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A B S T R A C T   

This paper aims to introduce a new bridge inspection protocol using Convolutional Neural Network (CNN)-based 
machine learning in conjunction with improved visibility images acquired by Unmanned Aerial Vehicles (UAVs). 
With two UAVs, separate inspections following the proposed protocol were initially performed indoor to quantify 
the damage state of three concrete columns and four Cross-Laminated Timber (CLT) beams. The protocol using 
the two UAVs was also adopted to inspect an in-service four-span timber bridge in Pipestone, Minnesota in the 
United States. During damage identification, various types of visually detected damage were classified through 
CNN-based machine learning. For image visibility improvement, each image with damage was processed with 
appropriate adjustment of brightness, contrast, and sharpness to identify and measure the damage in an efficient 
way. The proposed protocol was found to be capable of bridge damage identification and measurement with an 
average error of 9.12% when compared to the direct measurements.   

1. Introduction 

Regular inspections of deteriorating bridges are required to ensure 
their continued safe operation. These conventional inspections are based 
on visual techniques and face challenges on the cost-effective identifi
cation of damage located in inaccessible areas. In this case, bridge in
spectors will likely access the damaged areas with specialized 
equipment such as snooper trucks which includes additional cost and 
safety hazards. Bridge inspections using Unmanned Aerial Vehicles 
(UAVs) can help resolve these challenges. Several recent studies (Cun
ningham et al., 2015; Duque et al., 2018a, 2018b; Hallermann & Mor
genthal, 2014; Khaloo et al., 2018; Otero et al., 2015; Reagan et al., 
2017b, 2017a; Seo et al., 2018a, 2018c, 2018b; Zink & Lovelace, 2015) 
have accounted for that a new inspection tool using UAVs can aid, or 
enhance, conventional bridge inspections. For instance, Seo, Duque, and 
Wacker (2018b) performed an on-site bridge inspection in South Dakota 
in the United States with a UAV to capture numerous images for all 
critical sections. It was found that the UAV was a reliable tool for the 
identification of several types of damage, including concrete efflores
cence on the bridge. 

Although the UAV-aided inspection can help improve the accessi
bility and cost-efficiency of a bridge inspection, there are still three areas 
that need improvements: 1) low-quality of images; 2) time-consuming 
damage classification; and 3) imprecise quantification of damage. The 
image quality improvement is a significant task necessary for both 
damage identification and quantification accurately. If a UAV operator 
captures poor quality photographs at low illumination such as inspec
tion underneath a deck, it is inefficient for inspectors to identify and 
quantify the damage due to the low illumination images. Several studies 
(Gervaise et al., 2012; Inoue & Tajima, 1994; Kao et al., 2009; Nomura 
et al., 2008) have attempted to improve UAV image quality, in order to 
inspect bridges in an efficient way. Inoue and Tajima (1994) enhanced 
color image quality using three main factors, encompassing image 
sharpness, contrast, and saturation. 

During the UAV-aided bridge inspections, a high number of inspec
tion images are generally obtained. Examining each image to identify 
and classify the damage may be a cumbersome task requiring an enor
mous amount of effort and time. To overcome this issue, the machine 
learning technique has been used for damage classification in different 
areas (Dick et al., 2019; Gulgec et al., 2019; Park et al., 2019; Yang et al., 
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2018). For instance, Park et al. (2019) applied Convolutional Neural 
Network (CNN)-based machine learning to detect cracks on the roadway 
with inspection images extracted by dash-mounted cameras in vehicles. 
Two different trained CNN models were used for crack detection. The 
first CNN model was trained to identify the roadway. With the first CNN 
results, the images were amended by excluding areas that were not fully 
recognized between roads and cracks. The amended areas were utilized 
to detect cracks on the roads from the second CNN training. It was re
ported that the CNN-based damage classification increased the effi
ciency of damage detection and classification effortlessly. 

