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Abstract

Traditional visual inspections of existing infrastructure have limitations such as
safety risks, limited accuracy for subsurface defects, and subjective assess-
ments. Modern inspection techniques like terrestrial laser scanning, close-
range photogrammetry (CRP), and infrared scanning offer faster and more ac-
curate data collection, allowing for more informative and precise descriptions
of objects, while minimizing traffic disturbances often associated with visual
inspections. In this paper, CPR, a non-destructive survey technique for recon-
structing 3D shapes from 2D images, is used for the inspection of five bridges
in Northern Sweden. The surveys were performed under different weather con-
ditions, using different data acquisition equipment and personnel with different
levels of experience. The acquired images were used to create 3D models of
the bridges and to evaluate the evolution of damages over time. Results
showed that although better models were created when using equipment with
higher specifications, cheap gear such as GoPro or cellphones can also be used
for the cases in which a lower level of detail is required. Furthermore, initial
experience of the personnel does not seem to have high influence on the re-

sults.
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1 Introduction

Due to the intensified use and aging and of the existing
road and railway infrastructure in the world, damage and
deterioration of bridges are becoming a major social and
economic concern in many countries [1]. As a result, for
example, disruptions to train services are becoming in-
creasingly common because of the scheduled maintenance
work and routine inspections required to evaluate the con-
dition of the bridges and plan future structural interven-
tions or need for replacement [2].

In addition to use, bridge deterioration can arise from the
interaction of several factors that include exposure to en-
vironment conditions, variable and/or unusual loading and
vibration, presence of chlorides in de-icing agents, and
mistakes during design and construction among others [3,
4]. To assess the condition of these structures, several de-
structive and non-destructive technologies are used now-
adays. Their main purpose is to gather information about

issues such as concrete deterioration, steel rebar corro-
sion, water seepage, concrete cover delamination, spall-
ing, deflection/settlements, cracks, and unexpected
changes in geometry.

Among available inspection techniques, visual inspection
is extensively used as it is an inexpensive and quick
method for identifying any superficial structural problems
such as moisture ingress and concrete cover delamination
[4]. In fact, the current practice of bridge inspection still
relies heavily on visual inspection, which suffers from sev-
eral limitations. The most severe are the safety of the in-
spection team, the accuracy of subsurface defects detec-
tion, and human subjectivity. The period for direct visual
inspections varies greatly from country to country and
ranges from 6 months in Australia to 3 years in Germany,
while the detailed visual/instrumented inspection varies
from 2 to 10 years between the different countries. For the
case of Sweden, detailed inspection are performed at at
minimum every six years [3].
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In visual inspection, data collection is time consuming, and
the collected data do not provide sufficient visualization of
locations and/or the extent of defects [1]. Visual inspec-
tions rely heavily on subjective assessments made by
bridge inspectors which influence their reliability and re-
peatability [5]. In addition, it does not give detailed results
and must be combined with other techniques [4]. A study
by Graybeal et al. [6] revealed that at most, 81% of visual
inspections were assigned correctly. Furthermore, Phares
et al. [5] tested the accuracy of visual inspections, reveal-
ing that at least 48% of individual condition ratings were
incorrect.

Therefore, there is a strong need to identify new inspection
and monitoring techniques for infrastructure that reduce
traffic disturbance and improve the efficiency and reliabil-
ity of the acquired data [2]. Modern techniques, such as
terrestrial laser scanning (TLS), close-range photogram-
metry (CRP), and infrared scanning (IS), are contactless
and able to collect large datasets fast and with a high rate
of accuracy. Due to their productivity (i.e., speed of data
acquisition) and reliability, collected datasets can provide
an informative and more accurate description of the object
of interest. Recently, Popescu et al. [2] found close range
photogrammetry more efficient and cost-effective in man-
agement of bridge inventories compared to other methods
(see Figure 1).

Acquisition & processing time
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Figure 1 Performance of 3D digitalization methods (1: Low, 3: High,
Modified from Popescu et al, 2019) - TLS: Terrestrial Laser Scanning;
CRP: Close range photogrammetry; IS: Infrared Scanning

Close range photogrammetry is a non-destructive survey
technique which allows the 3D shape of objects to be re-
constructed from two-dimensional (2D) digital images. Re-
cent studies have shown that close range digital photo-
grammetry can be used in the geometric survey and
building material homogeneity analysis and can be also
employed in cracks detection and mapping, since cracks
might be the external appearance of severe structural
problems [7]. Advances in the development of images and
production of 3D scene reconstructions have enabled 3D
models with high degree of relative dimensional accuracy

[8].

