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 A B S T R A C T

Extrusion-based 3D concrete printing offers a transformative opportunity for waste-free fabrication of complex 
and materially optimized building components. However, the current reliance on manual observation and 
ad-hoc parameter tuning introduces significant variability into the process and limits the scalability of 3D 
concrete printing. Existing systems offer no predictive insight into failure events and remain dependent on 
trial-and-error methods, resulting in increased material consumption, higher costs, and prolonged production 
times. To address this, the paper introduces a comprehensive framework for process anomaly detection 
tailored to two-component extrusion-based 3D concrete printing systems. The proposed framework integrates 
systematic sensor instrumentation, heterogeneous data acquisition, and signal feature characterization to 
enable real-time monitoring of system health. Non-destructive sensors are deployed to measure environmental 
conditions, slurry pumpability, hydration behavior, and workability. Collected signals are analyzed using a 
suite of processing techniques — including frequency analysis, amplitude envelope detection, curve fitting, and 
magnitude deviation analysis — to extract critical features indicative of emerging anomalies. The methodology 
presented in this paper establishes a generalizable framework for anomaly detection, using data collected from 
physical experiments, where the specific metric values derived from the data are tied to the feedstock used in 
this study for validation. The paper results demonstrate the ability of the proposed methods to detect failure 
modes — such as pump clogging, material segregation, and two-component mixing head clogging — ahead 
of human operator detection. These findings confirm the viability of the proposed framework for anomaly 
detection.
 

 

 

1. Introduction

1.1. Challenges and complexities in extrusion-based 3D concrete printing

Extrusion-based 3D concrete printing (3DCP) with robotic arm im-
plements represents one prominent subset of 3DCP with the poten-
tial to advance the concrete construction industry by enabling rapid 
waste-free production of complex, materially optimized building com-
ponents [1–9]. However, a significant challenge is that codes, de-
sign rules, and quality control procedures established from conven-
tional concrete casting cannot be directly transferred to 3DCP, result-
ing in the lack of a standardized manufacturing framework. Conse-
quently, current 3DCP applications are unable to achieve consistent 
and reproducible outcomes and remain dominated by ad hoc, trial-
and-error methods, relying heavily on human heuristics. This not only 
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increases material consumption and costs, but also prolongs production 
times [10–14].

Compared to conventional concrete casting, 3DCP has a unique 
manufacturing process chain that requires the coexistence of several 
conflicting material characteristics, in which concrete must behave 
simultaneously as a pumpable slurry and a load-bearing solid [15–18].
To ensure successful deposition, the concrete must be fluid enough for 
smooth pumping and extrusion while rapidly developing strength and
stiffness after deposition to retain its shape, which ensures effective 
buildability and prevents premature failure of the construct [2,19].
However, this transition cannot be immediate, as the extruded concrete 
must retain adequate workability to ensure proper adhesion between 
layers and prevent the formation of cold joints [20,21]. Meeting these 
competing demands requires meticulous control over the fabrication 
parameters and the non-Newtonian slurry properties of concrete [4,22–
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Fig. 1. Comparative schematic of 1K and 2K extrusion systems in 3DCP, illustrating how inline mixing of admixtures in 2K systems enables fine-tuned control 
of material properties and the production of complex parts.
 

 

 

 

 

 

 
 
 

 

 

 
 

 

 

 

 

24]. Imbalances in these parameters can quickly lead to system failure
in the form of clogging and construct failure in the form of elastic 
buckling or plastic yielding during 3D printing [15,25–27].

Because 3DCP is used primarily to build large-scale structures and
building elements, failures become extremely costly and render the 
widely adopted trial-and-error approach for quality control inade-
quate [7,28–31]. To prevent premature construct or system failure,
while also ensuring construct quality; it is imperative to measure, mon-
itor, and control the evolution of time-dependent material properties of 
concrete in real-time throughout the 3D printing process.

Achieving advanced control over the behavior of the concrete time-
dependent material behavior requires the use of two-component (2K)
extrusion systems [32,33]. The existing 3DCP printhead technologies 
are mainly one-component (1K) and 2K systems (Fig.  1). In both 
systems, a concrete slurry is pumped to the printhead, depositing the 
material layer-by-layer. The key difference in the 2K system, relative 
to a 1K system, is its rapid stiffening of a concrete mix at the 2K
mixing head using chemical accelerators. An accelerator is pumped 
separately and mixed with the concrete slurry in the 2K mixing head
just before deposition, allowing precise control over the material’s open 
and setting times [2,33–35].

2K systems provide several advantages over 1K systems, particularly 
in enabling the manufacturing of complex geometries that require 
faster concrete setting [36–40]. However, the addition of a separate 
mixing step in which concrete additives are introduced in 2K systems 
introduces complexities that do not exist in 1K systems. This extra 
step has significant implications for material homogeneity and overall
health of the fabrication system, as it introduces multiple new failure
points in the setup, such as the concrete hose inlet to the 2K mixing
chamber, the additive inlets to the 2K mixing chamber, and the inline 
mixing chamber itself.

Our research focuses on data collection and modeling to prevent 
failures in the 2K systems. This paper addresses the first milestone: 
effectively detecting anomalies and monitoring the health of 2K 3DCP
systems. To achieve this, novel heterogeneous sensing and condition 
monitoring strategies must be developed and tailored to the unique 
requirements of 2K 3DCP  [10,30,41,42].

1.2. From trial-and-error to first-time-right

1.2.1. Problem statement and related work
Current 3DCP processes still rely heavily on human intuition and

manual parameter tuning to maintain print quality and prevent failures. 
Human operators visually inspect the extruded material and adjust 
key parameters, such as the water and accelerator dosage, the pump 
rate, or the nozzle speed, based on heuristic judgments. This manual
approach relies heavily on the operator’s expertise, which can delay
responses to system or manufacturing errors that require real-time 
2 
intervention. Human observers detect problems at varying resolutions 
and temporal rates, leading to process delays and the potential for 
increased system failures, construct dimensional inaccuracies, or con-
struct failures. Complex geometries require a more sophisticated level 
of monitoring that can predict and thus preempt errors before they 
manifest. Complex geometries are also more vulnerable to disturbances 
or even fluctuations in the operating state of the extrusion system 
(e.g. variations in flow stability, pressure response). By the time an
operator notices an anomaly and acts to correct it, irrecoverable errors 
may already have occurred. Therefore, reliance on manual parameter 
tuning and human monitoring constraints 3DCP to simple geometries, 
such as rectangular walls; thus restricting the fabrication of materially 
optimized elements that inherently entail complex geometries [2,9].

Multiple studies have been conducted to address the limitations of 
current manual condition monitoring approaches in 3DCP. However, 
the existing literature focuses mainly on two main questions, the first 
being material evaluation, quantified through metrics that describe 
desirable material properties. Mixing motor power has been used to 
monitor slurry homogeneity, as changes in power consumption can 
indicate variations in slurry consistency, while pumping motor power 
provides insights into the pumpability of the slurry by indicating flow
resistance within the system [43,44]. Slurry hydration after extrusion 
can be assessed through temperature and moisture measurements [45].
Infrared thermography uses thermal imaging to evaluate material ma-
turity based on temperature, allowing for the estimation of reactivity 
and strength development [46], whereas near-infrared spectroscopy 
provides an in-line method for estimating material surface moisture in 
extruded material, which is critical for ensuring adequate inter-layer 
bonding [45].

