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Abstract
In this paper, we tackle the task of replacing labor intensive and repetitive manual inspection of sprayed concrete elements 
with a sensor-based and automated alternative. We present a geometric feedback system that is integrated within a robotic 
setup and includes a set of depth cameras used for acquiring data on sprayed concrete structures, during and after fabrication. 
The acquired data are analyzed in terms of thickness and surface quality, with both sets of information then used within the 
adaptive fabrication process. The thickness evaluation is based on the comparison of the as-built state to a previous as-built 
state or to the design model. The surface quality evaluation is based on the local analysis of 3D geometric and intensity fea-
tures. These features are used by a random forest classifier trained using data manually labelled by a skilled professional. With 
this approach, we are able to achieve a prediction accuracy of 87 % or better when distinguishing different surface quality 
types on flat specimens, and 75 % when applied in a full production setting with wet and non-planar surfaces. The presented 
approach is a contribution towards in-line material thickness and surface quality inspection within digital fabrication.

Keywords  Feedback system · Geometric quality assessment · Depth camera · Digital fabrication · Robotic spraying

Zusammenfassung
Geometrisches Rückkopplungssystem für robotergesteuertes Betonspritzen. In diesem Beitrag schlagen wir ein berührungs-
loses Messsystem für die Form- und Oberflächenkontrolle während des robotergestützten Betonspritzens vor. Es soll die 
durchgehende Automatisierung dieses Herstellungsprozesses ermöglichen, der für das digitalisierte Bauen erforscht wird 
und derzeit noch wiederholte manuelle und visuelle Prüfung erfordert. Als Sensoren setzen wir vier Time-of-Flight Kame-
ras ein, die symmetrisch um die Spritzdüse verteilt am Ende des Roboterarms montiert sind und die einzelnen Abschnitte 
jeweils unmittelbar nach dem Spritzen aufnehmen. Aus den georeferenzierten Tiefen- und Intensitätsbildern werden sowohl 
die aufgetragene Dicke als auch die Oberflächenqualität analysiert. Die Dicke leiten wir durch Vergleich mit einer früheren 
Aufnahme oder dem Entwurfsmodell ab. Die Oberflächenqualität beurteilen wir mit einer Random-Forest-Klassifikation 
ausgehend von geometrischen und radiometrischen Features. Wir erreichen eine Genauigkeit von 87 % oder besser für die 
Klassifikation bei vorgefertigten flachen Proben und 75 % bei Anwendung in einer realen Produktionsumgebung mit nassen 
und unebenen Oberflächen. Der vorgestellte Ansatz ist ein Beitrag zur Automatisierung mittels kamerabasierter Messungen 
im digitalisierten Bauen.

1  Introduction

Recently published research in the field of digital fabrica-
tion demonstrates potential for the architecture, engineering, 
and construction industries, by not only investigating novel 
geometries, new materials, performance and functionali-
ties, but also the fabrication processes themselves and the 
technological developments behind them (Eversmann et al. 
2017; Wangler et al. 2019). Despite sophisticated robotic 
setups which are built to automate the production process 

DGPF

 *	 Valens Frangez 
	 frangezv@ethz.ch

1	 Geosensors and Engineering Geodesy, Institute of Geodesy 
and Photogrammetry (IGP), Stefano‑Franscini‑Platz 5, ETH 
Zürich, 8093 Zürich, Switzerland

2	 Gramazio Kohler Research, Institute of Technology 
in Architecture (ITA), Stefano‑Franscini‑Platz 1, ETH 
Zürich, 8093 Zürich, Switzerland

3	 Fabrication‑ & Material‑Aware Architecture, Academy 
of Architecture, Università della Svizzera italiana (USI), Via 
Alfonso Turconi 36, 6850 Mendrisio, Switzerland

http://orcid.org/0000-0003-4875-1105
http://crossmark.crossref.org/dialog/?doi=10.1007/s41064-022-00219-7&domain=pdf


532	 PFG (2022) 90:531–542

1 3

as much as possible, tasks such as quality inspection during 
and after fabrication still heavily depend on manual work 
carried out by skilled professionals (Mineo et al. 2020). The 
inspection remains a labor intensive and repetitive activity 
that in many cases can be replaced by digital technologies 
available nowadays. The latter starts to get attention in pub-
lished literature, where fabrication setups augmented with 
various sensing systems show potential of in-line process 
improvement via feedback control, as e.g. demonstrated in 
Wolfs (2019), Rodríguez-Gonzálvez and Guidi (2019), Bard 
et al. (2018). In particular, this feedback is relevant in addi-
tive manufacturing applications with cementitious materials 
which are unpredictable and hard to model in their dynamic 
transition from the soft to hard state. This unpredictability 
remains a complex challenge which can jeopardize the visual 
and structural qualities of the fabricated pieces (Wolfs et al. 
2018; Sutjipto et al. 2018). Automatic quality inspection 
to detect and classify manufacturing errors is usually car-
ried out by identifying discrepancies between virtual design 
models and their corresponding as-built structures (Buswell 
et al. 2020). Such way of carrying out inspections promises 
to bring the fabrication field one step closer towards mass 
customization and production (Bard et al. 2018).