Research performed in the use of CRP for survey of bridges
is extensive and has demonstrated that its application in
routine inspections of existing railway infrastructure can

be advantageous for infrastructure managers. However,
its application has mainly been focused on evaluating iso-
lated cases. Therefore, there is still a need of standard-
ized, fast, and accurate inspection methods that can be
easily followed by infrastructure owners and allow them to
use CRP for the entire national road and railway lines in-
stead of specific cases along those lines. In addition, there
is not enough information about how continuous updating
of 3D models can be used to evaluate the evolution of
damage in existing structures.

In this paper, CRP surveys, with focus on ground-based
photogrammetry, are used to create digital models of five
bridges located in Northern Sweden, around the arctic po-
lar circle. Based on the experiences from these surveys,
the process is evaluated in terms of minimum require-
ments regarding weather conditions, equipment specifica-
tions, and personnel experience. Furthermore, the col-
lected data is used to create 3D models of the bridges and
assess evolution of damages over time.

2 Methodology

The locations of the five surveyed bridges are presented
in Figure 2. During the surveys, pictures of the bridges
were taken with the aim of collecting the input required to
generated 3D models of the structures.

Kedkejokk — Arch Bridge
1

906)

e S s
Edbiicken — Trough
bridge - 1977

Juovajokk — Trough

bridge (1960) Kallkéllevagen - 3-span

RC bridge - 1966
Figure 2 Location of surveyed bridges

The methodology followed is presented in Figure 3 and it
is divided in three phases. In Phase 1, the data is collected
through photogrammetric surveys performed in the five
bridges with different data acquisition equipment, weather
conditions and personnel experience. In Phase 2, the col-
lected data is used to create 3D models of the bridges and
properties of these models are compared in terms of ac-
curacy/resolution, equipment cost/efficiency, applicability,
portability, and acquisition time. In Phase 3, models are
used to detect damages and the findings are compared to
those of previously executed surveys with the aim of as-
sessing damage evolution over the studied time frame.
Results from these phases are analysed and main points
to consider during digital bridge inspection surveys are
presented.

2.1 Phase 1 - Data acquisition

The surveys were performed under different conditions
with the aim of assessing how such conditions will affect
the accuracy and quality of the collected data and subse-
quent 3D model generation. The main variables studied
were:
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PHASE 1

DATA ACQUISITION

- Experience, weather, equipment

3D MODEL GENERATION
-Quality of data collected, resolution

DAMAGE DETECTION AND CHANGES
OVER TIME
- Damage evolution based in successive
models

DIGITAL BRIDGE INSPECTION METHODOLOGY

Figure 3 Schematic representation of the approach used

Weather conditions: results from photogrammet-
ric surveys highly depends on the lighting condi-
tion of the studied object. Under ideal conditions,
the object should be illuminated evenly, which is
difficult to achieve for the case of bridges. For
these structures, it is expected that light condi-
tions change as the surveyor moves around the
bridge. In addition, lighting conditions are highly
influenced by the weather at the time of the sur-
vey. The climate in the north of Sweden is highly
unpredictable and sunny conditions can be fol-
lowed by overcast skies rapidly. Rain and snow
are also typical of this area depending on the time
of the year, which will further affect the lighting
conditions and results. Finally, low temperatures
and wind will also affect the comfort of the sur-
veyor and will influence the decisions regarding
when the survey should take place. This kind of
approach has been seldom investigated and pro-
vides insight regarding the feasibility of using CRP
under extreme weather conditions. It is high-
lighted that due to the long distances between the
bridges located in the northernmost part of Swe-
den (i.e., bridges 3, 4, and 5), the surveys were
performed over a period of 5 days. For this rea-
son, predicting exact weather conditions of the
survey was difficult due to rapid changes in
weather conditions in the region, and for some
cases, it was not possible to perform the inspec-
tion during some of the outings.

