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ABSTRACT 
 

Three-dimensional concrete printing (3DCP) is emerging as a transformative 
construction technology, yet the bond formed between successively deposited layers, 
known as the interlayer bond, remains a critical determinant of structural quality and is 
difficult to control. Interlayer bond strength is conventionally assessed by destructive 
testing after printing, which cannot inform quality control during fabrication. This study 
investigated whether interlayer bond failures could be predicted, without destructive 
testing, from in-line sensor data collected during printing. For each specimen, these data 
were aggregated into features summarizing the geometry and material condition of its 
printed layers, and the task was framed as a binary classification of interface failure. 
Several machine learning classifiers were compared under a cross-validation scheme 
that grouped specimens by printed object to prevent information leakage, and the support 
vector machine classifier was determined to be the most reliable predictor. The analysis 
further identified surface moisture content and material temperature as the dominant 
indicators of bond quality. These findings showed that in-line sensor data can support 
quality control of interlayer bonding, contributing toward more reliable and automated 3D 
concrete printing. 

 

 

1. INTRODUCTION 
 

Three-dimensional concrete printing (3DCP) is moving toward structural 
applications, making in-line assessment of hardened quality increasingly important 
(Wolfs et al., 2024). Interlayer bonds remain a critical weakness because they depend 
on deposition interval, surface drying, and substrate temperature (Wolfs et al., 2019; 
Moelich et al., 2021), which vary during printing (Diggs-McGee et al., 2019). 

Bond quality is still verified mainly by destructive testing, which cannot support 
fabrication time control. Non-destructive alternatives require additional instrumentation 

 
1) Graduate Student 
2) Professor 



The 2026 World Congress on
The 2026 Structures Congress (Structures26)
23-25, August, 2026, Convensia, Incheon, Korea

  

and access (Helsel et al., 2021; Bang and Yim, 2024), while machine learning (ML) 
studies generally predict bond strength from mix proportions or process set-points (Wu 
et al., 2024; Mousavi et al., 2025; Abid et al., 2025). Xu et al. (2026) monitored 
companion specimen moisture rather than fracture location from the printed object's own 
in-line records. 

This study presents a preliminary retrospective baseline using the full open 
dataset of Versteege et al. (2026) to test whether specimen-level summaries of in-line 
measurements distinguish interface from bulk fracture. 

 

 

2. DATASET AND SPECIMENS 
 

The open dataset of Versteege et al. (2026) (Zenodo v1.1.0) contains 70 thin-
walled, 39-layer objects (69 labeled), printed in 11 sessions with more than 46 sensor 
channels. The walls yielded 1,448 prism specimens, of which 1,028 were tested in four-
point bending after 13 days (Fig. 1). 

 

 
Fig. 1 Specimen preparation and four-point bending test 

 
Each tested specimen carries a fracture-location label: failure localized either at a 

layer interface (n = 544) or within the bulk material between interfaces (n = 484). The 
label thus encodes where fracture occurred under an imposed load, not a defective-
versus-sound distinction, and the learning task is the binary discrimination of the two. 

 

 

3. MACHINE LEARNING METHODOLOGY 
 

Table 1 Input channel groups and specimen-level feature construction 
 

Channel group Example quantities Treatment 
Layer geometry (laser 
profilometry) 

Layer width and height, ridge and interface 
dimensions, waviness, roughness 

Retained (aggregated) 

Surface condition Surface moisture content Retained (aggregated) 
Material and ambient 
temperature 

Solid and water temperature, air temperature and 
humidity 

Retained (aggregated) 

Extrusion state Pump pressure and speed, flow rate, water-to-solid 
ratio 

Retained (aggregated) 

Process condition indicators Binary process flags Retained (as recorded) 
Excluded channels Post-hoc mechanical data, timestamps and 

session clocks, robot trajectory, airflow 
Excluded (leakage or 
proxy risk) 
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Each specimen was represented by the mean, standard deviation, minimum, and 
maximum of 37 curated sensor channels across 39 layers, plus three binary process 
indicators. Post-test variables, timestamps and session clocks, robot trajectory, and 
airflow were excluded (Table 1). Variance filtering and correlation pruning (|r| > 0.9) 
yielded 82 features. Within each fold, missing values were imputed from training data, 
missingness indicators added, and continuous features standardized. 

All specimens from a wall remained in one fold to prevent optimistic splitting 
(Versteege et al. 2026). Models were compared by object-grouped stratified five-fold 
cross-validation across three assignments, with ROC–AUC used only for exploratory 
ranking (Fig. 2). Because selection was not fully nested, results are indicative rather than 
confirmatory (Bengio and Grandvalet, 2004). 

 

 
Fig. 2 Overall workflow of the study 

 

Eight classifier families were compared within identical pipelines: logistic 
regression, decision tree, random forest, extremely randomized trees, histogram gradient 
boosting, XGBoost, SVM, and multilayer perceptron. 

 

 

4. RESULTS AND DISCUSSION 
 

Object-grouped validation favored SVM for separating interface and bulk fractures, 
but differences were inconclusive and no deployment-level claim is made. 

 

 
Fig. 3 Sensor families highlighted for follow-up in the preliminary analysis 

 

Permutation analysis highlighted surface moisture and material temperature (Fig. 
3), consistent with known bond mechanisms (Wolfs et al., 2019; Moelich et al., 2021). 
Whole-layer aggregation makes this ranking exploratory; broader validation is required. 
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5. CONCLUSIONS 
 

These results identify SVM, surface moisture, and material temperature as 
exploratory candidates. Interface-specific analysis and broader validation are required 
before quality-control use. 
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