Another focus is construct evaluation, assessed by monitoring geo-
metric fidelity and dimensional accuracy during the deposition stage
[47–52]. Vision-based sensing modalities, including 2D and 3D vision, 
offer the highest spatial and temporal resolution for real-time con-
struct monitoring [10,53]. These modalities can rapidly capture large 
volumes of data to generate accurate and comprehensive spatial infor-
mation [54–57] and efficiently detect anomalies using computer vision 
techniques [58–60]. 2D vision typically employs cameras mounted on
the printhead for sequential layer imaging [61,62] or fixed above the 
build platform to capture entire layers in a single frame [63,64]. Cam-
eras oriented perpendicularly to the platform normal have also been 
used for sidewall inspection to detect deformations, layer misalign-
ments, and flow deficiencies [65]. Furthermore, 3D vision provides 
additional depth information through structured light or stereoscopic 
systems fixed relative to the platform [66–69], or through laser trian-
gulation sensors mounted on the printhead, which scan the surface/part 
to generate point clouds that capture the complete profile of the printed 
layer or construct [70,71].
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As a result, the collected data remain compartmentalized within 
these two focus areas. However, material and construct performance 
are closely coupled with the underpinning extrusion process, and errors 
within the system can significantly influence subsequent material prop-
erties and construct outcomes. However, there remains a significant 
gap in research on real-time monitoring of 3DCP system health, par-
ticularly in detecting whether the system is operating in an anomalous 
condition or within normal operating parameters, which is crucial to
achieving comprehensive quality assurance in 3DCP alongside material 
and construct assessments.

Furthermore, very limited research has been conducted on 3DCP
sensor instrumentation in the system [72,73], particularly in identi-
fying which data types best detect system anomalies, which sensors 
can be effectively combined, and how different datasets can be inte-
grated. Several industrial systems have integrated sensors for process 
monitoring: for example, COBOD [74] uses cameras for live inspection, 
Vertico’s Accelerator Printhead [75] incorporates sensors for real-time 
monitoring of pressure, temperature and humidity, and ICON [76]
reports the use of sensors to track environmental factors and their 
effects on material processing. However, details on sensor types, in-
tegration strategies, and data utilization methods remain limited, as
most industrial implementations are not systematically disclosed in 
the scientific literature and their full technical specifications are not 
publicly available. In the absence of systematic methods to identify 
the most suitable sensors for monitoring various aspects of the 3DCP
process - and to manage how these sensors collectively capture data - 
the resulting datasets are often complex and fragmented. The datasets 
typically include varying dimensions, modalities, and structures, which 
further complicates the joint analysis and hinders the extraction of 
valuable insights. These gaps hinder the ability to detect anomalies, 
predict failures, and adjust parameters for quality control, perpetuating 
reliance on trial-and-error methods and impeding the advancement of 
automated and intelligent 3DCP systems.

1.2.2. Paper goal and contributions
This paper extends the existing literature by introducing a com-

prehensive and generalizable framework for system-level anomaly de-
tection in 3DCP. The framework focuses on the material processing 
stage, integrating heterogeneous sensing, data collection, and charac-
terization to enable descriptive and diagnostic analyses of the extrusion 
system rather than post-extrusion construct evaluation. While the meth-
ods and framework for anomaly detection are broadly applicable,
the metric values used for validation are specific to the feedstocks 
employed in this study and are therefore not directly generalizable.

The paper pursues this goal through three primary objectives:

• Systematic Sensor Instrumentation. The first objective focuses 
on establishing a clear methodology for identifying non-
destructive sensors best suited to gather in-line and online data
during the material processing stage of 3DCP. This objective also 
addresses the practical aspects of sensor integration, including 
calibration, validation, communication, and synchronization, en-
suring that various sensors operate seamlessly within the same 3D
printing environment.

• Data Processing and Analytics. The second objective focuses on
developing robust signal pre-processing methods and data fusion 
techniques to analyze individual sensor data and combine mul-
tiple heterogeneous data streams. The proposed approach seeks 
to uncover a holistic understanding of the entire 3DCP process. 
This includes defining steady-state operating conditions from a
process perspective and enabling real-time anomaly detection or 
failure prediction, allowing for swift corrective actions.

• Experimental Validation of the Framework. The third objec-
tive involves conducting case studies to demonstrate the practical 
viability of the framework in real-world 2K 3DCP implementa-
tions. This includes physically integrating the selected sensors, 
3 
collecting and processing data in ongoing printing scenarios, and
evaluating the system’s effectiveness to quickly detect anomalies 
and anticipate potential failures. Using pre-selected successful 
case studies, this paper provides empirical evidence of the contri-
bution of the framework to improving the overall reliability and
efficiency of the process.

Achieving these objectives ultimately results in the following primary 
contributions of the paper:

• A generalizable framework for real-time anomaly detection and
diagnosis in 2K 3DCP systems. Generalizability refers to the 
methodological pipeline and model classes; process deployment 
specific thresholds, control limits, and other machine and mate-
rial dependent parameters must be empirically calibrated for each 
new scenario.

• A structured approach to identify, calibrate, and integrate het-
erogeneous sensors, ensuring synchronized data collection and
analysis.

• A foundation for future research toward predictive monitoring 
and automated error prevention in 3D printing of complex ge-
ometries and large-scale structures.

2. Methods

The methodology of this work is based on an experimental approach 
to collect real-time data from physical experiments. This approach is 
essential because existing models for simulating 3DCP are computation-
ally expensive and models that describe the process with the required 
accuracy are not yet available [77–81]. To circumvent the Sim-to-Real 
gap [82–85], it is crucial to perform and evaluate these experiments 
under real conditions. The details and findings of these experiments 
are presented in Section 3.

Section 2 details the underlying methods for conducting the ex-
periments. This section is divided into four subsections: system setup 
for extrusion-based robotic 3DCP (Section 2.1), sensor instrumentation 
(Section 2.2), data acquisition (Section 2.3), and data analysis methods 
(Section 2.4). The methods presented in this section lay the foundation 
for the anomaly detection framework.

2.1. System setup for extrusion based robotic 3D concrete printing

The 3DCP setup presented in this paper (Fig.  2) builds on insights 
from our previous research [2,3,14] and consists of four main sub-
systems: (a) the MAI MULTIMIX-3D Mixing Pump - a primary slurry 
mixer and pump, (b) the Accelerator Pump - a liquid additives pump, 
(c) a 2K Mixing Head used for extrusion, and (d) the KUKA KR120
Robotic Arm - a six-degree-of-freedom robotic arm. Critically, each 
subsystem features a series of I/O interfaces and modules to facilitate 
inter-system communication, data collection, and future enhancements 
through sensor integration.

The MAI MULTIMIX-3D mixing pump can mix up to 50 liters per 
minute and pump within a range of 1 to 7.5 liters per minute [86].
This subsystem offers a streamlined integrated solution; by combining 
mixing and pumping in a single unit, the mixing pump eliminates 
the need to transfer material from a separate mixer to a pump, thus 
reducing a key source of uncertainty and potential errors stemming 
from delays or inconsistencies in material delivery.

Although the MAI MULTIMIX-3D mixing pump efficiently deliv-
ers the primary slurry to the 2K mixing head, incorporating liquid 
additives requires a separate dedicated pumping system. Peristaltic 
pumps are commonly used for such applications [87–89]; however, 
their continuous compression and relaxation can introduce pulsations 
into the liquid stream, potentially causing slurry to backflow from the 
2K mixing head into the liquid accelerator pump line. This limitation 
makes peristaltic pumps unsuitable for this use case, necessitating the 
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Fig. 2. Schematic overview of the 3DCP setup and sensor integration layout used in this research for data collection. The system combines a KUKA KR120 robotic 
arm with a 2K mixing head, MAI MULTIMIX-3D mixing pump, and accelerator pump. Various sensors (A–H) are integrated throughout the system to enable inline 
monitoring of temperature, humidity, pressure, and power conditions during the 3DCP process.
 