The last issue is the imprecise quantification of damage when using 
UAVs for bridge inspection. Though image quality improvement is 
completed for damage identification, there is a limitation on the damage 
quantification to measure the actual dimension of the damage. Actual 
dimensional sources (i.e., specific length per pixel) are not included in 
most images. To address this issue, several studies (Duque, Seo, & 
Wacker, 2018b; Seo, Wacker, & Duque, 2018c) have adopted different 
image algorithms such as pixel-based measurement. Specifically, Duque, 
Seo, and Wacker (2018b) conducted a pixel-based measurement using 
inspection images captured by a UAV and measured the actual length 
and thickness of cracks by calculating the relative length using the 
number of the pixels between edge points and the reference length such 
as deck depth. 

This paper is intended to propose a new UAV-aided bridge inspection 
protocol incorporating CNN-based machine learning with improved 
visibility images. To check the feasibility of the protocol, two indoor 
inspections and one on-site inspection were carried out utilizing two 
UAVs. Using the UAV images captured during each of the inspections, 
image visibility and quality improvement, damage identification and 
classification and damage quantification were completed. This paper 
consists of six sections, including the current section. In the second 
section, the details for two selected UAVs are provided, and the pro
posed protocol is described in the third section. The fourth and fifth 
sections deal with the indoor inspections that were completed for con
crete columns and Cross-Laminated Timber (CLT) beams and on-site 
inspection for an in-service bridge located in Minnesota, U.S. The last 
section presents the quantifiable findings and collective conclusions 
supported by this work. 

2. Selected UAVs 

For this study, two UAVs, including DJI Phantom 4 (see Fig. 1a) and 
DJI Matrice 210 (see Fig. 1b), were utilized to conduct visual indoor and 
on-site inspections for various structural components and a bridge. 
Matrice 210 equipped with Zenmuse X5S, which is a high-resolution 
image sensor, was used for the open space like a bridge, in particular. 
Zenmuse X5S can collect images with 20.8 megapixels and can also 
record videos with 4 k digital cinema initiatives (4096 × 2160) using a 
17.30 mm width × 13.00 mm height, 4/3 type, Complementary Metal- 

Oxide Semiconductor (CMOS) camera sensor. In addition to Matrice 
210, Phantom 4 was also selected for both inspections at inaccessible 
areas such as underneath the deck due to its compact size. Phantom 4 
can capture images with 12.4 megapixels and record videos with ultra- 
high definition resolution (4096 × 2160) using a 6.17 mm width × 4.56 
mm height, 1/2.3 type, CMOS camera sensor. Specifications of both 
UAVs are provided in Table 1. 

3. UAV-aided inspection protocol 

The UAV-aided inspection protocol integrated with CNN-based ma
chine learning and improved visibility images was introduced. This 
protocol was applied to a total of three inspections: two indoor in
spections at South Dakota State University (SDSU) and an on-site bridge 
inspection in Pipestone, Minnesota (MN). This protocol is detailed in the 
flowchart as shown in Fig. 2. To evaluate the practicability of the pro
tocol, indoor inspections were initially performed with the selected 
UAVs as preliminary inspections. With images acquired from the indoor 
inspections, digital image processing in conjunction with CNN-based 
machine learning was conducted using image analysis to identify and 
quantify any damage on the inspected structural components. For the 

Fig. 1. Selected UAVs: (a) DJI Phantom 4 and (b) DJI Matrice 210.  

Table 1 
Selected UAVs specification.  

UAV DJI Phantom 4 DJI Matrice 210 

Dimension (mm) 290 × 290 ×
196 

887 × 880 × 378 

Weight (kg) 1.38 4.57 
Payload (kg) 0.46 1.57 
Max. speed (m/s) 20 18 
Hovering time (min) 28 13 
Max. wind resistance (m/s) 10 12 
Camera Sensor 1/2.3′′ CMOS 4/3′′ CMOS 

