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Abstract

:

In Singapore, there is an increasing need for independence from manpower within the Building and Construction (B&C) Industry. Prefabricated Prefinished Volumetric Construction (PPVC) production is mainly driven by benefits in environmental pollution reduction, improved productivity, quality control, and customizability. However, overall cost savings have been counterbalanced by new cost drivers like modular precast moulds, transportation, hoisting, manufacturing & holding yards, and supervision costs. The highly modular requirements for PPVC places additive manufacturing in an advantageous position, due to its high customizability, low volume manufacturing capabilities for a faster manufacturing response time, faster production changeovers, and lower inventory requirements. However, C3DP has only just begun to move away from its early-stage development, where there is a need to closely evaluate the process parameters across buildability, extrudability, and pumpability aspects. As many parameters have been identified as having considerable influence on C3DP processes, monitoring systems for feedback applications seem to be an inevitable step forward to automation in construction. This paper has presented a broad analysis of the challenges posed to C3DP and feedback systems, stressing the admission of process parameters to correct multiple modes of failure.
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1. Introduction


In Singapore, there is an increasing need for independence from manpower within the Building and Construction (B&C) Industry [1]. Currently, the preferred construction approach in Singapore’s high-density urban landscape is the use of Prefabricated Prefinished Volumetric Construction (PPVC). The Building and Construction Authority (BCA) in Singapore has supported this construction method by implementing regulatory channels to utilize its extensive network, mainly driven by benefits in environmental pollution reduction, improved productivity, quality control, and customizability [2,3]. The off-site fabrication capabilities of this technique also enable furnishings, finishes, and fittings prior to its deployment to the site. In turn, these benefits positively affect manpower costs and safety ratings on-site. However, overall cost savings have been counterbalanced by new cost drivers such as modular precast moulds, transportation, hoisting, manufacturing & holding yards, and supervision costs [3]. Case studies of two pilot projects carried out at North Hill, Nanyang Technological University and Changi Crown Plaza Hotel reported more than 15% increase in costs compared to traditional cast methods, largely attributed to these cost drivers [3].



Concrete 3D Printing (C3DP) is an additive manufacturing approach that deposits a mixture of concrete slurry or cement using a layer-by-layer methodology to form a structure without the use of traditional formwork. Potentially, the emergence of C3DP can improve sustainability by reducing material wastage, costs, and construction risks, with the reduction of labor intensive processes [4,5]. The highly modular requirements for PPVC places concrete additive manufacturing in an advantageous position due to its high customizability and low volume manufacturing capabilities for a faster manufacturing response time, faster production changeovers, and lower inventory requirements [4]. The inherent characteristics of 3D printing may seem advantageous, but C3DP has only just begun to move away from early-stage development and its success rate in the real-world environment is still being evaluated, as buildability, extrudability, and pumpability concerns persists. These current challenges in C3DP have been attributed to numerous parameters that include environmental, material, and process parameters [6].



Objective


This review paper will attempt to discuss the importance of process control parameters. The introduction has provided a brief overview of the building and construction industry in Singapore. This covered the research gap in C3DP and a brief description of the existing issues. Section 2 will give an overview of 3D printing’s characteristics, exploring, and listing current challenges and solutions in the C3DP process. At the same time, a short discussion will be given of the parameters involved for the respective research challenges. Section 3 will specify and describe the need for monitoring systems to complement the requirements for a complete diagnosis system. Section 4 will discuss and describe the core requirements of a diagnosis system for C3DP applications and provide a correlation explanation for the previous two chapters. Section 5 displays existing systems that utilize machine vision technologies for diagnosis of varying aspects in traditional construction workspaces. Finally, Section 6 offers a conclusion and a future vision for feedback systems in C3DP.





2. Parameter Classification in C3DP Structural Faults


Ma et al. observed an eightfold increase in Concrete 3D Printing research from 2017 to 2020. The authors reported that about 80% of all research in the field was dedicated to material optimization studies, while the remainder were distributed between processing (10%), software (9%), and building integration (1%) [7]. A greater focus on material related studies was reported. Research conducted to implement optimization via process control for this field is sparse, which is an indicator that the research direction is still in its early-stage development, as process control is one of the considerations for later-stage or end-stage development.



Process control and automation falls under the branch of processing. This includes the study of process parameters in C3DP, such as material flow rate, nozzle travel speed, and nozzle stand-off distance [8,9,10]. Generally, these parameters are estimated and calibrated as an open-loop process prior to the print, which may introduce errors and could affect the print quality, and any unexpected in-process developments require manual intervention. Currently, several researchers are investigating a closed-loop control for these parameters to achieve an improved printing performance and outcome. However, these process control augmentations tend to require substantial developmental time and costs, which may discourage research in the area. Hence, this chapter attempts to focus on the importance of assessment for process parameters and process control.



With the current development, these parametric studies are independently defined within their own research scope. Solutions derived from these issues can appear subjective when two or more parametric categories are involved in the issue. In this section, the current issues and challenges encountered in C3DP will be classified according to their attributed parameters. This paper references the parameters classified in several literature sources and simplifies these technical parameters according to Figure 1, summarized into process, material, and environmental parameters [6,11,12,13,14].



We can refer to the table below to categorically define these parameters, based on the factors currently known. In this paper, qualified parameters are considered as observable qualitative or quantitative factors that can influence the printing outcome. This categorization includes pre- and post-process, in-situ and ex-situ measured parameters, and is non-exhaustive. The classification is sorted and organized according to current research findings and will distinguish and emphasize the importance of process parameters in process control, along with the following sections. Table 1 displays a list of parameters in their respective categories.



2.1. Weak Interlayer Bond


Weak interfacial bond strength has been considered by several researchers in the following areas: (a) porosity and saturation state of the substrate, (b) moisture condition of the surface, (c) magnitude of plastic shrinkage, (d) varying yield stress and/or plastic viscosities of the deposited material and substrate [17]. To date, this remains one of the biggest challenges n C3DP, as requires a deep understanding of material and machine parameters.



2.1.1. Porosity and Moisture Conditions


Microstructure discrepancies occur due to entrapped air pockets. In C3DP, air pockets within the extruded filament mainly appear due to the lack of formwork and vibration, which are prevalent methods in traditional construction to densify the concrete [25]. However, recent evidence suggests that the interconnected porosity within a 3D printed filament is much more complex, when compared to pores found in casted concrete, which poses a postponed fatal cracking facility [25,26,27,28]. Fundamental knowledge indicates that air entrapment begins in mixing and occurs between layers during deposition [29]. Air entrapment also occurs at the interlayer during deposition [17,27,28,30,31]. Both occurrences are typically assessed collectively in porosity tests such as Scanning Electron Microscope (SEM), Mercury intrusion porosimetry (MIP), and Computed tomography (CT) imaging [31].