 

 

 
 

 

 

 

 

 

 

adoption of a continuous-flow pump. To overcome these challenges, we 
designed and built a custom pump that was adapted to the requirements 
of the system. An AM8132 Beckhoff servo motor [90], coupled to a
Neugart PLE gearbox with a 32:1 gear ratio [91], drives the rotor of 
a progressive cavity pumping element. This design delivers pulsation-
free flow ranging from 0 to 10 liters per minute. In addition, precise 
control of the servomotor ensures highly accurate additive dosing, thus 
optimizing the overall performance of the system.

Primary slurry and liquid additives are mixed inline using a custom-
built 2K mixing head or end effector. The end effector features two 
primary inlets: one for the primary slurry and one for the liquid 
additive. These inlets lead to a mixing chamber with a volume of 0.5
l. At a pumping rate of 1 liter per minute for the primary slurry, this 
chamber provides a residence time of 30 s, ensuring adequate mixing.
The mixing chamber consists of two key components: a series of pins 
acting as a stator and a mixing rotor. The rotor is powered by an
AM8033 Beckhoff servo motor [92], which is coupled to a Neugart PLE
gearbox with a 20:1 gear ratio [91]. To host the 2K end effector, the 
KUKA KR 120 R2700 industrial robotic arm [93] was selected. With 
a payload capacity of 120 kg and a reach of 2700 mm, this robotic 
arm is capable of supporting the weight of the end effector, including 
the additional load from the concrete hose and the concrete within 
the mixing chamber. Furthermore, the extended reach of the KUKA 
robotic arm enables the fabrication of large-scale constructs, making
it well-suited for the experiments described in this paper.

2.2. Sensor instrumentation

Sensor instrumentation in 3DCP requires careful selection of sensors 
based on their suitability to monitor specific aspects of the process, 
shown in Table  1, as well as their ability to provide precise and
repeatable measurements. The instrumentation method begins by defin-
ing clear requirements, followed by selecting sensors that match the 
intended use cases and in the desired measurement range. Once se-
lected, the sensors are installed at the optimal locations to monitor the 
parameters that are representative of the process. Once installed, the 
sensors undergo an initial calibration and baseline testing under a range 
of operating conditions to verify their accuracy, ensuring traceability to
recognized standards (e.g., ISO 17025 [94]).
4 
2.2.1. Sensor requirements and selection
The selection of appropriate sensors for 2K 3DCP requires accurate 

real-time monitoring of key process parameters, including environ-
mental conditions, slurry pumpability, hydration reactions, and slurry 
workability.

Environmental conditions, including air temperature and humidity, 
can have an impact on the rheology of the slurry and the setting 
behavior during the 3DCP process [99–102]. Fluctuations in environ-
mental conditions can alter the way the slurry hydrates and solidifies, 
potentially affecting both the workability and the performance of the 
final construct. To ensure stable and representative measurements, the 
OMET transmitter P3110E [95] has been pre-installed in the mixing
pump. The temperature of the mixing water is also critical, as variations 
can change the initial temperature of the fresh slurry and therefore 
affect its setting kinetics [103–105]. To achieve this, an MAI water 
temperature sensor [86] has been installed at the water input of the 
mixer to continuously measure the temperature of the fresh water 
entering the mixer.

During pumping, the fresh slurry behaves as a Bingham plastic fluid, 
exhibiting both yield stress and plastic viscosity [106]. If the yield stress 
and viscosity exceed a certain threshold, the material cannot be prop-
erly pumped [107,108]. Monitoring real-time pressure helps determine 
whether the material remains pumpable or if clogging is happening. 
In addition, early detection of pressure fluctuations prevents defective 
prints due to changes in material properties [107]. Consequently, a
pressure sensor must measure the pressure directly at the point where 
the slurry is transitioned from the container to the printhead through 
the hose. This sensor must also be properly sealed to ensure water-
tightness and to withstand direct contact with fresh concrete. The 
selection of the pressure sensor range at the mixing head inlet was 
guided by the rheological parameters of the slurry, which govern the 
pressure drop along the hose, leading to a higher pressure at the 
inlet and a lower pressure toward the outlet. Pre-printing rheological 
material tests indicated that the outlet pressure for safe operation 
should remain below 15 bar, and exceeding this threshold would signal 
a significant issue. Consequently, a higher resolution WIKA pressure 
transmitter A-10 (0–16 bar) [96] was chosen for the lower pressure end,
while a WIKA pressure transmitter A-10 (0–40 bar) [96] was chosen 
to protect against overpressure and to match the pump’s maximum 
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Table 1
Table of monitored processes, signals, and sensors.
 Monitored process Signal Sensor location Sensor model  
 
Environmental conditions

Humidity Mixing pump OMET transmitter P3110E [95]  
 Air temperature  
 Water temperature Mixer inlet MAI water-temperature sensor [86]  
 
Pumpability Pressure Pump outlet WIKA pressure transmitter A-10 (0–40 bar) [96] 

 2K mixing head inlet WIKA pressure transmitter A-10 (0–16 bar) [96] 
 Power Mixing pump Yaskawa PLC [97]  
 Hydration reaction Slurry temperature Pump outlet MAI slurry-temperature sensor [86]  
 2K mixing head outlet Digital temperature probe DS18B20 [98]  
 Workability Torque 2K mixing motor Beckhoff servo motor AM8033 [92]  
 

 

 

 

 

 

 

 

 

operating limit of 40 bar. Furthermore, both pressure sensors are
inserted into rugged steel with an internal membrane, enabling them 
to withstand exposure to high-solid materials.

The electrical power consumption of the pump drive motor provides 
an indirect but valuable insight into the characteristics of the slurry 
flow, as power consumption reflects the energy required to pump the 
material [109]. Under constant flow, changes in power consumption 
can reveal alterations in viscosity or flow resistance. In particular, a
gradual increase in the required power may occur if hydration reac-
tions substantially increase the yield stress and viscosity. In addition, 
excessive power use can suggest blockages or elevated friction, while an
unexpected drop could indicate equipment malfunctions or insufficient 
material loading. Monitoring the electrical power consumption of the 
pump drive motor can be performed using a Yaskawa Programmable 
Logic Controller (PLC) [97].

The temperature of fresh slurry offers information on the concurrent 
evolution of its rheological properties during early-age hydration [34,
110], as the yield stress and viscosity can change rapidly with the 
progression of exothermic reactions [46]. The resulting temperature 
profile provides a direct indicator of both the rate and extent of 
hydration [111]. To capture rapid exothermic reactions that occur 
during early-age hydration, temperature sensors must provide a quick 
response and have a wide and stable measurement range capable of 
detecting temperatures from ambient levels up to at least 50–60 ◦C.
These sensors must be able to withstand chemical reactions, requiring 
corrosion-resistant materials and robust construction. They should also 
feature water-tight sealing (e.g. IP67 or higher) to protect against high 
moisture levels and fine solids that may cause measurement drift. Two 
temperature sensors are installed at key points in the system. The
first sensor, an MAI slurry-temperature sensor [86], is designed with 
the same inner diameter as the delivery hose, allowing it to measure 
the initial slurry temperature without disrupting flow. Meanwhile, the 
second sensor, a compact and waterproof digital temperature probe 
DS18B20 [98], is inserted directly into the 2K mixing head, allowing 
for localized temperature monitoring.