Equipment specifications: as advancement in dig-
ital photography evolves fast and steadily, it is
now possible to obtain high resolution photos with
portable and relatively cheap equipment without
the need for more expensive cameras. As the aim
of the project is to facilitate the execution of digi-
tal surveys by infrastructure managers, the spec-
ifications of different photography acquisition
equipment were evaluated. This was carried out
with the goal of defining minimum equipment re-
quirements to produce 3D models with adequate

accuracy as results would provide information re-
garding whether professional cameras are still re-
quired, or other more affordable and portable
equipment can be used instead. Three different
equipment were used: a) Canon EOS6D Mark II
DSLR equipped with 24 mm and 20 mm wide-an-
gle prime lenses, b) GoPro Hero 10, and c) iPhone
13. Equipment b) and c) are selected considering
that cellphones and similar highly portable equip-
ment are now able to capture images comparable
to professional cameras.).

- Personnel experience: as visual inspections rely in
subjectivity and personnel level of training, ex-
ploring the influence of surveyor experience in the
final results is also of interest. The surveys were
performed by groups of a postdoc and a PhD Stu-
dent or MSc student without any previous experi-
ence. The groups without experience were briefly
trained by a more expert surveyor.

2.2 Phase 2 - 3D model generation

The conversion from 2D information of images to 3D mod-
els is achieved by means of the photogrammetric process
[9]. This process is known as structure from motion (SfM).
It involves capturing numerous multi-view images of the
structure of interest from the ground. The resulting 3D
models can be used to perform structural health monitor-
ing (SHM) on a computer, remotely, without the safety and
time constraints associated with direct visual inspections.
Unlike older photogrammetry methods, SfM doesn't re-
quire camera pre-calibration, as it relies on pixel corre-
spondence between images. In order to facilitate the pro-
cess, the imaging object's surfaces should have distinct
features, such as natural edges, discolorations, bolts, or
rails, or artificial targets. It's necessary to have a minimum
of 60% overlap between images, both longitudinally and
transversally.

In Phase 2, a commercial software was utilized to process
the images acquired in phase 1. This software determined
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both the camera's interior orientation and its exterior ori-
entation parameters, including the camera's angle and the
working distance relative to the object being scanned. To
capture images for the case studies, photographs were
taken from multiple viewpoints, each with a different
working distance between the camera and the bridge.

After being generated, the 3D model usually lacks a scale.
Therefore, it is required to add a scale to the SfM software.

This can be achieved in two ways: 1) by including known
distances, such as the distance between the artificial tar-
gets within the model or 2) by introducing calibrated scale
bars with known dimensions to the scene. In the surveys,
coded target rulers (Figure 4a) were placed onto the
bridges. In some cases, it is possible to perform the scaling
based on particular distances, as shown in Figure 4b for
cases in which the sleepers distances is known.

a.

Figure 4 Definition of distances used for alignment process and scaling: a. Target ruler; b. Measurement of a particular distance

2.3 Phase 3- Damage detection and changes over
time

Damage detection task were focused mainly on efflo-
rescence, spalling and cracks. Recently, the use of deep
convolutional neural networks (CNN) in image-based dam-
age detection has emerged as a robust technique for
Structural Health Monitoring (SHM) [10, 11]. CNN-based
image analysis methods have demonstrated remarkable
performance in detecting cracks along with other types of
damages and the overall condition of the asset [12, 13,
14].

To quantify defects, semantic segmentation of the identi-
fied regions is necessary. Semantic segmentation is a cru-
cial computer vision task that aims to classify each pixel
in the image to pave the way towards complete scene un-
derstanding. This can be accomplished through different
approaches such as fully convolutional networks (FCN),
encoder-decoder based models, multi-scale and pyramid
networks, and dilated convolutional models that classify
each pixel and segment the image into distinct compo-
nents based on the classifications. In the present context,
the components of interest are the identified defects.

In this study, the technology in [14, 15], was employed to
detect and segment damaged areas to determine their di-
mensions. Such a tool could aid inspectors in monitoring
damage propagation throughout a structure's service life.
Pixel-wise damage detection using CNNs can be divided
into two sub-tasks: (1) semantic segmentation to identify
and localize each damage and the associated pixels to it,
and (2) applying computer vision techniques to quantify
the exact geometry of the damage based on the seg-
mented pixels [14].

3 Results
3.1 Phase 1 - Data acquisition

A summary of the surveys performed in shown in Table 1.
It is highlighted that the conditions of the survey per-
formed in April 2022 (normally considered spring season)
are taken as typical of winter in this document as temper-
atures below zero centigrade, frozen rivers and abundant
presence of snow are found in northern Sweden.

3.2 Phase 2 - 3D model generation

The process of generating the 3D models can be summa-
rized using the steps described below.

