.
In summary, the main contributions of the proposed method
include: a newly designed arm for faster and more efficient
data collection with the robotic system, the addition of a
thermal camera as an NDE sensor, increased inspection speed
when compared with our previous robotic system in [1], [6],
[8], and the introduction of a CNN for crack detection on
the robotic system.
The remainder of this paper is organized as follows: in
section II, we briefly present the robot’s mechanical arm
design and the visual field of the attached cameras. Section

III describes the crack detection implementation on the developed robotic system. In section IV, we present experimental
results to validate the robotic inspection system. In section
V, a conclusion is given and a discussion of future work is
provided.
II. ROBOT S YSTEM A RCHITECTURE
The general architecture of the robotic system is shown in
Figure 1. It has a module controlling the movement of the
NDE sensors (GPR, ER sensors, and thermal camera), highresolution Canon camera, water tank solenoid (responsible
for dispensing water for the ER sensors), and linear actuators
through an Arduino micro-controller and a relay board. It
also has a module doing localization and navigation for EKF
sensor fusion. In addition, the overall system consists of a
wireless connection between the robot and human operator
for optional manual control and monitoring of the system.

Fig. 1: Architecture of the inspection robotic system.

There have been several publications based on robotic
civil infrastructure inspection systems [3], [4], [6], [9], [10].
These methods applied high resolution visual cameras to
capture images of varying concrete surfaces. Based on the
collected data, crack detection is typically performed, and the
results are used to build a condition map of the inspection
area. However, most of the previous methods utilized a fixed
camera system, which has limitation since the camera only
covers a certain area at a time and causes the inspection
speed greatly decreased. One example of such a system is the
RABIT robotic system [11], in which two cameras are fixed
on the front of this robot. As a result, the RABIT system
takes approximately 33 minutes to collect visual data on a
bridge scan area of 10.67 meters by 1.07 meters [11], [12].
Such a system requires considerable inspection time as the
size of the inspection area increases, which can lead to costly
inspections.
There has been some research applying thermal cameras
for inspection of concrete bridge decks [13], [14] since they
can detect delamination of concrete structures. However,
these cameras are manually used and thus their data is
manually processed. This motivates us to equip this thermal
camera on our inspection robot to automate the data collection and processing, which is a significant new addition to
our robotic inspection system as it has not been deployed for

inspection in previous research. We use a Flir A3XX/SC3XX
Series thermal camera in this research. This thermal camera
specifications are as follows: horizontal field of view (HFOV)
of 25°, focal length of 18.04 mm, close focus limit of
0.40 meters, f -number of 1.3. The limited field of view
of the thermal camera requires the camera to be lifted up
above the ground as high as possible to get as much of the
inspection area in each scan as possible, which has motivated
our research to design a new robotic arm for the intelligent
inspection system to facilitate efficient visual data collection.
A. 4 DoF Robotic Arm Mechanic Design
We design and implement a robotic arm to enable the
image collection using both a visual camera and a thermal
camera. The weight of both the Canon T3i and Flir A3XX
cameras and their frame is about 11.34 kg. Our developed
robotic arm that has 4 DoF of movement can hold both camera components stably during the robotic system’s movement
and scanning. When the robotic arm raises up to maximum
level, the thermal camera is about 1.67 meters off the ground,
allowing it to capture an area of 0.73 × 0.55 sq. meters.
The designed robotic arm attaches to the top-front of the
robotic system, as in Figure 2. Its functions are to lift the
cameras up and down, and to allow them to have 2 DoF to
scan from left to right. The arm has two segments, which can
fold up to 90◦ or fold down to 60◦ using two linear actuators,
as in Figure 2 (a) and (b). We use several ports on a relay
board to control the motion of each linear actuator during
operation through Robotic Operating System (ROS) drivers.
When the arm folds down, it allows the robot to maneuver
easily in hallways and in other narrow spaces. Each segment
is 1.22 meters long, so the arm can extend the cameras up
to 1.67 meters, and 1.22 meters in front of robot.

Fig. 2: Robotic arm.

At the end of the robotic arm is a camera component,
which mounts a high resolution image Canon T3i, a Flir
thermal camera and one low resolution web camera. This 2
DoF component’s rotation is controlled by two servo motors,
which are controlled by an Arduino micro-controller using
ROS drivers. They allow cameras to rotate 90◦ vertically and
swing 135◦ horizontally, as in Figure 3.
Around the camera component, we mounted 4 electric
bumpers to protect this component physically, as in Figure 4
(b). These bumpers will stop the robot’s movement in case
of a collision with obstacle.

and subscript i is an image index, i ∈1,...,10 . We call height of
camera position H (H = 1.67 meters in this case), then the
distance D between the center of the first image Ic1 and the
center of the last image Ic10 of scanning field is computed
by Equation (1).
D = 2 × Ic1C = 2 × H × tan(67◦ ) = 2 × 1.67 × 2.35 ≈ 7.87m.
(1)
At a height of 1.67 meters, the designed arm allows the
thermal camera to have a fixed capture area of 0.75 × 0.55
sq. meters, so that satisfies the Flir A3XX specification.
Given this layout, the total length of the scanning field of
these cameras is computed by Equation (2).
L ≈ 7.87m. + 0.75m. ≈ 8.62m.
Fig. 3: 2DoF camera component.

