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A B S T R A C T

Accurate assessment of the flow behaviour of fresh concrete is essential for ensuring stability, mechanical per
formance, and durability. Flow behaviour governs key construction processes including mixing, pumping, and 
placement. While rheometers provide precise measurements, they are costly, complex, and impractical for field 
use. Consequently, alternative techniques have gained attention for real-time and on-site monitoring. These 
approaches evaluate flow characteristics and track mixing by capturing measurable signals such as images, 
sound, vibration, or power consumption. Compared to rheometers, they offer advantages in speed, automation, 
and minimal disruption. This review critically examines the principles, accuracy, technology readiness, appli
cability, and limitations of these emerging approaches, and explores future directions. It also emphasizes arti
ficial intelligence (AI) integration to enhance data processing and automation and examines multimodal 
strategies such as multi-sensor fusion, multi-source data fusion, and large language models to improve analysis 
and decision making. These advances support the vision of Industry 4.0 through intelligent and connected 
concrete production systems.

1. Introduction

The flow behaviour of fresh concrete is fundamental to modern 
construction, governing concrete's performance from mixing to place
ment and consolidation (Lomboy et al., 2014). This behaviour is pri
marily governed by rheological parameters such as yield stress and 
plastic viscosity, which influence not only the efficiency of mixing, 
pumping, and casting but also the stability of fresh concrete, including 
resistance to segregation, control of bleeding, and uniform dispersion of 
aggregates, admixtures, and fibres (Meng and Khayat, 2017a; Çelik 
et al., 2022). Ultimately, flow behaviour determines the mechanical 
performance and long-term durability of hardened concrete, under
scoring the importance of precise control during the construction pro
cess for ensuring structural reliability and service life (Abrishambaf 
et al., 2022; Liu et al., 2023). Given that concrete is the most widely 
used construction material globally, effective monitoring and manage
ment of flow behaviour are essential for the development of advanced 
construction techniques (e.g. 3D printing) and structural applications.

Traditionally, the measurement of concrete flow behaviour relies on 
specialized laboratory instruments, such as rheometers (Du et al., 

2023a). Rheometers offer precise and direct quantification of parame
ters such as yield stress and plastic viscosity, providing detailed insights 
into the flow characteristics of concrete (Feys and Khayat, 2013). 
However, the application of such instruments is limited due to their high 
cost, operational complexity, and tendency to interfere with the mixing 
process (Guo et al., 2022). Additionally, their size and sensitivity to 
environmental conditions restrict their use in field environments, where 
real-time decision-making is often necessary (Teng et al., 2020). Stan
dard workability tests, such as the slump, flow table, slump-flow, and 
V-funnel tests, are widely used in practice and provide measures of 
concrete flow behaviour. However, they may be insufficient to distin
guish between different types of concrete – for example, the slump test 
may not differentiate mixtures with similar yield stress but differing in 
plastic viscosity (White, 2025). In addition, each workability test is 
applicable only within a specific workability range, and these methods 
require interrupting the mixing process to extract samples, which limits 
their suitability for continuous monitoring (Fares, 2015).

To overcome these limitations, researchers have increasingly 
explored alternative sensing techniques to provide real-time monitoring 
of fresh concrete during mixing and handling. These approaches 
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estimate the rheological behaviour of concrete by capturing various 
measurable parameters, such as visual images from cameras (Schack 
et al., 2024a), readings from torque sensors (Khayat and Libre, 2014), 
energy consumption monitored by power meters (Cazacliu and Roquet, 
2009). By correlating these indicators with rheological properties, it 
becomes possible to monitor fresh concrete in real time with minimal 
interference to the material (Coenen et al., 2024). Such techniques offer 
advantages in terms of speed, automation, and adaptability, making 
them attractive for field applications in dynamic construction 
environments.

Monitoring flow behaviour after mixing is also essential, since de
fects such as segregation and bleeding compromise durability and me
chanical performance (Benaicha et al., 2025). Traditional workability 
tests offer limited insight, whereas recent computer vision advances 
enable automatic and non-invasive evaluation. Schack et al. (2024b)
applied deep learning-based segmentation to slump flow tests to quan
tify segregation and bleeding. The same group (Schack et al., 2024a) 
subsequently employed multi-view stereo to reconstruct 
three-dimensional slump flow surfaces for detecting aggregate agglom
eration. In addition, a multi-sensor approach that combines 3D recon
struction and an accelerometer is proposed, in which 3D reconstruction 
is used to estimate yield stress from the final slump geometry, while the 
accelerometer measures cessation time to determine viscosity (White 
and Lees, 2025). These advances show that imaging analysis offers an 
effective toolset for quantitative evaluation of fresh concrete quality.

Despite the progress made, a comprehensive review that consolidates 
and integrates the existing knowledge in this field is still lacking. To 
address this gap, this review provides an overview of existing and 
emerging techniques for assessing concrete flow behaviour. It critically 
examines the principles underlying each method, evaluates their accu
racy, robustness, and technology readiness level (TRL), and discusses 
their respective advantages and limitations. By comparing the current 
state of the art, the article aims to identify promising directions for 
future research and development.

In addition to reviewing sensing technologies, this article highlights 
the growing role of artificial intelligence (AI) in advancing monitoring 
systems for fresh concrete flow behaviour. AI-based techniques have 
demonstrated strong potential in enabling automatic feature extraction 
from complex sensor data (e.g., images, acoustic signals, or vibration 
patterns), and supporting robust predictive modelling of flow behav
iours, such as rheological parameters. Furthermore, the recent emer
gence of multi-modal strategies that combine heterogeneous data 
sources, such as torque sensor signal with image-based features, pro
vides new opportunities for knowledge discovery and intelligent data 
integration (Tahoun et al., 2021). By embedding AI and multi-modal 
technologies into flow behaviour monitoring, the construction in
dustry can progress towards more automated, reliable, and sustainable 
concrete production and quality control. Emerging large language 
models and visual–language models enable multi-modal integration of 
images, signals, and text, offering new potential for automated inter
pretation and monitoring of fresh concrete flow behaviour (Kasneci 
et al., 2023).

The literature was primarily collected through Google Scholar, Sci
enceDirect, and Web of Science using combinations of keywords. The 
use of multiple databases and broad search terms was intended to 
minimize the risk of overlooking important studies. The core search 
string was (“fresh concrete” AND (“flow behaviour” OR “workability” 
OR “rheology”) AND (“artificial intelligence” OR “computer vision” OR 
“deep learning” OR “machine learning” OR “sensing technology” OR 
“sensor-based measurement” OR “mixing power” OR “image analysis”)). 
Publications from 2000 to 2026 were considered, and the first 50 re
cords ranked by relevance for each keyword combination were 
screened. Studies directly related to the monitoring or prediction of 
fresh concrete flow behaviour, workability, or rheology using AI- or 
sensing-based techniques were retained. After deduplication and 
screening, 65 primary references were selected. In addition, targeted 

searches identified 10 supplementary references, including technical 
reports, standards, and relevant webpages, to complement topics not 
sufficiently covered by the primary literature.

The remainder of this article is structured as follows. Section 2 es
tablishes the definitions and classification framework for concrete flow 
monitoring methods. Section 3 focuses on monitoring techniques 
applied during the mixing stage. Section 4 reviews post-mixing moni
toring approaches used to assess flow behaviour after production. 
Finally, Section 5 summarizes the strengths and challenges of the 
existing methods and outlines future research directions.

2. Definition and classification

This section presents the general definition of concrete flow behav
iour and the corresponding assessing methods. Section 2.1 discusses the 
rheological characteristics of fresh concrete, while Section 2.2 in
troduces the monitoring techniques used to evaluate concrete flow 
behaviour and classifies them into different categories.