The torque of the inline mixer is a useful measurement to assess 
secondary mixing behavior [43,44]. A stable torque level typically 
indicates a uniform distribution of aggregates, binders, and additives, 
leading to consistent performance in downstream processes. In contrast, 
significant deviations or fluctuations in torque can signal variations in 
material composition or incomplete mixing. The torque of the Beckhoff 
AM8033 inline mixer servo motor [92] is recorded to provide insight 
into the inline mixing process.

2.2.2. Sensor installation and physical deployment
Strategic placement and secure installation of each sensor to ensure 

accurate and representative data collection is important, as shown in 
Fig.  2.

OMET air temperature and humidity transmitters are placed away
from direct sources of heat and moisture to avoid skewed readings
[112]. The proximity of the sensors to the mixing station ensures that 
the captured environmental data reflect the actual process conditions. 
5 
In addition, the MAI water-temperature sensor is submerged into the 
water pipe to track variations in the temperature of the mixing water.

Pressure sensors must be installed to capture pressure signals
through the hose. One WIKA pressure transmitter A-10 (0–40 bar) is 
placed at the pump outlet to record initial pumping conditions, while 
another WIKA pressure transmitter A-10 (0–16 bar) records pressure 
just before the slurry enters the 2K mixing head.

A PLC-based monitoring setup is employed in both the pumping sys-
tem and the 2K mixing head to track motor performance. By recording 
the use of electrical power from the pump drive motor in real-time, the 
PLC provides an indirect indicator of the flow behavior of the material. 
Meanwhile, torque data from the Beckhoff servomotor offer continuous 
feedback on mixing performance, revealing slurry problems in the 2K
mixing head.

Temperature sensors are installed at two critical points: the MAI 
slurry-temperature sensor is integrated at the outlet of the slurry con-
tainer, measuring the material temperature immediately before pump-
ing. The digital temperature probe DS18B20 is placed in the 2K mixing 
head directly before extrusion to monitor temperature variations re-
sulting from hydration reactions and the addition of accelerators or 
retarders. Ensuring direct contact with the material at both locations 
enables accurate detection of temperature changes that can affect 
material performance.

2.2.3. Sensor calibration and testing
To maintain measurement accuracy and reliability, all sensors un-

dergo factory calibration. Factory precalibrated sensors, including the 
OMET transmitter, WIKA pressure transmitters, MAI water and slurry 
temperature sensors, and the mixing pump power measurement unit, 
arrive with predefined settings optimized for their intended application. 
The digital temperature probe DS18B20 and the PLC-based torque 
monitoring system are also calibrated exclusively at the factory to 
ensure accurate performance under anticipated operating conditions.

To verify the accuracy and reliability of the sensor data, baseline 
testing is performed before full deployment. Initial readings are com-
pared against reference instruments to confirm sensor precision, and
trial runs are performed under varying conditions, including different 
flow rates and temperature settings, to evaluate the performance of 
the monitoring system. These tests ensure that all sensors are correctly 
installed, properly calibrated, and capable of delivering accurate data
for real-time anomaly detection.

2.3. Data acquisition

To enable real-time monitoring, it is essential to establish a pipeline 
for data acquisition. In the context of 2K 3DCP, it is necessary to test 
and evaluate a wide variety of sensors, many of which have differing 
sampling rates and data structures [10,61,70,113]. A network has 
been developed in which both sensing and process control devices 
communicate with a central database. This database aggregates the 
information and stores it in a manner that, despite the heterogeneous 
nature of the data, enables homogeneous analysis. In the current sys-
tem, approximately 70 data signals are initially collected, which are
 



A. Kamhawi et al.

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

𝑋

w  
𝑒
r
e
t
a
a
f

t

1

 
t
b
d
w
𝜇
a

𝐸

w

Additive Manufacturing 115 (2026) 105056 
then filtered down to 9 signals that provide a comprehensive view of 
the system’s state.

The central database is a high-performance laptop that communi-
cates directly over a TCP/IP network [114,115] with all other devices. 
Connections with other devices include OPC-UA [116] over TCP, SSH
data transfer tunnels [117], UDP streaming [118], and custom software 
that interfaces with remote nodes.

Each data stream is collected individually. The OPC-UA devices are
queried at set intervals, while video devices with computer interfaces 
stream data via UDP back to the central database. For devices lacking
a dedicated commercial off-the-shelf network solution, a Raspberry Pi 
(RPi) aggregator is used [119], with the server retrieving the data
through SSH. Custom software is developed to handle data collection 
and aggregation on the server, storing the data as time-stamped JSON
files [120].

The main challenges with this solution include time synchroniza-
tion, diverse sampling rates, and the overhead of preprocessing re-
quirements. Time-synchronization issues arise from the reliance on
the data source, rather than the central database, to report accurate 
timestamps. Instead of generating timestamps on data receipt, the 
central database relies on the sensor or sensor aggregator (e.g., the 
RPi) to report the timestamp, minimizing the impact of network delays
on predictions. However, improper calibration of the sensor clocks 
occasionally necessitated manual synchronization post-experiment. For 
the experiments presented here, three of the sensors operated on the 
same device and were inherently synchronized, while the Motor Torque 
(2K Head) signal required manual alignment. This was accomplished by
calculating the offset of the recording device before each experiment 
and verifying alignment against manually recorded initiation times. 
Signals that could not be reliably synchronized were excluded, and thus 
only a subset of the collected data is reported in this study. Moving 
forward, the system will incorporate a network time protocol (NTP)
server to align all devices on the same network. Because each reporting 
device can then self-align to the NTP clock and self-report timing, 
this approach will eliminate manual alignment and enable robust, 
automated synchronization across heterogeneous sensors.

Various sampling rates create difficulties when performing dis-
cretized point analysis on multiple data streams, requiring the data to
be resampled. Sometimes data are captured at uneven sampling inter-
vals, so interpolation [121–123] can be used to standardize sampling
and create a homogeneous dataset from the different sensors.

Finally, some data require preprocessing before use. In some cases, 
this is done at the aggregator, such as converting voltage readings 
to temperature measurements. For other data sources, such as PLC
registers, lookup tables are referenced. Although each preprocessing 
step is minor on its own, collectively, the preprocessing steps introduce 
significant overhead at scale. To accommodate hardware limitations,
these processes are optimized to ensure that the central database can 
efficiently handle all data streams.

2.4. Analysis methods

This section provides a brief overview of the analysis methods that 
are applied to the different data streams for feature identification and
anomaly detection.

2.4.1. Signal processing
Signal processing is a broad field with numerous techniques and

procedures [124]. The process documented in this section focuses on
applying signal processing techniques to identify features that can be 
directly attributed to changes within the 2K 3DCP system, referred to as
critical features. Furthermore, if a critical feature can serve as an early 
alert for anomalous system behavior, it is designated as a key indicator. 
In this paper, we present four techniques that have proven effective in 
identifying key indicators for anomaly detection in 2K 3DCP. Fig.  3
illustrates the workflow of the process. Assuming all collected data are
 

6 
time series and can be uniformly synchronized along the time axis, this 
process can be applied.

The workflow begins with data collection, which includes time 
series signal data from the 2K 3DCP system and a timeline of events 
that are manually recorded during system operation with accurate 
timestamps. Data are synchronized through interpolation along the 
time axis in uniform intervals, allowing a standard approach to data
processing [122,123,125,126]. Signal analysis is performed as a set of 
techniques individually applied to each signal to expose signal features. 
In parallel, a key event timeline is constructed by discretizing the 
manually recorded events along the time axis. These events are then 
directly compared to the output of each signal analysis technique 
to correlate whether an exposed signal feature qualifies as a critical 
feature. A critical feature should consistently identify an event, or 
class of events, on the key event timeline. If an anomalous event can 
be positively identified through a critical feature, this critical feature 
becomes a key indicator for anomaly detection within the system.

