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Abstract— Satisfactory operation of civil infrastructure is
of critical importance to an economy. In order to maintain
performance, infrastructure needs to be properly maintained.
Inspecting infrastructure is inherently labor-intensive work and
costly. In this paper, we propose a solution to cost-effective
infrastructure inspection by developing a multi-functional inspection robot. The robot is equipped with several state-ofthe-art non-destructive evaluation (NDE) sensors to perform
inspection. The robot is able to perform selected inspection
methods in certain areas based on multiple sensor data fusion.
With this, the overall inspection time is reduced, which in
turn reduces maintenance cost. An inspection framework based
on multiple NDE data sensor fusion is proposed. Detailed
discussions include robot design, robot navigation and sensor
data fusion.

I. I NTRODUCTION
Maintenance of civil infrastructure plays a crucial part
in guaranteeing the healthy economic growth and social
development of a modern society. According to [1], there
are several infrastructure sectors critical to the economic
prosperity of the United States, including aviation, ports,
bridges, and roads. Naturally, all civil infrastructures are
subject to deterioration, which gradually leads to complete
deficiency without proper maintenance. It is projected that
infrastructure deficiency will cost the US GDP a sum of
$3.9 trillion US by 2025 [1]. In order to prevent this
catastrophe, one must act on two fronts: invest to build new
infrastructures and maintain current ones. Maintaining the
condition of current infrastructure is more cost-effective than
building new infrastructure. Multiple maintenance programs
for infrastructure have been researched and developed [2].
In our previous work [3]–[6], we pointed out that proper
infrastructure (bridge) inspection for maintenance is laborintensive work, which inspired several efforts to automate
inspection processes and replace human operators to reduce
maintenance costs and work related injuries due to the unsafe
working conditions of civil infrastructure inspection jobs.
In this paper, we develop a multi-functional autonomous
inspection robot, which is capable of operating in both indoor
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and outdoor environments. Participating in the National Science Foundation (NSF) Innovation Corps (I-CorpsTM ) 2015
program, we discovered that infrastructure owners desire
minimal interruption to normal operations while infrastructure inspection is being performed. Hence, we develop an
inspection framework based on multi-sensor fusion, in which
our robot can reduce inspection time by choosing fast or
in-depth inspection mode for a particular area judging by
equipped non-destructive evaluation (NDE) sensors [7], [8].
A set of NDE sensors, including ground-penetrating radar
(GPR) for concrete rebar assessment [9], electrical resistivity
(ER) for concrete corrosion assessment, and stereo camera
for crack detection, is integrated into the robot. The data
processing software for these NDE sensors are developed
and implemented on the robot’s on-board computers to
allow the robot to inspect the infrastructure in real-time.
For navigation, the robot also employs an inertial measurement unit (IMU) in conjunction with a global positioning
system (GPS) receiver and a stereo camera. Our robot has
two complementary navigation capabilities: a GPS+IMUExtended Kalman Filter (EKF) based navigation for outdoor
inspections [10], [11], and a visual-inertia odometry based
on stereo vision and inertial information [12] for indoor
inspections. We propose and discuss a new method for fusing
NDE sensor information in order for the robot to perform
only necessary inspection in certain areas, and thus reduce
inspection time.
The remainder of this paper is organized as follows: in
section II, we shortly discuss the robot’s mechanical design
and the robot’s navigation capabilities. Section III provides
information about our NDE sensor fusion framework. In
section IV, a conclusion is given and a discussion of future
work is provided.
II. M ECHANICAL D ESIGN AND NAVIGATION
In this section, we provide a description of our robot’s
mechanical design in Fig. 1. The mobile base platform is a
skid-steering robot from Omron Adept Robotics. A Novatel
Flex6 GPS unit is located at the center of the robot above a
water tank. On the front of the robot, the ER sensors, camera,
and IMU are mounted, while the GPR sensor is mounted on
the rear of the robot. This design and sensor mounting is
based on our work in [3] with several major modifications
to the lift systems for both ER and GPR deployment.
The developed robotic system handles navigation for
indoor and outdoor scenarios differently. An example of
the outdoor navigation can be seen in Fig. 2, where the
EKF is used to fuse GPS data, data from the robot’s
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Fig. 2: (Left sub-figure) Performance of GPS+IMU-EKFbased localization with robot localization package. The red
dots are GPS signal and blue dots are output of EKF
localization. (Right-sub figure) Zoom-in/Close-look at one
location: the EKF outperforms the GPS alone since it outputs
smoother results.
time, the robot needs to decide in which area it can perform
a fast inspection (using less sensors) and which area requires
an in-depth inspection (using all available sensors).
The robotic system developed as part of the proposed
method is capable of collecting data from several sensors.
Among those sensors are GPR, camera, and ER. In order
to make a decision on whether to deploy the ER sensor,
which is much more time consuming than the GPR sensor
or camera, a sensor fusion method is developed to minimize
inspection time. The proposed method is tested on two
sets of data collected at the University of Nevada, Reno
(UNR) campus. This process is described in the following
sub-sections, where we discuss data processing and provide
details about how the robot can make inspection decision
based on multiple sensor data fusion.
A. Camera Data Pre-processing