2.1. Concrete flow behaviour

Fresh concrete exhibits complex non-Newtonian flow behaviour that 
cannot be adequately described by simple linear fluid models. Its 
rheological response is most commonly characterized by the Bingham 
model, which assumes that the material possesses a yield stress that must 
be overcome before flow can initiate (Khayat et al., 2019). In other 
words, concrete behaves as a solid-like material under low applied stress 
and begins to deform and flow only when the applied shear stress ex
ceeds this critical threshold (White and Lees, 2025). A higher yield stress 
indicates a greater resistance to flow, thereby reducing workability and 
requiring increased energy for mixing and pumping of concrete (Xie 
et al., 2013). Proper control of yield stress ensures segregation resis
tance by maintaining aggregate distribution and preventing of paste 
bleeding (Yan et al., 2020), while in pumping it indicates the initial 
pressure required to mobilize concrete, affecting energy efficiency (Feys 
et al., 2022). Once yielding occurs, the relationship between shear stress 
and shear rate becomes approximately linear, and the slope of this linear 
region is defined as the plastic viscosity (Teng et al., 2020). Plastic 
viscosity reflects the resistance of fresh concrete to continuous flow after 
yielding (Mandal et al., 2023). Plastic viscosity influences flow resis
tance and energy demand during placement, thereby affecting opera
tional efficiency. Higher values enhance the stability by reducing 
segregation and bleeding but hinder pumping and casting, while lower 
values improve flowability at the risk of heterogeneity and separation 
(Teng et al., 2020). The flow behaviour of fresh concrete is fundamen
tally linked to its workability, stability, and constructability in engi
neering practice. Therefore, effective control of flow behaviour is 
essential to ensure construction quality, operational efficiency, and 
long-term structural performance.

The flow behaviour of fresh concrete can be characterized not only 
by rheological parameters measured during mixing, such as yield stress 
and plastic viscosity, but also by post-mixing indicators that reflect 
stability and homogeneity. In addition to rheological parameters 
measured during mixing, post-mixing indicators provide complemen
tary insights into the flow behaviour and stability of fresh concrete. 
Practical measures such as slump, slump flow spread, segregation 
resistance, and bleeding are widely used to evaluate workability and 
cohesiveness under field conditions (Bui et al., 2002; EN 12350, 2019a; 
EN 12350, 2019b). These indicators reveal critical aspects of mixture 
performance, including whether aggregates and paste remain uniformly 
distributed, whether excess water migrates to the surface, and how 
readily the mixture spreads under its own weight.

2.2. Flow behaviour monitoring methods

The classification of mixing-flow monitoring methods presented in 
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this review follows the overall methodological framework adopted in 
the study. These methods are organized into three main categories: (1) 
Conventional offline post-mixing testing; (2) In-process (real-time) 
monitoring; and (3) Advanced post-mixing monitoring. 

(1) Conventional offline post-mixing testing. The flow behaviour 
of fresh concrete is typically described by two key rheological 
parameters: yield stress and plastic viscosity. Instruments such as 
rheometers and viscometers remain the most widely used tools 
for characterizing these properties. Typical laboratory systems 
include parallel-plate rheometers such as Anton Paar MCR 302, 
which provide high-precision measurements for small batches of 
cement paste (Du et al., 2023b). Portable concentric-cylinder 
devices such as BTRHEOM offer similar capabilities for con
crete materials under field conditions (BTRHEOM, 2004). For 
mixtures containing sand or coarse aggregates, larger-capacity 
concentric or coaxial cylinder systems such as the ConTech 
viscometer (Khayat et al., 2019) and the ICAR/ICAR Plus 
rheometer (Du et al., 2023a) enable reliable rheological assess
ment of mortar and concrete samples. These types of equipment 
provide direct measurements of material flow properties and 
establish the fundamental understanding required for evaluating 
flow stability, mixture optimization, and quality control. Stan
dard workability tests also provide alternative approaches for 
estimating rheological properties. For example, a theoretical 
model was proposed by Meng et al. (Meng and Khayat, 2017b) to 
estimate the yield stress of cement paste based on the final spread 
diameter obtained from the slump test, establishing a quantita
tive correlation between yield stress and spread diameter. The 
same study also identified a relationship between the plastic 
viscosity of concrete and the V-funnel flow time for 
self-consolidating mixtures (Meng and Khayat, 2017b). In addi
tion, the vane test and the inclined plane test have proven 
effective for assessing the static yield stress of cementitious ma
terials (Omran et al., 2011; Jarny et al., 2008).

(2) In-process (real-time) monitoring. To capture the dynamic 
evolution of concrete flow during mixing, real-time sensing 
technologies have been increasingly researched. Devices such as 
video cameras, audio sensors, and vibration signal recorders 
enable continuous monitoring of the mixing process by analyzing 
visual patterns, acoustic signatures, and vibration responses. 
These methods provide valuable insights into aggregate move
ment, lubrication layer formation, and the early detection of 
abnormal mixing behaviour. However, these data are not directly 
correlated with flow behaviour, as they serve only as indirect 
indicators rather than explicit rheological measurements. More
over, the analysis typically relies on manually designed features 
or predefined statistical metrics, which limit their ability to 
represent the complex, time-varying nature of concrete flow. This 
gap has highlighted the need for advanced data-driven ap
proaches, and AI has emerged as a promising tool capable of 
learning hidden patterns from multimodal sensing data and 
establishing more direct links between sensor observations and 
flow behaviour.

(3) Advanced post-mixing monitoring. Post-mixing assessments 
focus on evaluating flow-related characteristics after mixing has 
been completed. Technologies such as 3D scanners can rapidly 
reconstruct the surface geometry of the mixed material, capturing 
indicators of flow uniformity, segregation, and surface texture. 
When combined with sensing techniques and data-driven anal
ysis, these post-mixing methods enable fast, automated inter
pretation of flow behaviour, reducing the time required for 
traditional rheological testing. By providing quick feedback on 
mixing efficiency and identifying potential issues immediately 
after mixing, these approaches help streamline the evaluation 
process and support more efficient decision-making in practice.

3. Monitoring of flow behaviour during mixing

This section reviews in-line methods for evaluating the flow behav
iour of concrete during mixing. Section 3.1 presents power and torque 
monitoring, Section 3.2 introduces vision-based techniques, Section 3.3
covers audio-based analysis, and Section 3.4 discusses vibration 
analysis.

3.1. Mixing resistance measurement

3.1.1. Mixing power
Power measurements are cost-effective and non-invasive methods 

for assessing the force needed to rotate an impeller shaft (Cazacliu and 
Legrand, 2008). A wattmeter can be connected to the mixer's motor to 
record power consumption as an indirect measure of mixing resistance. 
Cazacliu and Roquet (2009) proposed a model linking power curves to 
mixing kinetics, identifying five characteristic stages (dry powder, dry 
granules, wet granules, granular suspension with agglomerates, and 
fully dispersed suspension), as shown in Fig. 1. Two key transition points 
were defined: the maximum cohesion point (wet granules to hard paste) 
and the fluidity point (hard paste to suspension). The fluidity point 
proved a practical indicator of mixing difficulty and homogeneity, 
demonstrating that power monitoring offers a reliable in-line method for 
controlling and optimizing concrete mixing. Concrete was considered 
homogeneous once the power consumption curve reached its fluidity 
point (Chopin et al., 2007). Ngo et al. (2016) further demonstrated that 
mixing power curves could be used to monitor water content in concrete 
production. Tests on 40 industrial batches showed that the fluidity point 
on the power curve reliably indicates homogeneity, with water predic
tion errors within ±3.8 L/m3, and its identification determines the end 
of mixing, reducing average mixing time by up to 16%. This confirms 
that mixing power is a reliable, non-invasive method for water control 
and process optimization in concrete plants.

Chopin et al. (2007) investigated the relationship between mixer 
power consumption and concrete homogenization. Power consumption 
was recorded using a power meter on the drive system of the mixer to 
generate power consumption curves, while rheological properties such 
as yield stress and plastic viscosity were measured using the BTRHEOM 
rheometer. Power consumption was recorded at various mixing dura
tions (20, 38, 55, and 600 s). For a given mixture, the results indicated 
that the rheological parameters, including yield stress and plastic vis
cosity, remained relatively constant as mixing time increased during the 
homogenization stage (stabilized power consumption). The final stabi
lized power consumption strongly reflected the yield stress and plastic 
viscosity, supporting the idea that power consumption is influenced by 
the torque required to overcome the material's resistance. This confirms 
that power input depends on both yield stress and plastic viscosity. 
Consequently, the mixer can be interpreted as a large-scale rheometer 
capable of indirectly assessing fresh concrete rheology. The findings also 
suggest that mixer design affects homogenization efficiency, with larger 
mixers requiring shorter mixing durations to reach a steady state. 
Hayano and Kudo (2021) proposed a machine learning–based method 
for predicting the quality of ready-mixed concrete by combining mixer 
power load statistics with production time information. The input fea
tures include statistical values derived from power load statistics 
together with time-related variables. A trained neural network then 
outputs key fresh concrete quality indices, including slump and slump 
flow. Using 457 training datasets and 48 evaluation datasets, the model 
demonstrated high accuracy in predicting fresh concrete quality. For 
slump, the accuracy exceeded 80% within ±1.0 cm tolerance, and for 
slump flow, the accuracy exceeded 90% within ±7.5 cm tolerance 
(Hayano and Kudo, 2021). The proposed method provides acceptable 
predictive performance, particularly for slump estimation, where the 
achieved tolerance is comparable to or better than the repeatability and 
reproducibility limits reported in NEN-EN 12350-2:2019 (NEN-EN 
12350, 2019a). For slump-flow prediction, the high percentage of 
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results within ±75 mm indicates suitability for general monitoring; 
however, the relatively wider tolerance compared with standard test 
variability (~1.75 times the reported repeatability and reproducibility 
limits in NEN-EN 12350-8:2019 (NEN-EN 12350, 2019b) suggests that 
additional validation with tighter error criteria is required for 
high-precision applications.

