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Abstract -

The need to reduce CO, emissions from concrete leads to
increasingly complex mix designs involving e.g. CO; reduced
cements, recycled materials, and various chemical additives.
This complexity results in a larger sensitivity of the concrete
to unpredictable fluctuations in both, the base material prop-
erties and in boundary conditions such as temperature and
humidity during the production process. Digital sensor sys-
tems and quality control schemes are considered as key to
counteract this problem by enabling an automated produc-
tion control. As contribution towards this goal, this paper
investigates the research question whether Computer Vision
can be used for the predictive characterisation of raw ma-
terials (here: of concrete aggregates) and of the fresh con-
crete quality during the mixing process. In particular, we
propose the usage of imaging sensors for the observation of
both, aggregate material and the flow behaviour of fresh con-
crete during the mixing process, and present deep learning
methods for the prediction of granulometric and rheological
properties from the image observations, respectively. Incor-
porating such systems into the concrete production process
enables the facilitation of a digital control loop for ready-
mixed concrete production by allowing an in-line reaction to

raw material fluctuations and to deviations of the concrete
from the target properties.
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1 Introduction

Concrete, which is the most used (building) mate-
rial worldwide, contributes approximately 8% to the
global CO;-emissions. The urgent need to reduce CO;-
emissions of the concrete production results in increas-
ingly complex concrete mixtures: Historically, being a
3-component-material (cement, water, and aggregates),
modern recipes contain a large variety of different compo-
nents, including e.g. CO, reduced cements (with various
sub-components), recycled aggregates, and various chem-
ical additives (super-plasticiser, flow-retarder, etc.) [1].
However, the growing complexity of the concrete mixtures
results in a strongly increased sensitivity of the concrete
properties to unpredictable fluctuations in the raw mate-
rials and the production processes, leading to diminished
robustness of the concrete, to difficulties in reaching the
desired concrete quality and ultimately, to higher rejection
rates. These challenges are extended by the fact that until
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Figure 1. High-level overview on the proposed con-
crete production control scheme using computer vi-

sion based methods for the in-line characterisation
of raw materials and fresh concrete quality.

today, the mixture design of the concrete and its produc-
tion are mostly empirically driven, leading to additional
difficulties due to the lack of experience with such new and
complex concrete compositions. As a result, the extensive
use of new, environmentally and resource-friendly build-
ing materials is hampered by the inability of controlling
and guaranteeing the desired concrete properties during
the production process.

In the authors’ opinion, a digital mapping of the essen-
tial process steps within the concrete production chain is
key for a transition towards a more sustainable high quality
concrete construction industry [2]. While in many man-
ufacturing industries, digitisation and automation have
enabled a strong increase in productivity over the last
decades, the developments in the construction industry
stagnated during this period, resulting in the construction
industry - and here, especially the concrete sector - to be
one of the least digitised industries of the global economy
[3]. In the context of the topic addressed by this paper, the
lack of digitisation and automation is for instance reflected
in the conventional, batch-based, and manual methods that
are currently still used as standard for the characterisa-
tion of raw materials (e.g. manual sieving for estimating
the particle size distribution of aggregates) and the qual-
ity control of the concrete production (e.g. slump flow or
rheometer tests for determining fresh concrete properties).
In order to overcome current limitations and to enable an



41st International Symposium on Automation and Robotics in Construction (ISARC 2024)

automated and improved concrete production, this paper
presents computer vision based methods for an in-line
monitoring of the raw materials used for concrete produc-
tion as well as for an in-line quality control of the fresh
concrete properties during the mixing process (cf. Fig[I).
Given real-time information about the raw material charac-
teristics before mixing (pre-production) allows to account
for deviations from the expected properties by adapting
the mix design accordingly, while real-time information
on the fresh concrete properties (during production) al-
lows for taking measures to assure that the target quality
is reached. In particular, to investigate the suitability of
imaging systems for the characterisation of building ma-
terials, we make the following contributions in this paper:

* We propose a Vision Transformer (ViT) based
method for the visual granulometry of concrete ag-
gregates from image observations.