3.2.1 Image collection

This step corresponds to the process of collecting the im-
ages used to generate the models. As these images are
the main input for the models, their quality is significant
for the generation of the models. The parameters used to
evaluate the quality of the images are:

— Image quality score: This proprietary score is a non-
reference-based measure of image quality in terms of
the presence/absence of distortions such as noise,
blur (from defocus and motion), fading, limited field
of view, limited depth of field, limited resolution, over-
quantification, and compression artifacts. Higher val-
ues reflect better perceptual quality of the image.

— Image data: This represents the summation of all the
pixels available in the data set and it is presented in
terms of total humber of megapixels (TM).
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Table 1 Description of the different types of furnishing

Winter (2022.04)

Summer (2022.07)

Autumn (2022.10)

. Devic "
Bridge e (;I:at::?t Duratio Weathe
n (h) r

y

Picture

Duratio

Quantit

Y

n (h)

Weathe
r

Picture
Quantit
Yy

Duratio
n (h)

Weathe
r

Canon
EOS
6D

Kallkallevage GoPro
n Hero
10

iPhone
13

925

899

N/A

2.65

1.95

Sunny

Canon
EOS 1120 2.20
6D

“ GoPro
Edbacken Hero 468 1.10 Sunny

10

iPhone

13 790 1.00

314

245

317

0.55

0.48

0.25

Cloudy+
Rainy

583

334

158

0.60

0.50

0.33

Cloudy+
Rainy

Canon
EOS 343 2.75
6D

Paunakbacke GoPro Cloudy+
n Hero 268 0.50 Snowy
10

iPhone

13 240 0.25

154

131

164

0.38

0.20

Sunny

461

450

655

0.58

0.67

0.43

Rainy

Canon
EOS 342 1.10
6D

GoPro
Hero 151 0.13
10

Juovajokk Cloudy

iPhone

13 327 0.40

482

341

266

1.33

Sunny

820

624

235

4.65

2.18

0.10

Cloudy

Canon
EOS
6D

GoPro Covered
Hero by Snow
10

Kedkejokk

iPhone
13

Sunny,

Strong

Water
Flow

744

822

594

2.68

1.23

1.22

Cloudy+
Sunny
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3.2.2 Structure-from-Motion

This describes the process which simultaneously deter-
mines camera parameters (also known as the camera
‘pose’) and the 3D spatial location of points in the images,
producing sparse and non-photorealistic 3D point clouds
incrementally. The parameters used to evaluate this step
are:

- SfM: This flag shows if it was possible to successfully
determined the camera parameters (both intrinsic and
extrinsic) and their 3D location for all the images in
the dataset.

— Ground sampling distance (GSD, mm/pix): The GSD
is the distance between two consecutive pixel centers
measured on the target asset. The bigger the value of
the image GSD, the lower the spatial resolution of the
image and the fewer visible details. This metric shows
the average resolution in the image dataset.

3.2.3 Dense point cloud

Each sparse point cloud is then transformed into a dense
3D point cloud using a global pixel-wise image-matching
algorithm [16]. In this context, the “dense” term refers to
the procedure of capturing information from all pixels in
the input 2D image. This contrasts with sparse methods,
where only extracted feature points are considered. The
parameter used to evaluate this step is Dense (point num-
bers). It reports the total number of points generated. It
must be noticed that the original resolution of the images
was used. This to make it easier to compare the impact of
the number of images/pixels on the produced dense point
cloud model.

3.2.4 Mesh

Surface reconstruction algorithms (also known as mesh-
ing) generate a polygonal mesh from a dense point cloud
to recover the “original” surface on which those points lie.
Two different parameters are used to compare the mod-
els:

— Mesh (No. faces/vertices): The total number of poly-
gons fitted to the dense point cloud to recover the sur-
face is reported here.

— Texture Mesh: 3D texturing is the process of adding
textures to a 3D object. This includes creating textures
from 2D images, applying textures to 3D objects,
lighting the scene, and applying final details. The total
number of pixels in the created texture map for the
3D object is reported in gigapixels.