3.1.2. Torque and hydraulic pressure
Mixing power and mixing torque are directly related through equa

tion P = T ω, where P is power, T is torque, and ω the angular speed of 
the mixer. Rong et al. (2022) measured mixing power by installing a 
torque sensor and speed control system on a lab-scale twin-shaft mixer, 
where the torque on the mixing shaft was continuously recorded and 
converted into power under constant rotational speed. Optimal work
ability, as indicated by the stabilization of torque, consistently occurred 
at a characteristic point along the power curve (Rong et al., 2022). An 
industrial project reported the development of a commercial AI-based 
system, “Verifi”, designed for real-time monitoring of concrete 
rheology inside mixer truck (Khayat and Libre, 2014). “Verifi” measures 
concrete slump in transit using an integrated system of sensors and 
predictive algorithms. Torque sensors in the drum monitor resistance 
during rotation, while rotational speed and hydraulic pressure help 
assess mixing power, correlating with slump. These real-time sensor 
readings are compared with previously calibrated lab-tested slump 
values using machine learning algorithms, enabling accurate slump 
estimation during transit. The system continuously tracks changes in 
concrete consistency and autonomously adjusts water or admixture 
dosing via automated valves to maintain the target slump before arrival 
at the job site. An onboard computer manages data processing and 
control operations, with results transmitted to the cloud portal for full 
delivery tracking. It eliminates manual slump tests, maintains consistent 
workability throughout transit, and allows real time adjustments 
without truck driver intervention and full traceability. Amziane (2005)
demonstrated that a concrete mixing truck can be used as a rheometer by 
monitoring torque during drum rotation at different speeds. The 
measured torque–speed curve allows the back-calculation of yield stress 
and plastic viscosity. Field validation showed truck-derived values 

agreed well with ICAR rheometer, with correlations above 0.9. Hy
draulic pressure sensors installed at the inlet and outlet of the drum's 
hydraulic motor continuously record the pressure required for drum 
rotation (Jordan et al., 2018). By combining these pressure readings 
with drum speed data from a speed sensor or accelerometer, the pro
cessor calculates the power input per unit time. This resistance to drum 
rotation serves as an indirect measure of rheology, where higher power 
consumption demand indicates greater concrete resistance. These sig
nals allow the system to automatically derive slumps, yield stress, and 
viscosity of fresh concrete.

3.1.3. Summary
Table 1 summarizes the key characteristics, limitations, and AI 

integration of in-mixer indirect monitoring methods. Overall, mixing 
power, torque, and hydraulic pressure offer practical solutions for 
continuous monitoring by capturing the mechanical response of con
crete during mixing or transportation. However, these signals are 
influenced not only by concrete fresh properties but also by equipment 
and operational factors, such as mixer geometry, rotational speed, and 
batch volume. Consequently, correlations established for a specific 
mixing system may have limited transferability to other equipment or 
production conditions. This highlights a fundamental trade-off between 
industrial applicability and measurement generalizability: indirect 
monitoring methods are readily integrated into production processes but 
often require system-specific calibration, whereas standardized rheo
logical measurements provide more physically interpretable parameters 
but are less suitable for continuous monitoring. In this context, AI offers 
the potential to improve the interpretation of complex sensor signals and 
establish nonlinear relationships between equipment responses and 
concrete properties. However, AI does not inherently eliminate equip
ment dependency, and its generalizability ultimately depends on the 
diversity and representativeness of the training data.

3.2. Computer vision-based methods

Computer vision offers a promising solution for monitoring the flow 
behaviour of fresh concrete by linking visual patterns to flow 

Fig. 1. Illustration of mixing power evolution across different mixing stages (Ferraris et al., 2001).

Table 1 
Comparative analysis of in-mixer monitoring methods.

Criterion Mixing power (Chopin et al., 
2007; Hayano and Kudo, 2021)

Torque (Rong et al., 2022; Amziane, 
2005)

Hydraulic pressure (Jordan 
et al., 2018)

VERIFI system (Khayat and Libre, 2014)

Measurement 
principle

Resistance reflected by power 
consumption

Resistance reflected by mixing torque Resistance reflected by 
hydraulic load/pressure

Torque, rotational speed, and hydraulic 
pressure measured during drum rotation

Relation to fresh 
properties

Indirect Indirect Indirect Indirect

Real-time 
monitoring

Yes Yes Yes Yes

Main limitation Equipment and operating- 
condition dependent

Equipment and operating-condition 
dependent

System-specific calibration Proprietary system; calibration 
requirements;

AI integration Yes No No Yes
Potential 

enhancement by 
AI

/ Time-series prediction and improved 
interpretation of torque evolution

Nonlinear mapping between 
pressure signals and workability

/
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characteristics such as plastic viscosity. Images captured during concrete 
mixing reveal important features, such as surface flow patterns (e.g., 
smoothness, swirls), motion traits (speed, consistency), texture (gloss, 
aggregate visibility), and indicators like voids, homogeneity, and bub
bles, all closely tied to plastic viscosity during mixing. High-viscosity 
mixtures show slower, thicker, and more stable flows with distinct 
surface ridges, while low-viscosity mixtures flow more easily and create 
smoother surfaces. All these visual patterns are reflected in variations in 
pixel values within the images, as indicted in Fig. 2. Establishing accu
rate correlations between visual features and rheological properties re
mains a significant challenge, as it involves capturing subtle 
spatiotemporal changes during the mixing process. Deep learning can 
address this complexity by automatically learning relevant patterns 
from large image datasets. Convolutional neural networks (CNNs) are 
commonly used to extract feature maps from an image using a sliding 
window approach (Guo et al., 2024). The extracted feature map (matrix) 
serves as the input for training the neural network for classification and 
regression purpose (Guo et al., 2022). Deep learning can identify subtle 
relationships between flow behaviour and plastic viscosity.

3.2.1. Image analysis
Juez et al. (2017) developed an inline image analysis method for 

monitoring concrete mixing. In this study, the image analysis method 
was based on evaluating the surface texture of the mixture through 
gray-level histograms. Each captured frame was converted to grayscale, 
and the standard deviation of pixel intensity distribution (texture index) 
was calculated to quantify surface roughness and heterogeneity during 
mixing. The evolution of this texture index over time allowed the 
identification of key transition points, such as the cohesion point (par
ticles agglomeration) and the fluidity point, providing a robust and 
non-invasive means of monitoring the mixing process. Ding and An 
(2017) proposed a real-time method to evaluate the workability 
(slump flow) of self-compacting concrete during mixing using digital 
image analysis, which serves as an indicator of concrete quality. An 
industrial camera was mounted above a single-shaft mixer to capture 
video frames, where the upper and lower boundaries of concrete lifted 
by the blades were extracted using image subtraction and watershed 
segmentation. The vertical distance between these boundaries corre
lated linearly with slump flow values, enabling indirect workability 
estimation with less than 5% error in verification. To improve the effi
ciency of data analysis, Hayano and Kudo (2020) further proposed the 
deep learning method for directly predicting fresh concrete quality using 
image data captured near the stirring blades and shaft. The CNN model 
reached prediction accuracies exceeding 90% for slump and 72% for 
slump flow. Deep learning–based computer vision enables efficient, 
non-invasive monitoring of flow behaviour. These advances enable more 
accurate and automated prediction of fresh concrete flow behaviour 
through deep learning.