* We present a Convolutional Neural Network (CNN)
based approach for the prediction of fresh concrete
properties from images acquired during the mixing
process of the concrete and mix design information.

* In the experimental part of this paper, we demon-
strate and evaluate the performance of the proposed
methods on challenging real-world data sets.

2 Background

2.1 Raw material characterisation

The size distribution (formally known as grading curve)
of the aggregates used for concrete production significantly
influences many important concrete properties including
e.g. the consistency, workability, and segregation tendency
of the concrete in the fresh state as well as the compres-
sive strength and the durability in the hardened state [4].
As a consequence, the size distribution of the aggregates
has to be considered during mix design (typically by con-
sidering the aggregates’ k-value), since it affects the water
demand and the amount of required super-plasticizer of the
concrete composition. In practice, however, the size distri-
bution is usually determined on a low-frequency basis by
mechanical sieving of small sample batches of aggregates
(a few kilograms), which are considered as representative
for large amounts (a few tons). As a consequence, devi-
ations of the actual material used for concrete production
from the test sample cannot be accounted for.

A camera based sensor setup, observing the material
while being transported over the conveyor belt into the
mixer, and algorithms that are able to predict the size dis-
tribution from the image observations allow to consider
the actual aggregate grading curves in the mix design for
the production of each concrete batch. In the literature, the
derivation of size distributions from images of aggregate

is often approached in a two-step procedure. In this con-
text, the first step consists of a segmentation of individual
particles, e.g. based on grayscale thresholding, edge de-
tection, or watershed transformations in early approaches
[5416], while modern procedures apply deep learning based
methods for instance segmentation or panoptic segmenta-
tion of aggregate particles [7, [8]. In a second step, the
particle size distribution is derived from the segmentation
results. However, this procedure suffers from partial oc-
clusions and an often insufficient spatial image resolution,
and needs an explicit conversion from the two-dimensional
segmentations to volumetric entities [3]], introducing inac-
curacies for the task of estimating size distributions.

In contrast to the described object-based procedure, sta-
tistical approaches avoid the explicit detection and mod-
elling of individual instances by relying on global image
statistics in order to predict the size distribution directly
from the raw image. In this context, Olivier et al. [9] and
Coenen et al. [10] propose to learn a CNN in order to
distinguish different predefined particle size distributions.
However, in this way, only a classification of a discrete
set of grading curves is possible. In order to overcome
this limitation, CNN based approaches for the prediction
of the continuous percentiles defining the size distribution
were presented in [[11]. While the latter approaches used
CNN-architectures, recently the application of transformer
based models for vision tasks has shown great potential and
encouraging results [[12]. Since it was shown in the litera-
ture, that Vision Transformers (ViT) perform equal to and
even outperform CNN-based methods for the task of grad-
ing curve prediction [13]], we follow the recent success of
transformer-based models and choose a ViT approach for
the determination of concrete aggregate size distributions.