Pixels 12.4 Mega 20.8 Mega 
Video 
resolution 

UHD: 4096 ×
2160 
4 K: 3840 ×
2160 
2.7 K: 2704 ×
1520 
FHD: 1920 ×
1080 
HD: 1280 × 720 

4 K DCI: 4096 ×
2160 
4 K Ultra HD: 3840 
× 2160 
2.7 K: 2720 × 1530 
FHD: 1920 × 1080 

Video format MP4, MOV RAW, ProRes, MOV, 
MP4 

Supported mounts for 
sensors 

Single upward Not applicable Applicable 
Single 
downward 

Applicable Applicable 

Dual 
downward 

Not applicable Applicable 

Remote range (km) 5.0 7.0  
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damage identification, image visibility improvement techniques were 
applied to facilitate the adjustment of brightness-contrast-sharpness of 
UAV raw images. With the processed images, damage quantification was 
carried out by the pixel-based length measurement algorithm. This al
gorithm counts the pixels in the image. As the counted number of pixels 

is a relative value, the reference length (e.g., structural component) is 
utilized for the damage measurement using the ratio of pixel number 
and length. The measured damage size was compared with the direct 
measurement made using a measuring tape and Vernier caliper to ensure 
the possible use of the protocol in the on-site bridge. Based on the indoor 

Fig. 2. Flowchart of bridge inspection and damage quantification.  

Fig. 3. Inspected concrete columns during indoor inspections.  
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Fig. 4. Damage classification using CNN-based machine learning: (a) column A; (b) column B; and (c) column C.  

Fig. 5. Accuracy of the image analysis-based crack measurement with variation in brightness, contrast, and sharpness: (a) brightness adjustment for crack length; (b) 
contrast adjustment for crack length with the optimized brightness; and (c) sharpness adjustment for crack length with the optimized brightness and contrast. 
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inspection experience, a checklist for UAV-aided bridge inspection was 
developed. This checklist means all devices necessary for UAV-aided 
bridge inspection and direct measurement for the bridge. Included in 
the checklist are, as a minimum, a measuring tape, Vernier caliper, 
digital camera, checking weather, update, memory storage, and so on. 

After the completion of preliminary inspections, the on-site inspec
tion of the in-service bridge was conducted. This inspection was also 
completed step-by-step following the flowchart as shown in Fig. 2. With 
inspection images collected by UAVs, the CNN algorithm was employed 
for efficient damage identification and classification. This algorithm can 
efficiently classify damage type based on training sets, which have been 
accumulated and grouped in each type of damage such as discoloration, 
crack, rust, spalling, and efflorescence. Then, the image visibility 
improvement technique as used in the preliminary inspections were also 
employed to improve damage visibility. This technique initially adjusted 
three basic properties (including brightness, contrast, and sharpness) of 
the UAV images to improve damage visibility as the first step. A trial- 
and-error evaluation for damage visibility with UAV images was per
formed considering variability in each of the basic properties. The 
evaluation involved the calculation of percent errors between damage 
quantified from the adjusted images and direct measurements. From this 
technique, the optimized images can be selected and used to measure 
damage by analyzing them using the pixel-based measurement algo
rithm. Damage measured from the image analysis and direct measure
ment is compared to validate the accuracy of UAV-aided inspection for 
accessible damage only where direct measurement for the damage is 
possibly made during the on-site inspection. 

4. Preliminary inspections 

Before execution of the field inspection of the bridge, indoor in
spections with the selected UAVs were conducted as a preliminary in
spection in Animal Science Arena and Structure Lab in Crothers 

Engineering Hall at SDSU. Damage quantification was also performed 
using the inspection images acquired from the UAVs. Findings from the 
indoor inspection are discussed in the subsections below. 

4.1. Concrete column inspection 

In the first indoor inspection, UAVs captured 24,867 images of col
umns A through C in Animal Science Arena to identify any damage as 
displayed in Fig. 3. The images of the columns were examined in detail 
and a total of three noticeable cracks were visually observed on columns 
A through C. The damage classification using CNN-based machine 
learning coupled with the Residual Networks having 50 layers through 
MATLAB, 2020 was made as shown in Fig. 4 for three cracks on each of 
the columns. 