3.2.2. Video analysis
Guo et al. (2022) developed a computer vision video-recognition 

method for real-time mortar plastic viscosity assessment during mixing, 
as indicated in Fig. 3. A long-term recurrent convolutional network 
(LRCN) was applied to capture the dynamic flow behaviour from video 

frames. This model combines CNN for spatial feature extraction and long 
short-term memory (LSTM) networks for temporal feature learning, 
allowing correlation of these features with viscosity values measured by 
a rheometer. Videos of the mixing process were captured with a cell
phone camera (iPhone 12 Pro), and plastic viscosity was measured using 
an ICAR rheometer. The study defined viscosity ranges from flexural 
strength data by fitting a curve between plastic viscosity and strength, 
dividing it into five segments at 21.9, 18.6, 15.3, and 12.0 MPa (15% 
decrements). The corresponding viscosity ranges were 12–24, 25–34, 
35–72, 73–83, and 84–106 Pa s. The proposed method achieved over 
99% accuracy in predicting viscosity ranges using the LRCN model, with 
each assessment taking less than 1 s, enabling near real-time monitoring. 
Yang et al. (2021) estimated concrete workability by converting mixing 
videos into over 20,000 labeled image sequences. A CNN–LSTM model 
extracted spatiotemporal features and predicted slump and slump flow 
with errors mostly below 10%.

Guo et al. (2026) introduced a non-contact, video-based deep 
learning approach for real-time prediction of mixing torque, a key in
dicator of mortar consistency and its evolving rheological behaviour. 
Instead of relying on specialized torque sensors, the method extracts 
spatial and temporal information from mixing videos using a hybrid 
CNN–LSTM framework, in which ResNet-50 captures frame-level fea
tures and an LSTM models temporal changes. The model demonstrated 
high predictive performance, achieving R2 values of 0.992 for training, 
0.989 for validation, and 0.936 for testing, with an inference time below 
60 ms, enabling real-time application. These results suggest video-based 
deep learning can replace physical sensors for scalable, cost-effective 
quality control in concrete and mortar production.

3.2.3. Summary
Table 2 summarizes the characteristics, performance, and limitations 

of computer vision-based methods. The progression from traditional 
image analysis to deep learning and video analysis enables automatic 
extraction of complex spatial and temporal features, reducing reliance 
on manually defined features. Video-based models are particularly 
promising because they capture dynamic flow information that cannot 
be fully represented by individual images. However, performance across 
studies is not directly comparable, and high dataset-specific accuracy 
may not translate to reliable performance under different production 
conditions. Compared with direct property prediction, video-based 
torque prediction provides continuous, synchronized training data and 
a physical link between flow behaviour and mechanical resistance. 
Nevertheless, torque remains an indirect indicator and requires further 
correlation with specific rheological or workability parameters. The key 
challenge is therefore to develop robust and transferable models that 
maintain reliable performance under practical production conditions.

3.3. Audio-based method

Sound signals produced during concrete mixing carry useful infor
mation that can differentiate between distinct mixing stages. Wilenius 
et al. (2020) explored the use of audio data and machine learning to 
monitor the concrete mixing process in real time, aiming to detect 
different mixing stages and identify potential irregularities. Audio was 

Fig. 2. Visualization of pixel intensity variation corresponding to viscosity changes.
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continuously recorded at a concrete factory using a TASCAM DR-05 
VoiceTracer, ensuring 48 kHz data can be utilized for study. Audio re
cordings were collected over a week, resulting in 2100 manually labeled 
samples belonging to three working conditions: 700 samples for “mixer 
off”, 700 samples for “mixer on without mixing”, and 700 samples for 
“mixer on with mixing”, each of the samples is 3 s long. A band-pass 
filter transformed audio samples into 35-dimensional vectors, which a 
clustering algorithm grouped into 9 sound patterns representing distinct 
mixing conditions such as dry mixing, water addition, homogenization, 
and overmixing. Results indicate that audio analysis can detect irregu
larities and link sound profiles to concrete quality for improved control 
and early fault detection. The illustration of proposed method is shown 
in Fig. 4.

3.4. Vibration signal analysis

Vibration data collected from concrete mixers provides a non- 
invasive means of monitoring mixing quality. Variations in vibration 
amplitude and acceleration have been shown to correlate with slump, 
compressive strength, and density (Zhao et al., 2021; Du et al., 2023c). 
Previous study also demonstrated that characteristic vibration patterns 
reflect key stages of the concrete mixing process (Wilenius et al., 2020). 
In this study, a vibration sensor was mounted directly onto a mixer and 
connected to an on-site data logger, which recorded high-resolution 
signals at a 96 kHz sampling rate and automatically uploaded the data 
to a cloud server every minute for one week. These vibration signals 
were subsequently processed using data-analysis algorithms to infer 
quality indicators such as mixing uniformity and consistency anomalies. 

Fig. 3. Vision-based real-time monitoring for assessing the rheological properties (Guo et al., 2022).

Table 2 
Comparison of computer vision-based methods.

Criterion Traditional image analysis (Juez et al., 
2017; Ding and An, 2017)

CNN-based image analysis (
Hayano and Kudo, 2021)

CNN-LSTM (Guo et al., 2022; Yang 
et al., 2021; Ding and An, 2018)

Video-based torque prediction (Guo 
et al., 2026)

Input data Individual images Individual images Image sequences Image sequences
Feature 

extraction
Hand-crafted image features Automatically learned spatial 

features
Automatically learned spatial and 
temporal features

Automatically learned spatial and 
temporal features

Target property Mixing state/slump flow Slump/slump flow Plastic viscosity/workability Mixing torque
Temporal 

information
Limited Limited Yes Yes

Real-time 
potential

Yes Yes Yes Yes

Main advantage Simple and interpretable Automated feature extraction Captures dynamic flow behaviour Enables continuous, synchronized 
labels for model training

Main limitation Relies on predefined visual features Limited representation of 
temporal flow evolution

Data-intensive and dataset-dependent Data-intensive and dataset- 
dependent

AI integration No/limited Yes Yes Yes
Reported 

performance
<5% error for slump-flow estimation >90% accuracy for slump; 72% 

for slump flow
>99% viscosity-range accuracy; 
workability errors mostly <10%

Test R2 = 0.936

Fig. 4. Illustration of audio-based monitoring for identifying concrete mixing stages (Wilenius et al., 2020).
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Shifts in vibration frequency, amplitude, or pattern can reveal issues 
such as poor dispersion, mixing errors, or early mechanical wear that 
may compromise concrete quality. Because viscosity governs flow 
behaviour and mixing resistance, changes in vibration response can 
indirectly reflect variations in viscosity: a stiffer, more viscous mix in
creases resistance to blade movement and produces higher-intensity 
vibration signatures, whereas a more fluid mix produces lower vibra
tion levels. Thus, vibration-based monitoring offers valuable indirect 
insights into the evolving rheological state of the mixture.

Given the complexity of vibration signals, a range of signal- 
processing techniques can be applied to extract meaningful features 
before model training. Common approaches include frequency-domain 
analysis using the Fast Fourier Transform (FFT) (Duhamel and 
Vetterli, 1990) and statistical feature extraction methods that capture 
amplitude trends, energy distribution, and transient events. These fea
tures can then be organized as time-series inputs for deep learning 
models. Trained on labeled datasets that incorporate mixing conditions, 
such models can learn the underlying associations between vibration 
signatures and flow behaviour. Fig. 5 illustrates how vibration signals 
can be used to correlate mixing performance with rheological 
properties.

4. Post-mixing monitoring approaches

Section 4 presents post-mixing quality control methods for evalu
ating flow behaviour. These include image-based feature extraction 
(Section 4.1), 3D reconstruction approaches (Section 4.2), and acceler
ometer (Section 4.3)

4.1. Image-based methods

4.1.1. Optical flow analysis
A method has been developed by (Coenen et al., 2024) for the 

automatic evaluation of concrete consistency and rheological properties 
using image sequences captured during material discharge from a mix
ing vehicle, as depicted in Fig. 6. Central to this approach is the con
struction of Spatio-Temporal Flow Fields, a compact two-dimensional 
representation derived from dense optical-flow computations across 
video frames, which characterizes the dynamic behaviour of 
open-channel concrete flow. These flow fields are then fed into a 
multi-task convolutional neural network (MTCNN), enabling simulta
neous regression of slump flow diameter, yield stress, and plastic vis
cosity, as well as classification of consistency classes. The network was 
trained and validated on a large real-world dataset comprising nearly 
65,000 flow-field samples generated from 18 concrete mixtures. The 
method achieved high predictive accuracy, with mean errors of 
approximately 6% for all target properties.

