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Surface finish classification using depth camera data 
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A B S T R A C T   

We propose a novel approach for surface finish classification of digitally fabricated structures using an industrial 
depth camera. Data collected at different viewpoints are jointly processed to derive the spatial distribution of 
features describing the reflectance, which is in turn related to the surface finish. The features can be used to 
classify the surfaces according to their finish e.g., for assessing the homogeneity or conformance. We apply the 
method to four sprayed plaster specimens of similar visual appearance but different roughness. Using nearest 
neighbor classification we achieve an accuracy of 97% for the plaster samples. The approach is a contribution 
towards real-time quality inspection in digital fabrication.   

1. Introduction 

The last few years have seen a rapid growth of interest in robotically 
assisted construction,1 where established construction processes are 
being automatized and digitized with the aim of replacing human labor 
with robotic tools in design, fabrication, assembly, and maintenance 
tasks [1]. One of the major challenges is to establish methods for auto
matically inspecting the quality of the fabricated structures [2–5]. 

Robotic spraying of concrete or plaster is a technique for digital 
fabrication that will largely reduce the need for expensive single-use 
formwork, increase productivity and enable mass production as well 
as production of bespoke elements. The quality of the produced struc
tures does not only depend on the overall dimensional accuracy but also 
on fine details such as the surface finish and its homogeneity throughout 
the entire object [6,7]. Even though the desired finish may currently still 
be achieved by manual treatment of the surface using special tools, the 
surface inspection should be automated. Fig. 1 shows examples of a 
robotically sprayed surface (left), a robotic spraying setup (middle), and 
manual application of the concrete onto a curved wall (right). In general, 
surface finish is not only important because of the visual appeal of the 
structure and the resulting texture, but also because of the durability, 
adhesion, and interlocking of consecutive layers [8,9]. Surface rough
ness, a measurable quantity which indicates the level of surface finish, is 
well defined with existing standards such as DIN 4760 [10], which 
categorizes the surface shapes, or ISO 4278 [11], which establishes 
computation methods for profile roughness parameters (e.g. maximum 
profile peak height). 

The most established method for surface finish assessment currently 
relies on manual and subjective analyses carried out by experts [12], 
using mechanical measurement tools such as stylus profilometers. An 
alternative approach to these is the sand patch test [13], where sand is 
applied to a circular surface patch. The average depth estimation and 
therefore roughness of the surface is calculated by division of the sand 
volume by the patch area. One of the major disadvantages of the tech
nique, however, is its low repeatability, with a typical user-dependent 
variability of up to 20% [14]. A laser profilometry method which 
compares well to the sand patch test performance was presented in [14]. 
This approach provides higher repeatability but is still very tedious due 
to long manual measurements, cannot scale to large structural compo
nents, and provides only 2D information. Alternative solutions for 
replacing such tedious tasks with an areal, non-contact, non-destructive 
and most importantly automatic way are starting to get addressed in 
recent works for existing concrete structures [8,12] and particularly in 
3D-concrete printing applications [2]. To the author’s knowledge, 
however, no method with prospective potential to fully replace the 
manual procedures has been presented yet. 

Surface classification based on reflectance properties has been 
extensively investigated in recent years within a wide range of appli
cations, including construction, mostly driven by research in computer 
vision. Recent works, such as the one presented in [15], demonstrate 
surface-based material classification supported by extraction of reflec
tance parameters from terrestrial laser scanning (TLS) intensity data. 
They demonstrate that including reflectance estimations as an addi
tional feature compared to only 3D and RGB information improves the 
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1 “Shaping the future of construction: a breakthrough in mindset and technology”, World Economic Forum (WEF), Switzerland, 2016. 
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overall result of classification of construction materials. The relevance of 
retrieving reflectance information for segmentation, classification, and 
feature extraction applications was demonstrated as well in [16–18]. 
Furthermore, [19] presented a novel approach for classifying marls and 
limestones based on intensity data, and [20] showed that reflectance 
data can be efficiently used for moisture detection within building 
concrete walls. Innovative approaches for measuring concrete surface 
finish with regular RGB camera-based systems have been presented in 
[21,22]. [23] proposed image-based classification of surfaces for error 
detection using neural networks for robotic plastering. All these in
vestigations demonstrate that the measured intensity contains infor
mation of the scene that is particularly related to the surface properties, 
and can be thus exploited for its classification. Active techniques as 
employed by time-of-flight (ToF) instruments (e.g. terrestrial laser 
scanners or depth cameras) largely mitigate the dependence on envi
ronmental illumination conditions. Additionally, such techniques allow 
capturing different information like geometric and radiometric one 
simultaneously and from a single location [15,24]. Since the surface 
finish of objects heavily influences the backscattered light recorded by 
the instrument [25], impacting both the points clouds [26] and the in
tensity data, it can as well be used for its evaluation. 

In this paper we propose a new method for automatic quality 
assessment of surfaces on millimetre-level roughness features, based on 
multi-view data acquired with an industrial depth camera. Particularly, 
we (i) establish a method to retrieve surface reflectance values based on 
a model compensating for the influences of distance, angle of incidence 
(AOI), and inter-pixel variations, using the acquired point clouds and 
intensity images of the scene; (ii) introduce a method to estimate the 
normalized reflectance, directivity and spatial variability of the reflec
tance; and (iii) apply the proposed methods to distinguish between 
sprayed plaster specimens with different surface roughness as a case 
study targeting applications in digital fabrication. The proposed 
approach uses a combination of the intensity and geometric information 
from a multi-view acquisition setup to derive more informative 
reflectance-related features than in other presented approaches, thus 
establishing a promising basis for more accurate and comprehensive 
surface analysis. Our approach offers a solution for non-destructive, 
non-contact, optical-image based portable measurements. It is not 
limited to flat walls but can be used to evaluate surface finish of more 
complex geometries, such as for example free-form surfaces and geom
etries with sharp edges or boundaries. 

The proposed method is described in detail in Section 2. The in
strument specific calibration process developed specifically for the 
depth camera used in this study is given in Section 3. The sensitivity 
analysis of the estimated features is evaluated in Section 4. The results, 

presented and discussed in Section 5, validate the proposed approach 
and show one of its possible applications. Finally, the main conclusions 
and outlook of this work are given in Section 6. 