Fig. 1: An image of the entire robotic system showing the
GPR deployment system, water tank, and GPS (top). A
labeled image of the front of the robot, where the camera,
IMU, and ER are mounted (bottom).
wheel encoder, and IMU data [13]. For indoor navigation,
a technique called visual-inertial odometry-based navigation
is employed, which uses the stereo camera equipped on the
robot. More information on the indoor navigation method
can be found in [12]. The two modes of navigation allow
the developed robotic system to navigate in any environment
even though GPS signal may not be available due to the
inspection area being a parking garage or other large indoor
structure that might block the GPS signal.
III. N ON -D ESTRUCTIVE E VALUATION S ENSOR F USION

The camera attached to the robotic system is used to
collect visual data during the inspection process. This visual
data is in the form of frames saved as images. The camera
is configured to capture twenty frames per second, which
are saved to one of the two on-board computers. Because of
the large number of frames captured during the inspection
process and the real-time nature of the proposed method, it is
not realistic to attempt to process all of the images captured
by the camera. Instead, a Laplacian scoring method is used
to eliminate duplicate or unnecessary frames, and to ensure
that all frames used for later processing are not blurry frames,
which might cause issues with processing.
Laplacian scoring is accomplished by convolving each
input frame by a Laplacian mask that is a discrete approximation of the Laplacian, which can be seen in Equation (1).


0 1 0
L = 1 −4 1
(1)
0 1 0
After convolving a frame with the Laplacian mask, the
variance of the frame is calculated as in Equation (2),

In this section, we propose an inspection framework based
on NDE sensor data fusion. In order to reduce inspection
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σ2 =

∑(X − µ)2
N

(2)

where X is the current pixel value, µ is the mean pixel
value after the Laplacian mask is applied, and N is the
number of pixels in the image.
The process of Laplacian scoring yields a single number
describing the frame, which can be used to eliminate blurry
frames. It was empirically determined, that any frame with
σ 2 < 100 was not suitable for use in later processing,
whereas frames with σ 2 > 300 were typically sharp and high
quality. For the proposed method, any frame with σ 2 < 200
was discarded.
Since the robotic system moves at a set speed during the
data collection process, it is also safe to assume that if there
are multiple sharp frames withing a short time span, then all
but one can be discarded since the frames capture the same
area of the ground. Discarding frames this way depends on
the speed of the robot and the way the camera is mounted
on the robot, which affects the distance of ground covered
by each image.
B. Edge Detection and the Crack Map
Once suitable frames are picked out using the preprocessing steps described in the previous section, edge
detection is performed to locate cracks in the concrete surface
that are present in each frame. Some advanced existing crack
detection methods [14], [15] can be used. However, for the
simplicity, in this paper the edge detection method used is
Canny edge detection. Some details of the Canny method
will be described here, and further information can be found
in [16].
Each frame processed using the Canny method is first
smoothed through convolution with a Gaussian filter. This
smoothing process helps remove noise from the image that
may affect the edge detection process. Four separate filters
are then applied to the frame to get horizontal, vertical, and
both diagonal directions of edges. Then the edge gradient is
calculated as in Equation (3) and the direction is calculated
as in Equation (4).
q
G = G2x + G2y .
(3)
θ = atan2(Gy , Gx ).