Upon completion of UAV-aided inspections, the cracks on the col
umns were also measured directly using a measuring tape, and the direct 
measurements were compared to those obtained from image analysis of 
UAV inspection images to examine the accuracy of the UAV-aided in
spection protocol. It should be noted that UAV inspection images filtered 
by adjusting their brightness, contrast, and sharpness were initially used 
for the image analysis-based crack quantification. Fig. 5 shows the ac
curacy of damage quantification through the image analysis with the 
filtered UAV images. The error percentages calculated between the 
direct measurements and corresponding values obtained from the image 
analysis with the filtered images with variance in brightness, contrast, 
and sharpness are illustrated in Fig. 5a through 5c, respectively. In 
Fig. 5a, dashed lines indicate the direct measurement of column A crack 
(gray line), B (orange line), and C (blue line), individually, and black 
circles for column A crack, red triangles for column B crack, and blue 
boxes for column C crack are defined as the results from the image 
analysis specific to brightness adjustment. The values having the lowest 
error against direct measurement are marked with green dots. Similar to 
Fig. 5a, b and c show the accuracy of contrast and sharpness adjustment, 

Fig. 6. Variation of images adjusted with brightness, contrast, and sharpness: (a) unfiltered crack image on column A; (b) filtered image with brightness − 75%; (c) 
filtered image with brightness 30% (optimization for brightness); (d) filtered image with brightness 70%; (e) Fig. 6c adjusted with contrast − 75%; (f) Fig. 6c adjusted 
with contrast 0% (optimization for brightness and contrast); (g) Fig. 6c adjusted with contrast 90%; (h) Fig. 6f adjusted with sharpness − 25%; (i) Fig. 6f adjusted with 
sharpness 40% (optimization for all image properties); and (j) Fig. 6f adjusted sharpness 90%. 
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correspondingly. 
The trial-and-error evaluation with brightness, contrast, and sharp

ness adjustment can be done with the unfiltered UAV images to identify 
the improved visibility image called “an optimized image” as shown in 
Fig. 6. Fig. 6a shows the unfiltered UAV image of crack on column A. 
Image properties (i.e., brightness, contrast, and sharpness) can be 
adjusted from − 100 % to 100% with its initial value being 0 %. For 
instance, when the brightness of the UAV image was adjusted between 
− 100 % to − 80 %, the crack was not identified due to darkness under 
the brightness of − 75 % as shown in Fig. 6b. The crack was also not 
observed when the brightness of the UAV image was adjusted between 
90% and 100% due to overexposure. The crack (refer to Fig. 6c) was 
observed clearly when the brightness was adjusted between 30% and 
50%, whereas the error of damage quantification was found to be 0.53% 
deemed as the least value when the UAV image was adjusted with 40% 
brightness (green circle) as displayed in Fig. 5a. With the improved 
visibility image adjusted with brightness, contrast adjustment was also 
conducted as depicted in Fig. 5b. The UAV image with 0% contrast 
showed the lowest percentage error (green circle) against direct mea
surement and was considered the contrast-based improved visibility 
image (see Fig. 6f). The sharpness of Fig. 6f was further adjusted to 
obtain the optimized image as shown in Fig. 5c. The UAV image adjusted 
with 40% sharpness showed the optimized image through this proced
ure as displayed in Fig. 6i. 

Fig. 7a, b, and c show the unfiltered UAV inspection images, the 
optimized images, and corresponding damage maps for columns A, B, 
and C cracks, respectively. The unfiltered UAV inspection images are 
shown in Fig. 7a through 7c at the top left for each. After the image 
visibility improvement technique with the adjustment of image prop
erties was applied to all the images to each of the columns, the following 
optimized inspection images were obtained: 1) column A crack image 
with the brightness of 30%, contrast of 0%, and sharpness of 40%; 2) 
column B crack image with the brightness of 40%, contrast of 20%, and 
sharpness of 40%; and 3) column C crack image with the brightness of 
30%, contrast of 10%, and sharpness of 20%. To better observe damage, 
the magnified images for each crack are provided as well in these 

figures. From the damage quantification with the optimized images, an 
average error of 2.56% of image analysis-based measurement was 
calculated against the direct measurement of the crack length of column 
A, B, and C cracks. 