Different types of sensor feedback systems exist that can 
support the fabrication process, however, the focus of the 
presented work is on systems that capture and provide vis-
ual as well as 3D information of the objects. In Bard et al. 
(2018), the authors used an RGB camera system and a visual 
feedback loop for the purpose of quality evaluation of plas-
tered surfaces and the acquired data are analyzed using con-
volutional neural networks to identify manufacturing errors. 
Furthermore, Jenny et al. (2020) explored the design poten-
tial of bespoke plastered elements by using a depth camera 
capturing the 3D shape of the plastered objects. A terrestrial 
laser scanner (TLS) was used for evaluating the shape of 
concrete elements produced with shotcrete 3D printing in 
Maboudi et al. (2020). A 1D distance sensor mounted on an 
end-effector was used to capture the height of 3D concrete 
printed layers, information that was then used to keep the 
nozzle at a constant distance from the surface of the printed 
object (Wolfs et al. 2018). Moreover, Kazemian et al. (2019) 
explored not only the nozzle distance from the surface but 
also the width of the layer that is extruded, thus adapting 
the process in a way to reach the desired outcome. Off-line 
concrete damage inspection using TLS and involving surface 
3D feature computation is presented in Hadavandsiri et al. 
(2019), and inspection using TLS intensity image classi-
fication in Zaczek-Peplinska and Osińska-Skotak (2018). 
According to the authors knowledge, the potential of geo-
metric feedback systems is not yet fully exploited and fur-
ther developments are needed, as will be presented in this 
contribution.

Robotic concrete spraying provides the context of the 
research presented herein. One of the research goals is 
to automate the quality inspection task during and after 
fabrication of concrete elements (Taha et al. 2019; Ercan 
Jenny et al. 2021). The evaluation of thickness as well as 
the surface quality of such elements is so far still predomi-
nantly done manually by skilled professionals. E.g. aver-
age thickness is determined by measuring the length of the 
wet-part of a pin that is inserted into the freshly sprayed 
concrete at multiple positions. Furthermore, the surface 
quality and the visual appearance are assessed by sub-
jective judgement of a skilled professional. In this paper, 
we investigated how to replace both manual inspection 
steps, i.e. thickness and surface quality evaluations, with 
digital alternatives. To achieve this, we made use of 3D 
sensors and corresponding data processing tools, such as 
machine learned models as a substitute for subjective qual-
ity perception of a skilled professional. Skill transfer from 
a human to robots via sensory inputs is not a new research 
field, however, it is becoming more and more relevant for 
construction automation and similar applications (Liu 
et al. 2020). In our case, we employed a set of industrial 
depth cameras Helios Lucid to acquire 3D and intensity 
information of the object under construction. The selected 
sensor is suitable for the application at hand, because of 
its comparatively low cost, and fast and accurate acquisi-
tion, which is due to the own illumination source entirely 
independent of the external illumination conditions and 
interferences (Frangez et al. 2021a).

The main contributions of the presented study are: (i) 
we propose a geometric feedback system (GFS) within 
the robotic spraying workflow that autonomously carries 
out the inspection of the thickness and surface quality of 
elements during and after construction. The GFS pro-
vides thickness and surface quality maps that are used by 
the robotic fabrication process to determine the required 
actions for achieving the desired geometry and surface 
quality. (ii) We demonstrate the use of 3D and intensity 
information provided by a set of depth cameras for deriv-
ing the surface quality maps of sprayed concrete samples. 
In this regard, we propose a pipeline of local feature analy-
sis and supervised classifier incorporating different surface 
features and surface types. The data for training and test-
ing of the classifier were obtained from the manual assess-
ment of samples by a skilled professional.

In Sect. 2, we present the GFS and its integration within 
the overall workflow. The surface quality assessment is 
then described in detail in Sect.  3. The experimental 
setup, including the explanation of the individual setup 
components and the measurement process are presented 
in Sect. 4. The results of the presented work are shown in 
Sect. 5. The main conclusions and outcomes of the study 
are summarized in Sect. 6.



533PFG (2022) 90:531–542	

1 3

2 � Geometric Feedback System

2.1 � Workflow

The GFS workflow comprises rules and conditions for 
thickness and surface quality evaluations, production 
operator and 3D depth camera system inputs, and reac-
tion scenarios (i.e. either revision, continuation, or human 
intervention). There are generally four production steps in 
the process of concrete spraying, namely (I) spraying of 
the glass fiber reinforced concrete (GFRC) layer, (II) com-
paction of the GFRC layer, (III) spraying of concrete, and 
(IV) troweling (i.e. spreading and shaping) of the concrete 
(Taha et al. 2019) (see Fig. 1). After each step, the sur-
face can be modified for the duration of the mix-specific 
open-time before the concrete starts to set. Each of the 
subsequent steps can only be carried out, if the produced 
surface in the previous step was sufficiently thick and of 
sufficient quality, i.e. both determined according to the 
design model of the fabricated piece.