Nerella et al. observed and categorized four cases of porosity in poor interlayer bond strength: (1) weakly bonded, (2) weakly bonded under process and curing conditions, (3) temporarily weakly bonded, and (4) strongly bonded. Case 1 indicates long and wide separation between layers that cannot be connected by hydration constituents before 28 days assessment. Case 2 is caused by air entrapped by process and curing parameters such as drying shrinkage, moisture conditions, or printing parameters that cannot undergo proper hydration. Situations of Case 3 are usually the least porous compared to the other cases and are likely to be self-healed overtime via hydration. Finally, case 4 indicates well-bonded regions [17]. The presence of porosity reveals poor densification within the C3DP structure, for which Shakor et al. stated that this was due to limited moisture and the presence of fine particles that decrease wettability of powder [32].




2.1.2. Plastic Shrinkage


3D printed concrete is extremely susceptible to plastic shrinkage cracks. The lack of formwork, low bleeding water, low aggregate to binder ratio and high quantities of fine aggregates are the material-based constraints that allow fresh concrete to retain its extrudability and buildability. These material properties are vulnerable to early age water evaporation that can result in volumetric shrinkage. Physical restraints lead to increased tension that causes plastic shrinkage cracking [33]. The combination of high surface-to-volume ratio and dry environment conditions also fosters an undesirable effect [34,35]. Aside from its aesthetic damage, the presence of cracks can increase the likelihood of water seepages and water penetration in the structure, which can cause corrosion in steel reinforcements, and crack propagation may occur from thermal expansion of water in varied environmental conditions, such as saltwater penetration and freeze–thaw cycles [24,36,37,38,39]. Plastic shrinkage appears to cause interlayer slips and leads to poor interlayer bond strength and structural durability [34].




2.1.3. Yield Stress Evolution Rates and Deposition Speed


The uninterrupted vertically assembled manufacturing process of 3DPC determines that synchronic curing methods pose a challenge in mitigating poor interlayer bond effects, as curing methods are typically implemented as a post-process procedure [40]. Panda et al. [41] determined that interlayer tensile bond is not dependent on the material hardening rate. Instead, the author’s experiment suggests that the tensile bond strength of the interlayers can be optimized by adjusting the printing parameters, such as nozzle travel speed. Tay et al. [42] also studied the interlayer bond strength and both authors noted that a decrease in printing time gap enhances the interlayer tensile strength, but also inversely affects the structural stability due to the increase in printing speed. Hence, Panda et al. suggested that there must be an optimal printing parameter for all concrete variants and 3D printing designs [41,43]. Figure 2 shows the qualitative observation of interlayer bond with varying printing speeds.



This section has established a correlation to the effects of poor interlayer bond strength between different research studies. We summarized the above effects into Table 2, based on a handful of research articles.





2.2. Buildability


2.2.1. Plastic Collapse and Elastic Buckling


Plastic collapse is caused by the weight load at the bottom-most layer exceeding the maximum yield strength of the printing material. Suiker et al. describe this phenomenon as accumulated vertical deformation, where the influence on the critical height of the wall was studied in various supported structures [13,14]. Ashrafi et al. [43] reveal that the deformation of the base layer is not only a result of the weight of the subsequent layers, but is also caused by the extrusion pressure (Figure 3). It was demonstrated in the experiment that layer deformation can be reduced by extending the printing time gap between layers and the number of base layers used to reduce filament deformation. The author’s methodology also aligns with the observations made by Panda et al. [41] and Tay et al. [42], that machine parameters should be controlled to optimize the time gap between layers.



Elastic failure is an out-of-plane deflection failure mode that occurs before the maximum yield strength is reached. As opposed to plastic collapse, this phenomenon may also be caused by environmental or machine parameters. Suiker et al. describe this as lateral deformation, concluding that the filament width and the material curing rate have a significant influence on elastic buckling, with insignificant results from poor layer-wise deposition. The author’s further work also validates the model with accelerators [13,14]. Nguyen-Van et al. also concluded that wider filament widths and lower printing speeds improve buildability and constructability [69]. Studies related to filament widths and printing speeds have been conducted by many researchers, where process control parameters indicate some degree of influence in this failure mode [6,70,71]. However, the extent of the parametric influence appears to be confounded between the two failure modes among these studies, the outcome of which leads to a convoluted discussion in research, with the use of terms such as “collapse”, “deformation” or “shape stability” as a generalized encapsulation of both failure modes [41,69,71]. The need to isolate (or combine) and study the two effects will be further revealed in the next chapter as a thin wall process control solution.




2.2.2. Rapid Setting


Rapid setting binders can be used in concrete slurry to increase yield strength for the prevention of plastic collapse and elastic buckling. However, activators increase the initial yield strength in the mixing process, reducing pumpability and risking material build up in the printer. Set-on-demand has since been a method to perform activation near the nozzle end. This includes the modification of process parameters that moderates the feed rate of the accelerator [72]. It should be noted that this is a relatively new method to enhance buildability, with only limited research, pursued by Muthukrishnan et al. [72,73,74].




2.2.3. Reinforcements


Integration of reinforcements remains one of the central challenges in concrete 3D printing. Reinforcement methods are mainly used to enhance tensile strength and ductility. For C3DP, the method includes the use of bars, meshes, fibers or cables that can be incorporated, usually in one of three printing process stages (pre-process (mixing), in-process (printing), and post-process (cured/pre-wired) stages).



	
Pre-process






A significant amount of research has been focused on adding synthetic fiber reinforcements to the concrete matrix. Addition of steel [75], polymer [76,77,78,79], glass [79,80,81,82], and plant-based fibers [83,84,85,86] has been explored over the years. Incorporating different fiber types has been a long-standing research topic in pursuit of Ultra High-Performance Concrete (UHPC). Chun et al. [83] assessed different fibers in concrete paste and uncovered different performances between a few notable fiber types; (1) Structural performance of fiber-reinforced concrete is still subject to the printability, nozzle travel speed, and printing direction of the process, (2) inorganic fibers, in comparison to organic fibers, tend to deter adhesion in the geopolymer matrix. Stiff materials, such as steel fibers, prevent complete adhesion to the interlayer bond strength due to increased porosity. For short fiber reinforcement methods, there is an overall improvement in ductility and tensile strength within the concrete filament but little to no improvement in the interlayer region [87,88,89,90]. Apart from the abovementioned reinforcements, research on other unique fiber configurations, such as thermoplastic composites and recyclable materials, are also being explored as a prospective expansion of UHPC materials for 3D printing [91,92,93,94,95].