(4)

where, Gx is the first derivative of the smoothed image in
the x direction and Gy is the first derivative of the smoothed
image in the y direction.
Non-maxima suppression is then performed to thin edges
in the image, leaving only the local maxima intensity values
remaining in the edge image. After non-maxima suppression
is performed, a double threshold technique and hysteresis are
applied to the edge image to keep only strong edges.
The proposed method takes the results from the Canny
method and labels all connected components in the edge
image. This yields a label matrix containing all segmented
edges in the image. From this matrix, the major axis for each
edge in the image is calculated. The length of each major
axis is used to determine the length of edges in the image and
apply an edge length filter. The edge length filter removes
edges that are too small and may be a result of insignificant

Fig. 3: An example image of the surveyed area (top), and
an example output image from the crack detection algorithm
with length filter applied (bottom).
objects in the image, while also removing edges that are
extremely long and caused by the lines between concrete
slabs, as can be seen in Fig. 3-Top. It was empirically
determined that any edge with major axis length l is kept in
the edge image if: 50 pixels < l < 500 pixels. Binary images
containing white edges are output by the edge detection and
filtering process, which can be seen in Fig.3.
These edge images can be concatenated to produce a larger
image which shows the location of all of the significant
cracks in the inspected area. An example of the crack map
produced by this edge detection process can be seen in Fig.
4-Top and Fig. 6-Top.
C. Ground-Penetrating Radar Pre-processing
In addition to camera data, GPR data is also collected
throughout the inspection process by the robotic system
developed for the proposed method. GPR produces a unique
signature for each subsurface object, including steel rebar,
which serve to reinforce concrete. A GPR scan image can
be seen in Fig. 5. The algorithm used to locate subsurface
objects in GPR scan images can be seen in [17], and has not
been detailed here due to space constraints.
D. GPR Contour Mapping
Using the rebar locations from the rebar picking algorithm
described previously, it is possible to generate a condition
map of the inspected area. These condition maps show
the condition of the inspected area based on the depth of
the rebar in the inspected area. GPR condition maps are
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Fig. 4: (Top figure) The crack map of the camera data collected for the first part of the test data. (Bottom figure) The contour
plot of the GPR data collected for the first part of the test data.
represented as contour plots with colors representing the
condition of rebar underneath the inspected surface. As seen
in Fig.4-Bottom and Fig. 6-Bottom, green areas are areas
where the GPR data indicates the rebar beneath the concrete
are in good condition, yellow areas are in questionable
(unknown whether these areas are in good or poor condition)
condition, and red areas are in poor condition.
E. Fusion and the ER Deployment Map
Fig. 5: An example image of the subsurface objects generated
by the GPR sensor.

Fig. 6: (Top) The crack map of the camera data collected
for the second part of the test data. (Bottom) The contour
plot of the GPR data collected for the second part of the
test data. There are some indications of correlation between
these two maps: more cracks in the corroded areas (yellow
and red color areas in the GPR map).

The primary contribution of the proposed method is that it
fuses sensor data to minimize inspection time. Of the sensors
on the robotic platform, three are used for inspection: the
camera, GPR and the ER sensor. Of the three sensors, ER
takes the most time to deploy, which means it may not be
viable to deploy the ER sensor everywhere in inspection area.
Through deploying the camera and GPR unit, it is possible to
eliminate a majority of the inspection time that would result
in using the ER sensor everywhere in the inspection area.
The crack map generated from the camera data, and
the condition map generated from the GPR data can be
fused into an ER deployment map so that the ER sensor
is only deployed in areas where it is needed to ascertain the
condition of the inspection area, and not everywhere. Sensor
fusion is a technique for improving the results of data from
an individual sensor through combining it with data from
another sensor. This technique is used for many types of
sensors and data [18]. Although GPR data for condition
mapping has not been fused with camera data for crack
detection, research on fusing GPR data with other sensors
does exist [19], and research on fusion of other NDE sensors
also exists [20], [21].
In the proposed method, sensor fusion is accomplished
through use of a confidence matrix. This matrix, Md , can be
seen in Equation (5).