2.2 Fresh concrete characterisation

In current practice, the quality inspection of fresh con-
crete is mainly conducted offline, i.e. after the mixing and
production process, using empirical test methods based on
small batch samples taken from the concrete. One of these
methods is, for example, the slump flow test [[14]]. This test
involves applying a force to a fresh concrete sample and
measuring how much it spreads. The manually measured
slump flow diameter ¢ is an indicator of the consistency
of the fresh concrete. However, the manual measurement
entails a higher degree of inaccuracy due to possible hu-
man error. Furthermore, at this stage of the production
process, only very limited control of the concrete proper-
ties remains possible. For this reason, an inline quality
assessment during the mixing process is desirable, since it
enables a real-time reaction on potential deviations from
the target properties. Besides, caused by the hydration
process of concrete, its properties can change significantly
between the time of mixing and the time of the actual
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placement of the concrete. Therefore, it is also striven for
a prediction of the concrete properties at the time of place-
ment by modelling the time-dependent behaviour of the
concrete. In addition to the consistency, the fresh concrete
can also be characterised by its rheological parameters,
namely the plastic viscosity u and the yield stress 1o of
a Bingham model which is typically used to describe the
non-Newtonian properties of fresh concrete. Founded on
fluid dynamic laws, these properties determine the flow
behaviour of the fluid under specific boundary conditions,
e.g. during a mixing process. For the prediction of fresh
concrete properties, two central procedures can be found
in the literature. One approach is to make use of the infor-
mation of the mix design on the basis of which machine
learning methods are trained to predict the target param-
eters. In [15], the information from the mix design is
additionally extended by temporal information to enable
a time-dependent prediction. Although these approaches
are promising, they heavily depend on the quality of the
information from the mix design which, however, are of-
ten subject to larger inaccuracies, e.g. caused by unknown
fluctuations in the raw material properties. The second ap-
proach is to use sensor observations of the fresh concrete,
e.g. in the form of image observations, and to establish
deep learning methods to predict the fresh concrete prop-
erties on the basis of the observed data. In this context,
[[L6] used a camera setup to observe the concrete flow at
the outlet of a mixing truck and a CNN-based method was
proposed to learn a mapping between the sequential im-
age data and the fresh concrete’s rheological properties.
However, compared to channel flow, a significantly more
complex behaviour is expected for the dynamic flow of the
concrete during mixing. In [17], a method for predicting
the rheology of Bingham fluids from stereo-images and
3D surface reconstructions of the material during the mix-
ing procedure was presented. In [18], a similar approach
using a CNN and a long-short-term memory network has
been proposed. Although these approaches are not prone
to possible uncertainties in the mix design, they do not
take into account the time dependency of the properties.
In this paper, we extend the CNN-based method of [17]]
and propose a novel procedure for time-dependent fresh
concrete characterisation during the mixing process based
on stereo-camera observations, temporal information, and
mix design. Investigations whether the deployment of ViT-
based models instead of a CNN architecture can improve
the performance are planned in future work.

3 Methodology

3.1 Image-based granulometry

Given a three-channel (RGB) image / depicting con-
crete aggregates, we aim at automatically deriving the

grading curve G = [py, p2,...,pn]. Per definition, the
grading curve is a histogram in which grain size inter-
vals (bins) are represented on the abscissa (x-axis) and
the quantity proportion is shown on the ordinate (y-axis).
Consequently, G is parameterised by a vector whose el-
ements p; correspond to the histogram percentiles of
each grain size interval j = [1...N]. In this repre-
sentation, each percentile is a continuous variable with
{p; € R |0 < p; < 1} under the constraint 3, p; = 1

As a result, mapping the image I to the grading curve G
corresponds to a constrained multi-regression problem of
the individual percentiles p ;, in which the determined per-
centiles must sum up to 1. In order to tackle this problem,
we make use of a Vision Transformer (ViT) based archi-
tecture [12] acting as mapping function f : I — G. As
is shown in Fig. 2| the ViT takes a single image as input
and decomposes it into a sequence of n non-overlapping
image patches x; € R”*" which are transformed into 1D
tokens z; € R? of length d using a linear projection E.
The sequence of tokens z0 € R"*1*4 with

ZO = [ZCIS7 Ezi,Ez, ...,

Eza| +p (D

then serves as input to a transformer encoder architecture
[19]. Asindicated in Eq.m alearnable classification token
Zcls 18 prepended to the sequence, whose representation at
the final layer of the encoder is used as input embedding
for the output layer.
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Figure 2. Structure of the ViT (adapted from [12])

Furthermore, a learnable position embedding p € R"*¢
is added to the tokens (cf. Eq. |1) in order to retain po-
sitional information throughout the permutation invariant
self-attention operations of the encoder. The tokens are
passed through the transformer encoder which consists
of a stack of / = 1...L residual layers, each comprising
Multi-Head Self-Attention (MSA) [19], layer normalisa-
tion (LN), and Multi-Layer Perceptron (MLP) blocks. The



