








Figure 3: Test secimen with grid paper and Hilti PS 1000
X-Scan during scanning.

embedded. The permittivity of concrete has a range of ap-
proximately 4 to 14 depending on the moisture of the spec-
imen. Thus, setting the permittivity correctly has a major
impact on the results of the processed 3D data. In the Pro-
ceq GPR app, tags can be used to identify reinforcement
or the back face of the specimen, thus facilitating a precise
calculation of permittivity. In Figure 4, the back face tag
can be seen along with the envelope curve. In terms of
depth, the tag can be set by visually identifying the ampli-
tude peak in the amplitude spectrum on the left-hand side.
The envelope curve can then be visually adjusted. Setting
the back face results in a permittivity of 12.1 for this spec-
imen, a reasonable result.

Figure 4: Tag of back face with envelope curve.

Based on the parameters set, different views and a 3D vi-
sualization of the reinforcement detected can be used to
further refine the GPR data. However, a direct export of
the 3D surface model from the Proceq GPR app is not pos-
sible. Thus, the data are exported in the SEG-Y format for
further processing in the GPR Slice software !. This appli-

"https://www.gpr-survey.com/

cation offers a variety of tools for filtering, interpolating,
and 3D visualisation of the data. A surface model is ex-
ported and used in 3D reconstruction.

Similarly, HILTI offers Profis detection software 2 to ex-
port a 3D surface model. However, the functionality is
limited to a method to refine the mesh surface model fol-
lowed by a 3D export. The main limitation here is that
the upper layer of the reinforcement can be exported only,
whereas GPR Slice offers full flexibility of processing and
exporting the 3D data.

Although the workflows described are fairly different, a
3D surface model can be retrieved in a mesh representa-
tion that can then be used for 3D reconstruction of the re-
inforcement.

3D reinforcement reconstruction
Reference 3D model and data alignment

The reference model is created on the basis of two indepen-
dent measurement campaigns. On the one hand, the posi-
tion of each reinforcement rod is measured manually after
the rebar cage had been produced. At each intersection,
the rebar is fixed using wire; thus the reinforcement cage
produced is rigid in itself. The coordinates measured man-
ually and the diameter are then transferred into a table and
exported as a CSV file. This file is used to automatically
create 3D reinforcement objects using IfcOpenShell3.
After installing the reinforcement in the shuttering, a laser
scan was acquired using a Leica MS 60. The point cloud
was used to mitigate any errors in the manual measure-
ments and adjust the position with reference to the shutter-
ing. The second step is critical, as the shuttering defines
the outer surfaces and edges of the test specimen.

In a real-world application, the GPR scan must be aligned
with the BIM model acquired through a scan-to-BIM
pipeline. As suggested by Xiang et al. (2023), a common
solution is to use markers as reference points. As the GPR
scan requires a grid paper, a marker placed on the grid pa-
per (see Figure 3) can be used to support the alignment
of the GPR scan and the overall 3D data. As a second
paradigm, the GPR scan could be aligned with the object’s
surface.

Although this is a practical solution, a different approach
was used in this study. As a rebar reference model is avail-
able, the 3D rebar surface model is aligned with the refer-
ence model using the Iterative Closest Point (ICP) algo-
rithm (Rusinkiewicz and Levoy, 2001). This eliminates
errors resulting from the marker-based alignment proce-
dure and demonstrates the maximum accuracy that could
be obtained.

In Figure 5, the aligned 3D points retrieved from HILTI PS
1000 and the processing pipeline are shown together with
the reference 3D model as a mesh representation. The ref-
erence BIM model provided in the IFC format is converted

’https://www.hilti.de/content/hilti/E3/DE/de/
engineering/software/detektion-detection-profis.html
3https://ifcopenshell.org/



into a mesh representation. CloudCompare (Girardeau-
Montaut, 2020) was used to calculate the cloud-to-mesh
distance, which is displayed as a colour scale.

Figure 5: Test specimen 1 3D points with reference rebar model.

Cylinder fitting

The main task in 3D reconstruction is to approximate the
set of unstructured 3D points by fitting geometric prim-
itives. Reinforcement bars can be best approximated by
cylinders. When a cylinder is fitted to a reinforcement bar
in the point cloud, the parameters retrieved (axis, centre
point, radius, length) can be subsequently used for auto-
mated BIM authoring. Primitive fitting inherently helps to
avoid considering outliers and noise in the reconstruction
step.