The thickness check and the surface quality check are 
carried out for selected production steps and are, therefore, 
the integral parts of the GFS. The thickness check refers to 
evaluating whether enough material is deposited onto the 
surface based on the reference information obtained from 
the design model, and the surface quality check refers to 
evaluating whether the desired surface outcome is reached 
or not based on the surface type classification.

In the thickness check, the comparison between two 
models (e.g. between the design and the scanned surface) 
is a standard procedure which results in spatially mapped 
deviations (see e.g. Buswell et al. 2020 for the use in con-
struction applications). The deviations are grouped into 
three categories, i.e. sufficient, too much, and too little 
material, based on two defined thresholds. The thresholds 
are directly related to the current fabrication setup and 
on-site conditions. The possible reactions to this automatic 
assessment are: (i) when the layer is sufficiently thick the 

process continues, (ii) when the layer is too thick the pro-
cess stops and removal of material is needed, likely requir-
ing manual intervention at the current technological devel-
opment, and (iii) when the layer is too thin more material 
is sprayed. The measured deviations are used to adapt the 
speed and distance of the nozzle to the object to reach the 
wanted thickness. The relations between these parameters 
are determined experimentally. The process of thickness 
evaluation is carried out only after steps I and III, i.e. 
when additional material has been applied. These steps 
and the evaluation are repeated until a sufficient thickness 
is reached in all of the areas. The surface quality check 
does not aim at quantifying the surface quality but clas-
sifying it as desired or undesired. The two outcomes are 
defined based on a skilled-professional’s evaluation. The 
process of preparing training and test samples is explained 
in the following subsection and the way the captured data 
are processed to extract the relevant surface features is 
given in Sect. 3. The surface check is done after steps I, 
II, and IV, and is repeated after each surface manipula-
tion as long as the desired surface quality is not reached 
throughout the whole surface. This decision is based on 
trained classifiers, with one for each decision step, thus 
resulting in three desired and three undesired surface qual-
ity types, in total six. There is no surface check after step 
III, because only a sufficient amount of material has to be 
applied, which is then manipulated in step IV to achieve 
the desired surface quality.

2.2 � Training and Test Samples

There are three groups of samples used in this investigation, 
i.e. manual flat, robotic flat, and robotic irregular samples, 
for the purpose of training, validation, and test of the random 
forest (RF) classifier. For training and validation, we use a 
set of samples produced by a skilled professional in a manual 
way and on a flat base. For testing, we use two robotically 
produced sets, first on a flat and second on an irregular base 
(Fig. 2). The purpose of these three types is to demonstrate 

II. Compact 
GFRC

I. Spray 
GFRC

III. Spray 
Concrete

IV. Trowel 
Concrete
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Fig. 1   Key steps within the GFS workflow process. The legend at the 
bottom indicates the possible outcomes, i.e. sufficient, too little, or 
too much thickness in the case of thickness check, and desired out-

come or undesired outcome in the case of surface check. The surface 
types A-F correspond to the examples shown in Fig. 3
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the transferability of the surface classification developed on 
manual samples onto those produced by the robot, and from 
flat surface samples to irregular ones.

The skilled professional manually produced repre-
sentative sprayed samples using a flat base, following the 
four production steps explained in Sect. 2.1. The profes-
sional made sure enough material is applied as well as 
the desired surface quality is reached. For the sake of the 
analysis, the professional aimed at reaching both, desired 
and undesired surface types, which are then labeled by the 
professional. This group of manually produced flat sam-
ples consisted of 20 different surface samples, i.e. more 
samples for each of the 6 surface quality type class than 
necessary, thus increasing the redundancy. The photos of 
samples and their corresponding depth and reflectance 
images are shown for representative examples of each of 
the surface types in Fig. 3. These surface types serve as 
a quality benchmark for different surface types of each 

production step. The same processing steps as explained 
for the manual samples are done using the robotic setup, 
first on a flat and second on an irregular mould.

3 � Surface Quality Assessment

We processed the depth and intensity images to learn the 
RF classifier by executing the following five steps: (a) data 
correction, (b) label annotation, (c) feature computation, 
(d) supervised learning, and (e) label prediction and post-
processing (see Fig. 4). In these steps, we use the manually 

Fig. 2   Production of manual (a), and robotically sprayed samples (b, 
c). Both, a. and b. are fabricated on a flat bases, while c. is fabricated 
on an irregular one

a b c d e f

Fig. 3   Representative example images of the surface categories A–F (first row), corresponding reflectance images (second row row) and depth 
images (third row). The intensity and depth images shown in this figure are already corrected using the intensity and depth correction functions

Depth and Intensity
Datasets

a. Data Correction

Depth and Intensity
Correction Models

c. Feature 
Computation

b. Label 
Annotation

d. Supervised
Learned Model

e. Label Prediction
and Post-Processing

Fig. 4   Data processing pipeline overview
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sprayed flat samples as the training data. The details of the 
steps are as follows: 

(a)	 Data correction: To eliminate the impacts of the scan-
ning distance and angle of incidence as a result of 
measurement configurations, as well as all the camera-
related inter-pixel variations, the acquired intensity 
images are converted into reflectance images. The latter 
contain only information of the reflecting surface itself 
(Frangez et al. 2021b). For this, we use an intensity 
calibration function which is determined in an inde-
pendent experiment. Additionally, the depth images 
are corrected for all the distance-related systematics 
and inter-pixel related-errors, by applying an estimated 
error compensation function (Frangez et al. 2022). To 
avoid the loss of information by smoothing out the 
smallest surface features the images are not low-pass 
filtered or manipulated in any other way. The output 
of this step is a set of reflectance images and their cor-
responding depth images which are compensated for 
depth errors. An example dataset before and after cor-
rections is shown in Fig. 5.