Meyer et al. (2024a) introduced a deep learning approach for 
time-dependent prediction of fresh concrete properties based on 
observed flow behaviour. A CNN utilized depth images, optical-flow 
maps, mix-design parameters, and temporal information to estimate 
slump flow diameter, yield stress, and plastic viscosity. Depth and 
optical-flow images were obtained from a binocular camera system 
during the mixing process, with optical flow computed to quantify 

pixel-wise motion between consecutive frames. Mix-design parameters 
included water-to-cement ratio, particle-size distribution, paste content, 
and admixture dosage, while temporal features represented the elapsed 
time between the start of mixing and image acquisition. The proposed 
network achieved mean relative errors of 6.86% for slump flow diam
eter, 25.30% for yield stress, and 24.23% for plastic viscosity, with 
respective mean absolute errors of 2.99 cm, 52.05 Pa, and 11.52 Pa s. 
These results demonstrate that incorporating optical-flow information 
significantly improves the prediction accuracy for flowability and 
rheological parameters.

4.1.2. Flow behaviour prediction
Deep learning offers powerful capabilities for both classification and 

regression, enabling automated prediction of concrete properties such as 
segregation, flow behaviour, and rheological parameters directly from 
image data. Idrees et al. (2024) developed a CNN-based VGG-16 model 
to classify concrete slump values by analyzing video frames captured 
during discharge from the batching plant hopper. Each video frame is 
processed using the VGG-16 classifier, and the final slump class is 
determined through a voting mechanism across all frame-level pre
dictions. This unified approach enables real-time slump estimation 
directly from chute-discharge videos and achieved an average precision 
of 85% and an average F1-score of 87% for four slump classes (80 mm, 
120 mm, 150 mm, and 180 mm) (Idrees et al., 2024). Akbotina et al. 
(2025) applied a YOLOv8-based segmentation model to detect segre
gation in fresh concrete. The model trained on 219 slump flow images 
labeled as concrete, aggregate segregation, and paste bleeding, reached 
a segmentation precision of 94.6%. CNNs are also capable of classifying 
concrete images at different setting stages, allowing the distinction be
tween fresh and hardened material (Wang et al., 2021). When periodic 
surface images are captured during pouring, such models can detect and 
quantify defects such as segregation in real time. In this study, a 
ResNet-50–based monitoring system was trained on 15,000 labeled 
images categorized as unqualified, medium, or qualified, achieving an 
average F1-score of 97.97% when validated on a large dam construction 
site, with performance comparable to expert assessments. Ren et al. 
(2023) further integrated StyleGAN2 for synthetic data generation, 
SE-ResNet50 for feature extraction, and a semi-supervised approach, 
achieving 96% accuracy with only 20% labeled data. These findings 
demonstrate the potential of deep learning methods for on-site moni
toring of fresh concrete.

4.1.3. Flow dimensions quantification
Segregation and bleeding are critical aspects of fresh concrete 

behaviour, both heavily influenced by its rheological properties. 
Segregation occurs when yield stress is too low to suspend particles, 
while plastic viscosity does not affect segregation but determines the 
speed of reaching a stable state (Yan et al., 2020). Therefore, proper 
control of rheological parameters is essential to ensure stability in fresh 
concrete. The flow table test is primarily intended to evaluate the 
workability of fresh concrete by measuring the spread diameter; how
ever, it does not directly indicate the segregation of the concrete 
(Roussel, 2007). Schack et al. (2024b) proposed a novel image-based 
approach that automatically derives multiple fresh concrete properties 

Fig. 5. Illustration of vibration-based monitoring for concrete quality control (Wilenius et al., 2020).
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during the flow table test using digital image analysis and deep learning 
techniques to measure segregation. The proposed method enhances 
quality control from a single 2D image of the spread concrete surface. 
The methodology involves capturing digital images after the flow table 
test, correcting perspective distortion using the known dimensions of the 
test table, and applying a hierarchical segmentation approach, as shown 
in Fig. 7. Hierarchical segmentation involves several steps: (1) A region 
growing (RG) algorithm separates the image into background and other 
regions; (2) A convex hull algorithm is applied, and the results are 
compared with those from the RG method to identify the paste separa
tion; (3) U-Net model performs instance segmentation to distinguish 
aggregate particles from the paste; (4) The suspension region is extrac
ted by removing pixels associated with the background, paste separa
tion, and aggregates from the image. From these segmented regions, key 
parameters such as flow diameter (consistency), surface paste content, 
and peripheral paste separation can be calculated at the pixel level 
(Schack et al., 2024b). The method was validated on more than 1000 
images and 200 mixtures.

4.1.4. Summary
Deep-learning-based image analysis has enabled a wide range of 

techniques for monitoring the flow behaviour of fresh concrete. By 
extracting visual information from optical flow maps, depth images, 
RGB images, and full video sequences, these methods can predict 
rheological parameters, classify workability, and detect defects such as 
segregation or bleeding. Compared with traditional manual measure
ments, image-based approaches offer non-contact, automated, and real- 
time evaluation capabilities that are well suited for on-site quality 
control. Table 3 provides a consolidated overview of representative 
deep-learning methods, their input data sources, model architecture, 
and application objectives.

4.2. Three-dimensional reconstruction

4.2.1. Laser depth camera
LiDAR measures distances by calculating the travel time of laser 

pulses, enabling the creation of detailed 3D maps or surface profiles 
(Hawley and Gräbe, 2022; Yoon et al., 2026). LiDAR technology can be 
employed to perform 3D reconstruction of the slump flow profile. Yoon 
et al. (2023) proposed a framework integrating point cloud analysis 
from mini-slump tests and a neural network model was proposed to 

rapidly and accurately characterize rheological properties (yield stress, 
plastic viscosity) and bleeding of cementitious materials, as shown in 
Fig. 8. Detailed 3D data of the slump cone was captured using a 
laser-based depth camera (Intel RealSense L515) and analyzed to extract 
the corresponding diameter, height, and curvature. The diameter, 
height, and curvature were used as input variables, while yield stress, 
plastic viscosity, and bleeding were used as target properties to 
construct the dataset. This dataset was then used to train a neural 
network. After training, the model achieved superior predictive accu
racy, with an average prediction error of approximately 10.3%, thereby 
streamlining rheology and bleeding evaluation in cementitious mate
rials for field applications.

Concrete slump flow can also be captured using low-cost depth 
sensing, enabling full spatiotemporal reconstruction of the spreading 
concrete surface. Kim and Park (2018) proposed the Kinect-based 4D 
slump test, which records time-varying depth images of fresh concrete 
during the slump flow test and processes them through a structured 
pipeline. After capturing the depth data, the ground plane is first iden
tified through a robust plane-fitting method, followed by a coordinate 
transformation that converts the point cloud from the camera coordinate 
system into the slump-test reference frame. At each step, the concrete 
surface is reconstructed using triangulated irregular network meshing 
and then resampled through grid interpolation to produce a dense, 
uniformly spaced height map. Cross-sections extracted sequentially over 
time are stacked along the temporal axis to form a “4D slump image,” 
which compresses the entire slump-flow sequence into a single inter
pretable representation. This visualization enables automatic computa
tion of key workability metrics, including slump-flow diameter, T50 
time, and height evolution without manual measurement. This low-cost, 
non-contact method enables repeatable workability assessment and 
supplies high-resolution data for flow-simulation validation.

4.2.2. 3D scanner
White and Lees (2023) introduced a method to predict fresh con

crete's yield stress directly from the height of the unyielded region ob
tained in a standard slump test, where height was measured using 
high-resolution structured-light 3D scanning with an Artec Leo hand
held scanner. The height of the unyielded region is the vertical distance 
from the top of the deformed concrete after a slump test down to the 
point where the material first begins to flow. The workflow for this study 
is illustrated in Fig. 9. Across 21 tests with slump heights ranging from 

Fig. 6. Illustration of deep learning-based monitoring of fresh concrete properties using spatio-temporal flow fields derived from open-channel flow observations 
(Coenen et al., 2024).