Kaiser et al. (2019) give a comprehensive overview of
primitive fitting methods. One of the most popular ap-
proaches to primitive fitting is RANSAC shape detection.
The basic principle is to randomly sample a number of
points that define the respective geometric primitive. The
deviations from the point set are calculated, and previously
defined limits help to determine whether the fitted primi-
tive can be accepted. RANSAC has a strict filtering side
effect, which is beneficial to the accuracy of reconstruc-
tion. Beyond that, Kaiser et al. (2019) argue that RANSAC
based methods are robust to outliers. The Hough transfor-
mation creates a collection area based on a set of param-
eters where similar geometric shapes meet. This area is
divided into uniform sections, and each piece of data con-

Figure 6: Test specimen 1 cylinder fitting from Proceq GP 8000
data.

tributes to the voting for each geometric shape with which
it aligns. The set of parameters that receives the most votes
indicates the object that most accurately represents the
given data. The main limitations are that the Hough trans-
formation can be memory consuming and computationally
expensive in the three-dimensional space, as the parame-
ter space needs to be discretised. Similarly to RANSAC
, in primitive-driven region-growing approaches, random
seed points are initially selected. Adjacent points’ features
including colour, depth, or normal are then analysed to de-
termine if the points observed can be assigned to a prim-
itive. Compared to RANSAC, the filtering effect is less
strict as there is no distance-to-primitive limit in region-
growing approaches. Even slight curves in a plane prim-
itive could be preserved in the segmented points. Kaiser
etal. (2019) argue that region-growing methods are not ro-
bust when applied to incomplete data. This is intuitively
evident, as the expansion of a region will terminate when
no adjacent points are found, thus failing to retrieve the
complete primitive and correct parameters.

Based on the study of Kaiser et al. (2019) and our expe-
rience in developing 3D reconstruction methods, efficient
RANSAC as proposed by Schnabel et al. (2007) is selected
as the primitive fitting algorithm for rebar reconstruction.
Despite its advantages, setting the input parameters for a
set of unseen data remains a challenge. However, only the
correct input parameters allow the fitting to proceed and
provide high accuracy. Thus, the input parameters, along
with a strategy to set them, will be discussed. In this study,
we will stick to the parameters’ naming as it was chosen
in CloudCompare Girardeau-Montaut (2020), a software
that implements the efficient RANSAC algorithm.

The first input parameter to set is the minimum number
of support points per primitive. In this case, the parame-
ter name is indicative of what it controls, that is, the mini-
mum number of points per primitive. By setting this value,
primitives with a too small number of points will not be
accepted during the iterative fitting process, resulting in
an accurate number of primitives avoiding reconstruction
artefacts. During our experiments, a formula could be de-
rived empirically to estimate this parameter, where 7,
denotes the minimum number of support points, 7,y de-
notes the total number of points, and np,s denotes the
number of reinforcement bars suspected in the data.

Mo = 0.4 5 —tetal )
Npars

Obviously, np,,s might be difficult to estimate on unseen
data. However, a rough estimate can still be found based
on knowledge of structural engineering and the type of
component. In any case, an estimate can be derived from
a visual inspection of the unprocessed 3D GPR data.
The second parameter e denotes the maximum distance
to the primitive, i.e. the maximum distance from the ini-
tial primitive that a point may have to be considered as
an inlier. Setting e too low might result in multiple re-
constructed cylinders of one real instance. An empirical



study on the influence of the parameter setting reveals that
a value of e in the diameter range of the reinforcement bar
yields the best results in the GPR data.

The third parameter to set is the sampling resolution b.

This parameter controls the maximum distance of the . . .
P Table 1: Evaluation of the as-is and reconstructed diameter.

primitive inliers. As mentioned above, RANSAC has a fil- The reconstructed diameter is presented as the mean of all
tering effect. In terms of depth, this effect is controlled by reinforcement bars present.
setting b. A lower value of b causes the algorithm to ex- Specimen 1 reinforcement bars
clude areas of lower point density from the primitive, or Layer %) Hilti Proceq
vice versa. Again, b can only be set based on an estimate [mm] [mm] [mm]
of the density of the 3D data to be processed. 1 16 21.79 59.53
With the given parameters, the correct number of cylinders 1 20 21.88 66.64
can be fitted to the data, as Figure 6 reveals. A rigorous 2 16 26.91 43.10
evaluation of the reconstruction result will be presented in 2 20 27.99 58.85
the Results evaluation section. Specimen 2 reinforcement mat
However, some errors in the reconstruction may still occur. Layer 1%} Hilti Proceq
Some examples and mitigation strategies will be presented [mm] [mm] [mm]
in the following section. 1 6/15cm 22.35 36.98
Refinement 1 6/25cm 25.90 43.72
2 6/15cm 19.32 36.09
Despite carefully setting the RANSAC input parameters, 2 6/15cm 20.90 29.85

reconstruction errors may still occur (see Figure 7). Two
main issues were commonly encountered. Either two ad-
jacent cylinders have been fitted that share approximately
the same centre axis or overlapping cylinders have been
fitted, where one can be considered an artifact. Erroneous
cylinders can in both cases be identified by comparing the
centre axes’ direction and the euclidean distance of the end
points. Although a straightforward option could be to just
merge adjacent cylinders with the same centre line or just
removing the smaller intersecting cylinder considered as
an arterjaCt' However, for' a more ,accur.ate Teconstruction, Table 2: Evaluation of the average distance of the reconstructed
an efficient RANSAC cylinder fitting with changed param- rebar and the reference rebar geometry.

eters is again performed to better fit a cylinder.