(b)	 Label annotation: Image labeling is an essential step 
in supervised learning tasks and having high-quality 
input data with annotations determines the quality of 
the learned model. We perform pixel-wise binary label 
annotation (Yao et al. 2016) to each of the 20 datasets, 
by assigning each pixel as desired or undesired. This 
task was carried out using the GIMP software. A result 
of this manual image annotation might be biased, i.e. 
some individual pixels, especially in the border regions 
between different classes, might be labeled as wrong. 
This so-called label noise has a negative impact on 
the prediction accuracy of the model, however, its 

effect can be slightly reduced by label filtering in the 
post-processing. The result of this step are manually 
annotated images, an example of which can be seen in 
Fig. 8a annotated based on Fig. 8b.

(c)	 Feature computation: To exploit geometric properties 
of the scanned surfaces, i.e. features, we perform local 
neighborhood analysis using reflectance and depth 
images. The outcome of this process are feature images, 
i.e. images on which surface structures are represented 
by a set of local feature descriptors extracted from each 
pixel’s neighborhood. Three groups of handcrafted fea-
tures are extracted from the datasets, namely geometric 
profile, geometric areal, and reflectance features. The 
profile features are handpicked from current standards 
in surface metrology, where mathematical surface 
texture is of interest (see e.g. ISO 4287 DIN EN ISO 
4287:2010-07 2010). The areal features are selected 
from a large variety of 3D point cloud features used in 
similar point cloud processing applications (see e.g. 
Weinmann et al. 2014), and are primarily based on the 
eigenvalues of the covariance matrix of the local neigh-
borhood used for computation. Lastly, the reflectance 
features are taken from basic image processing and fea-
ture extraction approaches (see e.g. Hassaballah et al. 
2016), and are primarily aiming to exploit small-scale 
(i.e. sub-mm) features that cannot be captured by the 
geometry of the depth image, due to the accuracy limi-
tation. The decision whether to include all the initially 
selected features is made after assessing the relevance 
and importance of each of the feature types for the 
prediction of the correct label, without increasing the 
redundancy, using the analysis of variance (ANOVA) 
statistical test. Eliminating irrelevant features from the 
computation also reduces the computational complex-

Fig. 5   Acquired intensity image 
(1a) and estimated reflectance 
image (1b). Depth image before 
(2a) and after (2b) correction
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ity for feature computation, making it more suitable for 
a real-time application. For an overview, all the features 
used in this analysis and their corresponding ANOVA 
values are shown in Fig. 6. The subset of relevant fea-
tures is selected based on a threshold of approximately 
0.2, computed using the median of all the ANOVA 
importance values, according to the default imple-
mented in the Sklearn library (Buitinck et al. 2013). 
It can be observed that different types of surfaces can 
be exploited using different types of features and are 
differently important. To assess the level of mutual 
information captured by the three feature groups we 
further perform the correlation analysis between the 
selected subset of feature pairs computed from the 20 
acquired datasets. The results can be seen in Table 1. 
As it can be noticed, the correlation between the 3D 
features, i.e. profile and areal ones (see indication in 
Fig. 6), is high and significantly smaller for the reflec-
tance features, indicating the importance of reflectance 
information in our analysis. To describe local geometry 
at each image pixel (i.e. for profile and areal features), a 
set of points is queried from within a defined 3D search 
radius of the pixel of interest. This optimal radius size 
has to be small enough to allow detection of the finest 
surface details, however, big enough to average out the 
effects of noise present in the datasets (Hadavandsiri 
et al. 2019). The obtained subset of points is then used 
to determine the feature vector of that single point, and 
this procedure is repeated for all the points within each 

dataset. For this, we use 13 different sizes of the search 
radius, ranging from about 2 mm to about 200 mm in 
size. Each of these radii are used to extract the same 
set of features which are then used in the subsequent 
classifier analysis (see step d. for further information on 
the prediction accuracy) to determine which of them is 
able to predict the labels most accurately. Each image 
used in the feature extraction is prior to that padded 
with a number of pixels related to the search radius to 
avoid the errors on the border of the image (Aghdasi 
and Ward 1996). To extract reflectance features from 
the 2D reflectance images, the radius is converted to 
pixels, such that the corresponding kernel size could be 
defined. The procedure is for the rest similar as for the 
3D feature computation explained above. The outcome 
of this step is a set of feature images.