	
In-process






Extrusion of cementitious material fed with steel cables at the center of the extruded filament is a relatively common approach, despite scarcity in this area of research [96]. Pull-out tests and four-point bending tests were conducted by Bos et al. [97] to observe performance difference in different wire types. Bos observed an increase in ductility and post-crack resistance. However, cable slips were noted as a phenomenon, with smooth cables embedding inducing poor bond strength between the materials. Li et al. [96] agree that the inclusion of a metal cable exhibited a ductile failure mode during four-point bending tests. However, the authors also noted that cable reinforcements showed weaker interlayer bonding strength as compared to that without reinforcements, due to reduced contact area at the interlayer. Hojati et al. [98] attempted to mitigate cable slips via barbed-wire reinforcements. The inclusion of barbs alleviated cable slips but introduced a larger scale presence of voids surrounding the barbed protrusions. Hojati also highlighted that further investigation of barb frequency, cable types, and varying barb configuration is needed to optimize these findings. Xiao et al. [99] also explored the perpendicular insertion of steel cables to decrease the flexural anisotropy of concrete printed structures and noted a 10 times improvement in flexural capacity.



Alternatively, other methods of in-process installation include bolting of metal brackets in layered intervals within concrete filaments, developed by Simon and Sungwoo [100], and U-nail insertion into several layers of concrete filament to reduce the effects of poor interlayer bond, carried out by Wang et al. [101]. Both methods showed improved tensile strength in the steel reinforcement support. While these options offer promising methods for tensile strength improvement from a material study standpoint, scaling to a structural reinforcement system proves to be a challenge.



	
Post-process






The definition of post-process printing in this section is defined by prior work done to the structure before addition of concrete or wires. There are currently two approaches to this process. (1) Mesh wires, cables, or bars are fitted into a completed 3D printed concrete structure, (2) Concrete is extruded around a pre-installed configuration of wires, cables, or bars.



	(1)

	
Asprone et al. [102] developed an external anchor connection design approach to install an out-of-plane reinforcement system in a 3D printed structure. Local fractures arise from shear forces between segments and steel–concrete anchors. Salet et al. [103] conceptualized post-tensioning reinforcements in which concrete structures are built with design considerations to sandwich C3DP slabs as an assembly, where the middle slab design allows cable passthrough. These parts are then pressed together by post-tensioned prestressing tendons. The method showed much promise, as the prototype passed all structural regulations in assembly trials (Figure 4).







	(2)

	
For a pre-configured wire mesh approach (Figure 5), Marchment et al. [104] introduced a nozzle design that enables printing about the mesh. Liu et al. [105] later developed a U-shaped wire mesh (USWM) configuration, where concrete is extruded at an inclined angle around the mesh wire. This configuration showed significant improvement in tensile strength. Table 3 shows the parameters involved in buildability.









2.3. Extrudability


Extrudability in C3DP is defined as the process of transporting material through the feedpipe and the print head. Good extrudability is defined as the ability to extrude filaments consistently. Nozzle blockage, filament tearing, and filament buckling can occur from poor process control and mixture composition. However, as cementitious material hardens with time, pumpability can be used to manage the printability of the material [107]. These factors were studied by Liu et al. and it was observed that a change in flow rate over time can improve the overall print and structural quality [108]. Furthermore, Tay et al. noted that pump flow rate and nozzle travel speed have similar significance in quality control for 3DCP [109,110]. Figure 6 shows the relationship between pump flow rate and nozzle travel speed in quality control.



Khalil et al. concluded that a diameter ratio, or the nozzle geometry, of Dnozzle/Dparticle should be larger than 4 for continuous flow to occur [111,112,113]. Multiple evidence also suggests that constituents of concrete, such as admixtures, water, binders, and cement, directly affect its flowability, stability and self-levelling. These factors have been associated with aggregate size, yield stress, plastic viscosity and open time [107,111,112,113,114]. Malaeb et al. [10] identified that good flowability can be optimized by reducing sand and increasing cement. Hence, both material and process parameters are attributed to the effects of poor extrudability [115]. These effects are amplified along sharp corners in the C3DP process when extrusion rate remains inconsistent within the nozzle geometry. A difference in curvature exists between the inner and outer radii of the filament, where the inner and outer radiuses exhibit overflow and underflow effects, respectively, if a corner rotation is sharp. Liu et al. determined that rheological properties have little significance in this occurrence, which is associated with the corner radius, nozzle travel speed, and nozzle geometry [116,117,118]. Large-scale implementation has also been shown to cause accelerated hardening due to friction caused by prolonged pumping, causing reduced workability, potentially causing clogs in the extruder, and quickening the effects of filament tearing and buckling [118].



Researchers conduct extrudability tests to assess the printability of a setup. It is still a common practice to conduct extrudability tests via visual inspection of single layer extrudate of a fixed length for any filament tearing or buckling in the sample [20,119]. Recent work conducted by Ting et al. attempts to leverage the manual inspection method with an instance segmentation model by quantifying surface defects with real-time in-situ monitoring [93]. It is relatively clear that filament tearing and bucking are qualitatively distinguished, time-dependent parameters that lead to nozzle blockage with material influence, and can be controlled by process parameters. Table 4 lists all parameters listed in this section.





3. Process Monitoring for Fault Detection


The chapter above provided a summary of the current challenges in C3DP and discussed the parameters involved. Each challenge presented above has an established significance for process parameters. As cementitious material exhibits unpredictable mechanisms in the printing process, feedback systems make sense for process parametric adjustments in C3DP in place of manual observations and interventions [18,42,135,136,137]. However, from a process control standpoint, managing process parameters in a C3DP application for a closed loop feedback is challenging due to the required interdisciplinary understanding of material behaviour, computer vision, and fault diagnosis. Consequentially, feedback systems investigation in C3DP research is relatively uncommon compared to other branches of research. Generally, the process flow for a feedback system is listed as follows: Data Acquisition, Pre-Processing, Feature Extraction, Classification, and Diagnosis at a desired interval [138,139,140]. Several methods can be used as classification tools (this will be discussed in a later section). Depending on the classification methods used, pre-processing and feature extraction steps will typically be adjusted accordingly. This chapter attempts to breakdown the requirements needed in process monitoring for fault diagnosis (refer to Figure 7).



3.1. Data Acquisition


Feedback systems in C3DP require an input data stream. These data inputs can be obtained with various arrays in one-dimensional to three-dimensional streams of data, often acquired in the form of an image with color spaces, such as HSI [142], HSV [143], Binary [144,145], Greyscale [18] and RGB [146]. Data obtained can then be interpreted for monitoring applications, such as safety monitoring [147], Building Information Modelling (BIM) [148], Structural Health Monitoring (SHM), and process monitoring [149]. A camera layout is typically installed, based on in-situ or ex-situ configurations, and depends greatly on the attention to detail needed for the operation. In this paper, in-situ and ex-situ monitoring systems will be defined as the measurement or camera sensor planted inside and outside the work envelop of the 3D printer, respectively (refer to Figure 8).