The analysis techniques used in this work are not an exhaustive list; 
however, these techniques have proven effective in exposing critical 
features and key indicators for the system described in Section 2.1. The 
four techniques applied in this research include: frequency analysis, 
amplitude envelope detection, linear versus exponential curve fitting, 
and magnitude deviation analysis.

Frequency analysis is applied using the Short-Time Fourier Trans-
form(STFT) [127] and overlapping windows of time [127–129]. This is 
represented by the following equation: 

(𝑡, 𝑓 ) = ∫

∞

−∞
𝑥(𝜏)𝑤(𝜏 − 𝑡)𝑒−𝑗2𝜋𝑓𝜏𝑑𝜏 (1)

here 𝑥(𝜏) is the original signal, 𝑤(𝜏−𝑡) is the windowing function, and
−𝑗2𝜋𝑓𝜏 represents the Fourier transform. Careful window selection is 
equired to minimize signal degradation at endpoints [128,129], while 
nsuring that the window is short enough to capture precise event 
imes. Furthermore, to ensure that this function is robust to changes in 
mplitude, also called DC bias [128], a high-pass Butterworth filter is 
pplied. The standard form of the high-pass Butterworth filter transfer 
unction in the Laplace domain is:

𝐻(𝑠) = 𝑠𝑁
∏𝑁

𝑘=1(𝑠 − 𝑠𝑘)

where: 𝑠𝑘 are the poles of the Butterworth polynomial.
𝑠𝑘 = 𝜔𝑐𝑒

𝑗 (2𝑘+𝑁−1)𝜋
2𝑁  for 𝑘 = 1, 2,… , 𝑁 , 𝑁 is the filter order, and 𝜔𝑐 is 

the cutoff frequency. The cutoff frequency and filter order should be 
chosen based on the sampling frequency of the data.

Amplitude envelope detection is commonly used to detect ampli-
ude variations associated with underlying phenomena, such as induced 
pulses in machinery [130–132]. Typically, amplitude envelope detec-
tion is performed in the frequency domain using spectral kurtosis [133,
34], which identifies transients through the combination of the Short-
Time Fourier Transform (STFT), Wavelet Transform [135], and a set of 
digital filter banks [136]. For the application described in this paper,
he amplitude envelope detection technique requires a sampling rate 
ased on the Nyquist frequency [137], which might not be guaranteed 
uring the synchronization process. A statistical version of this process 
as created using z-score thresholding [138]. Given a signal with mean 
 and standard deviation 𝜎, upper and lower bounds of the envelope 
re defined:

𝑢𝑝𝑝𝑒𝑟 = 𝜇 + 𝑘𝜎, 𝐸𝑙𝑜𝑤𝑒𝑟 = 𝜇 − 𝑘𝜎

here 𝑘 determines the confidence interval. This version is not robust 
to extreme values, as outliers can dominate the variance and cause 
the envelope to expand unpredictably. By replacing the mean with the 
median and the standard deviation with the median absolute deviation 
(MAD) [139], a more robust adaptive envelope is created. This takes 
the form of: 
𝐸 = median(𝑋) + 𝑘 ⋅MAD, (2a)
𝑢𝑝𝑝𝑒𝑟
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Fig. 3. Critical feature identification workflow for time-series datasets: The dataset is resampled to ensure uniformity and synchronization along the time axis 
hrough interpolation. Each signal is analyzed using the four techniques to identify signal features. Events, which are manually recorded during data collection, 
are discretized along the time axis to create a timeline of key events. This timeline is then compared to the signal features to identify critical features and key
indicators.
 
 

 

 

 

 

 

 

𝐸𝑙𝑜𝑤𝑒𝑟 = median(𝑋) − 𝑘 ⋅MAD, (2b)

AD = median
(

|

|

|

𝑋 −median(𝑋)||
|

)

. (2c)

Curve fitting, the third technique, is used to identify when a
signal can be determined to ‘‘fit’’ a mathematical model [140–143].
Many anomaly detection applications operate under the assumption 
that, under normal conditions, a signal will closely match a known 
mathematical model [144–147]. For the 2K 3DCP system described 
in Section 2.1, it was found that the normal rate of change of most 
observed signals stabilizes to a linear trend. Using this assumption, the 
system is considered to be in an anomalous state when confidence in 
this linear behavior falls below a threshold.

To evaluate linear confidence, a two-stage analysis procedure is 
used. First, the filtered signal 𝑦(𝑡) is segmented into overlapping win-
dows of duration 𝑊𝑠. Within each window 𝑤, a linear model is fit using 
least squares [148–150]: 

𝑦(𝑡) ≈ 𝛼𝑤𝑡 + 𝛽𝑤, 𝑡 ∈ 𝐼𝑤, (3)

nd the magnitude of the slope is extracted to represent the local rate 
of change: 

𝑠𝑤 = |𝛼𝑤|, 𝑡𝑤 = 1
|𝐼𝑤|

∑

𝑡∈𝐼𝑤

𝑡. (4)

This produces a new time-series signal {(𝑡𝑤, 𝑠𝑤)} that characterizes the 
local dynamics of the original measurement.

In the second stage, the slope signal is itself segmented into overlap-
ping windows 𝑗. A linear model is then fit to each segment to evaluate 
whether the slope evolves consistently: 

𝑠̂(𝑡) = 𝑎𝑗 𝑡 + 𝑏𝑗 , (5a)

𝑅2
lin,𝑗 = 1 −

∑

𝑤∈𝐽𝑗 (𝑠𝑤 − 𝑠̂(𝑡𝑤))2
∑

𝑤∈𝐽𝑗 (𝑠𝑤 − 𝑠̄𝑗 )2
, (5b)

 where 𝐽𝑗 indexes the slope samples within window 𝑗, and 𝑠̄𝑗 is their 
sample mean.

An anomaly is detected when the confidence in the linear trend falls
below a defined threshold: 

𝑅2
lin,𝑗 < 𝜏𝑅2 . (6)

The final technique described in this section is magnitude deviation 
analysis. Using the model from Eqs. (3)–(6), this technique identifies 
a large and rapid change in magnitude that may still be linear. The
detection process described for curve fitting fails to identify an anomaly
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in the case where the growth is linear but too large for stable operation. 
The detection approach shown in Eq.  (7) accounts for this case. 
𝑦̂lin(𝑡) = 𝑎𝑡 + 𝑏, with rapid growth detected if |𝑎| > 𝜏𝑠. (7)

where 𝜏𝑠 represents a user-defined threshold.