4.2. CLT beam inspection 

As the second indoor inspection, DJI Matrice 210 acquired 7,459 
images of CLT beams with a visible crack in the Structure Lab at SDSU to 
double-check if the proposed protocol was able to identify and quantify 
the damage on the CLT. Among the acquired images, a UAV inspection 
image showing the crack on the CLT beams was found through the CNN 
algorithm as shown in Fig. 8. The UAV image with the crack (refer to 
Fig. 9a) was adjusted in terms of brightness, contrast, and sharpness as 
displayed in Fig. 9c through 9k. The trial-and-error evaluation with 
brightness, contrast, and sharpness variations was performed with the 
unfiltered and adjusted UAV images to identify the optimized image 
showing the least error of crack length against the direct measurement 
as shown in Fig. 9b. In this figure, the black circles, red triangles, and 
blue boxes indicate the measured crack lengths corresponding to 

Fig. 7. Visual damage maps: (a) column A; (b) column B; and (c) column C.  

Fig. 8. Sample of damage classification using machine learning.  
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brightness, contrast, and sharpness, respectively. 
Again, Fig. 9c through 9k show the images according to the adjust

ment of brightness, contrast, and sharpness. The effect of brightness in 
the image is observed in Fig. 9c through 9e, and Fig. 9d shows the 
optimized image adjusted with the brightness of 35%. The crack was not 
observed in Fig. 9d and f due to darkness and over-illumination, 
respectively. With Fig. 9d, contrast adjustment was performed as dis
played in Fig. 9f through 9h. During the contrast adjustment, the 

contrast of 10% (see Fig. 9f) exhibited the lowest error against direct 
measurement as shown in Fig. 9b, whereas the crack was not observed 
visually in Fig. 9f and h due to inappropriate contrast adjustment. 
Finally, with Fig. 9g, the optimized image was obtained by adjusting the 
sharpness to 65 % as shown in Fig. 9j. As Fig. 9i adjusted with the 
sharpness of − 50% has unclear crack edges, this figure is improper for 
this image visibility improvement technique. On the other hand, Fig. 9k 
that was adjusted with the sharpness of 100% shows the crack clearly, 

Fig. 9. Variation of images adjusted with brightness, contrast, and sharpness: (a) unfiltered crack image on CLT beam; (b) variation in crack size corresponding to 
brightness, contrast, and sharpness; (c) filtered image with brightness − 75%; (d) filtered image with brightness 35% (optimization for brightness); (e) filtered image 
with brightness 65%; (f) Fig. 9c adjusted with contrast − 80%; (g) Fig. 9c adjusted with contrast 10% (optimization for brightness and contrast); (h) Fig. 9c adjusted 
with contrast 80%; (i) Fig. 9f adjusted with sharpness − 50%; (j) Fig. 9f adjusted with sharpness 65% (optimization for all image properties); (k) Fig. 9f adjusted with 
sharpness 100%; and (l) visual damage map for CLT beam. 
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but other edges are not clear due to over contrast. Using the optimized 
image, the damage quantification that was performed revealed an 
average error of 5.47% against direct measurement, and a correspond
ing damage map was created as shown in Fig. 9l. 

5. Studied bridge 

A field study of UAV-aided inspection for the bridge located in 
Pipestone, MN was conducted. This bridge, which was built in 1987, is a 

four-span timber bridge with a total structure length of 31.7 m, a 
maximum span length of 7.9 m, and a deck width of 9.1 m. According to 
the NBI condition rating scale (FHWA, 2018, 1995, 2012), the deck, 
superstructure, and substructure were recently evaluated in 2017 
(FHWA, 2017) and assigned condition ratings of 6 (satisfactory), 6, and 
5 (fair), respectively. 

Fig. 10. Photograph of the inspected bridge taken by Matrice 210.  

Fig. 11. Four-span timber girder bridge sketch with inspected sections: (a) plan view and (b) elevation view.  
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Fig. 12. Representative damage image showing damage classification result.  

Fig. 13. Classified damage using UAV images: (a) crack on the railing on SS1; (b) crack on the railing on SS1; (c) crack on the railing on SS3; (d) crack on the railing 
on SS3; (e) crack on the railing on SS5; (f) crack on the railing on SS5; (g) crack on the railing on SS5; (h) crack on the railing on SS7; (i) crack on the railing on SS7; 
(j) tilt and weathering on NS1; (k) weathering and split on NS3; (l) weathering and crack on NS5; (m) weathering and crack on NS7; (n) split on NS1; (o) crack on the 
railing on SS1; (p) crack on the railing on NS1; (q) crack on the railing on NS7; (r) paint failure on NS; (s) crack on the railing on NS5; and (t) crack on the railing 
on NS5. 
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5.1. Prior inspection 

