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Abstract
The field of additive manufacturing, especially 3D printing, has gained growing attention in the research
and commercial sectors in recent years. Notwithstanding that the capabilities of 3D printing have moved on to
enhanced resolution, higher deposition rate, and a wide variety of materials, the crucial challenge of verifying
that the component manufactured is within the dimensional tolerance as designed continues to exist. This work
developed and demonstrated an approach for layer-by-layer mapping of 3D printed parts, which can be used for
validation of printed models and in situ adjustment of print parameters. A high-speed optical scanning system
was integrated with a Fused Deposition Modeling type 3D printer to scan during the print process on demands.
Keywords: Metrology, additive manufacturing, high-speed optical scanning, in situ validation, scan while
printing, geometric dimensioning and tolerating.
Introduction
Additive manufacturing (AM) has been broadly utilized to fabricate parts in free-form shapes with
internal cavities, which are normally not practicable or are highly priced using conventional machining
procedures. One of the challenges that hinders the extensive use of AM in manufacturing is that 3D printed
parts suffer from poor consistency of geometric dimensioning and tolerating (GD&T). In traditional
manufacturing industries, products are put through the requirements of the geometry specification (ISO 10303
[1]), tolerances (ISO 1101 [2] and ASME Y14.5 [3]), and surface finish to ensure the functionality. In
AM, however, the differences in the manufacturing process compared to traditional methods (e.g., build
direction, layer thickness, etc.) and current limitations of AM processes make it difficult to achieve and
maintain the specification and tolerance of complex freeform surfaces and internal functional features [4].
Many nondestructive (NDT) methods have been reported to evaluate the quality of additive manufactured
parts, including using X-ray microcomputed tomography (microCT) [5-18], thermal [19-27], acoustic [28-30],
image-based [31-35], and laser [36-40] sensors. MicroCT has been increasingly accepted in AM in recent years
to measure porosity [6, 8-11], volume density [12], dimensional accuracy [13-15], and internal structures [7, 1517]. The downsides to the more extensively implement of this technique are limited part size (especially for metal
parts), minimum detectable pore size, and costs [5]. Although strategies for effective use of microCT have been
well summarized in [18], this technique can only be used for post-build analysis. Thermal sensors (like pyrometers
[19-23] or IR cameras [22-26]) have been used to capture thermographic images of printed object in situ to study
the evolution and mechanisms of porosity and deformation [27]. Acoustic method, as known as acoustic emission
(AE) [28] or spatially resolved acoustic spectroscopy (SRAS) [29] has been considered to be suitable for in situ
quality monitoring for the diagnosis of surface and near-subsurface feature [30] due to its high sensitivity to the
dynamic changes of mechanical systems. A sensitive acoustic emission sensor (like a fiber Bragg grating sensor)
was used to qualify parts with different types and concentrations of pores with a sub-layer spatial resolution [28]
in situ and in real time. However, thermal and acoustic techniques were only used to determine the existence and
classify the type of the defect but barely describe its geometric information.
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Image sensing systems are most broadly used for in situ real-time monitoring in AM. Three-dimensional
shape of the printed part can be reconstructed by: 1) extracting and stacking features from images of different
layers taken by a single high-speed high-resolution camera [31-33]; 2) using digital image correlation (DIC)
technique to calculate the surface profile (height) of each layer from images taken by two cameras [34]. Delli et
al. [35] reported a quality monitoring method for a Fused Deposition Modeling (FDM) or Fused Filament
Fabrication (FFF) type 3D printer using a single camera and a supervised machine learning method called support
vector machine (SVM). Images taken during printing were processed to classify the parts into ‘good’ or
‘defective’ category. However, images of each layer only provided limited information in 2D and it is
computationally expensive and time consuming to reconstruct parts with complex shapes and precise features in
3D. Thus, a single-camera based image sensing system is not suitable to work with a closed-loop control system
for real-time correction. Holzmond et al. [34] reported a “certify-as-you-build” quality assurance system which
can capture the geometry of parts for each printed layer using 3D-DIC and detect print errors in situ. However,
the major source of error also came from the 3D-DIC technique, including low correlation of images due to very
high reflectivity of the surface and accuracy depending on system settings (such as lighting conditions,
speckle/material grain pattern, focus, camera used, etc), which makes this approach not reliable for long-time
monitoring of AM processes with various types of materials.
Recently, analysis of laser-scanned 3D point cloud data has been reported by several groups for the
characterization of part geometric accuracy. Tootooni et al. [36] used a laser scanner (NextEngine) to scan a FDM
fabricated part post build and developed a spectral graph approach working with six machine learning techniques
(including sparse representation, k-nearest neighbors, NN, naïve Bayes, SVN, and decision tree) to classify
overall dimensional variation (with classification accuracy F-score > 97%) by only sampling less than 5% of 2
million sample points. Although this method dramatically reduces measurement time and data processing burden,
types of geometric deviation (e.g. direction and magnitude.) cannot be traced. Thus, Khanzadeh et al. [37] used
an unsupervised machine learning approach called self-organizing map to fully quantify the link between