2. Methodology 

The proposed method combines the geometric and radiometric in
formation contained in depth camera observations of the surface under 
test from different viewpoints to derive spatially-distributed surface 
features related to its reflectance and scattering properties. Fig. 2 sum
marizes the proposed processing pipeline from data acquisition to sur
face description.2 

The input data consist of depth camera acquisitions of the same 
surface from a minimum of two viewpoints. Each acquisition consists of 
a point cloud representing the surface geometry, and intensity images 
containing information on the surface reflectance. For each viewpoint, 
the point cloud is used to estimate the relative orientation of the surface 
with respect to the camera as an AOI estimation per pixel. The intensity 
image, after calibration of the instrumental systematic influences is 
concurrently used to estimate the absolute reflectance underlying each 
pixel. 

Afterwards, the estimated values corresponding to the same surface 
patch observed from different viewpoints, associated via co-registration, 
are used as an input to a scattering model. This results in two features 
per pixel: the surface normal absolute reflectance R0, indicating the 
maximum value of the absolute reflectance pattern of the underlying 
surface, and the scattering coefficient n, modelling its diffuseness. The 
variability of the estimated reflectances is used in parallel to derive a 
third feature providing additional information on the surface in
homogeneity. Such surface description based on its reflectance proper
ties can be used for robust classification of different surface finishes and, 
potentially, for regression of a standardized metric of surface roughness. 

2.1. Data acquisition 

2.1.1. Depth camera technology 
The term depth camera applies to instruments implementing one of 

various technologies used to acquire 2D depth images of the observed 
scene [30]. With additional knowledge about the camera optical system, 
these 2D images can be transformed into 3D point clouds, offering a 
practical and fast method to acquire the geometry of the environment 
with mm- to cm-accuracy over distances up to several meters. 

Most of the commercially-available time-of-flight (ToF) depth cam
eras rely on observations of the accumulated delay on an intensity 
modulated signal emitted from the camera to illuminate the complete 
scene and measured independently on each camera pixel. After cali
bration of instrumental systematic errors, these delays can be used to 
estimate the average distance from the camera to the patch of surface 
covered by each pixel. In addition to the depth information, the 

Fig. 1. A concrete spraying robotic setup [7] (left); a robotically applied plaster layer [6] (middle); achieving desired finish by manual treatment of a sprayed 
surface, NCCR Digital Fabrication, 2018 (right). 

2 The implementation of the method and all the processing was done in Py
thon using the libraries Numpy [27], Scipy [28], and Scikit [29]. 
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amplitude of the reflected signals is also typically computed and pro
vided as an intensity image. Both observations are derived from a signal 
actively illuminating the environment, thus being largely independent 
on the external illumination conditions when compared to passive sys
tems such as regular RGB cameras. This provides a significant advantage 
over these regular cameras regarding measurement robustness for the 
type of application envisioned in this work, where challenging envi
ronments with changing illumination conditions such as construction 
sites or fabrications workshops are targeted. The practical limitations of 
the achievable accuracy mainly arise from variability of the operating 
conditions (mostly environment temperature) and multipath effects 
depending on the scene geometry [31]. Performance assessment pro
cedures of commercially available depth cameras primarily addressing 
these limitations can be found in [32]. Many of these error sources can 
be largely reduced by calibration or mitigated through a careful design 
of the acquisition geometry when allowed by the application. 

The data collection in this investigation was carried out using a state- 
of-the-art industrial ToF depth camera Helios Lucid [33]. The most 
relevant specifications for the presented analysis of this camera are lis
ted in Table 1. A performance evaluation and a data quality assessment 
for this camera are presented in [3]. Significant errors may be obtained 
when the camera is used within its warm-up time. We therefore allo
cated sufficient warm-up time before each measurement session for all 
the data acquired for the present investigation. Furthermore, we 
demonstrated in [3] that the edges of the point clouds acquired using 
this particular depth camera are affected by significantly larger de
viations. To avoid contamination of the results by these deviations, we 
only use the central part (320 × 480 pixels) of the images (480 × 640 
pixels) herein. 

2.1.2. Multi-view acquisition and transformation 
The data acquisition consists of depth camera observations from 

different viewpoints. While a minimum of two viewpoints are needed, 
additional viewpoints contribute to reduce the uncertainty of the 
computed features. This uncertainty is also reduced when the different 
viewpoints provide observations of the surface with significantly 
different AOIs, e.g. quasi-normal observations together with tilted ones. 
We analyze this experimentally in Section 4. 

The acquisition at different viewpoints can be carried out simulta
neously if more than one depth camera is available, or sequentially as 

long as the investigated surfaces and surface properties are sufficiently 
time-invariant. This is, if no significant change of the relevant surface 
properties occurs while hardening within the time span between 
different acquisitions. While this is hard to quantify without specific 
knowledge of the applied material, surface geometry is generally stable 
after a few seconds from fabrication and relevant changes in reflectance 
occur on minutes-to-hours scales. Aside from reducing complexity and 
cost, the sequential acquisition is a particularly attractive solution for 
digital fabrication if a camera can be mounted on the robot arm to ac
quire data during the fabrication process exploiting the robot movement 
to reach multiple viewpoints. 

Once acquired, the information from the different views has to be co- 
registered, i.e. aligned with respect to the reference view, to establish 
correspondences between observations of the same area in the scene. To 
achieve this, all the intensity and AOI images (see Section 2.2.1) are 
transformed. Herein, we arbitrarily use the respective first image. This 
transformation is carried out by image warping [34], i.e. an image 
transformation method based on detection of identical points within 
pairs of images. The warping of the images introduces the additional 
need for interpolating the values of pixels of the transformed image that 
fall in-between different values of the original one. In this work a bi- 
linear interpolation was selected experimentally as an adequate solu
tion to implement this step. It is worth noting that the co-registration 
process can be simplified in applications where the relative positions 
of the cameras are known. This is for instance the case in robotic 
fabrication, where the transformations between views can be carried out 
based on the recorded robot poses. Herein a simplified registration 
process was used assuming planar surfaces, future work will either 
introduce processing in 3D instead of 2D or deal with the co-registration 
by projecting the points from one point cloud onto the image plane of 
the other camera using the collinearity equations. 