Prior to the inspection, appropriate authorizations for the bridge 
inspection are required from the bridge owner; and thereby, the bridge 
inspection was approved by Pipestone County, Minnesota. According to 
the local weather forecast channel (UAV ForecastTM, 2019) on the 
bridge site, it was a sunny day with an average and maximum wind 
speed of 2.88 m/s and 6.17 m/s, respectively. The weather conditions 
forecast for the inspection day were considered satisfactory to operate 
the UAVs for the bridge inspection as shown in Fig. 10. The UAVs and 
supplementary items, encompassing full-charged batteries, a gimbal 
camera, digital camera, safety items (e.g., traffic cones, hard hats, safety 
vest, etc.), and direct measurement equipment (i.e., a measuring tape 
and Vernier caliper) were prepared before the inspection. Note, traffic 
cones were only installed to secure the takeoff and landing area of the 
UAVs without any specific traffic control required to mitigate traffic 
impacts during the inspection. 

A sketch for this bridge was generated as shown in Fig. 11, including 
the plan view (Fig. 11a) and elevation view (Fig. 11b). Specifically, for 
effective damage identification, the superstructure of the bridge is 
divided into seven sections on each side as shown in Fig. 11a. In this 
figure, NS represents the north side of the bridge, and SS indicates the 

south side of the bridge. As shown in Fig. 11b, underneath the bridge 
deck is also divided into seven individual sections, including UD1 
through UD4, and the bridge pier sections are denoted as P1 through P3. 
Note, UD indicates underneath deck and P is defined as a pier. The UAV- 
aided bridge inspection was conducted by following UAV paths 1 and 2 
as depicted in Fig. 11. Each UAV path includes inspection of the side of 
the bridge and top of the railings. 

5.2. Damage identification 

During the UAV flight, the UAVs recorded videos considered as an 
appropriate image acquisition method to avoid any omission of images 
possessing damage. A total of 28,614 images extracted from the 8 in
spection videos were used for damage identification following the pro
posed protocol. During the damage identification, the damage was 
classified using CNN-based machine learning as shown in Fig. 12. This 
figure shows the sample image with the crack detected from the CNN- 
based damage classification. As a result of the CNN application, crack 
(see Fig. 13a through 13i, 13o, 13p, 13q, 13s, and 13t), weathering 
(refer to Fig. 13j, 13l, and 13m), split (see Fig. 13k and 13n), and paint 
failure (refer to Fig. 13r) were initially classified. Note, a small box (top- 
left) in each figure indicates the results of CNN-based damage 

Fig. 14. Optimized UAV inspection images adjusted with the brightness of 20%, contrast of 20%, and sharpness of 30%: (a) crack on the railing on SS1; (b) crack on 
the railing on SS1; (c) crack on the railing on SS3; (d) crack on the railing on SS3; (e) crack on the railing on SS5; (f) crack on the railing on SS5; (g) crack on the 
railing on SS5; (h) crack on the railing on SS7; (i) crack on the railing on SS7; (j) tilt and weathering on NS1; (k) weathering and split on NS3; (l) weathering and crack 
on NS5; (m) weathering and crack on NS7; (n) split on NS1; (o) crack on the railing on SS1; (p) crack on the railing on NS1; (q) crack on the railing on NS7; (r) paint 
failure on NS; (s) crack on the railing on NS5; and (t) crack on the railing on NS5. 
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classification. “C” with red box indicates crack, “W” with the orange box 
represents weathering, “S” with green box indicates split, and “P” with 
purple box shows paint failure. 