(d)	 Supervised learning: After obtaining the labels for each 
of the pixels (step b.) and the features (step c.), we split 
each image dataset acquired using manually produced 
samples to 70 % training and 30 % validation datasets. 
The training dataset is used in a supervised learning 
process, where we learn the relationship between the 
feature vector of each point and the assigned label indi-
ces. The validation dataset is used to assess the predic-
tion accuracy of the trained classifier. For this task, 
we try out different types of classifiers, namely nearest 
neighbour, support vector machine, and RF classifi-
ers from Scikit-learn Python machine learning library 
(Pedregosa et al. 2011; Speiser et al. 2019). The latter 
performs best in terms of the prediction accuracy using 
the validation dataset and is most efficient in terms of 
the prediction computation time as well, therefore it is 
used in the next steps of the presented analysis. Pre-
diction accuracy based on the validation dataset used 
herein is defined as the ratio of correctly labeled pixels 
with respect to all the pixels for each label class, aver-
aged over the total number of classes within the dataset 
(Fooladgar and Kasaei 2020). We use a randomized 
search on hyper-parameters to determine the optimal 
set of them to increase the classifier performance. As 
an alternative approach to classification, deep learning 
could be considered. This may be beneficial, because it 

  R
MSE

   
Z-

Co
or

d 
ST

D

   
 S

ph
er

ici
ty

   
   

So
be

l 

   
   

Ope
ra

to
r

   
  R

ef
l. 

ST
D

   
 E

ige
ne

nt
ro

py

   
An

iso
tro

py

   
 O

m
ni
va

ria
nc

e

Fe
at

u
re

 I
m

p
or

ta
n
ce

 S
co

re

1.0

0.0

0.25

0.5

0.75

Sk
ew

ne
ss

Ku
rto

sis

Sl
op

e

Lin
ea

rit
y

Pla
na

rit
y

Lo
G

HoG

Profile Features Areal Features Reflectance Features
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Table 1   Correlation values 
between different features used 
in the presented analysis. The 
shown features are the selected 
subset from those shown in 
Fig. 6

Z-Coord STD Sphericity Omnivariance Anisotropy Eigenentropy Refl. STD Sobel

RMSE .61 .77 .82 − .77 .04 .57 .28
Z-Coord STD .64 .66 − .64 .21 .36 .16
Sphericity .91 − 1.00 .05 .52 .26
Omnivariance − .91 − .02 .69 .35
Anisotropy − .05 − .52 − .26
Eigenentropy − .18 − .16
Refl. STD .57
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allows exploiting more salient features than the hand-
crafted ones used herein. However, we did not have 
an opportunity to provide enough training data, and 
did not pursue this approach further, therefore. The 
results of the prediction accuracies for the validation 
dataset for each of the three steps are shown in Fig. 7. 
The accuracies are shown in relation to the size of the 
search radii. We can observe that the optimal sizes for 
each of the three classifiers are on the level of approxi-
mately 15 mm. Furthermore, we show prediction accu-
racies per label class for each of the three classifiers 
for the optimal search radius (see Table 2). Each label 
class prediction accuracy is on the level of about 80 % 
or better with not many false positives (FP) (i.e. pixel 
being labeled as undesired outcome, when in reality 
being desired outcome) or false negatives (FN) (i.e. 
pixel being labeled as desired outcome, when in real-
ity being undesired outcome). Overall, we are able to 
reach 87 % of prediction accuracy using the validation 
dataset. We further report precision and recall values, 
as well as the percentage of FP and FN predictions for 
each surface type in Table 3.

(e)	 Label prediction and post-processing: The output of 
this step is a probability of each of the possible labels, 
out of which the most likely one is selected (see Fig. 8c, 
d). The spatial distribution of estimated labels usually 
exhibits a certain level of variation and is not smooth, 
e.g. a different label within a neighbourhood of many 
same labels is likely wrong. To improve the results, 
the label images can be filtered/smoothed using dif-
ferent filters that perform similarly well (Schindler 
2012). For this task, we select the bilateral filter, i.e. 

a non-linear filter, where each pixel within the used 
filter kernel influences the central pixel by not only its 
spatial distance to it, but also by the difference of the 
labels within the kernel (Tomasi and Manduchi 1998). 
This results in stronger filtering within homogeneous 
neighborhoods and weaker one when a lot of disconti-
nuities occur. The filtering improves the results in terms 
of smoothing the boundaries, however, also in terms 
of prediction accuracy from 3 % to 5 % for each of 
the three classifiers. The labeled images are then used 
to filter out patches that are smaller than the footprint 
area of the spray, trowel, or roller tools used in fabrica-
tion. This is done by searching the image for contours, 
computing their corresponding enclosed areas, and 
then filtering out those that are below the threshold. 
The purpose of this is to smooth out the small varia-
tions that are not possible to correct with the particular 
setup and tools used (see Fig. 8e), however, this deci-
sion depends on the operator of a particular setup. The 
comparison between the finally predicted labels and the 
judgement of a skilled professional is shown in Fig. 8f, 
for true, FN, and FP predictions. The outcome of this 
particular step are surface quality maps, which are then 
used in the GFS process.