Fig. 3 shows an example of the transformation for two viewpoints. 
The bright quadrilateral areas near the center of images (a and b) 
correspond to the same area viewed from two different viewpoints. 
Image 3b is transformed into 3c taking image 3a as a reference. Once all 
available images have been transformed in this way, the information 
underlying corresponding pixels in different images belong to the same 
surface area and can thus be analyzed jointly for the feature 

Depth camera 
data acquisition

Angle of incidence
computation 

Point cloud

Intensity image

Intensity calibration function variability estimation

R0 and n features
estimation

Surface description

Fig. 2. Processing pipeline for the surface description based on estimated surface reflectance and scattering features derived from multi-view depth camera data.  

Table 1 
Selected specifications of Helios Lucid ToF depth camera [33].  

Precision 0.5 mm (<0.5 m); 2.2 mm (<1.5 m) 

Accuracy ± 5 mm for up to 1.5 m 
Resolution 640 × 480 pixels 
Field of View (FoV) 59∘ x 45∘ 

FoV Area [m2] 0.27 at 0.4 m; 1.66 at 1.0 m 
Illumination 850 nm (IR laser diodes) 
Range Up to 6 m 
Point Density [points/dm2] ~2900 at 0.4 m; ~460 at 1.0 m  

Fig. 3. Example of two intensity images of the same area acquired using a 
Helios Lucid ToF depth camera at different viewpoints (a and b). The central 
image b is transformed taking the left one as a reference by warping, producing 
the right image c. 
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computation. 

2.2. Data transformations 

2.2.1. Angle of incidence 
The AOI θi corresponding to the individual pixel i is the angle be

tween the surface normal n→i and the viewing direction v→i associated 
with that pixel (see Fig. 4), which can be expressed as 

θ̂ i = arccos
(

v→i⋅ n→i

)

(1) 

The vector v→i is uniquely defined by the pixel position and the 
camera geometry. It points from the camera’s origin to the point Pi of the 
point cloud. The normal vector n→i is calculated from a local plane 
approximation to all points within a neighborhood of Pi, in correspon
dence with established standard algorithms (see e.g., [35]). The accu
racy of n→i depends on the point cloud accuracy and a trade-off between 
the selected size of the neighborhood Pi and the complexity of the un
derlying geometry. Using large areas for the local plane approximation 
is desirable to increase averaging of the noise on the individual points, 
hence reducing its impact. If the selected neighborhood, however, is too 
large in relation to the underlying surface geometry, the fitted plane may 
not represent the local surface properly. 

The output of the AOI estimation process is one image per viewpoint, 
in which each pixel contains the corresponding estimate θ̂ i. As an 
example, Fig. 5c and d shows the AOI images corresponding to the two 
depth images shown in Fig. 3a and b. 

2.2.2. Absolute reflectance 
The transformed intensity images are used to derive the reflectance 

for each pixel, i.e. the proportional amount of reflected light from a 
measured surface relative to the used instrument’s scale, which can be 
expressed for a certain AOI or more commonly for normal incidence 
[36]. The reflectance is then used to estimate the absolute reflectance, 
which is expressed with respect to a calibrated diffuse reflectance 
standard such as a Spectralon target, and is thus a quantity that can be 
compared irrespective of the instrument used for its acquisition [36]. 
Other approaches to estimate reflectance are shape from shading [37], 
photometric stereo [38], and albedo estimation [39]. Deriving absolute 
reflectance from intensity is possible because the measured intensity at 
each pixel is proportional to the amplitude of the illumination signal 
received by the pixel after having been backscattered by the surface. It is 
therefore influenced by the surface reflectance at the corresponding 
viewing angle, the intensity distribution of the illumination signal, the 
distance, and the detection efficiency of the camera. The measured in
tensity Ii and the absolute surface reflectance R(θi) at the AOI θi for a 
pixel i are related as follows: 

R(θi) =
Ii

fi(di, θi)⋅k
, (2)  

where k denotes a radiometric scale factor, and fi(di,θi) models the 
impact of emitted power (illumination), distance, pixel-dependent 
attenuation, and detection efficiency depending on angle of incidence. 
The output of the absolute reflectance estimation process is one image 
per viewpoint, in which each pixel contains the estimated absolute 
reflectance of the corresponding surface for the AOI at which it was 
observed. Two examples of raw intensity images of the same planar 
target taken from different viewpoints are shown in Figs. 6a and b. The 
corresponding absolute reflectances are shown in Figs. 6c and d. 

2.3. Feature estimation 

2.3.1. Surface Normal reflectance and scattering coefficient 
We have defined our model following a simplified version of estab

lished approaches that divide surface reflectance in a diffuse component 
and a specular one of varying directivity (see e.g. [40]). Our model 
consists on two parameters, namely the surface reflectance R0 for 
normal incidence and the scattering coefficient n: 

R(θ) = R0⋅cos
([

2 −
1
n

]

⋅θ
)n

. (3) 

These two jointly estimated features represent the reflection prop
erties of the area underlying the respective pixel. The defined model 
represents a reduced-complexity hybrid between a perfectly Lambertian 
scatterer (n = 1) and a perfectly specular reflector (n → ∞). Increasing 
values of n > 1 thus represent increasingly specular and decreasingly 
diffuse reflection. The simplicity of the model was preferred over more 
complex representations to enable estimations of the parameters with 
limited number of observations. An example of a more complex model is 
given in [40], which includes additional parameters to model both the 
Lambertian and specular reflectance properties independently and more 
accurately. The absolute reflectances and AOI values calculated from the 
range and intensity images (see Sections 2.2.2 and 2.2.1), along with the 
correspondence of pixels in different images established through the 
image transformation (Section 2.1.2), are now used to estimate R0 and n 
for each surface element via least-squares adjustment. 

The results of this adjustment can be collected in feature images (one 
for R0 and one for n), i.e. an image showing spatially mapped features 
which were computed for each pixel. We filter these images spatially 
using a Gaussian filter to reduce the impact of observation noise, while 
still retaining the spatial distribution of the features. 

Fig. 7 represents the measurement process for different surface re
flectances and viewing angles. In Fig. 7 (left), a certain pixel of the 
camera (in this case represented by the camera axis) observes the surface 
with an AOI θ, thus acquiring a signal proportional to the reflectance R 
(θ). The dashed part of the lines represents the component of the 
reflectance pattern measured from that viewpoint. A similar example is 
given in Fig. 7 (right) for a more specular surface reflecting most of the 
incoming light in a narrow pattern in the direction opposite to the 
incidence one according to Snell’s law. The maxima of the reflected 
pattern for the two illustrated viewing angles are indicated with dotted 
lines, whereas the observed reflectances R(θ) are again depicted with 
dashed lines. Further increasing the AOI θ2 of the second view in this 
case would result in very low returned signal. In both cases, adding more 
viewpoints to observe the same surface area would yield a more com
plete sampling of the reflectance pattern of the surface, which can in 
turn be exploited to model the surface reflectance properties more 
accurately. 