0
0
0/1
Md = d
(5)
0
0
Equation (5) shows the decision matrix where the first row
is the case where the condition map is green in the given
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Fig. 7: Images of the robotic system being deployed for inspection of a parking garage on the University of Nevada,
Reno campus (left and middle). An image of the ER sensor being deployed to measure the resistance of the concrete
at the inspection site (right), where water was sprayed on the concrete to create a conductive environment to enable ER
measurement.
area, the second row is the case where the condition map is
yellow in the given area, and the third row is the case where
the decision map is red in the given area. The first column
of the decision matrix represents the case where there are
cracks present in the corresponding area of the crack map,
and the second column represents the case where there are
no cracks present in the corresponding area of the crack map.
The explanation for the matrix in Equation (5) is that
GPR serves as the primary source of information about the
area that is being inspected. In the cases where the GPR
data shows that the area is in good condition (green on the
condition map), then crack information is not necessary, as
it doesn’t provide any additional certainty that the inspection
area is in good or poor condition. Elements (1, 1) and (1, 2)
in the decision matrix represent these cases. In addition, if
the GPR shows that the inspection area is in poor condition,
crack information is not required since the GPR provides
high certainty that the inspection area needs repair and
in what precise location. Elements (3, 1) and (3, 2) in the
decision matrix represent these cases. The final cases are
where the GPR data does not show conclusively what the
condition of the inspection area is, which requires fusion
with crack data to determine if the ER sensor should be
deployed to make a final decision on the condition of the
area in question. Elements (2, 1) and (2, 2) in the decision
matrix represent these cases. In the case of element (2, 2),
since there are no cracks present in that area, it is not possible
to use the crack information in conjunction with the GPR
data, so the deploying the ER can be left up to the user.
In the case of element (2, 1) in the decision matrix, it is
necessary to analyze the presence of cracks in the given area
with respect to the surrounding area, as in Equations ()6, 7, 8,
9). This decision matrix is applied across the inspection area
by splitting the area into equally sized cells and making a
decision on a cell by cell basis as to whether the ER sensor
should be deployed. In the experiments conducted for this
paper, a cell size of 1 square foot was used, but the cell size
may vary based on the size of the inspection area.

d = round(

σC − µIA
)
mIA − µIA

(6)

N

σC =

∑

IC (i, j)

(7)

i, j=1

In Equation (7), I(i, j) is the intensity value at (i, j) in the
crack map, where i and j both go from 1 to N because each
cell is square. These values are summed across the entire
cell, which gives the total amount of cracks in that cell, C.
µIA =

1 M N
∑ IC (i, j)
M∑
1 i, j=1

(8)

In Equation (8), µIA represents the average intensity value
of each cell, C, across the entirety of the inspection area, IA,
where M is the number of cells in the inspection area.
mIA = max(σ1 , σ2 , ..., σC )

(9)

In Equation (9), it can be seen that mIA is the maximum
amount of cracks present in a cell in the inspection area.
Using Equation (6) allows each cell to be represented in
terms of its crack density with respect to the rest of the
cells in the inspection area. The value of d is rounded to
yield a binary decision on whether the ER sensor should
be deployed in that cell. An example of the ER deployment
map that is generated by the sensor fusion process can be
seen in Fig. 8. In the provided example, it is easy to see that
the inspection time saved by the proposed method is costeffective as it saves 72 percent of the time spent deploying
the ER sensors. An example inspection environment can be
seen in Fig. 7.
IV. C ONCLUSION AND FUTURE WORK
In this paper, we present a multi-functional inspection
robot. Our robot is equipped with multiple NDE sensors associated with the developed fusion algorithm, which enables
the robot to perform only necessary inspection methods in
certain areas in order to reduce inspection time. Our robot
was deployed to inspect several parking garages and concrete
decks on UNR’s campus. In the future, the robotic system
can be deployed at more test sites in an attempt to quantify
the impact and possible savings that the proposed sensor
fusion method may have. The robot can be also deployed to
inspect other civil infrastructures such as airport runways,
seaport decks, bridge decks, etc. We plan to vigorously
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Fig. 8: A snapshot of the crack map (top), as well as a
corresponding snapshot of the condition map (middle) and
ER map resulting from the sensor fusion process (bottom).
The white areas in the bottom image will be inspected further
by the robot by using the ER sensor and the black areas will
not.
conduct field testings to further evaluate and improve the
robot’s performance.
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