Fig. 7   Class prediction accuracy on the validation dataset with 
respect to the size of the search radii used for feature computation for 
each of the three classifiers

Table 2   Confusion matrices for each of the three classifiers. The values per row might not add up to exactly 1, because of rounding. The surface 
types A–F correspond to the examples shown in Fig. 3

Spray GFRC Compact GFRC Trowel Concr.

A B C D E F

A .99 .00 C .79 .21 E .92 .07
B .04 .96 D .14 .85 F .12 .87

Table 3   Precision and recall values, as well as the percentage of FP 
and FN predictions for each surface type (see Fig. 3 for the surface 
types A–F

Type Precision Recall FP FN

A .88 .94 .04 .02
B .91 .85 .03 .03
C .92 .99 .02 .01
D .99 .96 .01 .01
E .94 .82 .03 .03
F .79 .90 .08 .05
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4 � Experimental Setup

4.1 � Setup Components

There are two main components of the fabrication system, 
namely (i) a robotic arm, with a digitally controlled concrete 
spraying nozzle (CSN), and (ii) a set of depth cameras as 
a part of the GFS located on the robot end-effector. The 
CSN component is responsible for the spraying of concrete 
and GFRC. The task of the GFS component is to provide 
3D information of the structure under fabrication by 3D 
imaging of the surface and complementary data processing, 
then feeding it to the digital control unit of the CSN. Based 
on this, a certain robot movement is performed, such that 
material is adaptively applied on the constructed object. The 
core component of the GFS is a set of four industrial depth 
cameras Helios Lucid mounted on the end-effector. They 
are placed in specially designed IP67 certified enclosures 
that protect the optical system from any flying concrete par-
ticles that could potentially damage the cameras. The rel-
evant specifications of the depth camera system are given in 

Table 4. The components used in the robotic spraying pro-
cess are shown in Fig. 9. The central element is the robotic 
component, i.e. an industrial robotic arm ABB IRB4600, 

Fig. 8   Manually annotated 
labels (a), depth image of 
the surface sample used for 
annotation (b), estimated labels 
based on the model prediction 
(c), probability values for class 
desired outcome (d), filtered 
labels (e), and correctness map, 
indicating true, false positive 
(FP), and false negative (FN) 
prediction of labels (f)

Depth 
Camera 
System

ds

Depth
Camera 

FoV Cone

CSN

CSN 
Spraying

Cone

Robotic
Arm

Workpiece

dn

dc

Fig. 9   Robotic setup with marked relevant components. dc is the 
scanning distance, dn is the distance of the digitally controlled con-
crete spray nozzle (CSN) to the object, and ds the spraying cone 
diameter



539PFG (2022) 90:531–542	

1 3

which has a specified pose repeatability of 0.06 mm and 
pose accuracy of about 0.5 mm (ABB Robotics 2020), 
placed in an industrial concrete spraying facility.

4.2 � 3D Data Acquisition

An aspect to consider when scanning objects with depth 
cameras is the scanning distance, in this relation, the field 
of view (FoV), and the achievable resolution of scanning at 
that particular distance. The resolution capability of a point 
cloud decreases with the distance, as presented in the study 
of resolution capabilities for TLS in Chaudhry et al. (2021). 
Scanning at closer distances, however, sacrifices the size of 
the area of the captured object part. Nevertheless, this aspect 
was taken into consideration when designing the camera sys-
tem to make use of four cameras without compromising an 
increase in the overall acquisition time. The scanning dis-
tance is fixed at approx. 40 cm to the object, thus covering 
1000 cm2 (Frangez et al. 2021a). With such configuration, 
we are able to distinguish surface topographic features that 
are larger than approximately 1 mm, a value determined 
based on the double the pixel area covering the object at 
scanning distance and as inspired by the Nyquist-Shannon 
sampling theorem. E.g. this value increases approximately 
linearly to 3 mm for a distance of 100 cm. The object is fully 
scanned from multiple views using various robot poses. The 
direct georeferencing of each individual dataset is achieved 
using the robot pose information as well as the hand–eye 
calibration parameters. These parameters give information 
about the translation and rotation between the tool center 
point (TCP) and the coordinate origin of each respective 
depth camera (see Frangez et al. 2021a for more informa-
tion). All the acquired datasets are directly georeferenced to 
the robot base coordinate system, which is selected as the 
common coordinate system.

The data acquisition is done in a consecutive manner, i.e. 
once each of the production steps is completed, the surface 
is acquired at robot poses, which are calculated adaptively 
based on the object’s geometry to cover the whole structure 

(see Frangez et al. 2021a for more information on the robot 
trajectory estimation). To reduce the noise in the datasets the 
acquisition is done in a stop-and-go way, i.e. the robotic arm 
is stable during the acquisition of 30 frames (i.e. 1 s in total 
per acquisition), before it continues to the next pose. The 
30 frames are used for averaging to obtain a single dataset, 
i.e. a depth and an intensity image per acquisition. The first 
provides 3D geometric information of the object and the lat-
ter capture the power of the returned signal incorporating the 
radiometric properties of that same scene. An independent 
test is conducted to assess the impact of the camera enclo-
sure on the noise, using a plane at a fixed distance, once with 
and once without the enclosure. The noise increases by 5 %, 
which is considered negligible and is still well within the 
specified precision of the depth cameras used herein (Lucid 
Vision Labs 2019).