2.3.2. Spatial reflectance variability 
A third feature, namely the spatial reflectance variability, is included 

in our approach to capture the inhomogeneity of the reflectance in the 
vicinity of each pixel and its neighborhood by analyzing how reflectance 
varies over the surface specimens. It represents a joint indicator of the 
the variability of the normal reflectance and diffuseness of the surface. 

ni

θi

vi

Pi

Fig. 4. Diagram of the AOI computation for a random point i within a point 
cloud using the camera viewing angle vector v→i and the surface normal n→i 

estimated by patch-wise plane fitting and the resulting θi. The plane fit was 
done to a point neighborhood marked in black, while remaining surrounding 
points are marked in red. 
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This feature is estimated by convoluting the most perpendicularly ac
quired reflectance image with respect to the scene (i.e. with the camera 
axis at quasi-normal incidence on the surface), which was corrected for 
the effect of the Lambert cosine law. The convolution is done with a filter 
computing standard deviation of the input values, which depends on the 
defined filter kernel size. 

Higher reflectance variability values and therefore corresponding 
image areas are assumed to be associated with stronger roughness 
changes compared to the rest of the surface due to the interaction of the 
illumination signal with the irregularities within the surface finish [25]. 
As explained in Section 2, the intensity recorded by each pixel is an 
integral over the illumination signal on the pixel area, meaning variation 
in surface finish affects the measured intensity values. 

3. Empirical calibration model 

The objective of the intensity calibration is to recover absolute re
flectances of the scanned surface by eliminating the impact of the AOI 
and distance due to the measurement configuration, and the instrument 
related inter-pixel variations, thus isolating the effect of the reflecting 

surface. Based on this, a function f
(

d̂i, θ̂ i

)

is defined, which is consid

ered different for each pixel but constant over time for the used specific 
camera. The parameters of fi can be determined experimentally before 
applying the camera for surface assessment. The input to the estimation 
of the intensity function fit are AOI, intensity, and Z-coordinate values. 

A calibration dataset was acquired on a flat and homogeneous diffuse 
white wall to model the aforementioned parameters. The flatness of the 
calibration surface was validated with a plane fit to a point cloud ac
quired with a high-end TLS (Leica P50), producing an empirical stan
dard deviation of orthogonal deviations of below 1 mm over the whole 
area of approximately 2 m × 2 m, considered sufficient for the presented 
study. The surface material was selected to closely emulate an ideal 
Lambertian scatterer, which was validated by direct comparison on the 
intensity images using a calibrated diffuse reflectance standard (Spec
tralon 60%). The assumed reflectance pattern of that surface enables 
separation of the impact of viewing angle caused by the camera from 
that introduced by the surface itself. Point cloud and intensity data were 
acquired using the depth camera at different viewpoints and orienta
tions. The distances range from about 0.3 m to 1.0 m and the AOI varies 

Fig. 5. Two examples of AOI estimation images from two viewpoints on a planar target (c and d) and their corresponding depth images (a and b).  

Fig. 6. Two examples of raw intensity images (a and b) of a planar target taken at different viewpoints like in Fig. 3, and the resulting AOI-dependent absolute 
reflectances (c and d). 

v1 (θ1)

nsurface

Surface

v2 (θ2)

Surface

v1 (θ1)

v2 (θ2)
θ1

θ2

R2

R1

R2

R1

Fig. 7. Lambertian reflectance (left) and mostly specular reflectance (right) 
examples. Both showing surface observation at two different θ, sampling the 
reflectance pattern resulting in R (dashed line). 

0° 5°

30°
25°20°15°10°

0.3 m

1.0 m

Acquisition 
every 5 cm

Fig. 8. Configuration for the acquisition of the calibration dataset covering 
approximately distances from from 0.3 m to 1.0 m and camera pointing angles 
(viewing direction of central pixel) from 0∘ to 30∘. 
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within a range of 30∘ per pixel (see Fig. 8). 
The acquired intensity data are first corrected for the known Lam

bertian reflection of the calibration surface: 

Icorr
i =

Ii

cos(θi)
. (4) 

The information in all the corrected intensity images is then merged 
and mapped as a function of distance and AOI, both estimated from the 
point cloud data following the same procedure for the AOI as described 
in Section 2.2.1. The mapped corrected intensities Iicorr(di,θi) represent 
the calibration data per pixel underlying the instrumental function 
fi(di,θi) to be modelled. 

A physically induced model considering a reduction of detected 
power inversely proportional to the distance squared was chosen to 
model the impact of distance di. Following an empirical evaluation of 
different possibilities, a second degree polynomial yielded better results 
in modelling the impact of the AOI θi with respect to higher degree 
polynomials and was therefore selected. The general calibration model 
fi(di,θi) is then defined as 

fi

(

d̂ i, θ̂i

)

=

⎛

⎝Ai +
Bi

d̂
2
i

⎞

⎠⋅
(

Ci⋅θ̂
2
i +Di⋅θ̂ i +Ei

)
, (5)  

where Ai, Bi, Ci, Di, and Ei are the model coefficients to be estimated by 
fitting on the mapped corrected intensity data Iicorr(di,θi). As an example, 
the fitted function is shown for a randomly chosen pixel in Fig. 9. 

The average coefficient of determination for all pixels was 0.98 
indicating that the model fits the data well. Correlation between the 
parameters was computed and is given in Table 2. Most of the param
eters show very low correlation, which indicates a high separability 
between them. This is not the case for parameters C and D, which are 
highly negatively correlated. This suggests potential for reducing the 
model complexity, thus slightly improving computational efficiency if 
required by the targeted application. 

The significance of each of the estimated parameters within the 
function fit in eq. (4) was computed by introducing the same level of 
variability to each of the parameters. The results indicate that the most 
significant parameters in the model, i.e. their change influencing the 
estimation the most, are B and D. Furthermore, the variability in % of 
each of the parameters over the whole image was computed, being 8.94, 
3.92, 1.79, 1.38, and 4.44 for A, B, C, D, and E, respectively. The 
computed values support the decision for estimating the intensity 
function fit per pixel and not using a single function for the whole image, 
which would not represent the calibration data accurately. 