Fig. 7. Illustration of image segmentation achieved through a hierarchical segmentation (Schack et al., 2024b).
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50 to 240 mm and ICAR-rheometer–measured yield stresses between 
127 and 3104 Pa, the 3D-scanned unyielded-region height exhibited a 
strong linear correlation with yield stress (R2 = 0.998). This corresponds 
to the von Mises yield criterion, and by using the unyielded-region 
height in that criterion, the method predicts yield stress with a mean 

error of just 5% (maximum 10%). This approach enables precise 
extraction of a key rheological parameter from the slump test for auto
mated on-site measurements. The von Mises yield criterion is expressed 
as follows: 

Table 3 
Image-based methods for monitoring concrete post-mixing flow behaviour.

Flow behaviour Data Method Note Ref.

Slump flow diameter; 
plastic viscosity; yield 
stress

Optical flow maps CNN/ 
transformer

Predict the slump flow diameter, plastic viscosity, 
and yield stress of concrete discharged from a mixing 
truck

(Coenen et al., 2023, 2024; 
Cazacliu and Legrand, 2008)

Consistency class Optical flow maps CNN/ 
transformer

Predict the consistency class of fresh concrete (Coenen et al., 2023, 2024; 
Cazacliu and Legrand, 2008)

Slump flow diameter; 
plastic viscosity; yield 
stress

Depth images, optical-flow maps, mix- 
design parameters, and temporal 
information

CNN Predict the slump-flow diameter, plastic viscosity, 
and yield stress using hybrid data

(Meyer et al., 2024a, 2024b)

Slump Digital images VGG-16 model Slump value classification of discharge hopper Idrees et al. (2024)
Segregation and bleeding Digital images YOLO-V8 Using object detection algorithm to detect aggregate 

segregation and paste bleeding
Akbotina et al. (2025)

Setting stage classification Digital images ResNet-50 Classify concrete images at different setting stages to 
distinguish fresh from hardened material

Wang et al. (2021)

Segregation Digital images Semi- 
supervised 
CNN

Detect segregation or bleeding during pouring; real- 
time quality assessment using limited labeled data

Ren et al. (2023)

Segregation Digital images U-Net Flow diameter measurement based on pixel level 
segmentation image

Schack et al. (2024b)

Slump Digital images 3D CNN Real-time slump classification from chute-discharge 
videos

Kim et al. (2026)

Fig. 8. Illustration of assessing fresh properties through point cloud analysis (Yoon et al., 2023).

Fig. 9. Workflow for determining the unyielded-region height via 3D scanning (White and Lees, 2023).
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τ0 =
ρgh0

̅̅̅
3

√ (1) 

where ρ denotes the material density (kg/m3), g is the gravitational 
acceleration (≈9.81 m/s2), h0 represents the height of the unyielded 
region (mm); and τ0 is the yield stress (Pa).

4.2.3. Multi-view stereo
3D reconstruction of the slump cake can also be achieved with multi- 

view stereo, generating a 3D surface model from multiple images, as 
illustrated in Fig. 10 (Schack et al., 2024a). Through bundle adjustment 
and dense stereo matching, a detailed 3D point cloud is created using 
Agisoft Metashape, incorporating Structure-from-Motion techniques. 
The heterogeneous texture of fresh concrete, resulting from variations in 
aggregate size, facilitates accurate reconstruction. Although reflective 
wet areas may cause localized data loss, these gaps are mitigated 
through interpolation during mesh generation. The resulting 3D model 
captures critical geometric characteristics of the slump cake. The height 
distribution of various elements in the 3D model can be represented by a 
frequency density function. Notably, particle agglomeration in the 
central region leads to a discontinuous surface profile, observable in the 
height distribution of the 3D model. Tuan et al. (2021) developed a 
custom stereo camera and Mask R-CNN classified slump types (“True,” 
“Shear,” “Collapse”) with over 93.5% accuracy and computed slump 
depth and volume with less than 2.05% error in outdoor settings.

4.2.4. Summary
Table 4 compares the main 3D reconstruction methods for fresh 

concrete assessment. Laser depth cameras enable rapid and relatively 
low-cost 3D data acquisition but are limited by sensing range, depth 
resolution, calibration requirements, and sensitivity to ambient light 
and reflective surfaces. High-resolution 3D scanners provide more ac
curate geometric measurements and physically interpretable rheological 
estimation, although their higher cost and scanning requirements may 
restrict practical deployment. Multi-view stereo offers a flexible camera- 
based alternative but requires sufficient image quality and viewpoint 
overlap, while occlusion, reflective surfaces, and poor texture can lead 
to incomplete reconstruction. Its multi-stage reconstruction process is 
also computationally demanding and susceptible to accumulated errors 
in camera pose estimation and feature matching. Overall, these methods 
improve the objectivity and information content of conventional fresh 
concrete tests, while AI can further link complex 3D features to rheo
logical properties. However, their sensitivity to sensing conditions and 
their reliance on post-mixing tests remain major barriers to robust, 
continuous in-process monitoring.

4.3. Accelerometer

An accelerometer offers a promising tool for measuring rheological 
properties. The traditional slump test is transformed into a rheology test 

by combining it with a wireless accelerometer to capture slump cessa
tion time, enabling on-site quantification of plastic viscosity (White and 
Lees, 2025). Twenty-four concrete mixes were tested, with yield stress 
ranging from 318 to 3268 Pa, viscosity from 1.9 to 17.5 Pa s, and slump 
from 44 to 240 mm. Dimensional analysis then links the measured 
cessation time and associated variables to rheological parameters via 
semi-empirical formulae, as summarized in Eq. (2): 

μ=
τ0TS

300
(2) 

where τ0 is the yield stress (Pa); TS denotes the slump cessation time (s); 
and μ represents plastic viscosity (Pa.s). In this study, τ0 is determined 
using the method described in Section 3.2.5.2.

An x-IMU3 inertial measurement unit (Bluetooth-enabled, 400 Hz) 
was placed on the concrete in every slump test to precisely mark when 
flow began and ended. Measured slump cessation times ranged from 0.5 
to 2.5 s, with an average of 1.5 s. Yield stress was obtained from the 3D- 
scanned unyielded-region height (Section 3.2.6.2). The viscosity was 
calculated from the accelerometer-derived slump time and yield stress 
using Eq. (2). The result matched rheometer measurements within about 
10% (±0.6 Pa s). The general workflow for measuring slump cessation 
time is shown in Fig. 11.

5. Strengths and challenges

This section discusses different techniques, compares their strengths, 
identifies current challenges, and outlines future perspectives. Section 
5.1 summarizes the application domains of each technique, Section 5.2
reviews their technology readiness levels, and Section 5.3 highlights the 
strengths of AI in data analysis. Section 5.4 identifies key challenges in 
existing studies, while Section 5.5 proposes future research directions.

5.1. Application domains

Table 5 summarizes different indirect methods for monitoring flow 
behaviour, such as rheological parameters, flowability, segregation, and 
bleeding. In the concrete domain, vision-based sensing (image, video, 
and optical flow) has been used to evaluate flowability and rheological 
properties, while audio data, ultrasonic sensors, vibration sensors, 
mixing power, torque, hydraulic pressure, accelerometers, and 3D 
reconstruction techniques (depth camera, 3D scanning, multi-view ste
reo) have been used to monitor mixing conditions, flow behaviour, 
rheological properties, and segregation.

5.2. Technology readiness level

The technology readiness levels (TRLs) indicate the maturity of 
methods used for quality assessment of the concrete. As recommended 
by the Dutch Research Council, TRLs serve as a key metric for selecting 
appropriate techniques. The scale ranges from 1 to 9, where TRL 1 

Fig. 10. 3D surface model of a concrete slump test generated by multi-view stereo (Schack et al., 2024a).
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represents basic principles observed and TRL 9 represents technologies 
that have been fully developed and validated for practical application, 
as shown in Fig. 12 and aligned with reference (Manning, 2023).