(2)

The function of our panoramic collection and stitching is
similar to that of the camera systems by GigaPan [15], but
at no additional cost to that of the original camera.
C. Ground-penetrating Radar

Fig. 4: Camera Component of the robotic arm.

B. Robot Visual View
Using the robot arm designed above, in each scanning
step the robot can capture 10 overlapping images from both
the normal and thermal cameras. The images are captured
between the beginning position at 202◦ and the ending
position at 337◦ in the Cartesian coordinate system, such
as in Figure 5.

Fig. 5: Camera scanning field.

Each captured image is positioned 15◦ farther than the
previous one. Thus, the robot collects 10 overlapping images
for each panoramic image scan. The center point of each
image is labeled by Ici , where c is a symbol of image center,

Fig. 6: GPR deterioration condition map of the entire inspection
area generated by the robot: red areas indicate serious/bad condition
of the concrete structure; yellow color indicates average condition;
blue and green colors indicates good to excellent condition. Inspection was performed in a U-shape pattern using IMU and odometry
data, as well as the dimensions of the inspection area.

In addition to visual and thermal data, the robot collects
GPR data. GPR can detect buried metal objects, including
steel rebar, which serve to reinforce concrete [16]. The
algorithm used to locate steel rebar in GPR scan images
can be seen in [17]. The rebar detection results are used to
generate an attenuation condition map of the inspected area.
This condition map is represented as colored contour plots
to visualize the condition of rebar underneath the inspected
surface. As seen in Fig.6, green areas indicate that the rebar
beneath the concrete are in good condition, yellow areas
are in questionable (unknown whether these areas are in
normal or poor condition) condition, and red areas are in
poor condition (rebar may be corroded).
III. C RACK D ETECTION U SING A C ONVOLUTIONAL
N EURAL N ETWORK
Crack detection in concrete and pavement has been attempted with many image processing, computer vision,
and machine learning techniques. Initial attempts to detect

cracks in images of concrete were performed using methods
such as the Canny edge detector, Sobel filter, Laplace of
Gaussian (LoG) [2], [18] for edge detection, and other
simple methods. These methods do not perform well in
cases where the images are noisy, have shadows, or have
textured backgrounds [19]. In an attempt to improve crack
detection accuracy compared to these classic methods, newer
modeling and learning techniques have been applied to crack
detection in recent research. Among these techniques are
random forest classifiers, neural networks, percolation-based
edge detection, and frequency domain filtering [11], [20]–
[22]. While modern work tends to show high accuracy in
crack classification, various models and techniques more or
less accurately depending on the test environment, camera
system, lighting, the presence of other objects in the image,
and the size and depth of cracks in the test images [23].
Our developed robotic system is capable of collecting
data from several sensors, including the equipped DSLR
camera. This camera captures images at the same time as
the equipped thermal camera system. After these images
have been stitched together to form a large image of the
local inspection area, crack detection is performed on the
robotic system through the use of a CNN that was trained
with this task in mind. This is a new addition to our robotic
inspection system and performs more accurate detection than
the methods employed in our previous work [6].

class. Images containing no cracks were plentiful during the
labeling process, so the total number of images in each class
was limited to 4,000 to keep the number of training images
equal for both classes. It should be noted that this is far
less training examples than the number used in [24], due to
the time required to collect crack data and manually label
it. The lack of training images results in inferior classifier
performance, but the performance of the classifier is ample
for the task at hand, as is shown in the experimental results
section. Given more time and resources in the future, it
would benefit the classifier to increase the number of training
samples.
The CNN was trained across 30 epochs, where each
epoch the weights of the network are modified in an attempt
to maximize the validation accuracy of the classifier. This
process can be lengthy depending on the training hardware,
but can be done off-line. The speed of this process can be
greatly improved with the use of a graphics processing unit
(GPU).

A. Network Structure
In order for the structure of the implemented CNN to
be explained, a simple overview of the core CNN concepts
is provided. There are three main types of layers that are
part of the network: convolution layers, pooling layers, and
activation layers. Each layer has a specific function that
contributes to the overall success of the network in this
classification task.
Convolution layers perform element-wise multiplication
followed by addition between the input image and a set of filters. These filters are updated throughout the training process,
which changes the way that samples are represented through
both the training and testing processes. Pooling layers take
the results from a set of convolutions and combine them
according to their type. In the case of maximum pooling,
the pooling process takes the maximum value output in an
area during the convolution process, whereas average pooling
takes the average of values output by convolutions in that
same respective area. After convolution and pooling layers
are applied to the network, activation layers are applied to
introduce non-linearity to the network. More information on
these layer types and their functionality can be seen in [24].
I information on the general network structure optimization
(filter sizes, number of filters, and input/output size) can be
found in [25].
B. Training and Classification
In order to train the implemented network, training images
were divided into 256 by 256 pixel sub-images and manually
labeled as a part of the crack class or as part of the no-crack

Fig. 7: Training images belonging to the crack class (top) and
training images belonging to the no-crack class (bottom).