Finally, the computed intensities were referenced to the calibrated 
reflectance standard, with known absolute reflectance of 60% for the 

operation wavelength of our camera. This allows for computing the scale 
factor k which converts the intensity measurements of the camera into 
absolute reflectance values: 

k =
R0(Spectralon)

0.6
, (6)  

where R0(Spectralon) is the ratio between measured intensities on the 
Spectralon and the surface used for acquiring the calibration dataset 

under the same conditions. The estimated absolute reflectance R̂i

(

θ̂ i

)

can then be calculated for each pixel i using eq. (2). 
To further verify the calibration and gain additional insights into its 

performance, the calibration function was evaluated on one of the im
ages of the calibration dataset by comparison with the corresponding 
corrected intensity image obtained according to eq. (4), the latter rep
resenting a ground truth of the expected result if all instrumental effects 
are ideally compensated. The reflectance estimate is shown in Fig. 10 
(left), where maximum deviations of about 8% are visible. The spatial 
correlation of the deviations indicates that approximately 3% are asso
ciated to residual systematics. This shows that, while most of the 
instrumental effects are effectively compensated for with the proposed 
calibration, there is some room for improvement if required by the 
application. A more demanding application case than the one used 
herein may require increasing the calibration effort with extended data 
to fit a more complex calibration function. 

The reflectance estimates of the previously used calibration dataset 
by using the implemented calibration function were then used to esti
mate the n and R0 features. The input data to that estimation, absolute 
reflectance R̂i and AOI θ̂ i, are shown on a polar plot in Fig. 10 (right), 
together with the reflectance of an ideal Lambertian scatterer for 
reference (red). The agreement between the estimated values and the 
assumed reflectance pattern of the calibration surface shows the suc
cessful calibration. The normal reflectance R0 and scattering n features 
were calculated as described in Section 2.3.1. The empirical standard 
deviations of R0 and n are approximately 0.005 and 0.008, respectively. 
Furthermore, the achieved function fit result and its application to the 
case study (see results in Section 5) performed very well in terms of 
providing input of sufficient quality for feature estimation, which 
resulted in homogeneous estimates for the same type of surfaces. 

Fig. 9. An example fit of the calibration model per pixel fi
(

d̂i, θ̂ i

)

to the 
calibration intensity data Iicorr(di,θi)) for a random pixel i. 

Table 2 
Correlations between the parameters used in the intensity function fit (see eq. 
(4)).   

A B C D E 

A 1.0 0.14 0.16 − 0.12 − 0.16 
B  1.0 0.17 − 0.14 − 0.46 
C   1.0 − 0.99 0.09 
D    1.0 − 0.13 
E     1.0  

θ

Fig. 10. Estimated reflectance values using a calibration function showing 
remaining variability within the image (a) on the dataset used for intensity 
calibration function. Polar plot (b) showing the input data which is used for 
estimation of the features. A red curve stands for a perfect diffuse reflectance, as 
was it was associated with the surface that was used in this analysis. 
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A second calibration dataset was acquired for the same target surface 
with a slightly different configuration of the measurements, i.e. a few cm 
and a few ∘ of differences in camera positions and orientations, respec
tively. The goal was to analyze the repeatability of the A, B, C, D, and E 
parameter estimates, and therefore of the overall calibration. The dif
ference between them was computed as smaller than 1%, indicating a 
very good agreement between the parameters. Both sets of calibration 
parameters were used to estimate reflectances on a subset of the first 
calibration dataset and the variability between the reflectance estimates 
was on the level of 2.9%. Furthermore, these estimated reflectances 
were then used for estimation of the two features, i.e. R0 and n. The 
variability between the estimates is on the level of 0.5% and 1.4% for R0 
and n, respectively. These small variations within the calibration pa
rameters, reflectance estimates, and most importantly feature estimates 
show that the instrumental and configuration effects covered by the 
calibration are effectively time-invariant, and that our calibration 
approach can extract and model them repeatably. 

4. Sensitivity analysis 

A sensitivity analysis was carried out to quantify the influence of the 
noise in the input parameters R̂i and θ̂ i on n and R0 depending on the 
measurement configuration. A Monte Carlo (MC) simulation was used 
for generating noisy input parameters for the model using two different 
noise levels of both intensity and AOI. The chosen simulation sample 
size was MMC = 500. Fixed values n = 1 and R0 = 1 were selected as 
ground truth for the simulation, representing approximately typical 
values obtained on a preliminary assessment on the plaster samples used 
in the results. The absolute reflectance noise levels used were the min
imum (min.) and maximum (max.) empirical standard deviations σ

R̂ 
of 

the estimated reflectance obtained during calibration, representing in 
turn the expected range of noise levels affecting the reflectance esti
mates in normal working conditions. For the AOI noise, those values 
were estimated as empirical standard deviations σ

θ̂ 
of the AOI values 

obtained from the point cloud of a plane acquired from a distance of 0.4 
m using the entire point cloud of the planar surface (for minimum 
standard deviation) and using only a small neighborhood (1 dm2). The 
choice of the latter is relevant when non-flat surfaces are evaluated and 
the patches need to be sufficiently small, depending on the surface 
complexity. Both pairs of noise values are provided in Table 3. The 
remainder of this section summarizes the impact of the angular sepa
ration between the views and of the number of views on the deviations 
of the estimated features R0 and n, computed as the mean and standard 
deviation of the errors derived from the MC simulation. 

4.1. Impact of separation between views 

For studying the impact of different angular separation between the 
camera views, we processed 10 different configurations of two views. In 
all the simulated cases, one camera angle was fixed at 45∘ while the 
second one was chosen in steps of 1∘ from 44∘ to 0∘, producing MMC 
simulated data sets with correct AOI but noisy reflectance for each of 
these configurations, and another MMC data sets with correct reflectance 
but noisy AOI. Fixing one of the views at 45∘ aims at providing 
approximately worst-case scenario results within a range of practically 
useful viewing angles considering that: (i) the quality of the acquired 
data at larger viewing angles is expectably too low due to the low 

reflected signal for high AOI, and (ii) the sensitivity of both featur
es—specially that of R0 as can be concluded from inspection of the 
partial derivatives of the model—is very low for small AOIs, hence fixing 
a view close to normal incidence would yield a variability generally 
underestimated compared to an arbitrary combination of viewing 
angles. 