Table 6 summarizes the advantages and limitations of existing 
methods and indirect measurement techniques based on TRLs, mea
surement time, accuracy, impact on mixing, automation potential, and 
suitability for on-site use. The TRL assigned to each technology was 
qualitatively assessed based on the maturity of its reported development 
and practical deployment described in the reviewed literature. Specif
ically, the assessment considered whether the technology had pro
gressed from laboratory proof-of-concept to validation in relevant 
environments, prototype demonstration, or routine implementation in 
industrial or field applications, following the TRL definitions shown in 
Fig. 12. Since this review synthesizes published studies rather than 
performing independent technology validation, the assigned TRLs 
represent the authors' qualitative assessment of the current state of the 
literature. The comparison in Table 6 highlights the trade-offs between 
traditional and emerging methods for measuring concrete fresh behav
iour. Rheometers, at TRL 9, remain the benchmark for precision in 
measuring rheological properties but are costly and time-consuming 
(5–30 min). Mixing resistance methods such as mixing power, torque, 
and hydraulic pressure sensing are also at TRL 9, offering practical and 
reliable on-site monitoring. In contrast, indirect methods like image 
analysis and video analysis are fast (under 1 s), non-invasive, and 
inexpensive, making them suitable for real-time field applications, 
though with varying accuracy. Techniques like 3D reconstruction show 

Table 4 
Comparison of 3D reconstruction methods.

Criterion Laser depth camera (Yoon et al., 2023; Kim and Park, 
2018)

3D scanner (White and Lees, 
2023)

Multi-view stereo (Schack et al., 2024a)

Data 
acquisition

Laser/depth sensing Structured-light scanning Multiple RGB/stereo images

Output Point cloud Point cloud Point cloud
Target 

properties
Rheology, bleeding, workability Yield stress Slump type, depth, volume

Real-time 
potential

High Limited Limited

Main 
advantage

Low-cost implementation High geometric accuracy Low-cost implementation

Main 
limitation

Limited range/resolution; sensitive to ambient light, 
reflective surfaces, motion, and calibration

Higher equipment cost and 
scanning requirements

Sensitive to image quality, texture, reflection, occlusion, and 
viewpoint overlap; computationally demanding

AI integration Yes No/limited Yes

Fig. 11. Illustration of slump cessation time determined by accelerometer 
measurements (White and Lees, 2025).

Table 5 
Summary of flow behaviour monitoring methods.

No. Methods Application Stage Target properties Ref.

1 Computer vision Image-analysis Concrete During 
mixing

Mixing condition, slump, slump flow (Hayano and Kudo, 2021; Juez et al., 
2017; Ding and An, 2017)

2 Video-analysis Mortar/ 
Concrete

During 
mixing

Plastic viscosity, slump, slump flow (Guo et al., 2022, 2026)

3 Optical flow Concrete Post- 
mixing

Plastic viscosity, yield stress, slump, slump 
flow

(Coenen et al., 2024; Meyer et al., 2024a)

4 Image segmentation Concrete Post- 
mixing

Segregation (Schack et al., 2024b; Akbotina et al., 
2025)

5 Image-classification Concrete Post- 
mixing

Slump, segregation (Idrees et al., 2024; Wang et al., 2021)

6 Acoustic Audio data Concrete During 
mixing

Mixing condition Wilenius et al. (2020)

7 Mixing 
resistance

Mixing power Concrete During 
mixing

Mixing condition, slump, slump flow, 
plastic viscosity, yield stress

(Cazacliu and Roquet, 2009; Hayano and 
Kudo, 2021)

8 Mixing torque/Hydraulic 
pressure

Concrete During 
mixing

Mixing condition, slump, plastic viscosity, 
yield stress

(Amziane, 2005; Jordan et al., 2018)

9 3D 
reconstruction

Depth camera Concrete Post- 
mixing

Plastic viscosity, yield stress, bleeding Yoon et al. (2023)

10 3D scanner Concrete Post- 
mixing

Segregation, bleeding White and Lees (2023)

11 Multi-view stereo Concrete Post- 
mixing

Yield stress (Schack et al., 2024a; Tuan et al., 2021)

12 - Accelerometer Concrete Post- 
mixing

Plastic viscosity White and Lees (2025)

13 - Vibration sensor Concrete During 
mixing

Mixing condition Wilenius et al. (2020)
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promise for assessing agglomeration and segregation but remain at 
lower TRLs. Acoustic, audio, and vibration sensors provide quick, low- 
cost insights into mixing stages, with minimal disturbance but lower 
accuracy.

5.3. AI-assisted evaluation

This section presents AI models tailored to data from each technique. 
For time-dependent inputs such as audio, vibration, power, or torque 
signals, time-series models like recurrent neural networks (RNNs) are 
typically employed for prediction and classification. The target prop
erties can be mixing condition, rheology, and workability. In the case of 
time-sequential visual data like video, a combination of CNNs and RNNs 
(e.g., LSTM) is effective. This approach allows CNNs to extract spatial 
features from each frame while RNNs capture temporal patterns across 
frames. For image-based classification tasks, such as evaluating the 
surface quality of concrete, CNNs are used to extract feature maps from 
images. The CNN + LSTM can be used to predict rheology and 

workability. Object detection algorithms can also be used to identify 
peak values in time-dependent sensor data and spectroscopy data, which 
is useful for highlighting critical events or changes. Furthermore, 3D 
reconstruction methods (e.g., 3D scanner and multi-view stereo) can be 
applied to generate three-dimensional surface models of concrete, 
enabling precise quantification of surface irregularities or defects. To 
note, the instance segmentation is a critical method to evaluate the 
shape, size, and consistency of the concrete mixture based 2D image 
data. Also, the instance segmentation can be combined with multi-view 
stereo 3D reconstruction (Deng et al., 2023). The summary of the 
AI-powered assessment of flow behaviour is shown in Table 7.

AI can improve the interpretation of complex sensing data and cap
ture nonlinear relationships with fresh concrete properties, but it does 
not inherently eliminate limitations in data acquisition. Poor image 
quality, sensor noise, equipment dependency, and environmental 
interference can still propagate into model predictions. Therefore, ad
vances in AI should be accompanied by improvements in sensing reli
ability and data quality rather than being considered a substitute for 

Fig. 12. TRLs as defined by the Dutch Research Council (Manning, 2023).

Table 6 
Summary of the reviewed technologies for concrete quality assessment.

Methods TRLs Cost Data format Time Accuracy Mixing 
disturbance

Field 
use

Ref.

Rheometer 9 High Time-dependent 
data

15-30 min High Yes Yes/ 
No

(Du et al., 2023a; Khayat et al., 2019; Du 
et al., 2023b; BTRHEOM, 2004)

Workability test 9 Low - Few 
minutes

Low to 
high

Yes Yes (Fares, 2015; Meng and Khayat, 2017b; 
Girish et al., 2010)

Mixing resistance methods 
(Torque, power, pressure)

8-9 Low Time-dependent 
data

< 1 s High No Yes (Cazacliu and Roquet, 2009; Chopin et al., 
2007)

Image analysis 5-7 Low 2D image < 1 s High No Yes (Coenen et al., 2024; Wang et al., 2021; 
Ren et al., 2023)

Optical flow 5–6 Low Sequential 
images

< 1 s High Yes Yes (Coenen et al., 2024; Meyer et al., 2024a)

Video analysis 4–6 Low Sequential 
images

< 1 s High No Yes (Guo et al., 2022; Ngo et al., 2016; Yang 
et al., 2021)

Image segmentation 4–6 Low 2D image < 1 s High Yes Yes (Schack et al., 2024b; Akbotina et al., 2025)
Depth camera 4–6 Low Point cloud Few 

minutes
High Yes Yes Yoon et al. (2023)

Multi-view reconstruction 4–6 Low Multi-view 2D 
images

5 min High Yes Yes (Schack et al., 2024a; Tuan et al., 2021)

3D scanner 4–6 High Point clouds 5–10 min High Yes Yes White and Lees (2023)
Accelerometer 2–4 Low Time-dependent 

data
2-3 min High Yes Yes White and Lees (2025)

Audio analysis 2–3 Low Time-dependent 
data

Few 
seconds

Low No Yes Wilenius et al. (2020)

Vibration sensor 2–3 Low Time-dependent 
data

Few 
seconds

Low No Yes Wilenius et al. (2020)
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robust measurement.