2.4.2. Guidelines for targeted signal processing
Each of the techniques described above can be applied to any 

time-series signal that meets the synchronization criteria. Table  2 pro-
vides some key examples studied in Section 3. These specific detection 
thresholds are not generalizable outside of the test system described 
in this work. Instead, this framework aims to show how to discover 
this criterion. The tuning of the fault detection metrics will be based
on the system and material used. For example, the power band used 
for temperature frequency analysis is derived from the sampling time 
of the system and the anomaly observed in a visual review of graphed
signals. The amplitude envelope used a 95% confidence interval, which 
might be too loose or too tight for other applications. Based on empir-
ical observations, classifying signals by a few key attributes can help 
identify which technique(s) are most likely to yield a critical feature. 
These attributes can generally be categorized into three types: Gradual 
Changes, Step Transitions, and Rapid Fluctuations.
Gradual Changes: In continuous systems, such as the pump sys-
tem used in this work, once the system reaches steady state, future 
measurements within the same task state should have little to no
variation [151]. Deviations from this expected behavior are consid-
ered anomalous [152–154]. Frequency analysis and magnitude devi-
ation analysis are effective tools for detecting this type of anomalous 
behavior. For example, for the 2K 3DCP system discussed in Sec-
tion 2.1, temperature, pressure, and ambient humidity all exhibit 
gradual changes and are best analyzed using frequency analysis or 
magnitude deviations.
Step Transitions: Some signals exhibit abrupt jumps to new step 
values, which may or may not oscillate around these values. These 
transitions are typically sharp and occur suddenly during the process. 
Detecting anomalous transitions in step signals can be achieved through 
amplitude envelope detection. Although not explored in this paper,
curve fitting to a step model, as opposed to a linear model, could also 
provide valuable insight for this type of signal. Examples of this behav-
ior can be seen in the torque of the mortar pump, the electrical current 
of the pump, and the water rate signals within the concrete mixer.
Rapid Fluctuations: Signals with rapid fluctuations often represent 
either noisy sensors or oscillating signals. Amplitude envelope detection 
can help capture the general trend of the signal, while frequency 
analysis can be used to identify anomalies, especially if the fluctuations 
are predictable or harmonic in nature. Examples of signals that exhibit 
this type of behavior from the 2K 3DCP system include the electrical 
power of the concrete mixer and the torque of the 2K mixing head.
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Table 2
Notable detection criteria.
 Method Key signals used Fault detection metric/Threshold Example test (s) Formula Ref.  
 Frequency analysis (STFT) Slurry temperature (pump) Avg. power in 0.05–0.25 Hz band > −25 dB Test 2 (Fig.  5) Eq.  (1)  
Amplitude envelope detection Torque (2K mixing head) Median ±𝑘 ⋅MAD, 𝑘 = 2.97 (95% CI) Test 7 (Fig.  6) Eqs. (2a)–(2c) 
Curve fitting (Linear Fit) Slurry pressure (pump) 𝑅2

lin < 0.5 with slope |𝛼| < 0.02 Test 5 (Fig.  7) Eqs. (3)–(6)  
Magnitude deviation Slurry pressure (pump) Slope |𝛼| > 0.02 beyond tolerance band Test 5 (Fig.  8) Eq.  (7)  
Table 3
Experiments setup.
 Test ID Dry material Additive Construct  
 1, 2, 3 Sikacrete-752 3D mix Sigma-Aldrich LUDOX HS-40 colloidal silica Cylinder (diameter: 400 mm and height: 

500 mm)
 

 4, 5 Quickcrete ASTM Type I Ordinary Portland 
Cement, Boral Micron3 fly ash, fine silica

Sigma-Aldrich LUDOX HS-40 colloidal silica Zigzag extrusion (length: 300 mm, width: 
300 mm and height: 30 mm)

 

 6, 7, 8, 9 Sikacrete-752 3D mix Sigma-Aldrich LUDOX HS-40 colloidal silica Box (length: 250 mm, width: 250 mm and 
height: 500 mm)

 

Table 4
Observed status of monitored signals for each test.
 

 

 

 

 
 

 

 

3. Experiments

In this section, the analysis techniques described in the Methods 
section are applied to experimental data to detect healthy and abnormal 
behavior. The experimental study consists of nine tests that include 3D
printing of three different construct types using two different material 
formulations, shown in Table  3. Three cylindrical constructs (400 mm
in diameter and 500 mm in height) and four box-shaped constructs 
(250 mm in length, 250 mm in width, and 500 mm in height) are
produced using Sikacrete-752 3D mix [155]-the industry-standard com-
mercial mix widely adopted in practice-combined with the additive 
Sigma-Aldrich LUDOX HS-40 colloidal silica [156] at the 2K mixing
head. Two zigzag-shaped structures (300 mm in length, 300 mm in 
width, and 30 mm in height) are fabricated using a custom house-made 
dry mix comprising ASTM Type I OPC from Quickcrete [157], Boral
Micron3 fly ash [158], and fine silica sand of sizes 0.2–0.6 mm [159]
combined with the additive Sigma-Aldrich LUDOX HS-40 colloidal 
silica in the 2K mixing head. The water-to-cement ratio, water-to-
binder ratio, sand-to-binder ratio, and additive-to-binder ratio for this 
custom dry mix are set at 0.65, 0.33, 0.35, and 0.01 respectively. Across 
the nine prints, the pump flow rate is 2.4 L/min , layer height is 10 mm,
and robot travel speeds range from 150 mm/s to 300 mm/s. It should 
be noted that the specific construct geometries are not the focus of 
this study, as the objective is to evaluate the ability of the proposed 
monitoring framework to detect healthy and abnormal behavior during 
the process of 2K 3DCP. The developed approach can subsequently be 
applied to the 3D printing of geometrically complex elements.
8 
During these tests, human operators record their observations of the 
state of the system. The states are identified through manual review of 
anomalous signal patterns that appear in tests with observed system 
failures and yet are absent in tests that did not experience failure. 
These observations, shown in Table  4, became the labels that are
used in the development and validation of anomaly detection. The 
Fig.  4 illustrates that tests primarily containing healthy signals show 
no visible anomalies on the printed constructs, whereas anomalous 
patterns can be associated with deviations related to material properties 
or extrudate dimensions, which subsequently affect the final construct. 
It should be noted, however, that not all process anomalies manifest as 
visible defects in the printed parts, and a comprehensive understanding 
of how different types of process anomalies influence the construct 
requires further investigation.

3.1. Results and discussion: Identifying critical features from experimental 
data

3.1.1. Signal features during normal operation state
Understanding normal operation is critical to setting the benchmark 

for stable system behavior, state transitions of the system, and anoma-
lous system conditions. To characterize the operations, the observed 
signals were labeled health or unhealthy. Regions within a healthy 
signal that may exhibit anomalous behavior, such as startup or state 
change transitions, were defined and separated from the data streams 
prior to running the anomaly detection analysis. Fig.  5 shows exam-
ples of healthy process data from Test 1, which did not experience 
significant errors or anomalies. The first half of the graph shows the 
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Fig. 4. (a) Test 1, which primarily contains healthy signals, shows no visible anomalies on the printed constructs. (b) Test 3 exhibits pump clogging that causes 
discontinuities in the extrudate; corresponding anomalies are observed in slurry pressure and temperature data. (c) In Test 5, material segregation was observed, 
accompanied by anomalies across motor power, slurry pressure, and slurry temperature signals. (d) Test 6 shows significant nozzle head clogging, where the 
extrudate cross-section becomes noticeably smaller than under normal operation, indicated by anomalies in motor torque.
Fig. 5. Healthy system data: (a) Healthy slurry pressure (pump) with less than +/−1 bar variance. The gray shaded region represents the startup process that 
is not included in the analysis. (b) Healthy slurry temperature (pump) data. Water temperature is subtracted from the slurry temperature (pump) to remove 
environmental bias (differential) with +/−3 degrees variance after steady state. (c) Healthy motor power (pump) signal. After startup shown in gray, the motor 
power (pump) stabilizes around a single value with minor noise. Although not shown, motor power (pump) can dip to zero due to idling processes of the 
controller, but should quickly jump back to a steady state value. (d) Zoomed in signal from the differential of slurry temperature (pump) and water temperature. 
Note the minor noise spike in the startup region shaded in gray. This is considered normal in startup but would be an anomaly otherwise.
 
 

 

 

 
 

 

startup process before steady state starting at 425 s. Following the 
transition to steady state, all of the signals demonstrate properties of 
stable printing.