Upon the completion of CNN-based damage classification, various 
types of damage including crack (see Fig. 13a through 13i, 13l, 13m, 
13o, 13p, 13q, 13s, and 13t), split (see Fig. 13k and 13n), tilt (see 
Fig. 13j), and paint failure (see Fig. 13r), and weathering timbers (refer 
to Fig. 13j through 13m) were further investigated manually from each 
of the UAV images to ensure that the CNN-based damage classification 
was able to identify individual damage types correctly. It is important to 
note that because the applied CNN algorithm was only capable of 
showing one damage classification result, another damage classification 
was not provided in the inspection images having more than one damage 
(i.e., Fig. 13j through 13 m). With the UAV images in Fig. 13, image 
properties’ adjustment with the brightness of 20%, contrast of 20%, and 
sharpness of 30% was performed as shown in Fig. 14. Through this al
gorithm, the visibility of the inspection images was improved as in the 
process with indoor UAV inspection images. For instance, weathering in 
darkness (Fig. 13j through 13 m) can be observed undoubtedly as 
depicted in Fig. 14j through 14 m. 

5.3. Damage quantification 

Accessible damage and reference dimensions required for the dam
age quantification through the image analysis were measured by hand 
and recorded during the UAV inspections. To measure the size of the 
damage in the inspections, the image size was calculated by counting the 
number of pixels covering the damage in each image using ImageJ, 
image analysis software, that can measure the damage size from the 
image. It should be noted that a reference dimension (e.g., length of a 
railing post) was also used for the image analysis. As part of the proposed 
protocol, this process was applied to each of the images that were 
classified by the CNN algorithm per damage type to measure corre
sponding damage. Upon completion of the process, the optimized im
ages were obtained per damage type. 

For example, with a visible crack on the railing post, the accuracy of 

image analysis-based damage quantification was evaluated as shown in 
Fig. 15. The crack on the railing post was measured taking account into 
the image properties’ variations. The UAV inspection image used for the 
crack quantification was adjusted with brightness of 30%, contrast of 
0%, and sharpness of 0%. Note, this image was considered as the opti
mized image that shows an average error of 2.92 % only against the 
direct measurement. This figure includes the 12 scatter and 4 histogram 
charts created by considering the variability in brightness, contrast, and 
sharpness of the optimized image. As an example of explanations for 
these charts, the red histogram chart for brightness shows a mode at 
brightness between 30 and 60 and 88 defined as the number of data 
points within the brightness range. Similarly, the green and blue histo
grams for contrast and sharpness have an identical mode and data point 
number between 0 and 20. Data points in the red, green, and blue scatter 
charts for combinations of the image properties such as brightness- 
contrast and brightness-sharpness mean the frequency. As shown at 
the bottom of Fig. 15, meanwhile, purple charts show the relationship 
between image property values and errors that were calculated between 
image-based damage quantification and direct measurement. In these 
charts, values of the image properties closest to zero are considered as 
the optimized image. As an example of these purple charts, error- 
brightness and error-contrast show the minimum error value of 
− 0.005347 obtained at the brightness of 30% and the contrast of 0%, 
respectively. 

A damage map of the inspected bridge showing all the identified 
damage and corresponding optimized UAV inspection images is pro
vided as shown in Fig. 16. The UAV images in this figure show different 
types of damage, including crack, split, weathering, tilt, and, paint 
peeling off. Note, the optimized images were obtained by performing the 
image visibility improvement process with the unfiltered UAV images 
with adjustment of image properties as stated before. The detailed 
damage descriptions provided from the inspection report completed by 
the bridge inspector, who are responsible for identifying any defects on 
the bridge, the quantified damage through the UAV-aided inspection 
protocol, and the direct measurements for accessible damage are also 
summarized in Table 2. It is worthwhile to note that the bridge 

Fig. 15. Graphical representation for variation in accuracy of image analysis-based damage quantification corresponding to brightness, contrast, and sharpness along 
with errors. 

E. Jeong et al.                                                                                                                                                                                                                                   



Expert Systems With Applications 197 (2022) 116791

12

inspectors did not quantify most of the damage. For example, the cracks 
on the railing posts were described as “all posts have moderate checks 
present” in the inspection report (Pipestone County, 2018). However, all 
the damage presented in the inspection report (Pipestone County, 2018) 
was identified and quantified using the proposed protocol with the 

inspection images obtained by the UAVs. Based on the comparison with 
the inspection report, overall, the proposed protocol with UAVs was able 
to appropriately identify all the damage presented in the report and 
quantify them through the image analysis. Also, the average error of 
UAV image analysis-based measurement compared to the direct 

Fig. 16. Damage map for the studied bridge with representative optimized inspection images: (a) plan view and (b) elevation view.  
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measurement performed during the inspection showed 9.12%. 