3.2.5 Analysis of the results

It is worth noting that for the following datasets, it was not
possible to register all the images (due to lack of overlap
in the image set) and as a result, a complete 3D model
could not be generated:

—  Edbéacken - Canon EOS 6D Mark II - 2022Winter
- Edbacken - GoPro Hero 10 - 2022 Autumn
— Edbacken - iPhone 13 - 2022 Autumn

Results show (Table 2) that although data collected with
iPhone 13 has higher image quality scores than those ob-
tained from the Canon and GoPro devices, this did not al-
ways generate models with a better mesh or total number

of Gigapixels. It is also seen that all devices were able to
provide good quality data in all cases with models with
comparable accuracy. However, the models generated
with the data obtained using the Canon camera can be
considered as more reliable as the models generated had
high quality in all the cases.

Evaluation of the models can also be performed based on
the geometric accuracy. An example is shown in Figure 5.
The as-built span of the bridge (reported in existing draw-
ings) is equal to 5.50 m while this value is measured as
5.46 m in the model, which corresponds to a difference of
0.90%.

It is interesting to highlight that although for the 2022
winter survey of Edbdcken using the Canon device, a total
of 1122 pictures were collected (more than in any other
survey of that bridge), a complete 3D model could not be
generated. This exemplifies how the overlapping of the
pictures is more important than the actual humber of im-
ages collected.

Figure 5 Length measurement for Jouvajokk bridge (Canon, Winter
2022)

In addition to the previous parameters, the devices were
assessed according to the following characteristics:

— Applicability: Possibility of using the device for all the
surveyed bridges.

—  Portability: Weight of the device.

—  Cost: Price of the device.

— Accuracy: Based in the analysis performed for the
models.

— Duration: Time consumption of inspection.

The evaluation is summarized in Figure 6:

Applicability
5

Accuracy/Resolution

Equipment cost-efficiency

«=@==CANON EOS 6D

«=@==GOPRO HERO 10

=== |PHONE 3

Figure 6 Performance of the equipment used
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Table 2 Evaluation of 3D models

Image Quality

Images Dense Texture
Bridge Device/Survey SfM Score GSD. Total Nl_meer (point Mesh (N_o. (Total
(mean/me- (mm/pix) of MPixels faces/vertices) . f
JPG/RAW dian) numbers) Gigapixels)
Canon EOS 5,631,799 /
5D/2017 Autumn /1095 Y 0.623 22995 197 609 290 2,817,296 8.06
Canon EOS 4,820,405/
60/2022 Autumn 617/617 Y 54/39 0.342 16016 220 353 955 2,412,000 6.98
Edbacken - Canon
EOS 6D Mark II - 314/314 Y 53/40 0.326 8151 174 486 317 3,869,928 / 4.83
1,937,051
2022 Summer
Canon EOS
6D/2022Winter 1122/1122 N 82/74 - - - - -
GoPro Hero 10 -
Edbacken 2022 Autumn 334 N 27/23 ) ) ) ) )
GoPro Hero 3,925,713 /
10/2022 Summer 245 Y 58/39 0.35 5697 176 618 673 1,963,312 3.76
GoPro Hero 2,098,430 /
10/2022 Winter 465 Y 86/74 0.756 10812 143 414 914 1,049,926 4.83
iPhone 13/2022 141 N 392/300 ) _ ) ) )
Autumn
iPhone 13/2022 2,322,384 /
Summer 310 Y 930/689 0.446 3605 111 902 585 1161377 2.42
iPhone 13/2022 4,372,838 /
Winter 784 Y 999/775 0.567 9116 156 895 765 2,191,563 9.13
Canon EOS 11394196 /
6D/2022 Autumn 819/819 Y 235/160 0.496 21260 405 954 656 5,698,051 12.35
Ca”O”SEgigrD/ozz 482/482 Y 145/133 0.571 12512 224 296 919 6,611,265/3,308,693 8.80
Canon EOS 6D Mark
11/2022 Winter 342/342 Y 83/78 0.518 8878 213 751 913 4,258,883/2,131,016 4.56
Juovajokk GoPro H
oPro Hero
10/2022 Autumn 624 Y 79/63 0.536 14509 317 153 173 9,342,176/4,673,823 8.86
GoPro Hero
10/2022 Summer 340 Y 102/89 0.706 7906 183 370 777 4,868,638/2,436,644 5.64
GoPro Hero 151 Y 56/52 1.08 3511 63 161 655 1,338,669 / 670,148 1.88

10/2022 Winter
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Image Quality