3.1.2. Low frequency noise for anomaly detection
As discussed in Section 2.4.2, the temperature of a continuous-flow 

material should remain stable assuming that there are no significant 
process or baseline changes. However, in Fig.  6(a), the slurry temper-
ature (pump) signal begins to experience an increase in signal noise at
623 s. This behavior is present only when the system is undergoing a
state change or during an abnormal operation. In this specific case, the 
system has a minor clog in the concrete slurry hopper. It is hypothesized 
that this anomalous feature is created by inconsistent flow against 
the temperature sensor probe. The velocity of different regions in a
concrete pipeline, as well as the effects of discontinuous pumping 
characteristics, have been studied in other papers [160,161], but for 
9 
the purposes of this application, it is sufficient to know that the feature 
occurs only when the system is not in steady state. Using the technique 
described in Section 2.4 by Eq.  (1), Fig.  6(b) shows the average power 
of the temperature signals in a frequency range of 0.05 to 0.25 Hz,
converted to decibels to facilitate easier comparison between signals 
with varying amplitudes. The threshold value of −25 dB is created by
assessing the slurry temperature (pump) signals of the tests [1,4] and
selecting a value high enough to remove these tests from detection 
while still identifying the anomalies in the slurry temperature (pump)
signals from tests [2,3,5,6]. Fig.  6(b) illustrates that the noise in the 
signal exceeds the −25 dB threshold at 560 s. The clog associated with 
this increase in noise is visually detected by the operators when it 
affects the extrusion at 750 s. Video records show a small chunk of 
hardened mortar is knocked into the wet hopper at 550 s, which is the 
root cause of the anomaly. For this example, the identified anomalous 
feature shows the sensitivity of automated detection by identifying the 
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Fig. 6. Frequency response analysis: Plot (a) shows the slurry-water temperature differential from the slurry temperature (pump) signal during test 2, post system 
start-up. Using Eq.  (1) and a frequency range of 0.05 to 0.25, the windowing for frequency analysis plot (b) is set to 128 s with the first average power value 
starting at 128 s Temperature signals can vary up to 3 degrees, so the ramp from 2 to 6 degrees C in plot (a) between 200 s and 623 s is within normal tolerance. 
he noise starting at 623 s is anomalous behavior identified by the average power surpassing the −25 dB threshold in plot (b).
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anomaly in pump health within 10 s of the signal change, while manual
observation lags behind by 190 s.

3.1.3. Envelope breach for anomaly detection
The torque signal of a DC servo motor can have significant noise 

due to a number of factors such as gear coupling and control loop
gains [162], which makes it an ideal signal to be bound with an
amplitude envelope. The motor in the 2K mixing head has a torque 
signal, which can be represented as a step value with harmonic noise. 
Fig.  7 shows the motor torque (2K mixing head) signal during Test 
7. From zero to 180 s, the idle torque is 1.6 Nm with oscillations of 
+/−0.1 Nm. At 180 s the motor torque (2K mixing head) jumps as
the slurry first enters the 2K mixing head and stabilizes again around 
1.6 Nm. A statistical envelope from Eqs. (2a)–(2c) is created that will
follow small step changes, but allow breaches from large step changes 
to identify anomalous behavior. The variable 𝑘 = 2.97 is selected 
from a 95% confidence interval. A rolling median of 128 s is selected 
to maintain a rigid window on a 2 Hz sampling basis. Any large 
fluctuations require a full window to stabilize, as shown in yellow 
shading in Fig.  7. At 420 s, the 2K mixing head sprung a leak, which was 
detected immediately by a large envelope breach feature. Operators 
noticed the leak at 453 s, stopping the experiment early. Pure manual
observation lags behind the envelope breach detection by 33 s.

3.1.4. Curve fitting for anomaly detection
From the baseline analysis shown in Fig.  5, a healthy pump pressure 

signal should stabilize around a stable state value with a variance of 
+/−1 bar. The stable state value can change depending on factors 
such as pumping speed and environmental conditions, but any such 
fluctuations should be minor(|𝛼| < 0.02) with a linear trend. This is 
characterized using Tests [1,4]. With this baseline, Eqs. (3)–(6) are used 
with the parameters shown in Table  5. Note that 𝛼 must be calculated 
per signal, especially if the signals are not normalized.

Notice in Fig.  8 how the slurry pressure (pump) from test 5 is stable 
around 2 bar. Noise is filtered out with a low-pass filter of 0.25 Hz.
The noise in the pressure signal is outside the healthy range, but is 
not considered for the curve fitting technique and will need to be 
characterized separately. The 0.5 confidence threshold of 𝑅2

lin,j from Eq.
(6) is based on a 50% likelihood of the window fitting to a linear model.
At 50%, the signal is just as likely to be random noise as a linear fit. This 
10 
Fig. 7. Median and M.A.D. for Motor Torque (2K mixing head) During Test 7.
Median and MAD for head torque using Eqs. (2a) and (2b) with 𝑘 = 2.97 that 
corresponds to a confidence interval of 95%. During the system startup there 
s a large envelope breach, which can be ignored at 180 s. Due to the rolling 
indow the envelope requires a period of one full window of 128 s to fully

stabilize, which is shown in yellow. At 420 s there is another large envelope 
breach, which is classified as an anomaly, which corresponds to the 2K mixing 
head experiencing a leak failure.

loss of confidence in the growth of the slurry pressure (pump) denotes 
an anomaly and corresponds to poor pumpability of the concrete slurry 
due to material segregation. Manual detection noticed the anomalous 
state at 720 s, lagging behind anomalous feature detection, which starts 
at 490 s.

3.1.5. Magnitude deviation for anomaly detection
Similarly to the confidence in the linear fit in Fig.  8, this detection 

creates a window using Eq.  (4), but only takes into account the slope of 
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Fig. 8. Linear fit confidence with slurry pressure (Pump). From test 5, the signal of the pressure (a) hovers around 2 bar until material segregation builds enough 
o hinder pumpability noticeably at 490 s, and observed manually in the extrusion at 720 s. This is detected in (b) using the Eqs. (3)–(6) to generate a fit
onfidence of the slurry pressure (pump)’s growth rate compared to a linear model shown in Eq.  (3). At 490 s the confidence drops below the threshold of 0.5,
nd is classified as an anomaly.
 

 

 

 

 

 

 

Table 5
Parameter settings for Eqs. (3)–(6).
 Parameter Value 
 Window size 6  
 Window overlap 3  
 Slope window size 10  
 Slope window overlap 5  
 Confidence threshold 0.5  
 𝛼 threshold (pressure) 0.02  

Table 6
Parameter settings for Eqs. (3)–(6).
 Parameter Value 
 Slope window size 50  
 Slope window overlap 25  
 𝛼 threshold(pressure) 0.02  

the linear fit in Eq.  (7). The slope 𝛼 observed in the baseline analysis 
in Fig.  5 was baselined to be healthy when |𝛼| < 0.02. In Fig.  9, the 
healthy region between −0.02 and 0.02 𝛼 is maintained by the slurry 
pressure (pump) signal from test 5 until 500 s. This technique lags
behind the detection shown in curve fitting in Fig.  8, but is still faster 
than manual detection at 720 s. This technique is comparable to the 
linear fit confidence but sets a maximum on the growth of a signal, 
as opposed to the linear fit confidence. It is possible for a near-infinite 
slope to be represented as a linear model, but in real-world applications 
there are physical limits (see Table  6).