As seen in Figure 7, training images consisted of those
with clear centered cracks in them, and those without any
cracks, which belong to the no-crack class.
C. Crack Detection Experimental Results
To verify the performance of the trained classifier, multiple
test images were run. The classification process consists of a
sliding window approach, where the entire image is covered
to ensure all areas are classified. The reader is directed to
[24], [25] for further information.
As can be seen in Figure 8, the classifier was tested on
images with clear cracks, but heavy background variation,
including oil spots, water spills, and even spalling concrete.
Despite the fact that the classifier has not seen any of these
things before, it performs well in all of these test cases. The
classifier was also tested on an image containing no cracks,
which is shown in the bottom of Figure 8. This case resulted
in very few false positives despite the numerous oil spots
in the image, which would cause false detections to happen
when analyzed by many of the previously discussed methods.
A table showing the complete test results of the classifier on
several thousand test images is shown in Table I. For further

# of Images Tested
2440

Correct Classifications
2188

Incorrect Classifications
252

Accuracy (%)
89.67

False Positives
232

False Negatives
20

TABLE I: Table of CNN crack detection results.

can stitch images together after the CNN is applied, to help
build a crack map.

Fig. 10: Processing data and fusion diagram.

Fig. 8: Training results of two cases: a crack with background
concrete spalling (top), and a case with no cracks but significant oil
stains on the background (bottom). False positives are surrounded
by red rectangles, and false negatives are surrounded by yellow
rectangles.

results using the network implemented here, the reader is
encouraged to check out the extensive results in [24], [25].
IV. S YSTEM VALIDATION

Individual thermal images are also stitched together for
the ease of visualization of condition map. In the Figure 11,
we plot the condition maps on the same coordinate system
to easily compare and validate the condition of the inspected
concrete structure. Based on the crack map and thermal map,
we can observe the correlation between detected cracks and
thermal source changing on the surface of inspection area.
The areas with crack usually lead to delamination (plotted in
red color in thermal map) since crack can create a pathway
for concrete to absorb salt and water faster and results
delamination and spalling of concrete.

In order to test and validate the performance of our
developed robotic system, we deploy it on a concrete truck
docking station at UNR campus. This docking station has a
12.19m. × 16.76m. area, as shown in Figure 9, and is divided
into 3 lanes, each 3.96 m. wide. In each scan, the robot
can cover a width of 6.1 m. To cover the entirety of this
inspection area the robot takes two scanning lines in a U
shape trajectory, represented by the green line in Figure 9.

Fig. 9: Deployment of the robot on the truck dock station at UNR
campus.

The general workflow of data analysis and map fusion
is explained in Figure 10. The robot collects visual images
and thermal images and then stitch them together. The visual
image stitching algorithm is implemented on board the robot
using C++, in Open CV 3.1, running on ROS, so the robot

Fig. 11: Multiple condition maps of the concrete area generated
by the robot during inspection. (First, from top) Stitched image of
the inspection area; (Second) Crack map detected from the stitched
image; (Third) Thermal map of the inspection area showing the
delamination level of concrete (red: serious condition, yellow-green:
average condition, blue: good condition); and (Fourth) Deterioration
map from GPR (red: serious condition, orange: average condition,
and yellow: good condition). We can clearly see that crack areas
are well correlated with delamination (in thermal map) and deterioration (in GPR map): deep/large crack areas lead to serious
delamination/deterioration of concrete.

Inspection Timing: At 1.67 meters above the ground and

spanning 135◦ horizontally, the cameras can scan approximately 6.1 m. × 0.61 m., or 3.72 sq. m. in front of the
robot. The thermal camera and Canon T3i have high-speed
capture modes, which allow capturing 30 frames per second.
Therefore, the robot takes just 35 seconds to perform each
scan. The time required to move the robot 0.61 m. is 25
seconds, bringing the total scan time to approximately 60
seconds. The entire area in Figure 9 can be scanned in 20
minutes total. This inspection time is significantly faster than
the results in [26], [27], as well as 48.2% faster than our
previous robotic inspection system in [6].
V. C ONCLUSION AND FUTURE WORK
In this paper, we presented a new development of an
autonomous robotic system for civil infrastructure inspection
and evaluation. The robot is equipped with multiple NDE
sensors (GPR, ER) and thermal/visual cameras associated
with the data processing algorithms. The 4 DoF arm is
designed and integrated with the robot to enable efficient
visual and thermal data collection. The CNN-based crack
detection algorithm is proposed and implemented onboard
the robot and demonstrates the better performance compared
to the existing methods. The proposed robotic system is
validated through inspection of a concrete truck docking
station, and it can perform high-speed inspection comparing
to the previous robotic systems. In the future, this robotic
system can be enhanced with a NDE data-driven path planning algorithm. In order to further evaluate and enhance the
robot’s performance, we plan to vigorously conduct more
field testings on other civil infrastructure such as airport
runways, sea ports, and bridge decks.
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