Images Dense Texture
Bridge Device/Survey SfM Score GSD. Total Nl_meer (point Mesh (N_o. (Total
(mean/me- (mm/pix) of MPixels faces/vertices) . f
JPG/RAW dian) numbers) Gigapixels)
iPhone 13/2022 235 Y 965/707 0.93 2865 65821 245 1,453,348 / 727,346 1.61
Autumn
iPhone 13/2022 165 Y 2289.3/1991 1.19 2012 45 470 299 1,020,027/510,717 1.07
Summer
'Phor\‘;i;i/rzozz 319 Y 1083/877 0.981 3889 65418 571 1,310,004 /655,706 1.61
Canon EOS
6D/2021 Winter 980/980 Y 394/370 0.514 25439 454 283 151 6,351,621/3,175,026 7.78
GoPro Hero
10/2022 Autumn 812 Y 78/64 0.502 18881 527 100 737 7,980,551/3,992,575 8.05
Kedkejokk C EOS 7,997,989 /
anon ,997,
6D/2022 Autumn 714/714 Y 135/120 0.449 18534 649 956 382 4.003,989 4.03
iPhone 13/2022 5,076,932 /
Autumn 591 Y 2863.8/2460 0.575 7206 388 193 058 2,539,540
Canon EOS 6,548,179 /
6D/2022 Autumn 453/453 Y 54/41 0.266 11759 299 420 031 3,275,051 7.78
Canon EOS 2,257,243/
6D/2022 Summer 154/154 Y 60/47 0.365 3998 103 438 645 1,130,269 3.49
Canon EOS 4,719,539 /
6D/2022 Winter 343/343 Y 64/57 0.281 8904 215 106 526 2,362,466 6.44
GoPro Hero 7,970,898 /
10/2022 Autumn 448 Y 51/41 0.253 10304 298 242 005 3,988,805 8.05
GoPro Hero 2,233,888/
Paunakbacken 10/2022 Summer 131 Y 79/72 0.396 3046 84 230 776 1,118,542 2.68
GoPro Hero 4,268,649 /
10/2022 Winter 268 Y 42/41 0.352 6232 222 087 169 2,136,189 5.37
iPhone 13/2022 5,950,574 /
Auturmn 651 Y 877/641 0.282 7937 268 035 204 2,978,063 6.71
iPhone 13/2022 164 y 913/736 0.362 2000 69 815 642 1,626,056 / 814,166 2.14
Summer
iPhone 13/2022 2,095,664 /
Winter 240 Y 831/708 0.458 2926 124 227 963 1,048,828 2.95
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3.3 Phase 3- Damage detection and changes over
time

Edbdcken Bridge was selected due to availability of a pre-
vious dataset collected during autumn 2017 for the evalu-
ation of damage detection and changes over time. The
time between the surveys is approximately 5 years. Con-
sidering the overall good shape of the bridges, it was not
expected that damage evolution would be detected for
surveys with shorter time between them. It is highlighted
that values of GSD for the 2017 survey were lower than
those of 2022.
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It is noted that results presented here focus on the demon-
stration of the capability of the algorithm to identify evo-
lution of damage over time and not in the development of
the algorithm.

In Figure 7, damage identified (spalling) for Edbacken in
both surveys is presented. From 2017 to 2022 the exten-
sion of this damage increased significantly, and it was eas-
ily identified by the damage detection algorithm [14]. The
identified damage is marked in yellow in the photos. The
capability of the method to determinate changes over time
was also observed for the case of efflorescence’s and crack
development.

Figure 7 Damage (spalling) detection and evolutions for Edb&dcken bridge: a. Autumm 2017; b. Autumm 2022.

4 Conclusions and future research

Results summarized in this paper show that ground-based
photogrammetry is a mature technology that can be used
extensively to perform bridge surveys. It does not require
personnel with high expertise to collect the data required
to develop the 3D models. Therefore, infrastructure man-
agers can instruct part of the personnel, without previous
experience in visual inspection of bridges, to perform the
photogrammetric surveys. Information collected in this
way can then be processed in the office by bridge engi-
neers, which will be able to evaluate the inspected assets.
In addition, the information provided by the models is
highly superior to that obtained by traditional visual in-
spection.

Although the Canon DSLR camera was more reliable in
producing more accurate models, it was clear that a
cheaper and more portable device as the GoPro can pro-

duce similar results. It is highlighted that surveys per-
formed in this way should be followed by the visit of an
experienced surveyor for those cases in which significant
damage is identified.

Further research should be focused on the implementation
of the methodology by training personnel on the use of the
equipment and collection of the photos, and subsequent
surveys of bridges located along national road and rail
lines.
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