Concrete 3D printed structures are generally large, thus varying environmental conditions, such as indoor or outdoor C3DP, can considerably affect sensor inputs. Noise, such as ambient light, temperature, and weather conditions, can easily impact the accuracy of the data acquired and the general outcome of the resulting diagnosis. Apart from a clear line of sight for the sensor, factors such as object cleanliness, reflectivity of the object, and occlusions in scanning path should also be considered. Depending on the sensor used, the calibration process, including lens distortion, bundled adjustment, and unit scaling for instance, must be regarded [150,151,152]. The visual cues for geometrical capture are dependent on lens/sensor perspective, object occlusion, and shading. In other words, computer vision tools are strongly affected by perspective and illumination strategies [153]. Refer to Figure 9 for examples of illustration strategies.



Further categorization can also be achieved by monitoring the print through in-process and post-process methods for process control [18,135,136,137,154,155,156]. The following research consists of monitoring techniques that have been. or will be, used in feedback for process monitoring. These publications indicate the progress made towards autonomy in C3DP. As of now, implementation has been largely discussed as future work and these solutions have not been fully realized, as the experimentation has been conducted in a fully controlled environment. The extent of the effectiveness of computer vision feedback control has not been thoroughly established, but has been successful in detection in most cases. It can be understood that post-process feedback applications are not thoroughly explored due to the scarcity of environmental input for long-term assessment in C3DP structures at the current time. Refer to Table 5 for examples of monitoring architectures with computer vision implementation.




3.2. Pre-Processing and Feature Extraction


Pre-processing and feature extraction in computer vision applications are necessary steps to clean up and enhance acquired data in the C3DP workspace. Raw image data obtained directly from a camera sensor may face a variety of obstacles that could hinder the classification result. Pre-processing methods are commonly used in vision-based process systems to mitigate such errors early in the process [144,162,163,164,165,166,167,168]. In this paper’s definition, pre-processing methods can be redefined into two groups: corrections are required to change the artifacts in the image prior to feature extraction, enhancements are utilized to augment key features for ease of classification in later steps.



	
Corrections: Sensor Corrections, Lighting Corrections, Noise, Geometric Corrections, Color Corrections.



	
Enhancements: Blur and Focus, Illumination, Thresholding. Edge Enhancement, Morphology, Segmentation, Region Processing, Color Space Conversions.






Despite the need for a robust illumination strategy as described earlier [169], features of interest in C3DP may still be suppressed by external factors, such as ambient light conditions and occlusions. The C3DP monitoring process flow would face difficulties replicating isolated environments, as seen in other disciplines such as metal additive manufacturing process monitoring [165,166,167,170,171]. Splatters, residuals, light, reflection, and shadow interferences can be observed on the substrate while printing. While it may not compromise the 3D printing process, it can cause a camera sensor’s erroneous reading that may lead to poor diagnosis (Refer to Figure 10). Hence, digital corrections are essential to minimize the negative effects of the environment and setup. Kazemian et al. [18] have noted this effect in a feedback control process. The authors noted stray detections of concrete filament due to obstructed lighting conditions, hence developing an approach to conduct frame drops to minimize the erroneous readings.



Enhancement, or feature extraction, methods such as morphological operators [142], image cropping, frame selection [18,136], filters, blurs, rotation, resizing, and color space conversion (refer to Figure 7), are some of the functions used to digitally enhance, modify, or amplify desired characteristics in a dataset, specific to any machine learning algorithms. Generally, supervised classification methods such as Deep Neural Networks require a model with numerous variations. Images are typically obtained and labelled manually, which are then fed into a training model. Pre-processing methods are used to expand the dataset variations in order to enhance the model, such as image augmentations for rotation, flipping, or contrast [145,146,172,173], whereas, in typical unsupervised machine learning techniques, pre-processing methods, such as binarization, image blurring, thresholding, contour extraction, and edge detection, are used to de-noise prior to classification [18,136,161]. Correction and enhancement methods can be interchangeably used for all classification methods and are not specific to a single use case. Davtalab et al. [146] utilized pre-processing methods for thresholding and binarization to provide a binary mask image as ground truth reference for a SegNet DNN model. This resulted in a post-process, in-situ monitoring method for observing deformities on the printed layers from a side profile (Figure 11).




3.3. Classification


Classification consists of categorization and labelling groups of pixels or variables within a dataset. These classification methods can be divided into four categories: Supervised, Semi-supervised, Reinforced, and Unsupervised systems, as shown in Figure 12 [174]. Supervised learning requires a training dataset that includes the input and ideal output data. Classification and regression algorithms are used to allow the model to learn over time. A loss function is used to measure its accuracy and recycled for the next iteration or dataset to an acceptable margin of error [145,172,173]. Unsupervised machine learning is typically used when labelled data is unknown or scarce [18,160,175]. Techniques used are normally based on clustering data samples, leaning towards a probabilistic model in which the output data may reside. A reinforced learning algorithm employs trial and error to identify a solution to a problem. The algorithm will be rewarded or penalized when it performs an action until it achieves its goals [176,177].



Object recognition tasks typically focus on high-resolution images (megapixel range), with few constraints on the viewing angle. Depending on the array size of the image and the number of pre-process methods used for classification, accuracy and performance should be considered, especially for real-time assessment [141,175,178,179].



Here, we can assess some image-based techniques used to optimize data acquisition, with some possible suggestions for implementation with C3DP (Table 6). This list is non-exhaustive, as a vast number of implementations are being developed over time. However, it intends to provide information useful for vision techniques in feedback. Some of the challenges in detection are related to noise, processing speed, and translation to control.





4. Discussion of Process Control and Fault Diagnosis Systems


The earlier chapter focused on fault detection with computer vision for C3DP. Fault detection and diagnosis is an essential element to operations management in automatic systems [187]. A fault is defined as an event or occurrence outside of the acceptable range of observable parameters in the process [188]. This definition, by extension, implies that symptoms such as plastic collapse or elastic bucking (in Section 2) are considered anomalies. The underlying failure(s), basic event(s), or root cause(s)—to date—are associated with the printing time gap, nozzle standoff distance, curing rate, etc., (as observed in Table 3). Some of these features, such as nozzle standoff distance, can be acquired through sensor inputs, e.g., the 1D Time-of-Flight Sensor by Wolfs et al. [135]. Taking the model of Suiker et al. [12,13] as reference for plastic collapse and elastic bucking, the diagnosis model will inherit the parameters, boundary conditions, interactions, and assumptions defined by the author. Failure arising beyond the scope of these restrictions are deemed as exogenous factors, and can be expanded to a malfunction of the process, the sensor, and/or the actuator.