geometric accuracy and AM process conditions from only 3% of the similar sets of data. However, this method
only associates two process parameters (extruder temperature and infill percentage) with direction and magnitude
of deviation. And the sampling reduction is based on the analysis of a full set of scanned data which means a test
part must be built and scanned for a new design. Besides, these two groups only scanned the part post build which
means only the geometry of the outside surface was examined. Lu et al. [38] and Sitthi-Amorn et al. [39] used
laser scanners to scan each finished layer and used the height profile as feedback for a closed-loop control system
to achieve in situ self-correction for ink-jet 3D printers. Guo et al. [40-41] developed more advanced models to
predict the layer height profile after deposition and mentioned that it took 3 to 5 seconds to calculate one printing
layer. Notwithstanding, their control-oriented models only work for droplet-based printers.
More recently, we have integrated a high-resolution optical scanning system with a FDM type 3D printer
to scan during the print process on demands. An approach for layer-by-layer mapping of 3D printed parts is
developed and demonstrated, which can be used for understanding the influence of a full set of factors (such as
printing parameters, material properties, and environmental factors) to the part quality using machine learning,
validation of printed objects in situ, and self-adjustments of printing process by developing and implementing a
real-time closed-loop control system. The main advantages of this work are that: 1) an advanced laser confocal
displacement sensor was used in the system to achieve sub-micron resolution of the scanned profile; 2) the optical
sensor was fully integrated with the 3d printer, and the scanning was executed during printing without extra postprocessing measurement; 3) the scanning path and sampling rate can be customized to fit specific applications
and tune the tradeoff between scan time and resolution.
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Method
1. System Setup
The system setup is shown in Figure 1 (a). A FDM type 3D printer (System 30M, Hyrel International
Inc., GA, USA) with 50 µm position accuracy in the X/Y-axis and 10 µm in the Z-axis was used with a MK1250 hot flow print head with 0.5 mm nozzle to print ABS filament feedstock with 1.75 mm diameter. The key
component of the system is a surface scanning laser confocal displacement meter (LT-9030M, Keyence
Corporation, IL, USA), which has a measurement range of ±1.0 mm from the reference position (30 mm below
the bottom of sensor) with resolution of 0.1 µm. The laser sensor is held by a custom-designed sensor holder (as
shown in Figure 1 (b)) which is inserted in one of the head slots of the 3D printer. Thus, the laser beam is
perpendicular to the building stage and is able to move during the printing process without using extra actuators.
The resolution of the measurement system is limited by not only the resolution of the laser sensor but also the
position accuracy of the printer. The Z and X/Y coordinates of the scanned surface profile were collected from
the laser sensor and the 3D printer correspondingly using a data acquisition board (USB 6008, National
Instruments, TX, USA) under the control of a LabVIEW program.
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Figure 1 (a) A picture of the essential components of the system. (b) A zoomed in picture shows the laser sensor
moves in parallel with the print head during the printing/scanning process.
2. Scanning While Printing
A schematic of the system is shown in Figure 2. The scanning process runs between printing of layers and
is achieved by modifying the tool path (also known as the G-code, the most widespread Computer Numerical
Control (CNC) programming language) of the print head. In other words, code is written to make the printer think
that the confocal sensor is a print head, such that all the built-in functions for print head control can be leveraged
for controlling the scanner. The printed filament width was 0.55 mm and each layer was 0.2 mm thick. The
moving velocities of the print head and the laser sensor were set at 1800 and 300 mm/min, respectively. The scan
path used in this work is a snaking pattern which passes by every point of intersection of a rectangular grid
covering the largest area in plane with both X and Y separation of 0.1 mm or 0.5 mm. A sacrificial pattern was
printed aside the formal part to consume and remove the redundant material that was observed to drip while the
print head waited during the scanning process. Depending on the specific printer being used, this sacrificial
pattern may not always be required.
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Some approaches can be performed to reduce the current ~6:1 scan:print time ratio.
• Increase the moving speed of the laser sensor to as high as 1800 mm/min, which can decrease the
scan time to 1/6. However, the moving speed of the laser sensor is limited by the sampling rate of
the DAQ device and scan path separation to avoid over/undersampling issues.
• The laser sensor used in this work is only capable of measuring 1D displacement (Z coordinate)
and the moving speed in plane is slow compared to intrinsic scanning speed of more advanced
laser scanners. For example, to scan a 7 mm x 7 mm area with scan separation of 0.1 mm in both
X and Y axis, the total number of points, which the printer needs to move the laser sensor to, is
4900 using an 1D laser scanner (Keyence LT-9030M). And the total numbers of points are 70
using a 2D laser scanner (Keyence LJ-V7020 with X-axis measurement range of 7 mm) and 1
using a 3D laser scanner (Keyence WI-010 with XY measurement range of 10 mm x 10 mm)
without sacrificing resolution in Z axis. Thus, the scan time can be decreased to 1/4900 by using a
more advanced laser scanner.
• Custom design scan path to focus more on interesting features (like boundaries) and leverage the
resolution and time of the scanning process if overall time needs to be optimized. Symmetry of the
CAD model and G-code can be utilized to further reduce the scan burden.