The variability of both R0 (Fig. 11a) and n (Fig. 11b) versus viewing 
angle separation for correct AOI indicates that the uncertainty of both 
depends strongly on the viewing angle separation, reaching errors over 
several tens of % on both parameters for viewing angles differing by less 
than 10∘. Such errors make the estimated features not useful for any 
practical classification application, all plots in Fig. 11 are thus limited to 
50% for better visibility of the areas with relevant values. Angle dif
ferences by about 20∘ or more are required in order to estimate both 
coefficients with an accuracy better than 10% if the reflectance noise 
level is high. 

The variability of R0 (Fig. 11c) and n (Fig. 11d) for correct reflec
tance but noisy AOI shows a similar trend with slightly smaller impact, i. 
e. errors in both coefficients below 10% are expected only for viewing 
angle separations smaller than 10∘. In this case the results also show that 
the variability of both R0 and n is better for angle differences close to 
0∘ than for slightly larger ones. This is likely caused by a low model 
sensitivity to small angle differences. This point, however, has not been 
investigated further given that it holds no practical implications since 
very small angle differences are nevertheless unacceptable due to the 
variability introduced by reflectance noise. 

Based on the outcomes of this first indicative sensitivity analysis, we 
conclude that measurement configurations should aim at getting 
significantly different views of the same area but avoid very large inci
dence angles where signal degradation is expected to increase noise too 
much in the input parameters, i.e. above 45∘. 

4.2. Impact of number of views 

It is to be expected that additional views improve the quality of the 
estimates. Therefore we now extend from the 2 views of the previous 
subsection to K > 2 views. For simplicity, we assume that the viewing 
angles of the first and Kth camera span an angle of exactly 45∘ and the 
other views are equally spaced in between. 

The influence of the noise in absolute reflectance versus the number 
of views on n and R0 is shown in Fig. 12 (a and b). The results indicate 
that there are no relevant biases and the standard deviation of the 
estimated R0 and n reduces approximately proportionally to 1

̅̅̅̅
N

√
and 1/ 

N respectively when using N-times as many viewpoints. 
The impact of noise in AOI depending on the number of views, shown 

in Fig. 12 (c and d) follows a similar behaviour. The precision of both R0 
and n improves with the number of viewpoints, being approximately 
proportional to 1/N-times the increase of the number of viewpoints. 
Since one of the views K = 2 corresponds to 0∘, the impact of the low 
sensitivity of R0 to AOI when AOI is very small is visible in Fig. 12c for K 
= 2. This has again with no practical implication due to the much larger 
noise propagation of the intensity noise in such configuration. 

Although only a small number of scenarios were investigated and a 
complete assessment of the expected sensitivity for any combination of 
viewpoints is not provided, the selection of the cases and noise values 
analyzed herein corresponds to a realistic practical setting, and thus 
serves as an approximated but useful indicator of the expected errors 
and trends for different configurations. 

Following the sensitivity analysis results, five views were selected in 
the data acquisition in the following result section as a trade-off between 
feature accuracy and practical measurement complexity. 

Table 3 
Minimum (min.) and maximum (max.) standard deviations used within MC 
simulation.   

Min. value Max. value 

σ
θ̂ 

[∘]  0.27 1.70 
σ

R̂  
0.015 0.040  
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5. Results 

5.1. Specimens and data acquisition 

The proposed method was applied to demonstrate its potential for 
distinguishing between surface samples of the same material but with 
different surface finish, in particular different roughness. We used the 
four specimens of gypsum plaster, i.e., a building material extensively 
used for surface finishing of walls and ceilings, shown in Fig. 14 (left). 
The different surface roughness of the specimens is a result of different 
granularity of the sand used for the mix and of different spraying tech
niques. The specimens used in this section were not handpicked, how
ever we assume the classification accuracy presented later on would 
decrease if we had more classes between S1 and S4, in particular more 
classes between S1 and S3. 

Prior to the acquisition with the depth camera, each of the specimens 
was scanned using a GOM ATOS Core structured light scanner that, 
according to its calibration certificate, can provide point clouds with a 
spatial resolution of about 3500 points per cm2 and an accuracy of 
approximately 10 μm per coordinate. The goal of these reference mea
surements was to quantify the respective surface roughness beforehand. 
A plane was fit to each of the resulting point clouds, and orthogonal 
deviations of the points with respect to a best-fit plane were computed 
for small patches of approximately 4 cm2. This was done, as opposed to 
calculating the empirical standard deviation for a plane fit to the 
respective entire point cloud of the sample to account for non-planarity 

of the specimens. These orthogonal deviations were then used to 
compute the empirical standard deviations (ESD) given in Table 4. If the 
non-planarity would not be accounted for, it would bias the orthogonal 
distance computation and therefore increase the standard deviation 
estimate, leading to wrong results. A similar test by fitting a plane to the 
point clouds acquired with the depth camera was done as well, to check 
whether different surface roughness would affect the noise level of the 
point clouds. As shown in Table 4, no noticeable differences can be 
observed, achieving similar noise levels within the noise range specified 
for the device for all the specimens point clouds. Bigger patches of 
approximately 30 cm2 were selected from the dataset acquired from the 
first view for this evaluation. The spatial resolution of the point cloud is 
about 150 points per cm2. 

Each of the specimens was scanned separately with the depth camera 
from five viewpoints with approximately the same setup configuration. 
In all these cases, the camera was oriented such that the single specimen 
was at the centre of the image. This assured similar measurement con
ditions across different acquisitions. All five views were co-registered as 
explained in Section 2.1.2. The absolute reflectances and AOIs were then 
estimated based on the input data as shown in Fig. 13 following the 
procedure described in Sections 2.2.2, 2.2.1, and 2.3.2. The results and 
their use for surface classification are presented and discussed below. 

5.2. Estimated features 

The estimated features are displayed as an image in Fig. 13 (bottom, 
right) for one of the specimens. The samples were prepared manually, 
trying to achieve a homogeneous surface finish within each sample. The 
estimated values corroborate this with a span of only about 4% for n and 
10% of R0. The visible systematic pattern is very likely due to the re
sidual deviations of the intensity calibration function fit and is not 
related to the actual surface finish inhomogeneities. An improved cali
bration function would reduce the systematics, however the following 
results indicate that it is already sufficiently good for the given appli
cation example. 