The data are acquired using freshly produced concrete 
surfaces, therefore, understanding the implications of this on 
the quality of the acquisition is necessary prior to using the 
data in the analysis. The effects of measuring wet concrete 
surfaces were pointed out in the recent published literature 
for TLS applications (Suchocki and Katzer 2018; Garrido 
et al. 2019). As shown, the effect of the thin water layer on 
top of the concrete affects the NIR laser pulse in two ways, 
namely it causes (i) internal reflections and absorption of 
pulses within the layer of water, reducing the returned pulse 
power, and (ii) an increase of specular reflection of the laser 
beam and a reduction of diffuse one. An experiment is con-
ducted to assess the impact of concrete wetness on the meas-
urement noise in our setup. We measure the same quasi-flat 
surface of concrete, once immediately after spraying, i.e. 
wet, and once after curing, i.e. dry, in a quasi-perpendicular 
configuration. We assess the measured reflectance and the 
deviation with respect to a plane fit with results shown in 
Fig. 10. The results indicate agreement with the published 
research, meaning the reflectance of the wet surface is lower 
than that of the dry surface. Furthermore, the deviations 
slightly increase overall, but predominantly in the center of 
the image, i.e. the part that was scanned with nearly orthogo-
nal angles of sighting within the range of approximately 10◦ . 
The latter effect is likely caused by the specular reflection, 
which in turn very likely caused saturation of the individual 
pixels within the acquired depth image. Our proposed solu-
tion to dealing with this effect is rather practical, i.e. scan-
ning the same surface from two views, such that we are able 
to combine the two datasets by merging them into one, and 
filter out parts that were observed at sighting angles smaller 
than 0◦ . In this way, we are able to largely mitigate the effect 
of wet concrete onto the depth camera measurements and 
therefore obtain quality data for the subsequent analysis.

Further aspects to consider when performing depth 
camera measurements in industrial environments are pre-
dominantly related to the external temperature and its 

Table 4   Selected specifications of the depth camera system (Lucid 
Vision Labs 2019); accuracy defined as measurement difference to 
the judgement of a skilled professional, and precision as measurement 
repeatability. FoV stands for field of view

FoV 59◦ × 45◦

FoV Area 0.1 m2 @0.4 m
Resolution 640 × 480 pixels; 0.3 MP
Range 0.3 m to 6.0 m
Accuracy ±5 mm for up to 1.5 m
Precision 0.5 mm (<0.5 m)
Acquisition rate 30 fps
Enclosure glass AR BK7 (suitable for 850 nm �)
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fluctuations. The outcomes of the research in Frangez et al. 
(2022) indicate that when external temperature fluctua-
tions are within 2 ◦ C, all the depth measurement errors are 
expected to stay within 1 mm. The temperature effect on 
the measurements is predominantly related to the induced 
mechanical and electrical variations in the camera sensor. 
Based on this findings, special care is taken within the pro-
duction facility to assure such measurement conditions. If 
this is not possible, it is advised to perform a proper tem-
perature compensation on the dataset by an independently 
determined correction function.

5 � Results

The output of the GFS is a set of thickness and surface qual-
ity maps, which are projected onto a 3D point cloud (see 
examples in Fig. 11). These 3D point clouds with the two 
additional sets of information are passed on to the digitally 
controlled CSN component, which executes the needed fab-
rication actions. Because the 3D datasets and their corre-
sponding maps are given in the robot base coordinate system 
(as enabled by the carried out hand-eye calibration proce-
dure briefly explained in Sect. 4.2), the estimation of robot 
poses necessary for the action’s execution can be directly 
estimated based on the dataset.

The prediction accuracy results are for the three datasets, 
i.e. manual flat, robotic flat, and robotic irregular samples, 
given in Table 5, for each of the three classifiers. These 

accuracies correspond to raw image labels without any label 
filtering applied. In case filtering is carried out (e.g. using a 
bilateral filter kernel), slight improvement in accuracy can 
be expected. As was the case for the manual flat samples, 
the surface type labels are provided by a skilled professional, 
such that we are able to evaluate the accuracy of our predic-
tion. As observed, the accuracies slightly decrease when the 
labels are predicted on datasets acquired on wet flat surfaces 
that exhibited more noise than those acquired on dry sam-
ples. Further on, when applying the classifiers to the datasets 
acquired on irregular surfaces, the prediction decreases fur-
ther, on average reaching approximately 75 % or better. The 
main reason for the accuracy decrease is primarily related to 
the highly irregular mould shape, i.e. sharp peaks and deep 
valleys, of the base that was used for spraying, which influ-
enced the application of concrete. Nevertheless, the results 
are sufficiently good for the presented implementation of the 
automatic inspection and show high potential for the adop-
tion in the production workflow.