Based on this categorization, researchers in C3DP have extensively studied structural faults, though identification of faults in sensors and actuators are not commonly discussed in C3DP publications, largely due to incomplete, on-going, or proof-of-concept implementations for these process control systems. We attempt to breakdown the requirements for fault diagnostics in C3DP applications. Fault diagnostics is a comprehensive topic in a premature field in C3DP. Hence, we limit the categorizations to the components that should be considered. This chapter will discuss the performance vs. speed trade-off, isolation, robustness, novelty identifiability, classification estimate adaptability, explanation facility, and modelling requirements for the purpose of C3DP systems.



4.1. Detection Speeds/Diagnosis Performance


Detection speed in fault diagnosis refers to the time taken for the system to detect objects of interest. Diagnosis performance refers to accuracy in identifying the intended features. These are important considerations for real-time applications that require rapid processing and decision making. High speed and reliable accuracy in a diagnosis system is ideal but unrealistic [189]. These chokepoints can stem from software, where different architectures exhibit varying performances depending on situation. Clear examples have been given in a comparative study of unsupervised classical computer vision techniques conducted by Hussain et al. [190], who noted varying accuracies and computational speeds for the different techniques. Hardware limitations such as camera sensor resolution are a factor in computational efficiency. A clear example can be observed in the experimentations conducted by Yaacob and Fahmi [191] for object tracking tasks. For C3DP processes, the trade-off between detection speeds and diagnosis performance can be an important consideration when selecting a process monitoring method. For example, in-process monitoring would require speed-sensitive computational performance, whereas a post-process assessment can focus on better diagnosis performance measures.




4.2. Fault Isolation


Fault isolation is defined as the ability of the system to identify and set apart the specific causes of faults in a system. This refers to the diagnostic classifiers’ capability to generate an output statistically independent of faults that are beyond the scope of the classifier. Process monitoring, data analysis, and root cause analysis are some of the methods employed for isolability. In C3DP, correction of properties for material and environmental changes are limited during the printing cycle. Hence, any unforeseeable changes are most likely dependent on adjustments made to process parameters. However, it is observable that there are common process parameters that contribute to all faults identified in Section 2. Root cause identifiability of current faults is still an ongoing pursuit, as post-process assessment is the current quantifiable evaluation mode. There is a gap in data points obtainable during in-process printing. Several researchers have attempted this via in- and ex-situ monitoring methods to obtain quantifiable results, such as layer height and layer width. However, reliability and standardization remain uncertain. This is critical as there is a trade-off between fault isolation and rejection of modelling uncertainties. Strict fault isolation requirements can incur false rejection of modelling uncertainties, and vice versa.




4.3. Robustness


A well-defined boundary condition in a robust diagnosis system should be impartial to noise and uncertainties. Failure in robustness will invalidate any diagnosis performance. Hence, ideally, there should be a proportional loss of performance in exchange for better robustness in the system. Monitoring systems that are based on neural networks pose a fundamental flaw for robustness, which is unstable and unusable for high-stakes applications [192]. Several studies have reported adversarial attacks on neural networks [192,193,194,195]. The image below is an example of an adversarial attack. Su et al. [196] modified a single pixel of an image. The resulting prediction provided high confidence with incorrect labels, showing that neural networks involving image-based systems are not spared from this limitation (Figure 13).



Its relevance is dominant once in-process monitoring with neural networks i used for correcting critical processes. Researchers are still uncertain to an extent, regarding the cause and effect of adversarial robustness. However, the current consensus studied by Ilyas et al. [193] shows that adversarial attacks are not bugs, but instead are highly predictive non-robust features caused by human interpretation during model training. Hence, stable representations for DNN should be improved by introducing a human prior, for the elimination of human biases, to secure monitoring and printer head manipulation in C3DP feedback systems.




4.4. Novelty Identifiability


An abnormal behaviour in a process could be an indicator of a malfunction. If sufficient data is collected to validate any unknown malfunction, this can be known as novel identifiability. In cases with some available data for the unknown malfunction, the diagnosis system should be adequately robust to model the abnormal regions correctly without misclassification. Sparsity of abnormal data points could contribute to poor classification, which poses a challenge in novel identifiability. Ideally, unknown faults should not be misclassified as other known malfunctions.



Tay et al. [42] identified the importance of time gap effects on the interlayer bond strength, whereby a low modulus is required to bond the two printed layers sufficiently. The authors also specified that the opposite is required to maintain strength in the support of subsequent layers. Research [41,197] has indicated that effects of nozzle printing speeds and nozzle standoff distance have an influence on the interlayer bond strength. Post-process assessment methods mentioned above were able to identify root causes that define poor interlayer bond strength. However, as the requirement to manage the printing time gap between layers can be dynamic based on design, a monitoring or management process is needed to identify and handle the process. There is yet to be a classification method for poor interlayer voids with monitoring methods. However, there have been studies related to managing extrusion rates to avoid structural failure [6,13,17,108]. Hence, poor interlayer voids can be grouped as an unknown malfunction class in a monitoring or management method.




4.5. Classification Error Estimate


A diagnostic system should be able to provide an error estimate to project the confidence levels to the user on a practical basis for ease of facilitation and management of the existing errors. In computer vision, these classification estimates are akin to comparison to ground truth images. Many AI and machine learning techniques refer to this standardized test for error estimation [160,172,175,189,190,191]. Each method used in this manner can be fairly evaluated for its effectiveness. Additionally, complementary scores and matrices are often used as a quantitative assessment, such as Mean Average Precision (mAP), Intersection-over-Union (IoU), and F-Score. Each of these assessment methods utilize Precision and Recall parameters, which consist of True Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN) regions in classified data and provide a metric for comparison and evaluation [198,199,200,201,202]. These functions (TP, FP, FN) can be summarized with Ground Truth (GT) and Segmentation Mask Values (S) (Refer to Table 7). These metrics can enable the user or machine to make decisions on the ground for corrective measures or safety evaluation in C3DP applications.




4.6. Adaptability


A system’s process can be dependent on more than just noise and outliers. Different environmental conditions or process parameters can occur. Optimally, the diagnosis system should be able to adapt to these changes though gradual implementations during emerging issues. Kazemain et al. [18] (Section 3.2) represent an example of gradual implementation on unaccounted and unexpected issues with environmental lighting effects. This resulted in an occasional erroneous reading. Implementation was made to the algorithm to adjust accordingly by introducing frame drops. As of now, there are only a handful of researchers recruiting vision-based techniques for quantification and evaluation, and even less so for feedback implementations with vision-based systems (refer to Table 5). The lack of research interest in this area undermines the development of adaptable systems.