Fig. 11. Feature variability due to intensity and AOI noise as a function of angular separation between two viewing angles. Variability of normalized reflectance 
feature (a and c); variability of scattering coefficient feature (b and d). SD denotes standard deviation. 

Fig. 12. Feature variability due to noise in the intensity and AOI as a function of number of viewpoints. Variability of normalized reflectance feature (a and c); 
variability of scattering feature (b and d). SD denotes standard deviation. 

Table 4 
Empirical standard deviations (ESD) of orthogonal distances from local best fit 
planes for each of the four specimens, using the structured light scanner and the 
depth camera.  

Specimen S1 S2 S3 S4 

ESD (scanner) [mm] 0.0068 0.0255 0.0532 0.1459 
ESD (depth camera) [mm] 0.91 0.88 0.87 0.94  
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Fig. 14 (middle) displays the computed features for all specimens in 
the 2D feature space of R0 and n; different colors indicate the features of 
different specimens (see labels in Fig. 14, left). The figure shows that 
these specimens are clearly distinguishable in the feature space. 
Apparently, both features are useful for the distinction: while the value 
of n decreases with increasing surface roughness (from S1 to S4)— 
indicating in agreement with the expectation that the reflection gets 
more diffuse with increasing roughness—R0 improves the separability of 
the specimens by assuring that the scatter plots associated with the in
dividual specimens do not overlap in the feature space. The feature es
timates shown on the figure are a result of smoothing with a Gaussian 
filter of size 7 × 7. This size roughly corresponds to a size of 5 × 5 mm2 at 
the surface of the specimens. This kernel size worked well for the given 
specimens and geometric configuration. Its optimization for less ho
mogeneous surfaces requires addressing the trade-off between averaging 
noise-induced feature variability by using larger kernels while still 
capturing actual spatial variations of the surface features. More variable 
surfaces would generally require smaller kernels hence allow for less 
noise averaging at the feature level. The generalization of this optimi
zation is proposed for future work. 

Interestingly, there is a nearly linear relation between the average 
value of n per specimen and the surface standard deviations quantifying 
the respective roughness (see Table 4), but the normal reflectance does 

not show a similarly straightforward relation to the roughness. R0 in
creases with increasing surface roughness for specimens S1 to S3 but 
then drops with increasing roughness and is similarly low for the 
roughest specimen S4 as for smoothest one. 

Additionally, the spatial reflectance variability for each of the spec
imens was computed as explained in Section 2.3.2. The kernel used for 
this was the same size as for the estimation of the R0 and n features, i.e. 7 
× 7. All three features are visualized in Fig. 14. As apparent in the figure, 
the additional spatial variability feature enhances slightly the informa
tion on roughness, contributing to the separability of the surface 
specimens. 

The 3D specimen features and their associated specimen labels were 
used in a machine learning approach based on a k-nearest neighbors 
(kNN) classifier. This then allowed for applying the learned features to 
another dataset to be able to classify them. All four specimens used in 
the training step were positioned within the scene (see Fig. 15) and a 
new dataset of data pairs was acquired at five random views, at different 
AOIs from ~0∘ to ~40∘ and distances approximately 50 cm away. This 
configuration differs from the one used for acquiring the reference 
dataset in viewpoints, which are approximately 15 cm farther from the 
samples, and in angles, which are different for about ~5∘ per viewpoint. 
The samples were as well rotated by either ~90∘ or ~180∘ with respect 
to their position in the reference configuration. The decision of using 

Fig. 13. The number of viewpoints use for data acquisition, i.e. m reflectance and AOI images (herein, m = 5), for estimation of the n and R0 features. The reflectance 
variability feature is estimated using only the reflectance image from the first viewpoint. 
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Fig. 14. Four specimens examples used in the study to demonstrate the applicability of the presented method (left). Estimated R0 and n features (middle) also 
displayed together with surface reflectance variability for the four specimens(right). 
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five views follows the results of the sensitivity analysis (see Section 4), 
selected as a reasonable trade-off between increasing estimation preci
sion while still keeping the acquisition effort low. The features computed 
with five views exhibited a variability of approximately 10%, being 
slightly larger compared to the specimen reference dataset. A NN = 1 
classification was applied to the estimated feature images to predict the 
labels on the specimens. The prediction step yielded approximately 97% 
of correct labels. These are mapped in the intensity image and shown in 
Fig. 15. These results indicate that the features were estimated with 
sufficient accuracy despite the different measurement geometry with 
respect to the training data, indicating the generalization potential of the 
approach to classify previously trained surface samples. Finally, the 
labeled images were filtered using a median filter and thus eliminating a 
few wrongly classified pixels resulting in fully correctly classification 
result. 

The computational cost of data processing was evaluated for 
completeness. Processing five images for the results presented in this 
section required approximately 5 min using a Python script and a 
computer with 15.8 GB RAM and Intel Core i5-8279U CPU with 2.4 GHz. 
Every additional image increased the processing time by about 30 s. It is 
important to stress that no particular code optimization (by e.g. 
choosing a more suitable classifier with adequate inference perfor
mance) was done so far and that the implementation was not focused on 
the efficient implementation. Code optimization and implementation on 
dedicated hardware (e.g. FPGAs) for quasi-real-time operation will be 
addressed in future work. 

6. Conclusion 

We have developed and demonstrated a method to quantify surface 
finish based on reflectance and scattering properties estimated from 
multi-view depth-camera images. Calibrating the camera radiometri
cally before use, we succeed in decoupling pixel and distance dependent 
effects on the measured intensities from surface and angle-of-incidence 
dependent ones. Along with a transformation of several images, taken at 
different locations, into a common coordinate system, this allows esti
mating the normal surface reflectance, a scattering parameter and the 
reflectance variability on the object surface. These values can be used to 
assess the homogeneity of the surface finish of an object or to assess the 
correspondence of the actual to an intended finish. 

An anticipated application case is roughness estimation for quality 
control of robotically fabricated plaster or concrete surfaces. We have 
experimentally applied the developed method to distinguish four plaster 
specimens with different surface roughness. We found a nearly linear 
relation between the surface roughness—at a scale below the geometric 
resolution of the depth-camera—and the scattering coefficient estimated 
from the depth-camera’s data. Interestingly, a similarly simple relation 

between the normal reflectance and the surface roughness was not 
found; the smoothest and the roughest surface reflected less strongly 
than the surface specimens with medium roughness. However, jointly 
the estimated features showed clear separability of the specimens within 
the feature space. A nearest neighbor classifier was trained on these data 
and used on an additional dataset demonstrating a classification accu
racy of 97%. 