6. Conclusions 

The goal of this paper was to propose Convolutional Neural Network 
(CNN)-based machine learning in conjunction with improved visibility 
images acquired by Unmanned Aerial Vehicles (UAVs). Two UAVs, 
including DJI Phantom 4 and DJI Matrice 210, were used for this work. 
The proposed protocol was applied for the two indoor inspections and 
one on-site bridge inspection, in an attempt to evaluate the accuracy and 
performance in terms of damage identification and quantification. Based 
on the three applications of the proposed protocol, the following con
clusions were made:  

1. From the indoor inspections, different sizes of cracks on the column 
columns and one visible crack on the Cross-Laminated Timber (CLT) 
beam were efficiently identified through the proposed protocol with 
CNN-based machine learning.  

2. From the on-site bridge inspection, various types of damage, 
including split, crack, weathering timber, and paint failure, were 
identified by investigating the UAV images through the CNN-based 
protocol at a low computational cost.  

3. Adjustment of brightness, contrast, and sharpness in the indoor and 
on-site UAV inspection images was found to enhance the visibility of 
the image quality with damage and the accuracy of the image 
analysis-based damage measurements.  

4. The proposed protocol was able to quantify the damage observed in 
each structural component with an error of 2.56% (cracks on the 
concrete columns), 5.47% (crack on the CLT beam), and 9.12% (in- 
service timber bridge) compared to the direct measurements. 

7. Data availability statement 

The data collected from the inspections that support the findings of 
this study are available from the corresponding author upon reasonable 
request. 

Declaration of Competing Interest 

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influence 
the work reported in this paper. 

Acknowledgments 

Partial financial support for this research was provided by the United 
States Department of Agriculture (USDA), Forest Service through Joint 
Venture Agreement No. 18-JV-11111133-031) and in conjunction with 
the Forest Products Laboratory (FPL). The assistance and cooperation of 
the Pipestone County engineers is gratefully acknowledged. 

References 

Cunningham, K., Lattanzi, D., Dell’Andrea, R., Riley, M., Huette, T., Goetz, R., and 
Wilson, R. (2015). “UAS-Based Inspection of the Placer River Trail Bridge:A Data- 
Driven Approach.” Structures Congress 2015, American Society of Civil Engineers, 
Portland, Oregon, 607–615. 

Dick, K., Russell, L., Dosso, Y. S., Kwamena, F., & Green, J. R. (2019). Deep Learning for 
Critical Infrastructure Resilience. Journal of Infrastructure Systems, 25(2), 05019003. 

Duque, L., Seo, J., & Wacker, J. P. (2018a). Synthesis of Unmanned Aerial Vehicle 
Applications for Infrastructures. Journal of Performance of Constructed Facilities, 32 
(4), 04018046. 

Duque, L., Seo, J., & Wacker, J. P. (2018b). Bridge Deterioration Quantification Protocol 
Using UAV. Journal of Bridge Engineering, 23(10), 04018080. 

Federal Highway Administration (FHWA). (1995). Recording and Coding Guide for the 
Structure Inventory and Appraisal of the Nation’s Bridges (p. 124). DOT FHWA, 
Washington, DC: U.S. 

Federal Highway Administration (FHWA). (2017). National Bridge Inventory (NBI) Data. 
USDOT FHWA, Washington, DC: NBI ASCII files.  

FHWA (Federal Highway Administration). (2012). Recording and Coding Guide for the 
Structure Inventory and Appraisal of the Nation’s Bridges (p. 124). DOT FHWA, 
Washington, DC: U.S. 

FHWA (Federal Highway Administration). (2018). Recording and Coding Guide for the 
Structure Inventory and Appraisal of the Nation’s Bridges (p. 124). DOT FHWA, 
Washington, DC: U.S. 

Gervaise, A., Osemont, B., Lecocq, S., Noel, A., Micard, E., Felblinger, J., & Blum, A. 
(2012). CT image quality improvement using adaptive iterative dose reduction with 
wide-volume acquisition on 320-detector CT. European Radiology, 22(2), 295–301. 
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