4.7. Explanation Facility


To provide an explanation in a diagnosis of an identified malfunction is critical for a support system. This should be able to provide cause and effects and justify its recommendations to the user. As only a handful of feedback systems have been developed in the field, there are limited examples for explanation. Wolfs et al. [135] developed a 1D time-of-flight sensor implementation, which was able to control the nozzle height as a feedback system, preventing buckling and collapse. The explanation facility dynamics for this application were the height values provided by the sensor, subsequently providing a recommendation to the machine to adjust the nozzle height upon deviation from the ideal elevation. As observed, the explanation facility provides critical support for the machine to respond to changes, failure of which would invalidate the diagnosis action and system.




4.8. Modelling Requirements


The model should be designed appropriately to optimize performance requirements. For an in-situ diagnostic system, modelling effort should be lightweight to reduce computational load for machine-based parameters. In supervised learning techniques, various network architectures can be used to optimize the process according to the application requirements: Mobilenet, Regnet, and Efficientnet, for example, are designed with detection speeds in mind, whereas ResNet and DenseNet are intent on better diagnosis performance with less focus on detection speeds [203]. As mentioned in the above section, modelling requirements should factor in human priors to eliminate predictive non-robust features. This addition will also increase the computational load in the feedback system. Hence, it is important to find an optimal operation rate to enable fluidity within the process.





5. Current and Potential Applications


Feedback implementations regarding C3DP applications are far from ready for deployment in industrial projects. However, similar diagnostic applications have already been implemented broadly in the construction industry. This section will consider the current and potential applications in diagnosis systems for C3DP based on existing technologies in the construction field.



5.1. Safety Monitoring


Camera equipped Unmanned Aerial Vehicles (UAVs) can be an inexpensive option to real-time monitoring and documenting of data. Fernandaz Galarreta et al. [204] developed a UAV monitoring system that uses point cloud assessment and object-based image analysis to inspect facades and roofs (Figure 14). Unfortunately, due to the early development of the technology, the data acquired misaligns with the requirements of ground-based Building Damage Assessments. The authors noted that feature extraction should be further developed to improve image characterization for damaged facades.



On the other hand, Jhonattan et al. designed and developed an aerial monitoring system that utilizes Unmanned Aerial Systems (UAS) to inspect the workplace for common safety hazards such as worker distractions, signal interference, or workplace obstruction. There are some limitations in regulatory, safety, and technical aspects that can be problematic in UAS deployment. Some of the discussed problems reside in flight spaces, flying time reduction, data collection optimization, and battery life coverage in large workspaces. The research team is also leaning towards utilizing a computer vision algorithm to autonomize data collection (Figure 15) [147].



Lei et al. proposed a k-means clustering machine vision system to analyze construction sites for long term workplace safety, as opposed to a filter membrane that was used to collect the same data. The weight of the filter membrane had to be recorded before and at the end of the experiment, which is labor intensive and inefficient. Thick construction dust emissions that obscure the optical lens are detected with the k-means clustering algorithm in an HSV-formatted image. This method provided some levels of automation at the construction site that could streamline construction monitoring processes, reduced workload, and improved responsiveness to dangerous environmental changes. From a technical standpoint however, the authors expressed challenges in classifying low dust concentration levels and distinguishing between low and high dust concentration levels (Figure 16) [163].




5.2. Building Information Modelling


Photogrammetry was also used in documenting cultural heritage and gathering physical information, due to its low-cost feasibility. Documentation of cultural heritage can assist in protection, restoration, and renovation. However, accuracy and best practices are not well established for proper implementation on-site [205].



Yastikli [206] coupled laser scanning with photogrammetry to improve the accuracy of the documentation of cultural heritage sites. A ranged laser scanner was utilized to measure and compute the distance between the laser and the object while using a high-resolution camera to enhance the image feature quality. The combination of both techniques enabled the autonomous generation of high-quality images using a processing software, RiSCAN PRO. This allows all scans and images to be registered onto the reference coordinated system using reflectors in the scan area. With a series of images taken from multiple perspectives and angles, an RGB color value was assigned to every scanned 3D point. The images in Figure 17 show the results.



Implementing digitalization and BIM in the early phase of construction projects helps to establish a new method for process optimization. BIM can be useful for documenting progress information on a site, providing evidence that the work has been completed on-site and in accordance with the architectural design. Braun and Borrmann [207] proposed a solution to capture the construction process by taking photographs at regular intervals at different viewpoints. When sufficient images are taken, a 3D point cloud can be reconstructed with the help of photogrammetry methods (Figure 18).




5.3. Structural Health Monitoring


5.3.1. Computer Vision


Computer vision has also been used in buildings to monitor structural health [137]. Cracks that undermine traditional construction methods can propagate due to tropical or cold weather conditions and can be attributed to poor hydration processes [208,209]. Small cracks are typically identified with electron microscopy and optical fluorescent microscopy [210,211,212]. Talab et al. [144] applied and compared several image filters (see Figure 19) to qualitatively scrutinize cracks in an image. Concrete surfaces exhibit noise, especially with Otsu’s Method and the Kittler Met Method when processed individually. The experiment found that foreground and background features can be distinguished when concatenating more than one threshold method.



Dung et al. used VGG16-based convolutional neural network architecture to detect cracks on the surface of concrete (Figure 20) [162]. The model was able to detect cracks and crack density, proposing individual segmentation methods. While the proposed method is not in real time, it provided about 99.9% accuracy in classification. The experiment found that Otsu’s thresholding and segmentation method can work well in both convoluted and non-complicated backgrounds.



The crack detection methods showed the different capabilities of computer vision approaches to surface detection in construction. Both methods could identify crack methods generally well. The classical method can produce levels of convoluted data in distinguishing any desired features with little training, while neural networks can be more accurate but time consuming, as a large dataset is generally needed to train the model. Collecting datasets can also be a challenge in analyzing 3D printed concrete, due to the lack of relevant research.




5.3.2. Sensor Embedment


Alternatively, SHM methods can also be used to characterize the internal properties of concrete structures. Sensor embedment can carry out various long-term non-destructive tests as an early-detection and early-prevention measure to preserve structural integrity [213,214,215,216]. Some of these methods include the embedding of piezoresistive materials and piezoelectric sensors within the concrete structure during the fabrication process [217,218,219,220,221]. The mechanical reactions to internal structural changes can be picked up by the piezoresistive materials via electromechanical translation. This has enabled access to previously non-accessible analyses, such as damage assessments [222,223], strain logging [224,225,226,227], electromechanical interference shielding [228,229], corrosion sensing [230,231], and self-heating [232]. However, one of the pending challenges with sensor embedment is the high fabrication cost and poor material lifecycle in full scaled construction applications [220,221].