Figure 2 A schematic of the system. Blue blocks show the standard workflow of AM. Orange blocks show the
extra work to achieve scanning while printing.
Initial Results
Three sets of scanning while printing tests were conducted on solid parts with simple geometries, their
correlated hollow parts, and an object with both complicated geometry and hollow structures.
1. Simple Solid Parts
A solid cuboid, a cylinder, a bottom half sphere, and a thin wall with characteristic lengths of 5 mm and
thicknesses of 3 mm were scanned after every three layers. The scanned point clouds in comparison with CAD
models are shown in Figure 3. The light blue points at the bottom represent the scanned surface of the adhesion
layer between parts and the build stage.
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Based on the comparisons, several aspects of the part geometries were not maintained during the printing
process. The right-angle corners of the cuboid and the thin wall were rounded due to the continuous extrusion of
the filaments. The side walls of all four parts were wavy due to the slightly different volumes of extrusion of the
filaments, various shrinkage of each printed layer and positional inaccuracy of the 3D printer. The issues worsened
for the half bottom sphere part with the negative side wall and the thin wall part with large aspect ratio. Some
undesired features beside the parts (as shown in the pictures) were from leakage of filament from the print head
during scanning because the sacrificial patterns were not put far enough from the scanned objects.
(a)

(b)

(c)

(d)

Figure 3 Pictures and scanned point clouds (in the top, side, and 3D views) in comparison with the
corresponding CAD models of the solid (a) cuboid, (b) cylinder, (c) bottom half sphere, and (d) thin wall.
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2. Simple Hollow Parts
Parts with same outside geometries as those in the previous section were hollowed in the center and the
thickness of the shells left was 1.1 mm. The scanned point clouds in comparison with CAD models are shown in
Figure 4. The printed part shrank less where its center was hollow which led to a larger top compared to its bottom.
Also, the geometries of the internal structures also showed deviation from the designs.

(a)

(b)

(c)

Figure 4 Pictures and scanned point clouds (in the top, side with 1.4 ≤ y ≤ 1.6, and 3D views) in comparison
with the corresponding CAD models of the hollow (a) cuboid, (b) cylinder, and (c) bottom half sphere.
3. Complicated Hollow Part
A partial Kaplan turbine with a logo that rotated through the structure thickness was printed and scanned
every 5 layers in order to investigate a structure with complex features. The scan path separations in both X and
Y axis were 0.5 mm. The scanned point clouds in comparison with CAD models are shown in Figure 5.
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(a)

(b)

Figure 5 Pictures and scanned point clouds in comparison with the corresponding CAD models of the
complicated hollow part.
To get a better view of the inside structures, the scanned point cloud was sliced into four horizontal
planes at different heights (from top to bottom) as shown in Figure 6.
(a)

(b)

(c)

(d)

Figure 6 Slices in the X-Y plane of the scanned point clouds of the complicated hollow part at (a) 6 ≤ z ≤ 8, (b)
3 ≤ z ≤ 5, (c) -1 ≤ z ≤ 1, and (d) -5 ≤ z ≤ -3.
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Conclusion
A high-speed optical scanning system was integrated with an FDM type 3D printer to scan during the print
process on demands. Four simple solid parts, three simple hollow parts, and one complicated hollow part have
been successfully scanned during the printing process and mapped to the corresponding model based on a layerby-layer basis. This system can be applied to understand the influence of a full set of factors (such as printing
parameters, material properties, and environmental factors) to the part quality using machine learning, validate
printed objects in situ, and self-adjust the printing process by developing and implementing a real-time closedloop control system. In the future, we plan to 1) use advanced point cloud processing tools (such as Point Cloud
Library, The 3D Toolkit, and Point Data Abstraction Library) to fully recognize the features of different kinds of
defects (like gaps, curling, blobs and zits, etc.), 2) implement machine learning models to identify the relationships
of input factors and defect formation mechanisms, and 3) develop a real-time closed-loop control system to selfcorrect the defects in situ and realize a ‘born-as-qualified’ printing process.
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