3.2. Validation: Simulated real-time anomaly detection

After creating and testing the anomalous feature detection models, 
the system is simulated running real-time anomaly detection with 
unused data set from tests 8 and 9. These tests are run back-to-back, 
with a transition in between to change the accelerant which is pumped 
into the 2K mixing head. This transition leads to a clogging failure
in the 2K mixing head. Test 8 exhibits no errors and is considered 
healthy, and test 9 is an anomalous test that ends in system failure.
The frequency-based detection demonstrated in Fig.  6 requires a 128-
second window before the first calculation can be made. This is shown 
11 
in the simulation graphs in Fig.  10. Both tests 8 and 9 are marked as 
healthy in the manual inspection for the slurry temperature (pump);
however, an anomalous feature is detected at 420 s. The operators 
experienced extrusion problems at 550 s and attempted to fix these 
issues by injecting more water into the slurry. This minor correction 
allows the system to continue to function until 650 s, when the 2K
mixing head becomes completely clogged. Although the temperature 
sensor is located near the slurry pump, the disruption in the concrete 
slurry from 5 m away is still detectable through an increase in noise in 
the temperature sensor.

Similarly, linear slope-based anomaly detection successfully iden-
tifies abnormal growth in the slurry pressure (pump) signal during 
test 9. As demonstrated in Fig.  8 subplot (b), the signal remains 
steady throughout test 8, yet never stabilizes during the transition 
and implementation of test 9. The subtle yet continuous upward trend 
that occurs after the transition is captured by the slope 𝛼 calculated 
across overlapping windows. At approximately 440 s, the slope ex-
ceeds the predefined upper threshold of anomalous feature detection 
of +0.02, triggering the first anomalous feature detection (blue line). 
This precedes the first manual operator detection at 550 s (orange 
line) and happens well before the critical system failure at 650 s
(red line). The results demonstrate that real-time anomaly detection is 
sensitive enough to identify anomalous pressure changes that are not 
immediately visible to humans. This suggests that linear slope analysis 
can serve as a reliable indicator of performance degradation, providing 
critical intervention time.

Figs.  10–11 show case two examples, namely magnitude deviation 
for pressure and frequency analysis for temperature, used in detection. 
The full results of all detections for all tests are shown in Table
7. Across the different validation tests, which were conducted with 
every signal against every detection technique, the detection methods 
showed consistent performance in identifying early indicators of system 
degradation. These modes of degradation were slurry pipeline clogging, 
material segregation, and slurry mixing anomalies. Test 1 showed that 
detections were consistent across all methods with the exception of 
frequency-based torque analysis. This failed to produce reliable outputs 
due to limited data availability and down-sampled resolution. In Test 
2, all monitored signals exhibited at least one anomalous feature, 
indicating the system’s anomalous state.

Test 4 presented a notable discrepancy versus the manual inspection 
which classified the system as healthy. Yet multiple anomalous features 
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Fig. 9. Magnitude deviation with slurry pressure (Pump). Similar to 8, the slurry pressure (pump) from test 5 breaks the threshold of |𝛼| > 2 starting at 500 s.
oints past the upper and lower model thresholds are considered anomalous.
Table 7
Anomalous feature detection results.
 

 

 

 

 

 

 

were identified across distinct signals. Post-analysis of the printed struc-
ture, and operator notes of excess sand in the hopper during cleaning,
suggest these features may reflect early-stage segregation behavior that 
did not manifest visibly during operation. This observation underscores 
a research gap in classifying process deviations, in terms of severity and
type, which could amplify the effect of this framework.

Compared to other signals, slurry pressure and slurry temperature 
were able to provide high-confidence detections. Torque and power sig-
nals were more vulnerable to noise and bias. These findings validate the 
framework’s capability to extract meaningful indicators from heteroge-
neous sensor data which and targeted signal analysis of these indicators 
can detect anomalies with a higher sensitivity than manual observa-
tion. Future enhancements should focus on signal pre-processing and
integrating classification modules in preparation for closed loop process 
control.

While these examples were able to demonstrate that this framework 
has the potential to identify anomalous behavior earlier than manual
detection, this study alone is not enough to characterize warning 
times or the methodology to do so. A more rigorous analysis will be 
performed as a larger dataset becomes available.
12 
4. Conclusion

Current 3D concrete printing (3DCP) workflows rely heavily on
manual oversight and heuristic adjustments, limiting the ability to 
detect failures in advance. This constraint forces operators to favor con-
servative geometries and maintain close supervision, which becomes 
increasingly impractical as the scale and complexity of fabrication 
grow. This work introduces a structured anomaly detection framework 
designed to improve system awareness and responsiveness within the 
3DCP workflow.

4.1. Summary of contributions

The presented framework integrates heterogeneous inline sensing 
with four complementary signal-analysis techniques — frequency anal-
ysis, amplitude envelope detection, curve fitting, and magnitude devi-
ation — to extract features linked to system-level degradation. Applied
across nine robotic printing experiments, these methods identified early 
indicators of pump clogging, material segregation, and mixing-head 
obstruction. In multiple cases, detections occurred well before man-
ual observation or visible defects, including the identification of a
previously unlabeled deviation. These findings demonstrate improved 
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Fig. 10. Verification of frequency detection critical feature: (a) Timeline of experimental events for series of tests 8 and 9 to include system startup, transition 
period between tests, and ultimately system failure. (b) Slurry pump signature is stable through test 8. Though difficult to see in the raw temperature signal, (c) 
shows the avg. power of the frequency range from −0.05 to −0.25 dB increases past the −25 dB threshold into anomalous territory at 420 s. There is a problem 
with the extrusion starting at 550 s, which is documented as the first manual detection. There is a minor water injection rate correction at 550 s, but it is not 
sufficient enough to prevent system failure at 650 s.

Fig. 11.  Real-time detection of pressure anomalies using linear slope thresholding: (a) Timeline of operational phases across tests 8 and 9, including startup, 
system transition, and final system failure. (b) Slurry pressure (pump) remains relatively stable during test 8, but exhibits gradual growth and sudden fluctuations 
during test 9. (c) Linear fit slope (𝛼) calculated using a sliding windows approach as defined in Section 3.1.4. Values are flagged as anomalous once |𝛼| exceeds 
the absolute value of ±0.02 threshold (dashed magenta lines). The anomalous feature detects abnormal pressure growth starting at 440 s (blue line), preceding 
manual observation at 550 s (orange) and full system failure at 650 s (red). This method captures early deviations in material flow characteristics linked to 
system instability.
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sensitivity to early-stage disturbances and show that inline process 
measurements can serve as quantifiable health indicators for pump 
behavior, material consistency, and mixing performance.

To support transparency and reproducibility, all time aligned
system-level data used in this work are publicly available [163].

4.2. Novel components of this work

The distinct contributions of this study are summarized as follows:

• A generalizable system-level methodology that evaluates anoma-
lous behavior for the process of the extrusion system.

• A multimodal feature extraction pipeline enabling robust early-
warning detection of both gradual and abrupt degradation.

• A publicly available multi-sensor 2K 3DCP dataset enabling repro-
ducibility and continued research into health-aware automation 
of concrete AM.

• Experimental evidence that inline signals can reveal latent process 
risks not visible during printing.

Together, these contributions represent a step toward proactive, data-
driven monitoring that improves process reliability and supports first-
time-right digital fabrication.

4.3. Future work and outlook

While this study demonstrates reliable detection of evolving anoma-
lies, linking each anomaly type to final construct performance remains 
an open challenge. Some disturbances (e.g., clogs) directly influence 
extrusion continuity, whereas others (e.g., mild segregation) may not 
appear during fabrication but can still affect mechanical performance 
in the hardened structure.

Future work will focus on:

• Automated and data-driven threshold tuning for improved gener-
alizability across materials, environments, and hardware config-
urations

• Classification of anomaly types and severity levels related to print 
outcomes

• Integration of monitoring feedback with real-time control systems 
for autonomous corrective action

By reducing dependence on manual heuristics and enabling earlier, 
data-supported intervention, this framework lays foundational capabil-
ities for predictive and autonomous 3DCP operations.
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