5.4. Progress Tracking


Bayrak and Kaka [149] discussed the use of photogrammetry to monitor the construction process from photos taken periodically during construction. The 3D model created can then be used to compare and track the measurements of the construction progress. The approach has shown to improve productivity in traditional construction and provided a better flow of information to all involved personnel. However, the CAD model is unable to obtain details of the plastering, electrical systems, and pipes. The method proves that a photogrammetric system can collect information, despite limitations at the time, and was able to monitor the general layout in the early stages of construction (Figure 21).



Despite the recent advancements in monitoring and management systems for Building Information Modelling (BIM) in the construction industry, the traditional approach that utilizes manual paperwork and recording of on-site activity is still prevalent in the industrial workflow [148]. Case studies of intra-production construction have been carried out to identify potential deviations from the intended construction schedule. Any deviations observed will activate an automatic notification system that is sent by email to inform the key decision makers [148]. Omar et al. [148] proposed a monitoring system that can achieve a significant improvement in accuracy and automation. However, occlusions are found to be one of the largest limitations in the advanced monitoring system. Exposure to static and dynamic obstructions present in construction sites are often deemed inevitable.




5.5. Sustainability


Sustainable technologies are described as self-sustaining efforts to improving overall quality of life, with little compromises to current technological efficiency and cost measures [233]. The heatmap of sustainability has been growing for the construction industry, as it contributes to approximately 40% of current world energy usage based on the 2019 Global Status Report for Buildings and Construction [234]. C3DP has a likely potential to significantly reduce the heavy reliance on natural resources and could introduce a robust circular economy framework with reusable materials and sustainable structural designs [235,236]. According to the Brundtland Commission (formerly known as the World Commission on Environment and Development), sustainability can be fragmented into economic, societal, and environmental factors [237].



C3DP researchers have been advocating for economic and environmental sustainability measures using industrial waste materials [80,85,86,93,238,239]. Operational benefits can also be achieved with a reallocation of manpower, with automated C3DP on-site [240]. Other sources within the construction industry have discussed the societal, economic, and environmental benefits of green buildings, where usage of natural resources (such as energy, water, material, waste, toxicity, and air quality) throughout the lifecycle of the building remains efficient [241]. Unfortunately, practical implementation studies related to sustainability in C3DP is not yet well documented, as challenges remain on a technical and process level, as described in Section 2 [236,242,243].





6. Conclusions and Future Vision


Currently, the preferred construction approach in Singapore’s high-density urban landscape is the use of PPVC. This method is mainly driven by benefits in environmental pollution reduction, improved productivity, quality control, and customizability. However, its overall cost savings have been counterbalanced by new cost drivers, such as modular precast moulds, transportation, hoisting, manufacturing and holding yards, and supervision costs. The highly modular requirements for PPVC place additive manufacturing in an advantageous position due to its high customizability and low volume manufacturing capabilities for a faster manufacturing response time, faster production changeovers, and lower inventory requirements. As C3DP technology moves away from its early-stage development, there is a need to closely evaluate the process parameters across buildability, extrudability, and pumpability aspects.



As process parameters have been identified to have considerable influence in C3DP processes, monitoring systems for feedback applications seem to be an inevitable step forward towards automation in construction. This paper has presented a broad analysis of the challenges posed to C3DP and feedback systems, stressing the admission of similar parameters, evaluated and used for multiple failure modes that potentially confound the fault diagnosis processes. This paper covers some aspects of technicality and fundamental groundwork to develop a diagnosis system that consists of three parts.



	
Existing parameter studies on various effects/challenges,



	
Monitoring systems for fault diagnosis,



	
Fault diagnosis principles in the context of C3DP.






Much work needs to be done to fully implement fault diagnosis methods for C3DP applications as a feedback system, as researchers must understand the material, the process, and the feedback methodologies. This paper hopes to contribute as a bridge between the complex branches of each aspect of C3DP for ease of understanding and further development of diagnosis systems in C3DP.
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Figure 1. Venn Diagram of Parameters in Concrete 3D Printing. 
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Figure 2. Qualitative Observation of Interlayer Bond with Varying Printing Speeds: (a) 1-min time-gap, (b) 5 min time-gap, (c) 10-min time-gap and (d) 20-min time-gap [42]. 
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Figure 3. Layer-wise Deformation Illustration by Ashrafi et al. [43]. 
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Figure 4. Meshed wires or cable implementation to C3DP bridge structures [102,103]. 
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Figure 5. A pre-configured wire mesh approach, for concrete deposition around existing mesh layout [104,105]. (a–c) shows the process flow for a pre-configured wire mesh approach with an inclined angle deposition. 
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Figure 6. Relationship between pump flow rate and nozzle travel speed in quality control. (Image by Tay et al. [109]). (A–D) represents the regions when optimization between the two parameters are imbalanced, (A) high flow rate and low travel speed, (B) high flow rate and travel speed, (C) low flow rate and travel speed, (D) high travel speed and low flow rate. 
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Figure 7. Categorization of computer vision methods and a non-exhaustive list of methods for pre-processing, feature extraction and classification [141]. 
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Figure 8. Illustration of Data Acquisition Sensor Layouts in C3DP. 
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Figure 9. Examples of Illumination Strategies for Image Acquisition. 
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Figure 10. Left: Image sample by SC3DP taken by a camera attached to the nozzle, displaying background noise (splatters and residuals of concrete). Right: Error in feature extraction where background features were highlighted with a green outline (inclusive of the concrete filament), resulting in a discarded image (Image from Kazemian et al. [18]). 
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Figure 11. In red: pre-processing methods utilising thresholding and binarization for training dataset. In green: training data fed into a pixel-wise segmentation via DNN model to remove background noise [146]. 
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Figure 12. Categorized List of Machine Learning Techniques [174]. 
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Figure 13. One Pixel Attacks Evaluated by Su et al. [196]. Images Labelling Format: Correct Label (Predicted Label). 
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Figure 14. Wire Mesh Diagram with Cracks (in red) and Holes/Indentations (in Yellow), extracted in Object-Based Image Anaylsis [204]. 
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Figure 15. An example of Workplace Safety Inspection with UAS [147]. 
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Figure 16. High Dust Concentration (Left) and Low Dust Concentration (Right) [163]. 
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Figure 17. 3D point clouds of the Dolmabahce Palace. (Reprinted/adapted with permission. 2023, Yastikli) [206]. 
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Figure 18. BIM viewer with detection states and point cloud from observations [207]. 
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Figure 19. Process Flow (Left) of the Proposed Method Used by Talab et al. [144]. 
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Figure 20. Actual and Annotated Crack Images (Left), Segmentation Results for Test Images (Right) [162]. 
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Figure 21. (a) Construction onsite progress. (b) Generation of 3D model with AutoCAD [149]. 
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Table 1. List of Parameters Sorted into Respective Categories [6,13,15,16,17,18,19,20,21,22,23,24].
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Process Parameter

	
Nozzle Travel Speed, Material Extrusion Rate




	
Layer Height, Layer Width, Nozzle Diameter, Corner Travel Radius, Nozzle Shape/Geometry




	
Extrusion Pressure/Force, Layer Cycle Time




	
Environmental Parameter

	
Temperature, Humidity, Winds, Freeze-Thaw Cycles




	
Material Parameter

	
Yield Stress (Static, Dynamic), Structuration Rate, Curing Rate, Density, Plastic Viscosity, Slump Ratio, Aggregate Size, Compressive Strength, Thixotropy, Open Time, Setting Time, Structural Build Up, Water-to-cement ratio, Hydration Rate
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Table 2. Parameters Involved in Poor Interlayer Bond Strength.