5.4. Limitation in existing studies

Based on the above TRL investigation, one key challenge is identi
fied: Some techniques have only been validated in laboratory settings (e. 
g., vision-based methods), and their effectiveness in real-world on-site 
applications remains uncertain. In laboratory settings, lighting is uni
form, surfaces are clean, and environmental disturbances (e.g., variable 
daylight, surface soiling) are minimal. On a real-world construction site, 
however, factors like variable daylight, surface soiling, ambient noise 
and vibration, and fluctuating temperatures can degrade sensor accu
racy and algorithm performance. Consequently, further experiments in 
complex, real-world environments are needed to uncover and address 
challenges and ultimately realize full automation. Many existing studies 
rely on relatively small datasets collected under controlled experimental 
conditions. These datasets often lack diversity in terms of concrete de
signs, aggregate types, environmental conditions, and construction 
scenarios. As a result, the generalizability of the proposed models and 
algorithms remains uncertain when applied to different construction 
sites or varying operational conditions. For computer vision-based 
methods, most studies focus on the post-mixing stage, assessing con
crete quality during discharge, after the slump test, or once casting is 
complete. But this has several challenges: (1) Measuring rheological 
properties during the discharge stage is relatively late, limiting oppor
tunities for early adjustments and proactive quality control. If concrete 
fails quality check during discharge, it may need to be discarded or 
reprocessed. (2) Measuring the quality of concrete after casting is often 
too late, as it leaves no room for corrective action. By this stage, the 
concrete has already begun setting, and any issues such as poor work
ability, segregation, or inconsistent mix proportions can compromise 
structural performance and durability. (3) Conventional slump or 
slump-flow tests require manual sampling and off-line measurements, 
making them time-consuming and labor-intensive. Because the tests 
provide only discrete measurements, they cannot continuously monitor 
changes in fresh concrete workability during mixing or provide real- 
time feedback for process control.

5.5. Future perspectives

5.5.1. Multi-sensor collaboration
Indirect measurement of fresh concrete properties based on a single 

sensing modality is often prone to error. For example, torque sensors 
record only local resistance changes during mixing and may fail to 
capture the overall rheological state of the batch, whereas image-based 
methods capture the overall mixing state but generally lack the accuracy 
needed for precise quantification. To address these limitations, future 
research should explore multi-sensor frameworks that fuse temporal 
signals, such as torque, with spatial data from images or video. By 
combining the evolving resistance profiles revealed by time-series sen
sors with the dispersion, agglomeration, and surface anomaly 

information extracted from visual inputs, a collaborative model can 
generate more accurate and robust property predictions. Recent 
research has demonstrated the potential of multimodal sensing for 
monitoring concrete mixing. For example, Sheng et al. (2026) integrated 
computer vision, dynamic torque sensing, and thermal profiling to 
monitor the mixing process of 3D-printable concrete. Fusing heteroge
neous data streams requires careful synchronization of sampling rates 
and the implementation of robust preprocessing pipelines to mitigate 
noise and environmental variability. Recent developments in 
attention-based neural architecture and graph-based learning offer 
promising strategies for fusing heterogeneous sensor signals into a uni
fied predictive model (Kovalenko et al., 2024). Integrated multi-sensor 
systems have the potential to improve the reliability of real-time con
crete workability monitoring. However, practical deployment will 
require robust sensor calibration, synchronization, and validation under 
industrial production conditions.

5.5.2. Advanced large-scale language models
Recent advances in visual language models (VLMs), which integrate 

image understanding with natural language reasoning, offer promising 
opportunities for explaining and monitoring the concrete mixing process 
and quality control (Che et al., 2023). By processing visual data such as 
videos captured during mixing, VLMs can interpret key phenomena, 
including material dispersion, agglomeration, wetting stages, and the 
onset of homogenization. In addition to visual interpretation, the models 
can generate descriptive language outputs, providing real-time, 
human-readable explanations of the material behaviour at various 
stages. This capability enables automated assessment of mixing quality, 
early detection of anomalies (e.g., bleeding, inadequate wetting, fiber 
clustering), and documentation of the mixing process without relying 
solely on sensor-based measurements. Integrating VLMs into concrete 
production could significantly enhance process transparency, quality 
control, and decision-making in complex, dynamic mixing environ
ments. The inputs for VLMs can include concrete quality images, slump 
flow test images, and construction site photos, as well as videos 
capturing the mixing process or casting sequences. Each image or 
video-based sample should be paired with corresponding textual data, 
such as descriptions like “good mixing”, “segregation observed”, or 
specific task instructions.

Large language models (LLMs) represent another category of multi
modal models, with their advanced capabilities in understanding, 
generating, and reasoning over complex textual information (Kasneci 
et al., 2023), present new opportunities for enhancing the explanation 
and monitoring of the concrete mixing process. By analyzing structured 
data (e.g., sensor outputs, mixing parameters) and unstructured data (e. 
g., technician notes, visual observations converted to text), LLMs can 
interpret the evolving state of the mixture, identify potential issues such 
as inadequate dispersion or overmixing, and generate real-time diag
nostic reports. Additionally, LLMs can assist in translating low-level 
sensor readings into high-level, human-readable insights, facilitating 
better decision-making and quality control. Their ability to integrate 

Table 7 
Summary of AI-powered concrete quality assessment.

Methods Model Data format Objective Target properties

Machine learning ANN, SVM, Random 
Forest

Time-dependent data Correlate viscosity with other sensors Yield stress, plastic viscosity, slump, slump 
flow

CNN ResNet, VGG, 
DenseNet

2D image Classify the images Mixing condition, slump, slump flow

RNN LSTM Time-dependent data Process the time-dependent data for prediction Mixing condition, yield stress, plastic 
viscosity, slump, slump flow

CNN + LSTM LRCN Video data Process the video/sequential images for prediction Plastic viscosity; slump. Slump flow
Object detection Faster-RCNN, 

YOLOv8
1D spectra, time- 
dependent data

Select peak value from the Time-dependent data Peak value for spectra data

Instance 
segmentation

Mask-RCNN, UNet, 
DeepLab

2D image Pixel-wise classification labels each pixel, enabling 
measurement of shape and size.

Segregation, bleeding

P. Guo et al.                                                                                                                                                                                                                                     Developments in the Built Environment 27 (2026) 101022 

13 



multiple data sources and provide contextualized reasoning makes LLMs 
a powerful tool for advancing automation and transparency in concrete 
production workflows. Future research should therefore focus on 
developing trustworthy and deployable AI systems rather than relying 
solely on increasingly powerful models.

While advances in sensing technologies, increased data availability, 
and more capable AI methods have the potential to significantly 
improve monitoring, prediction, and decision support, they should not 
be viewed as a standalone solution to the challenges discussed in this 
article. Simply increasing the number of sensors, the amount of data, or 
the complexity of AI models does not necessarily lead to better out
comes. Their effectiveness depends on factors such as data quality and 
representativeness, appropriate system design, integration of domain 
knowledge, and human expertise in interpreting and acting upon the 
results. Therefore, these technologies should be regarded as important 
enablers within a broader decision-making framework rather than as a 
complete solution.

6. Conclusion

This review analyzes recent advances in AI-powered real-time indi
rect methods for assessing the flow behaviour of fresh concrete, pri
marily focusing on the in-process mixing and post-mixing stages. It 
systematically examines a wide range of computer vision and sensing 
techniques, their underlying principles, performance, TRLs, and the 
potential of AI integration to enhance automation, accuracy, and real- 
time applicability in field conditions. We can draw the following 
conclusions. 

• Advanced sensing and vision-based techniques, including computer 
vision, vibration, sound, LiDAR, 3D scanning, accelerometers, torque 
sensing, and power consumption analysis, provide faster, non- 
invasive, and field-adaptable alternatives to traditional rheometers 
and conventional field tests, although many of these technologies 
remain at relatively early technology readiness levels.

• The integration of artificial intelligence, including machine learning 
and deep learning techniques, greatly enhances the capability to 
extract meaningful features from complex sensor data, enabling 
more accurate prediction of rheological properties and related be
haviours. AI-driven analysis also facilitates real-time monitoring, 
anomaly detection, and data-driven decision-making during con
crete production and placement.

• Multi-sensor data acquisition and automated analysis frameworks 
are essential for overcoming the limitations of single-sensor ap
proaches. The fusion of heterogeneous data sources, such as visual, 
acoustic, mechanical, and geometric information, can improve 
robustness and reliability under variable field conditions, including 
changing illumination, noise, vibration, and environmental 
disturbances.

Future research should emphasize large-scale field validation, stan
dardized evaluation protocols, and the development of robust multi
modal data fusion frameworks. In addition, emerging technologies such 
as large language models and AI-assisted decision-support systems have 
the potential to further enhance transparency, interpretability, and 
automation in concrete quality monitoring, ultimately enabling intelli
gent and fully integrated concrete quality management throughout the 
construction lifecycle.
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