By incorporating the presented GFS within the auto-
matic production workflow of robotic spraying, we are able 
to carry out the inspection process with the sensor system 
capturing relevant information, and thus heavily reduce the 
dependence on the human in the loop. In terms of thickness 

50 cm

a

b

c

Fig. 10   Histograms showing (a) deviations with respect to a plane fit 
and (b) reflectances (see Sect. 3 for explanation of how it is obtained 
using intensity information), of a the wet and dry surface. Cross-sec-
tions (c) of two point clouds, one acquired on the same wet (colored 
green) and dry (colored red) surface

0.5 m

Desired 
Outcome 

Undesired 
Outcome 

Too Much

Too Little

a

b

Fig. 11   Example result showing a 3D point cloud with the projected 
thickness map (a) and surface quality map (b). This shown dataset 
consists of eight individually acquired depth camera sets that are 
directly georeferenced to the robot coordinate system based on robot 
pose information

Table 5   Prediction accuracies on data acquired on manually produced 
samples (validation dataset) and robotically produced samples on flat 
and irregular surfaces for each of the three classifiers

Classifier step Manual sam-
ples

Rob. flat sam-
ples

Rob. Irr. 
samples

I. Spr. GFRC .96 .92 .86
II. Com. GFRC .82 .80 .75
IV. Trow. Concr. .89 .86 .80
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inspection, we are able to identify areas where a corrective 
action is needed and determine quantitatively how much 
material has to be either deposited or scraped, in comparison 
to the very subjective nature of the human judgement. This 
allows for more accurate and targeted material deposition, 
thus increasing the sustainability of the process, without 
introducing redundant material deposition on the work-piece 
or waste. Furthermore, taking into account how labour inten-
sive the inspection task is, it cannot be performed indefi-
nitely by the human, while this can be the case for a robot. 
This in turn can have direct influence on the fabrication time, 
thus increasing the efficiency of the process and decreas-
ing the amount of manual labour and thus the total produc-
tion cost, especially in the long run when many pieces are 
produced.

The acquisition of a single image takes approximately 5 s, 
including the robot movement to the desired pose. The data 
processing of one image takes about 15 s for thickness evalu-
ation and 20 s for surface quality using a Python script and a 
computer with 32 GB RAM, Intel Core i7-8086K CPU and 
4.01 GHz. This performance is currently sufficient for the 
spraying process, since the time windows between the pro-
duction steps and the time until the sprayed concrete starts 
to set, are on the level of 30 min. Performance optimization 
is possible if needed, e.g., through code optimization, paral-
lelization and hardware upgrade.

6 � Conclusion

In the paper, we presented an investigation on how 3D and 
intensity information provided by depth cameras can be 
used to automatically assess the surface quality as well as 
thickness of sprayed concrete elements. In particular, we 
proposed a pipeline incorporating local feature analysis and 
supervised classifiers, that incorporates different surface fea-
tures and surface types, with the latter defined by the subjec-
tive judgement of a skilled professional. Further on, we have 
designed a geometric feedback system (GFS) that supports 
the robotic spraying process by outputting thickness and sur-
face quality maps projected onto 3D point clouds.

In terms of surface quality, we were able to reach a pre-
diction accuracy of about 85 %, using data from dry, man-
ual flat surface samples. When the developed classification 
scheme was applied to robotically produced surfaces, the 
accuracy decreased to about 75 % or better, using data from 
wet, robotic irregular samples. We consider these results 
nevertheless as very good, since they indicate a great poten-
tial for further research in automatizing of surface inspection 
tasks.

The work presented in this paper is a contribution towards 
automatic inspection of concrete-sprayed work pieces. We 
presented a way of replacing subjective, slow, and costly 

human assessment by a fully sensor-based and automati-
cally operating system. When implemented, it can increase 
the efficiency of the process, reduce costs, as well as reduce 
material waste of the process overall. The material deposi-
tions and surface treatment actions are targeted and based 
on quantitatively determined values which are reproducible 
and reliable, in contrast to subjective judgment of a skilled 
professional.

We are convinced that depth cameras are well-suited base 
sensors for such applications. Nevertheless consideration on 
incorporating other sensors, such as, e.g. RGB cameras or 
structured light scanners should be given in future analy-
sis. The development presented in this paper was embed-
ded in an interdisciplinary research project, and certain 
choices were dominated by specific needs and limitations 
of other project parts. Nevertheless, the proposed approach 
and solution can be applied to other construction processes 
as well with some adaptations which are important future 
work anyway. These are particularly, (i) the development of 
surface quality benchmark data, and (ii) strategies to react 
to unforeseen errors during fabrication. In this respect, one 
should aim to reduce the uncertainty resulting from human 
assessment by training the classifiers using the assessment 
of various professionals rather than only one. Moreover, the 
future research should allow for a design of desired surface 
types and aim at classifying relative to that design rather 
than classifying based on a given set of positive and nega-
tive samples. Additionally, to improve the prediction accu-
racy, further exploration on the relevant features that would 
even more deeply exploit the surface geometries of samples, 
should be carried out.
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