Table 2. Parameters Involved in Poor Interlayer Bond Strength.





	Process Parameter
	Printing Time Gap, Nozzle Travel Speed, Nozzle Standoff Distance, Mixing, deposition method, Air Entrapment, Surface-to-Volume Ratio
	[23,27,28,29,30,31,41,42,44,45,46,47,48,49,50]



	Environmental Parameter
	Temperature, Humidity, Hydration Rate, Saltwater Penetration, Freeze-Thaw Cycles
	[23,24,30,34,35,36,37,38,39,44,45,51,52,53,54,55,56,57]



	Material Parameter
	Aggregate-to-Binder Ratio, Additives, Void distribution, Permeability, Drying Shrinkage, Plastic Shrinkage, Moisture,
	[32,34,44,54,58,59,60,61,62,63,64,65,66,67,68]
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Table 3. Parameters Involved in Buildability.
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	Process Parameter
	Printing Time Gap, Nozzle Travel Speed, Nozzle Standoff Distance, Filament Width, Structure Height, Nozzle Width, Vertical Building Rate, Total Construction Time, Nozzle Geometry, Peripheral Parameters (Activator Feed Rate)
	[6,12,13,14,43,69,70,71,104,105,106]



	Environmental Parameter
	
	



	Material Parameter
	Aggregate-to-Binder Ratio, Curing Rate, Additives, Accelerator Ratio, Static & Dynamic Yield Stress, Open Time, Setting Time, Structural Build Up, Hydration Rate, Ductility,
	[13,14,69,72,73,74,96,106]
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Table 4. Parameters Involved in Extrudability.
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	Process Parameter
	Corner Radius, Nozzle Travel Speed, Material Flow Rate, Extrusion Pressure, Nozzle Geometry (Diameter Ratio), Peripheral Parameters (Vibration at nozzle, etc)
	[109,111,112,113,116,117,118,120,121,122,123]



	Environmental Parameter
	
	



	Material Parameter
	Sand-to-Cement Ratio, Curing Rate, Static & Dynamic Yield Stress, Plastic Viscosity, Lubrication Layer, Storage Modulus, Open Time, Setting Time, Structural Build Up, Hydration Rate, Aggregate Size
	[10,120,123,124,125,126,127,128,129,130,131,132,133,134]
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Table 5. Latest Applications for Machine Vision in C3DP separated by pre-process, in-process, and post-process factors (red indicates feedback application is successful, blue indicates intentions to implement a feedback system, black does not indicate intentions for feedback implementation).
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Monitoring

	
Config

	
Parameter/Analysis

	
Publication(s)

	
Sensor/Method

	
Comments






	
In-process

	
In-Situ

	
Nozzle Height

	
[135]

	
1D ToF Distance Sensor/Direct Measurement

	
Feedback with sensor for Proof of Concept.




	
In-Situ

	
Flow Rate, Width

	
[18]

	
Camera Sensor/

Binarization

	
Material flow for over and under extrusion.




	
Ex-Situ

	
Surface Quality, Layer Width

	
[157]

	
Camera Sensor/

Gaussian Filter

	
Imaging Techniques to measure surface smoothness from side profile.




	
In-Situ

	
Robot Collision

	
[158,159]

	
Camera Sensor, ArUco markers

	
Robot collision with 2 vision feedback methods for estimation and precision.




	
Post-Process

	
In-Situ

	
Layer Deformation

	
[146]

	
Camera Sensor/

Semantic Segmentation

	
Slump Inspection.




	
In-Situ

	
Extrusion Quality

	
[136]

	
Camera Sensor/

U-VGG19

	
Side profile evaluation of layer quality to observe qualitatively.




	
In-Situ

	
Texture Quality

	
[160]

	
Camera Sensor/

Thresholding

	
Entropy variation analysis to assess layer quality from a side profile.




	
Ex-Situ

	
Geometric Inspection in C3DP Assembly

	
[161]

	
3D Laser Scanner/ Photogrammetry

	
Case Study Inspection
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Table 6. List of innovations in computer vision that can be used in C3DP.
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Work Conducted

	
Publication(s)

	
Method

	
Author(s)

	
Potential Relevance to C3DP






	
High-temperature measurement

	
[173]

	
Denoising Convolutional Neural Network

	
Wang J. et al.

	
Denoising can be useful in removing splatters from nozzle during printing.




	
Occlusion and illumination

	
[180]

	
Panoptic Segmentation

	
Hua X. et al.

	
Illumination and occlusions may occur during construction especially with a camera setup positioned to observe the overview of the site.




	
3D Detection

	
[181]

	
Mask R-CNN + RPN Optimization

	
Tao C. et al.

	
3D detection could have useful applications in depth detection for depth of printed filament, elastic buckling and plastic collapse etc.

Additionally, depth perception can allow better control for machine control.




	
Point-based Single Stage Methods

	
[182]

	
3D Single Stage Object Detector

	
Yang Z. et al.




	
LiDAR 3D Point Cloud Detection

	
[183]

	
VoxelNet

	
Zhou Y. et al.




	
3D Detection with Stereo Images

	
[184]

	
Disp R-CNN

	




	
Accuracy and Speed improvements

	
[185,186]

	
YOLOv3, YOLOv4

	
Redmon J. et al.

Bochkovskiy A. et al.

	
Application for optimized real time detection for C3DP features.
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Table 7. Example of Formula Used for Machine Learning Assessment.
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   T P = G T × S   

   F P =  (  G T + S  )  − G T   

   F N =  (  G T + S  )  − S   

	
   P r e c i s i o n =   T P   T P + F P     

   R e c a l l =   T P   T P + F N     

	
   m A P =  1  11     ∑   R e c a l  l i    P r e s i c i o n  (  R e c a l l  )    




	
   I o U =   T P    (  T P + F P + F N  )      




	
   F − S c o r e =   P r e c i s i o n × R e c a l l   P r e c i s i o n + R e c a l l                  =   T P   T P +  1 2   (  F P + F N  )      
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