Specimen 1 reinforcement bars

Results evaluation Hilti PS 1000

Layer Mean [mm] Std. dev. [mm]
In line with the scope of this study, the results were eval- 1 388 572
uated on two criteria. First, the diameter recovered dur- o) 596 6.56
ing reconstruction will be compared with the actual diam- Proceq GP 8000
eter. The general accuracy of the reconstruction is evalu- Layer Mean [mm] Std. dev. [mm]
ated by calculating the distance between the reconstructed 1 3410 1321
bar and the reference bar. As the reconstruction has been 2 19.61 11.17

performed on the HILTTPS 1000 and Proceq GP 8000 data
sets, both reconstructions can be compared in terms of di-
ameter and overall accuracy. Note that per test specimen,

Specimen 2 reinforcement mat
Hilti PS 1000

the average diameter is reported on two layers of reinforce- Layer Mean [mm] Std. dey. [mm]
ment and for type of reinforcement bar individually. For 1 9.59 3.51
the reinforcement mat, the layers and distance of the in- 2 8.15 3.97
dividual bars are reported to assess whether the distance Proceq GP 8000
of the bars causes a significant effect. The notation, e.g., Layer Mean [mm] Std. dev. [mm]
6/15 cm, denotes the bar diameter in millimetres and the 1 19.02 9.12

2 15.17 9.88

distance of the bars in centimetres.
On a general level, the diameter reconstructed with a

minimum deviation of 1.88 mm (Specimen 1, Layer 1
@ 20 mm)is far fromaccurate(seeTable 1).Tothisend , providinganaccuratediameterischallengingduetotechnicalrestrictionso f GPR.C
The second evaluation was performed by calculating the
Euclidean distance of the reconstructed and reference ge-
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Figure 7: Reconstruction errors. Left: raw data with reconstructed cylinders. Middle: intersecting cylinders. Right: adjacent
equi-directional cylinders.

Figure 8: Cloud-to-mesh distance of reference and
reconstructed reinforcement bars. Test Specimen 1, Hilti PS
1000 X scan.

ometry (see Table 2). To this end, a point cloud was sub-
sampled on the reconstructed geometry that was then used
to calculate the euclidean distance point-wise. Generally,
the mean distance of the reference and reconstructed rein-
forcement bars obtained from the HILTI PS 1000 data is
considerably lower than that of the Proceq GP 8000 data
(see Table 2). This is consistent with the fact that the av-
erage diameter of the reconstruction of the Proceq data is
considerably larger (see Table 1).

Discussion and conclusions

The mean distance of the HILTI PS 1000 reconstruction
clearly reveals that the reconstruction accuracy is usable to
deliver a BIM model of the bar with a sufficient accuracy.
A visual inspection (see Figure 8) reveals that the deviation
is the result of slight misalignments and an overestimation
of the diameter when comparing the reconstructed and ref-
erence geometry. This leads to the conclusion that the data
obtained from the GPR can be used to reconstruct the lo-
cation of the reinforcement bars inside the concrete sam-
ples but are not accurate in terms of diameter. The Proceq
GP 8000’s diameter accuracy is less accurate, the location,
however, can be considered appropriate. To this end, the
device manufacturers do not specify a diameter accuracy
achievable and even state that GPR scanning with the de-
vices used will not be accurate in terms of the diameter
retrieved but can indicate the position of the rebar.

In this study, the reconstructed rebar was aligned with the

reference model. This is impractical in a real-world ap-
plication as no reference rebar model might be available.
In a future study, a marker-based alignment shall thus be
implemented and tested to evaluate the accuracy of recon-
struction in a more realistic scenario. The approach con-
sidered would incorporate marker systems on the grid pa-
per providing a reference of the grid and thus the 3D re-
constructed data with reference to the marker positions.
By conventional surveying techniques, the markers’ posi-
tions would then be acquired with reference to the BIM
coordinate frame. This alignment method is applicable to
newly reconstructed or existing BIM models.

To accurately determine the diameter of the reinforcement
bars in the concrete specimen, two options can be consid-
ered. A non-destructive option is to use dedicated devices
to measure the diameter of the bar and the concrete cov-
erage, for example, the Proceq Profometer 4 or other com-
parable devices. As a destructive option, the rebar can be
uncovered, revealing the diameter of the rebar.

In the civil engineering domain, any information is critical
to perform structural assessments, e.g., for reuse and al-
teration or the preservation of components as a whole. To
this end, even the location of the rebar is helpful. Provid-
ing this information aligned with a BIM model has the po-
tential to really increase the efficiency of structural health
assessment. However, our method cannot still accurately
provide the concrete coverage and diameter of the rebar,
which will be subject to future research. This aligns with
the need to test the method in practical application. Com-
pared to manual rebar modelling, it would be interesting to
evaluate the potential savings in time and cost by further
highlighting the practicality of the approach. To further
enhance practicality, the size of the scanned area can be
further increased with custom grid papers when using the
Proceq device.
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