Although the proposed model can operate with only two views of the 
same surface area, we show that using more viewpoints largely increases 
the feature estimation accuracy. Considering the targeted application on 
robotic fabrication, where the camera can be mounted on the robot arm 
and move along with it, acquiring multiple views of each surface area 
does not require a significant additional effort. Additionally, the 
maximum size of the object that can be measured does not depend on the 
camera FoV but only on the working range of the robot arm. 

The proposed approach can be used for automatic surface inspection 
in robotic fabrication in a non-contact and non-destructive way, making 
it ideal for evaluating large freshly produced surfaces, either off- or on- 
site. The performance of commercially available industrial-grade depth 
cameras is largely independent of environmental lighting conditions and 
they are thus suitable for the application proposed herein. Future work 
will focus on adapting the approach for handling more complex surface 
geometries. To this end, the approach of image warping shall be 
extended to a more sophisticated registration of acquired datasets, e.g. 
by using robot pose information for registering the respective depth 
camera datasets. Furthermore, the local surface model for AOI estima
tion shall be extended from the current plane approach to more versatile 
models such as 2D triangulation or smooth parametric functions. The 
demonstration of the proposal in an actual robotic fabrication process is 
also planned as future work. 
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H. Kloft, A new robotic spray technology for generative manufacturing of complex 
concrete structures without formwork, Procedia CIRP 43 (2016) 333–338, https:// 
doi.org/10.1016/j.procir.2016.02.107. 

[6] S. Ercan Jenny, E. Lloret-Fritschi, F. Gramazio, M. Kohler, Crafting plaster through 
continuous mobile robotic fabrication on-site, Construct. Robot. (2020) 1–11, 
https://doi.org/10.1007/s41693-020-00043-8. 

[7] N. Taha, A.N. Walzer, J. Ruangjun, T. Bürgin, K. Dörfler, E. Lloret-Fritschi, 
F. Gramazio, M. Kohler, Robotic aerocrete-a novel robotic spraying and surface 
treatment technology for the production of slender reinforced concrete elements, 
in: Architecture in the Age of the 4th Industrial Revolution-Proceedings of the 37th 
eCAADe and 23rd SIGraDi Conference vol. 3, eCAADeSIGraDi, 2019, pp. 245–254, 
https://doi.org/10.3929/ethz-b-000387276. 

[8] L. Tonietto, L. Gonzaga, M.R. Veronez, C. de Souza Kazmierczak, D.C.M. Arnold, C. 
A. da Costa, New method for evaluating surface roughness parameters acquired by 
laser scanning, Sci. Rep. 9 (1) (2019) 1–16, https://doi.org/10.1038/s41598-019- 
51545-7. 

[9] K. Gadri, A. Guettala, Evaluation of bond strength between sand concrete as new 
repair material and ordinary concrete substrate (the surface roughness effect), 
Constr. Build. Mater. 157 (2017) 1133–1144, https://doi.org/10.1016/j. 
conbuildmat.2017.09.183. 

[10] DIN 4760:1982–-06, Form deviations - concepts and classification system, Berlin, 
DE, Standard, 1982, https://doi.org/10.31030/1110827. 

[11] DIN EN ISO 4287:2010–-07, Geometrical Product Specifications (GPS) - Surface 
texture: Profile method - Terms, definitions and surface texture parameters, Berlin, 
De, Standard, 2010, https://doi.org/10.31030/1699310. 

[12] P.M. Santos, E.N. Júlio, A state-of-the-art review on roughness quantification 
methods for concrete surfaces, Constr. Build. Mater. 38 (2013) 912–923, https:// 
doi.org/10.1016/j.conbuildmat.2012.09.045. 

[13] ASTM E965– - 96, Standard Test Method for Measuring Pavement Macrotexture 
Depth Using a Volumetric Technique, Standard, West Conshohocken, PA, USA, 
2001, p. 1996, https://doi.org/10.1520/E0965-96R01. 

[14] S. China, D.E. James, Comparison of laser-based and sand patch measurements of 
pavement surface macrotexture, J. Transp. Eng. 138 (2) (2012) 176–181, https:// 
doi.org/10.1061/(ASCE)TE.1943-5436.0000315. 

[15] L. Yuan, J. Guo, Q. Wang, Automatic classification of common building materials 
from 3d terrestrial laser scan data, Autom. Constr. 110 (2020) 103017, https://doi. 
org/10.1016/j.autcon.2019.103017. 

[16] K. Tan, X. Cheng, Correction of incidence angle and distance effects on tls intensity 
data based on reference targets, Remote Sens. 8 (3) (2016) 251, https://doi.org/ 
10.3390/rs8030251. 

[17] S. Kaasalainen, A. Jaakkola, M. Kaasalainen, A. Krooks, A. Kukko, Analysis of 
incidence angle and distance effects on terrestrial laser scanner intensity: search for 
correction methods, Remote Sens. 3 (10) (2011) 2207–2221, https://doi.org/ 
10.3390/rs3102207. 

[18] D. Bolkas, Terrestrial laser scanner intensity correction for the incidence angle 
effect on surfaces with different colours and sheens, Int. J. Remote Sens. 40 (18) 
(2019) 7169–7189, https://doi.org/10.1080/01431161.2019.1601283. 

[19] M. Franceschi, G. Teza, N. Preto, A. Pesci, A. Galgaro, S. Girardi, Discrimination 
between marls and limestones using intensity data from terrestrial laser scanner, 
ISPRS J. Photogramm. Remote Sens. 64 (6) (2009) 522–528, https://doi.org/ 
10.1016/j.autcon.2019.103017. 

[20] C. Suchocki, J. Katzer, Terrestrial laser scanning harnessed for moisture detection 
in building materials–problems and limitations, Autom. Constr. 94 (2018) 
127–134, https://doi.org/10.1016/j.autcon.2018.06.010. 

[21] A. Valikhani, A. Jaberi Jahromi, S. Pouyanfar, I.M. Mantawy, A. Azizinamini, 
Machine Learning and Image Processing Approaches for Estimating Concrete 
Surface Roughness Using Basic Cameras, Computer-Aided Civil and Infrastructure 
Engineering, 2020, https://doi.org/10.1111/mice.12605. 
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